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Abstracts 

Outcome for many types of cancer has improved significantly in recent years. However, most 

current cancer treatments are highly toxic and result in significant side-effects. This can lead 

to treatment failure and to severe long-term health problems among survivors. Thus, there is 

an urgent need for more cancer-specific, less toxic cancer therapies. Identification of cancer-

specific vulnerability genes is one of the most promising approaches for developing more 

effective and less toxic cancer treatments. Cancer genomes exhibit thousands of changes in 

DNA methylation and gene expression, with the vast majority likely to be passenger changes. 

We hypothesised that, through integration of genome-wide DNA methylation/expression data, 

we could exploit this inherent variability to identify cancer subtype-specific vulnerability genes 

that would represent novel therapeutic targets that could allow cancer-specific cell killing. We 

developed a bioinformatics pipeline integrating genome-wide DNA methylation/gene 

expression data to identify true signal in the noise and identify candidate subtype-specific 

vulnerability partner genes for the genetic drivers of individual genetic/molecular subtypes. 

We demonstrated our method was applicable to multiple childhood cancers (Acute 

Lymphoblastic Leukaemia and Medulloblastoma and common B-lymphocyte derived 

malignancies) and was able to identify subtype-specific vulnerability genes in almost all 

subtypes assessed. Furthermore, for most tested candidates (7/9) targeting the genes with 

siRNA was able to inhibit proliferation and induce apoptosis specifically in the corresponding 

cancer subtypes. Additionally, in cancer lacking well defined molecular subtypes 

(Neuroblastoma), we utilised DNA methylation data for deriving novel molecular subtypes and 

used as basis for identification of candidate subtype vulnerable genes. We further show that 

utilising the newly identified methylation-based subgroups allowed identification of subtype-

specific vulnerability gene candidates in four of the five subgroups. We, therefore, presents a 
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novel approach that integrates genome-wide DNA methylation/expression data to identify 

cancer subtype-specific vulnerability genes as novel therapeutic targets.  

 

A key underlying aspect of our initial analysis is that altered methylation observed in cancer 

cells was predominantly linked to cell proliferation (i.e., was replicated in both transformed 

and normal cells after extensive proliferation). Thus, to extend the original approach we 

assessed comparative methylation changes across multiple sites of malignant and normal B-

lymphocyte subsets to allowing mapping of the derivation of all methylation changes in the 

cells. This analysis identified that only a tiny fraction of methylation changes (1-2%) occurring 

in B-cell malignancies appear to be disease specific and furthermore that interrogation of these 

specific methylation changes could be used to identify cancer-specific vulnerability and tumour 

suppressor candidates of relevance for all molecular subtypes of specific B-cell derived 

malignancies. Overall, we show that a detailed analysis of the origin of methylation changes 

across cancer cell types can allow identification of key methylation changes and identify 

potential new cancer specific therapeutic targets. 
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1.1 Cancer: Overview 
 

Cancer is a disease in which some cells of the body grow uncontrollably and, in some cases, 

spread to other parts of the body. Cancer is the second largest cause of death, accounting for 

an estimated 19.3 million new cases and around 10 million deaths from cancer worldwide 

during 2020 [1]. Figure 1.1 shows the distribution of new cases and mortality for the most 

occurring cancer types in both sexes combined and separately for men and women. While most 

common cancer in both sexesô incidence includes female breast cancer (2.26 million cases), 

closely followed by lung (2.21 million cases) and colon and rectum (1.93 million cases), the 

most common cause of cancer related deaths includes lung (1.80 million cases), colon and 

rectum (935,000) and liver (830,000) worldwide in 2020.  

 

Among men, lung cancer is the most diagnosed cancer, closely followed by prostate, 

colorectum, stomach cancer, whereas lung, liver, colorectum and stomach are the most causes 

of cancer related deaths. Breast cancer is the most common diagnosed and deaths among 

women, followed by colorectum, and lung cancer.  Figure 1.2 shows the distribution of 

incidence and deaths by world region for both sexes combined and males and females 

separately. Overall, cancer is a worldwide problem and that the incidence per head of 

population is quite similar in all continents. According to International Agency for Research 

on Cancer, by 2040, the number of cancer incidence is expected to rise to 29.5 million and the 

number of cancer related deaths to 16.4 million as compared to 19 million new cases and 9.9 

million deaths in 2020. Around 70% of cancer related deaths occurs in low- and middle-income 

countries mainly due to lack of access to diagnosis, treatment, and late-stage presentation.  
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Figure 1. 1: Estimated number of new cases of cancer and deaths estimated in 2020, 

worldwide. A. for both sexes and all ages. B. Male, all ages, C. Female, all ages.  Data source 

GLOBOCAN 2020 
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Figure 1. 2: Estimated number of new cases of cancer and deaths estimated in 2020 according 

to geographical location. A. both sexes and all ages. B. Female, all ages, C. Male, all ages.  

Data source GLOBOCAN 2020. 



 

19 
 

1.1.1 Genetic basis of cancer 
 

Cancer is a disease in which certain genes that control functions of the cell, especially for 

growth and division, undergo genetic mutations and epigenomic changes [2]. Mutations can be 

either inherited (germline mutation) or can occur in somatic tissue (somatic mutations).  

Inherited mutations underlie a minority of all cancers but have been crucial in studies 

identifying the genetic basis of cancer.  Retinoblastoma, one of the best studied inherited 

cancers, is a cancer of the retina that occurs in children, usually before the age of five years. 

Hereditary germline mutation (familial) accounts for 40% of retinoblastoma cases, whereas 

nonhereditary somatic mutation for the remaining 60% [3]. In familial retinoblastoma, the 

mode of inheritance is autosomal dominant mutation of the RB transcriptional corepressor 1 

(RB1) gene. In the retinoblastoma tumours, both RB1 alleles get inactivated, one mutation 

occurs in the germline and the second in somatic cells resulting in loss of heterozygosity 

(Knudsonôs two hit hypothesis) as shown Figure 1.3 [4, 5]. The majority of mutations, gene 

deletions, insertions and point mutation result in generation of premature stop codon and/or a 

severely truncated protein [6]. Hereditary nonpolyposis colorectal cancer (HNPCC) is another 

genetic disease of autosomal dominant inheritance. HNPCC is caused by inherited mutations 

in one of the mismatch repair genes (MLH1, PMS2, MSH2 and MSH6) leading to DNA repair 

defect [7]. As with retinoblastoma, one mutated allele is inherited and subsequently the second 

allele becomes non-functional as a result of somatic mutation [7]. In contrary to germline 

mutations that account for small proportion of all cancers, the majority of cases are attributed 

to somatically acquired mutations.  The first reported abnormal chromosome linked to cancer 

was the discovery of the Philadelphia chromosome in chronic myelogenous leukaemia in 1960 

[8].  
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Figure 1. 3: Knudsonôs two-hit hypothesis for retinoblastoma development. RB1 and rb1 

represents wild type and mutated allele respectively. A. Depicted the first hit of inherited rb1 

mutation with normal cell growth. B. Shows second somatic mutation (second hit) leading 

complete loss of function retinoblastoma gene (RB1) resulting in retinoblastoma tumour 

development. Figure adapted from 2020-2021 BCSC Basic and Clinical Science Course [9] . 
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The Philadelphia chromosome (Ph) is the truncated chromosome 22, that results from 

reciprocal translocation t(9;22) (q34;q11) and is a hallmark of chromic myeloid leukaemia 

(CML) [8], occurring in around 95% of patients with this cancer. Proto-oncogene ABL proto-

oncogene 1 (ABL1) located on chromosome 9 juxtaposed onto the breakpoint cluster region 

(BCR) gene located on chromosome 22, resulting in formation of the BCR-ABL fusion gene of 

the Ph [10]. Breakpoint heterogeneity in BCR gene results in the generation of three differently 

sized fusion products: p190, p210 and, rarely, p230 and all three products are associated with 

enhanced tyrosine kinase activity [11]. The aberrantly activated kinase activity affects multiple 

downstream signalling pathways, causing enhanced cell proliferation, differentiation arrest and 

apoptosis resistance [12]. The Ph is not limited to CML, but also found in other B-cell 

malignancies including acute lymphoblastic leukaemia (ALL) [13, 14] and acute myeloid 

leukaemia (AML)  [15]. These initial studies identifying the link between genetic changes and 

cancer development have subsequently led to the identification of a highly complex network 

of genes that can play roles in the development of different cancer types. 
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1.1.2 Oncogenes 
 

An oncogene is a mutated form of normal cellular gene, sometimes referred to as proto-

oncogene, whose normal function typically involves regulation of cell division and survival 

during growth and differentiation. Oncogenic mutations of these genes subvert normal cellular 

regulation and drive abnormal cell proliferation. Mutations in proto-oncogenes are typically 

dominant in nature. The proteins encoded by mutated oncogenes can be transcription factors, 

signal transducers, chromatin re-modellers, growth factors, growth factor receptors, and 

apoptosis regulators that have a crucial role in neoplastic transformation [16, 17]. Activation 

of oncogenes can occur by multiple mechanisms including gene mutation, gene amplification 

and chromosomal rearrangements that confers alteration in proto-oncogene structure, 

overexpression, or a deregulated oncogene protein expression [17, 18]. Many oncogenes have 

been reported to be associated with multiple cancer types. This includes some of the most 

studied oncogenes, such as RAS, WNT, MYC, ERK, and BCR-ABL fusion protein.  

 

Point mutation have been reported to be the most common mechanism of activation in the 

family of RAS proto-oncogenes (K-RAS, H-RAS, N-RAS, M-RAS, R-RAS) [19-23].  RAS is 

estimated to be mutated in up to 30% of human cancers, although the prevalence of mutation 

varies in different cancer types [24]. Studies have found KRAS to be the most mutated of the 

RAS family of genes in human cancers, with the highest incidence of K-RAS mutation found in 

pancreatic cancer (57%), followed by large intestine cancer (35%) and biliary tract [24].  An 

activating point mutation in codon 12 glycine to valine mutation was the first somatic point 

mutation described in human cancer [19, 25].  Mutated K-RAS induces constitutive activation 

of multiple downstream pathways including PI3K (Phosphatidylinositol 3-kinase), RAF 

(Rapidly Accelerated Fibrosarcoma, a family of serine/threonine kinase), Tiam1 p190 (T-

lymphoma invasion and metastasis 1 p190), RASSF (Ras association domain family member), 
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RalGEF (Ras-like Guanine nucleotide Exchange Factor), that control various cellular 

processes such as abnormal cell proliferation, growth, apoptosis resistance, cell adhesion, 

motility and differentiation resulting in malignant transformation (Figure 1.4) [24, 26]. NRAS 

mutation have been identified in around 17% of malignant melanoma while salivary gland 

tumour reportedly has HRAS mutated in 15% of cases [24]. In addition to genetic changes, in 

certain cancer epigenetic changes have been demonstrated to be involved in control of Ras 

oncogenic signalling. For example, it has been demonstrated that activation of K-Ras and H-

Ras in human cancers results in DNA hypermethylation of target genes [27, 28] and epigenetic 

deregulation of critical repair genes can in turn, increase the rate of mutation of Ras genes 

(bilateral relationship between genetic and epigenetic mechanisms). Silencing of the repair 

methyltransferase MGMT would result in an increased rate of mutation of Ras and other 

oncogenes such as P53 [29].  
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Figure 1. 4: Downstream of RAS pathways and functional effects in cancer. Figure adapted 

from [30] . 

 
 

MYC family oncogene (c-MYC, MYCN and MYCL), another oncogene is reported to be 

deregulated in >50% of human cancer and often associated with poor and unfavourable patient 

survival status. MYC plays a central role in many aspects of the oncogenic process and 

promotes cell proliferation and metastasis, apoptosis, DNA replication, cell cycle progression, 

cell differentiation, metastasis (Figure 1.5) [31, 32]. c-MYC is one of the most frequently 

activated oncogenes and estimated to be involved in around 20% of all human cancers [33]. In 
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cancer, c-MYC can be activated through multiple mechanisms. Translocations juxtaposing the 

c-MYC proto-oncogene (chr8q24) to immunoglobulin genes at chromosome 2, 14 or 22 in B-

cells have been shown to activate c-MYC and promote lymphoid malignancies [34]. Unlike 

normal c-MYC, which is tightly regulated and increases only in response discrete biological 

processes requiring high MYC levels, such as cellular proliferation in response to mitogenic 

signalling [35], in cancer,  MYC RNA and proteins are co-opted by the cancers cells leading to 

constitutive MYC activity [36]. MYC as transcription factor together with its binding partner 

protein HLH/LZ human Max protein [37, 38] regulates activation and expression of many 

target genes [36]. c-MYC amplification in cancer was first identified in human myeloid 

leukaemia cell line HL60 in 1982 [39]. Later, c-MYC amplification was reported in various 

human cancer including colon carcinoma [40], lung carcinoma [41], breast cancer  [42], 

ovarian cancer [43] and prostate cancer [44]. Deregulation and overexpression of MYCN has 

reported in many cancers and is often associated with poor outcome in several cancer types 

including neuroblastoma [45], medulloblastoma [46], retinoblastoma [47] and hematologic 

malignancies [48].    
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Figure 1. 5: Tumour-relevant functions of MYC proteins. Picture illustrates five of most 

common tumour-relevant processes that are associated with aberrant MYC expression. Picture 

obtained from Tansey et al. [32] .   

 

 

 

 

 

 

 

 

 

 

  

 

 



 

27 
 

1.1.3 Tumour suppressor genes 
 

In contrast to oncogenes that drive abnormal cell proliferation, proteins encoded by tumour 

suppressor genes generally control and limit cell proliferation, survival, and tumour 

development. Thus, in contrast to the activating mutations seen in oncogenes, mutations of 

tumour suppressor genes generally lead to loss of function and often require inactivation of 

both alleles. Mutations in tumour suppressor genes mostly are recessive, as a single functional 

allele to exerts cancer-preventive effects [49].Tumour suppressor genes can be inactivated by 

multiple genetic mechanisms including deletions, point mutation [50], and epigenetic silencing 

[51]. Loss of heterozygosity, inactivation of the second copy of functional allele which 

represent the second óhitô predicted by Knudson are often the mechanism leading to permanent 

inactivation of tumour suppressor genes causing tumour formation, as shown in figure 1.3 [52].  

Over the past several years, extensive research has been conducted that resulted in 

identification of many tumour suppressor genes and elucidation of their functional roles in 

cancer development [49, 53, 54]. Some of the most well studied tumour suppressor  genes 

regulate diverse cellular activities, including progression of cell cycle stages (e.g., CDKN2A) 

[55] and cell cycle checkpoint responses (e.g. BRCA1) [56], cellular apoptosis (TP53) [57], 

detection and repair of DNA damage (e.g. MSH2) [58] and mitogenic signalling (APC) [59].  

 

The first tumour suppressor gene identified was the Retinoblastoma (RB1) gene at chromosome 

13q14 also called óGovernor of the Cell Cycleô discovered in 1971 [5]. Constitutive loss of one 

RB1 allele predisposes an individual to retinoblastoma, the most common intraocular childhood 

cancer [60]. However, loss of a single Rb gene is not sufficient to initiate tumour development. 

Instead, loss of WT RB1 allele, often due to chromosomal deletions or loss of heterozygosity, 

initiate tumour growth. The RB1 gene encodes a nuclear phosphoprotein RB (pRB), which is 

crucial in control of the cell cycle.  Unphosphorylated pRB repress gene transcription required 
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for cell cycle transition from G1 to S phase, by directly binding to and inhibiting E2F 

transcription factors, cyclin A and Cdc2 kinase that are essential for  cell cycle progression, 

thus maintaining the quiescent state [61, 62].  However, phosphorylation of pRB by cyclin/cdk 

complexes such as CyclinC/cdk3, CyclinD/cdk4/6 and CyclinE/cdk2 results in release of E2F 

transcription factors that induce the expression of genes such as cyclin A and E that are crucial 

for cell cycle transition as shown in Figure 1.6 [6, 62, 63]. Furthermore, pRB may also inhibits 

transcription by remodelling chromatin structure through interaction with multiple proteins 

involved in nucleosome remodelling (hBRM), histone acetylation (BRG1), histone deacetylase 

(HDAC1) and histone methylation (SUV39H1).  Thus, loss of pRB function induces cell cycle 

deregulation and the malignant phenotype. In addition to retinoblastoma, mutation in RB1 is 

associated with multiple cancer including Hodgkinôs lymphoma [64], melanoma [65], 

osteosarcoma [66] and pinealoma [67], among many other cancers. 
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Figure 1. 6: RB and cell cycle control. RB and Rb-p represent the unphosphorylated and 

phosphorylated state of retinoblastoma. During G0 and early G1 stage of cell cycle, RB 

directly bind to and inhibit E2F transcription factors. Upon phosphorylation by clyclin/cdk 

complexes in the late G1, RB-p releases E2F, allowing the expression of genes that are crucial 

for cell cycle progression [62] . 
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The TP53 tumour suppressor gene, also known as the óguardian of the genomeô is the most 

frequently mutated gene in human cancer and is reported to be associated with >50% of all 

human cancer [49, 68].  Genetic studies have implicated TP53 encoded protein p53 in a variety 

of antiproliferative functions, each of which may contribute to tumour suppressive properties. 

It was originally identified in 1979 as part of a complex with oncogenic protein of SV40 T 

antigen [69]. Since the discovery of p53 deletion in colorectal cancers [70], mutations of p53 

were soon reported in many forms of sporadic cancer. Furthermore, inherited mutations in the 

allele of p53 were demonstrated to be the causative of the Li -Fraumeni familial cancer 

syndrome [71]. Later, the p53 wild type protein was found to be induced by DNA damage and 

to cause cell cycle arrest at G1, suggesting that p53 was crucial for regulation of this cell cycle 

checkpoint [72]. One of the major mechanisms by which p53 functions is, as a transcription 

factor that positively and negatively regulates expression genes involved in cell cycle arrest, 

cellular senescence, DNA repair and apoptosis [73]. The TP53 gene becomes activated in 

response to multiple cellular stress factors, including DNA damage, oxidative stress, osmotic 

shock, and deregulated oncogenes [74-76].  Activation and regulation of p53 is based on three 

steps: p53 stabilization, anti-repression, and promoter specific transcriptional activation of 

target genes [77, 78]. DNA damage and oxidative stress signal leads to p53 stabilization that 

could be achieved through multiple events, many of which occur by disrupting an interaction 

with the inhibitor molecule MDM2. In addition to stabilization, anti-repression, which 

describes the release of p53 from the repression mediated by MDM2 and MDM4, may be 

required for subsequent steps in activation of p53 such as post translational activation, DNA 

binding. This process requires acetylation of p53 at key lysine residues and facilitates activation 

of specific subsets of p53 target genes. Anti-repression may also be achieved through treatment 

with small molecule Nutlin-3 or by phosphorylation of p53. Full promoter specific activation 

requires recruitment and interaction with numerous co-factors (Figure 1.7).  Specific 
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combination of co-factors and post-translational modifications may be required for regulating 

the activity of p53 target genes for apoptosis, senescence, aging/DNA repair, autophagy, and 

cell cycle regulation [77, 78]. Somatic p53 mutations occur in almost every type of cancer 

ranging from ovarian (50%), colorectal (43%), oesophagus (43%), head and neck cancer (40%) 

to about 5% in sarcoma, leukaemia and cervical cancer [50].     

 

Figure 1. 7: Model for p53 gene activation. Promoter specific p53 activation consists of three 

key steps. 1) DNA damage and stress-induced p53 stabilization may occur through 

ubiquitination by MDM2. 2) Anti-repression consists of the release of p53 from the repression 

mediated by MDM2 and MDX2. The step requires acetylation of p53 at key lysine residues. 3) 

Acetylated p53 recruits numerous cofactors that through a specific combination and are 

involved in multiple functions including apoptosis, senescence, cell cycle regulation, 

aging/DNA repair. Figure obtained from [77] .    
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1.2 Epigenetics: Overview 
 

The epigenotype term was coined by Waddington in 1942 to refer to the whole complex 

biological processes that connects genotype and the phenotype of organisms [79]. Epigenetics 

refer to ñthe study of mitotically and/or meiotically heritable changes that cannot be explained 

by changes in DNA sequenceò. This means that although the DNA sequence is similar in 

somatic cells, there is a heritable pattern of gene expression which is cell type specific. Genome 

refers to the complete genetic information stored in the DNA, on the other hand Epigenome 

consists of the complex modifications that influence the pattern of gene expression. These 

influences could be intrinsic or extrinsic as shown in Figure 1.8 [80]. While some of the factors 

might be beneficial to human health and behaviour (e.g., exercise [81] and microbiome that are 

beneficial intestinal bacteria [82]), others might be harmful effects (e.g., exposure to toxic 

chemicals [83] and drugs of abuse [84]). Additionally, factors such as diet [85],  seasonal 

changes [86], financial status [87],  social interactions [88], therapeutic drugs, and disease 

exposure [89] might have beneficial or harmful effects depending on the specific nature of the 

influence and interfere with the body and mind creating an imbalance, which might manifest 

as a disease or psychological disorder [80].  

 

DNA methylation and histone modifications are the major and most studied inheritable 

epigenetic changes. These mechanisms are important for normal cell development, 

differentiation, and protection against various environmental pathogens and essential for 

integration of environmental signals into the body [90]. Multiple studies have reported 

disruption of these patterns is associated with the development of many human diseases, most 

particularly cancer [91-94]. The interplay between DNA methylation and histone modifications 

regulates the pattern of gene expression, which vary depending on the cell types and stages of 

development [95]. Although these two types of epigenetic modification are functionally linked, 
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the exact sequence of initiating events remains less clear. While some studies reported that 

DNA methylation guides histone modifications [96], some also reported histone modifications 

precedes and act as a guiding factor for DNA methylation [97]. 

 

 

 

Figure 1. 8: Different factors influencing epigenetic changes in human. The figure shows 

different sources of epigenetic changes in human. While some of the factors may be beneficial 

for human health, others might be harmful and involves in the development of human diseases 

including cancer. Figure taken from [80] . 
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1.2.1 DNA methylation 
 

DNA methylation is the addition of methyl group to carbon 5 of the cytosine ring to form 5-

methylcytosine (5mC). DNA methylation was discovered by Rollin Hotchkiss in 1948 [98]. 

About 20 years later, several studies reported a functional role for DNA methylation in control 

of gene expression and cell development [99, 100]. Genome-wide DNA methylation changes 

occur during the embryo development and gametogenesis. In mice, it was shown that the egg 

genome is hypomethylated and the sperm genome is more methylated. This difference in the 

methylation pattern gets resolved when fertilized eggs undergo a global demethylating process 

during pre-implantation, resulting in global hypomethylation of blastocysts. Following this 

event, the embryo undergoes a wave of de novo methylation that results in shaping the 

methylation pattern of the embryo [101-103]. The exact biological function of this dynamic 

methylation pattern is a mystery. This sequence of events, demethylation followed by de novo 

methylation was also reported in gametogenesis to have a functional role in the formation of 

methylation patterns in the imprinted genes [101]. DNA can undergo methylation at two 

nucleotide bases cytosine and adenine. Adenine methylation is more prevalent among 

prokaryotes and has a functional role in bacterial virulence [104, 105]. Cytosine methylation is 

seen both in eukaryotes and prokaryotes. Cytosine methylation can occur in the context of CG, 

CHG and CHH (H could be any A, C or T nucleotide). In plants, all the three patterns of 

methylation are observed, while in animals, methylation occurs predominantly at CpG 

(Cytosine poly Guanine) nucleotides [106, 107].  
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1.2.1.1 Mechanism of DNA methylation 
 

Addition of methyl group to cytosine to form 5-methylcytosine (5mC) is catalysed by a family 

of DNA methyltransferases enzyme (DNMTs), which utilize S-adenyl methionine (SAM) as a 

methyl donor (Figure 1. 9). There are two classes of DNA methyltransferases, de novo DNMTs 

(DNMT3A and DNMT3B) and maintenance DNMT (DNMT1) [108]. DNMT1 methylates DNA 

after replication and reported to methylate hemi-methylated DNA preferentially over naked 

DNA. During S phase, DNMT1 associated with the replication foci, methylating the newly 

synthesized hemi-methylated DNA, restoring the methylation pattern of the parent DNA. Thus, 

the pattern of DNA methylation could be copied through cell generations [109].  DNMT1 was 

reported to be vital for the embryonic development both in mouse and human. In mice, 

homozygous deletion of DNMT1 leads to a reduction in 5mC in embryonic stem cells. 

Homozygous deletion of DNMT1 in mouse embryo inhibits normal growth and development 

is embryonically lethal. Deletion of the DNMT1 gene in the human embryonic cells resulted in 

rapid cell death [110], loss of gene specific methylation patterns and loss of genomic imprinting 

(an epigenetic phenomenon that results in monoallelic gene expression according to parental 

origin) [111].  

  

DNMT3A and DNMT3B are another class of methyltransferases, which can methylate both the 

naked and hemi-methylated DNA [101]. Both enzymes have very similar structure in the 

cysteine-rich catalytic region [112]. Both of these genes are highly expressed in embryonic 

cells, during which de novo methylation patterns are established [101]. In mice, disruption of 

both genes resulted in loss of de novo methylation in embryonic stem cells. Homozygous 

deletion of DNMT3B causes embryonic lethality as seen in DNMT1, however DNMT3A 

homozygous mutant mice die at the age of 4 weeks. Heterozygous deletion of both genes did 

not significantly affect the vitality and fertility of the mice [101]. 
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Figure 1. 9: Mechanism of DNA methylation. A family of DNA methyltransferases (DNMTs) 

catalyse the addition of methyl group from S- adenyl methionine (SAM) to cytosine to form 5-

methylcytosine. DNMT3A and DNMT3B are de novo methyltransferase and DNMT1 methylate 

hemi-methylated DNA sequence. Figure adapted from [108, 113].  
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 Disruption of DNMT3B leads to loss of methylation in centromeric minor satellites repeats, 

which is associated with the development of immunodeficiency, centromeric instability, facial 

abnormalities (ICF syndrome). Another DNMT protein lacking the catalytic domain DNMT3L 

was reported to co-localize with other DNMT3 family and is involved in de novo establishment 

of maternal genomic imprints and the corresponding gene expression. DNMT3L was reported 

to be expressed in testis, ovary, and thymus [114, 115], and deletion of the gene resulted in loss 

of methylation of both long-terminal-repeat (LTR) and non-LTR retrotransposons [116].  

 

The exact mechanism by which DNMTs are targeted to specific DNA regions is still unclear. 

One hypothesis proposed that transcription factors regulate the methylation pattern. Binding of 

transcription factors to a particular DNA sequence may mediate de novo methylation by 

recruiting DNMTs and repressing the expression of the gene. For example, Brenner et al. [117] 

showed that Miz-1/ZBTB17, recruited MYC to the promoter region of p21/CDKN1A gene. 

Subsequent studies also showed MYC binds to DNMT3A to mediate de novo methylation and 

repression of p21Cip1 gene. In other cases, binding of transcription factor protects the 

underlying DNA from becoming methylated. In mice, the CpG islands of adenine 

phosphoribosyl transferase (APRT) gene was reported to be protected from de novo 

methylation due to the binding of Specific protein 1 (Sp1) transcription factor and deletion of 

Sp1 leads to de novo methylation in APRT gene [118, 119]. Adrian Bird proposed that de novo 

methylation occurs by default, potentially affecting genome wide CpGs and differential 

methylation patterns may result from the structural orientation of the genome, since not all 

regions of the genome are accessible by DNMTs [120]. 
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DNA methylation is generally thought of as relatively stable modification, although DNA 

demethylation can occur, both through active and passive mechanisms. Passive demethylation 

occurs in actively dividing cells due to the inhibition/loss of DNMT1 and results in the 

reduction of DNA methylation level over successive rounds of replications. On the other hand, 

active demethylation operates in both actively dividing and non-dividing cells through 

modifying 5-methylcytosine (5-mc) by the TET (ten-eleven translocation) family of enzymes 

or AID/APOBEC (activation-induced cytidine deaminase/apolipoprotein B mRNA-editing 

enzyme complex) and subsequent removal of modified product through base excision repair  

pathway [108].  

 

1.2.1.2 Normal physiological roles of DNA methylation and cancer development 
 

DNA methylation is essential for tissue specific gene expression, genomic imprinting, 

inactivation of X chromosome in female and silencing repeated genomic sequences including 

parasitic DNA elements such as LINES and SINES that are long and short interspersed retro-

transposable elements, respectively, that invade new genomic sites using RNA intermediates. 

[108]. Vertebrates have global hypermethylation of CpG dinucleotide bases, except in specific 

regions known as CpG islands. The generally accepted definition of CpG island was proposed 

by Gardiner-Garden and Frommer in 1987 as 200-bp region of DNA with a GC content higher 

than 50% and an observed CpG versus expected CpG ratio greater or equal to 0.6 [121]. Many 

gene have CpG islands in their promoter regions and these promoters associated CpG islands 

are usually methylation free or have low levels of methylation in normal condition. Lander et 

al. [122] reported there are 28,890 CpG island in the human genome and are associated with 

60-70% of all the human genes [123]. In normal somatic cells, it is commonly found that CpG 

islands associated with gene promoters contain fewer nucleosomes than another region of DNA 

(nucleosome depleted region). CpG islands are evolutionary conserved to promote gene 
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expression among vertebrates and promote the binding of transcription factors to DNA [108, 

124].  

 

DNA methylation may repress the transcription of a gene either by directly disrupting the 

binding of transcription factors to the promoter or indirectly through binding of proteins 

complexes, that interfere with the binding of transcription factor through induction of 

alterations in chromatin structure [108]. Strong evidence for first mechanism comes from 

studies in the role of CTCF in imprinting insulin-like growth factor 2 (IGF2) and neighbouring 

gene H19 (H19 imprinted maternally expressed transcript) in mice. In mice, IGF2 and H19 

genes are imprinted leading to silencing of maternal and paternal alleles. Maternally derived 

IGF2 is imprinted due to the binding of CTCF protein between promoter and an enhancer. In 

paternal alleles, CTCF binding is blocked due to methylation at its binding site, allowing the 

enhancer to activate IGF2 expression [125, 126]. The second mechanism of control involves 

the binding of methylated DNA by methyl CpG binding proteins. A family of MBD proteins 

(e.g., MeCP2) have been reported to silence gene expression in methylation dependent manner. 

MBD proteins families are involved in large protein complexes which also include HDACs 

and nucleosome remodelling proteins (Mi2/NuRD). Upon DNA binding, these complexes lead 

to alterations in the chromatin structure, resulting in chromatin compaction making it 

inaccessible to transcription factors. Methyl CpG binding protein (MeCP2) was also reported 

to form a complex with Sin3A and HDACs resulting in inhibition of gene expression [120, 

127] as shown in Figure 1. 10. This mechanism control of expression has been demonstrated 

for some subsets of genes, including imprinted genes, genes on the inactivated X-chromosome 

and germ cell specific genes in somatic cells.  
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Figure 1. 10: Mechanism of DNA dependent gene silencing. First mode, inhibition of 

transcription factor (green ball) binding by DNA methylation. Many transcription factors are 

repelled by methylation, including the boundary element protein CTCF. Second mode, protein 

complexes attracted to DNA methylation, including MeCP2 complex with Sin3A and HDAC, 

MeCP1 complex consisting of MBD2 and Mi2/NuRd and bring about methylation-dependent 

repression. Kaiso was also reported to bind methylated DNA causing gene repression. Figure 

taken from [120].  
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Dramatic changes in DNA methylation are the hallmark of cancer development. DNA 

hypomethylation events in cancer was first described by Feinberg and Vogelstein in 1983, that 

reported hypomethylation of genes in cancer cells compared with their normal counterparts 

[128]. Global hypomethylation resulting in activation of oncogenes, repetitive genomic 

sequences (e.g., LINES), non-coding RNA or suppressing inhibitors of oncogenes (e.g., SFRP- 

secreted frizzled-related protein, APC - Adenomatous polyposis coli) have been reported in the 

development of multiple cancer types [129].  

 

In addition, hypermethylation leading to inactivation of pro-apoptotic genes also play crucial 

roles in tumorigenesis as shown in Figure 1. 11 [130]. Baylin et al. first reported DNA 

hypermethylated patterns of the calcitonin gene in human lung cancers and lymphomas in 

1986, and demonstrated that in the most aggressive form of human lung cancer (small cell lung 

carcinoma), and in lymphomas, the 5'-region of the calcitonin (CT) gene exhibits gain of 

methylation of CCGG sites in comparison with normal adult tissues [131]. Later, multiple 

studies have reported hypermethylation of tumour suppressor genes in multiple cancer types 

which are involved in DNA repair, cell cycle regulation and apoptotic process [92, 132, 133]. 

Alterations in epigenetic mechanisms, particularly in DNA methylation have been found 

essentially in all types of cancer and is now clear that inactivation due to promoter 

hypermethylation is one of the primary mechanisms leading to loss of expression of tumour 

suppressor genes, including MLH1 and MGMT [92, 134]. In addition, silencing tumour 

suppressor genes gives cancer cells proliferative advantages over normal cells and involved in 

the aggressiveness and metastatic behaviour for cancer cells [91]. Table 1.1 shows a list of 

known tumour suppressor genes that gets hypermethylated and inactivated in cancer along with 

the reported gene function and the potential consequences of gene loss [135].  
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Figure 1. 11: DNA methylation pattern in normal and cancer cells. (a) Global loss of 

methylation leads to expression of repetitive sequences that are silenced in normal cells. Gain 

of methylation at (b) CpG island resulting and (c) CpG island shore result in silencing of 

tumour suppressor genes. (d) Loss of methylation at gene bodies leading to initiation of 

transcription at incorrect sites. Figure taken from [130]. 
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Table 1. 1: List of genes hypermethylated in cancer. Table reproduced from [135]. 

Gene 

Symbol 

Function Consequences of silencing and loss 

hMLH1 DNA mismatch repair Genome instability, frameshift mutations 

p16INK4a Cyclin-dependent kinase inhibitor and cell 

cycle regulation 

Loss of cell cycle control 

p14ARF MDM2 inhibitor and cell cycle regulation Loss of cell cycle control 

p15INK4b Cyclin-dependent kinase inhibitor and cell 

cycle regulation 

Loss of cell cycle control 

MGMT Repair of alkylated DNA guanine residues Mutations and chemosensitivity to alkylating 

drugs 

GSTP1 Biotransformation of electrophilic substances Higher incidence of mutations 

RARbeta Retinoic acid receptor and cell cycle and 

growth control 

Loss of cell cycle control 

RASSF1A Ras effector homologue Unknown 

Rb Cell cycle inhibitor Loss of cell cycle control 

CDH1 Cell adhesion Metastases 

CDH13 Cell adhesion Metastases 

HIC1 Transcription factor Unknown 

APC Inhibitor of beta catenin Loss of cellular growth control 

DAPK Apoptosis Resistance to apoptosis 

IGFBP3 Growth factor signalling Resistance to apoptosis 

ESR1 Oestrogen receptor and signal transduction Aberrant growth and differentiation 

CHFR Mitotic stress checkpoint gene Chromosome instability 
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HSPA2 Heat shock protein Unknown 

SOCS2 Suppressor of cytokine signalling Enhanced growth 

PGR1 Unknown Unknown 

ATM DNA damage response Enhanced DNA damage 

FHIT Cell cycle control and apoptosis Unknown 

Laminin-5 Cell-basal membrane interaction Unknown 
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1.2.1.3 Methods for genome wide DNA methylation analysis 
 

With this enormous evidence of the involvement of aberrant DNA methylation in the onset of 

genetic diseases, over the past 40 years scientists have tried to develop different methods for 

detecting and analysing DNA methylation patterns in normal cells and determining how these 

patterns are changed in disease. These techniques have been evolved from quantification of 

global methylated cytosine to locus/gene specific analysis, which was further improved for 

genome wide scale. The development of techniques for DNA methylation can be broadly 

classified into three approaches: Enzymatic DNA digestion with methyl-sensitive and 

insensitive restriction endonucleases, bisulfide conversion and affinity enrichment of 

methylated CpG fractions.  

 

The overview of different methods for determining DNA methylation and analysis are shown 

in Table 1.2 and have been reviewed extensively with the merits and de-merits of each 

technique [136-141]. Initially, most analysis was based on differential digestion by restriction 

enzymes (e.g., HpaII and SmaI), although this was generally a rather slow process that require 

large amounts of DNA to examine single or a small number of CpG sites [142]. Later, bisulfide 

conversation, which turns the methylation difference into a sequence difference (Figure 1. 12) 

greatly expanded the potential and accelerated DNA methylation analysis, e.g., through 

techniques such as methylation specific PCR, which enabled more rapid analysis with much 

smaller amounts of DNA. However, a clear picture of the abnormal patterns of DNA 

methylation across the genome were not possible to obtain until the development of genome 

wide approaches, initially based on micro-array systems and more recently on next generation 

sequencing. These genome wide approaches have led to a number of important discoveries, 

including determining that gene hypermethylation was much more common than originally 

thought and can impact thousands of genes in a single tumour [143]. Furthermore, these 
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genome wide approaches enabled to reveal that the patterns of abnormal methylation are quite 

tumour specific and global patterns of methylation can be used to differentiate different tumour 

types, as each cancer type is associated with a characteristic DNA methylation ñfingerprintò 

[144] and also, within the same tumour type, DNA methylation profiling can be used to 

differentiate different molecular subtypes [145].  

 

 

Figure 1. 12: DNA sequence following bisulfide conversion and PCR amplification. Treatment 

with sodium bisulfide results in unmethylated cytosines converted into uracil while the 

methylated cytosines remain as cytosine. The methylation profile of the DNA can then be 

determined by PCR amplification followed by DNA sequencing, where the uracil will be 

detected as thymine. Me - Methylation. Figure taken from [146]. 
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Table 1. 2: Methods for DNA methylation analysis. Table taken from [147]. 

Pre-treatment Analytical step    

 Locus-specific 

analysis 

Gel-based 

analysis 

Array -based 

analysis 

NGS-based 

analysis 

     

Enzyme digestion HpaII-PCR Southern blot DMH Methylïseq 

  RLGS MCAM MCAïseq 

  MS-AP-PCR HELP HELPïseq 

  AIMS MethylScope MSCC 

   CHARM  

   MMASS  

     

Affinity enrichment  MeDIP-PCR  MeDIP MeDIPïseq 

   mDIP MIRAïseq 

   mCIP  

   MIRA  

     

Sodium bisulfide MethyLight Sanger BS BiMP RRBS 

 EpiTYPER MSP GoldenGate BCïseq 

 Pyrosequencing MS-SNuPE Infinium BSPP 

  COBRA  BSPP 

 

AIMS - amplification of inter-methylated sites; BC-seq ï bisulfide conversion followed by 

capture and sequencing; BiMP ï bisulfide methylation profiling; BS ï bisulfide sequencing; 

BSPP ï bisulfide padlock probes; CHARM ï comprehensive high-throughput arrays for 
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relative methylation; COBRA ï combined bisulfide restriction analysis; DMH ï differential 

methylation hybridization; HELP ï HpaII tiny fragment enrichment by ligation-mediated PCR; 

MCA -  methylated CpG island recovery assay; MCAM -  MCA with micro-array hybridization; 

MeDIP ,mDIP and mCIP ï methylated DNA immunoprecipitation; MIRA ï methylated CpG 

island recovery assay; MMASS ï microarray-based methylation assessment of single samples; 

MS-AP-PCR ï methylation-sensitive single nucleotide primer extension; MSCC - methylation-

sensitive cut counting; MSP - methylation-specific PCR ; ; MS-SNuP - methylation-sensitive 

single nucleotide primer extension; NGS ï next ïgeneration sequencing; RLGS ï restriction 

landmark genome scanning; RRBS ï reduced representation bisulfide sequencing; -seq ï 

followed by sequencing; WGSBS ï whole-genome shotgun bisulfide sequencing. 
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1.2.1.4 DNA methylation for disease stratification and prognostication 
 

Differentiation of cancers into biologically relevant classes provides the basis for the accurate 

pathological diagnosis that is crucial for optimal treatment of patients with cancer.  Genome-

wide DNA methylation techniques including microarray and genome-wide bisulfide 

sequencing have revealed that the extent of altered DNA methylation was very large with 

highly complex methylation patterns and several thousand promoter-associated CpG islands 

could become aberrantly methylated in a single tumour [148, 149]. DNA methylation profiling 

have revealed that while alteration in methylation at some loci is shared among multiple cancer 

types, each cancer type has a unique methylation signature that is specific for each subtype 

[144]. It has been shown that cancer methylome is comprised of aberrant methylation, often 

inhibiting the expression of tumour suppressor genes and facilitating oncogenesis [132, 150], 

and DNA methylation patterns that persists in tumour development reflecting the cell of origin 

[151-153]. The latter property enables tracing the primary site of highly dedifferentiated 

metastatic stage of an unknown origin, for example, using supervised machine learning 

algorithm to build a classifier that utilised DNA methylation signatures to predict the tumour 

type of unknown primary [154]. Furthermore, it has been shown that an accurate profiling of 

DNA methylation is achievable even from small samples with poor quality material [155]. 

These properties give DNA methylation profiling advantageous and optimal choice for 

molecular classification of multiple cancer that were previously considered homogenous [156-

158].   
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In multiple cancer types, DNA methylation-based classification has proven to be useful for 

revealing biologically and clinically relevant tumour subgroups, and in many cases found to be 

superior to histopathological classification for reflecting distinct biological groups and 

predicting treatment outcome. For example, in rhabdosarcoma, the most common soft-tissue 

sarcoma of childhood, DNA methylome analysis have been applied to reveal four molecular 

subgroups associated with gene mutation, copy number profiles, histological phenotypes, and 

patient survival. Two subgroups A1 and A2 show association with alveolar histology with 

Paired box 4/7 (PAX4/7) fusion gene, whereas both E1 and E2, mostly showing embryonal 

histology are characterized by high copy number alterations, FGFR4/RAS/AKT pathway and 

PTEN mutations. Patients belonging to subgroup E2 have frequent TP53 inactivation and 

exhibit worst prognosis as compared to other subgroups [159]. Furthermore, multiple studies 

have demonstrated that DNA methylation profiling can be prognostic and predict response to 

drug treatments. In a study of 10635 patients with colorectal cancer, CpG island methylation 

phenotype (CIMP) have been shown to be independent and associated with poor survival, in 

which CIMP positive patients have shorter disease-free survival as well as overall survival as 

compared to CIMP negative [160]. Promoter methylation status of the DNA repair gene, 

MGMT have been demonstrated to be a prognostic maker for patient survival and treatment 

response in multiple cancer. In glioblastoma, promoter methylation leading to silencing of 

tumour suppressor gene MGMT have been shown to be associated with patient survival. The 

average survival for patients with methylated MGMT was 14 months as compared to 2.5 

months for unmethylated patients. Furthermore, patients with methylated MGMT show better 

respond to drug treatment (temozolomide), demonstrating that MGMT methylation status as 

marker for drug sensitivity [161].   
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1.2.2 Histone modifications 
 

Histones are small globular proteins which are crucial for the organizations of genomic DNA. 

Genomic DNA is organised into nucleosome consists of 147 bp of DNA wrapped around the 

core histone proteins (2 subunits each of H2A, H2B, H3 and H4) [162-164]. Histone 

modification is a covalent post-translational modification to histone proteins and includes 

histone acetylation, phosphorylation, methylation, ubiquitylation [165]. Similar to DNA 

methylation, histone modification does not alter DNA sequences, but can impact gene 

expression by altering chromatin structure or recruiting histone modifiers and modifying its 

availability to the transcriptional machinery [166]. Different combinations of these 

modifications controlling gene expression is termed the ñHistone Codeò [163, 164, 166] .  

 

Generally, histone modifications are catalysed by specific enzymes that act primarily at the 

amino acids of histone N-terminal tail histones such as serine, threonine, and tyrosine. 

Summary of various forms of histone modifications are shown in Figure 1. 13 and the 

consequence of these changes in gene expression are detailed in Table 1. 3. In general, histone 

acetylation and phosphorylation usually leads to upregulation of gene expression, with the 

exception of H4 that in some studies reported to have repressive effect [167]. However, histone 

methylation and ubiquitination can have either enhancement or repressive effect on gene 

transcription depending on the location of the target amino acid residues and the number of 

methyl group added [165].  
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Figure 1. 13: Important sites of post-translational modifications at histone tails (H2A, H2B, 

H3 and H4). K ï Lysine; S - serine; P - Phosphate; S - Serine; R ï Arginine, T ïThreonine; Y 

ï Tyrosine. Figure taken from [168]. 
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Table 1. 3: List of common histone modifications. Table adapted from [165]. 

Modification , site, and abbreviation Effect on transcription 

Histone acetylation  

Histone 3 pan-acetylation (H3ac) Activating/permissive 

Histone 4 pan-acetylation (H4ac) Activating/permissive 

Histone 3 lysine 4 acetylation (H3K4ac) Activating/permissive 

Histone 3 lysine 9 acetylation (H3K9ac) Activating/permissive 

Histone 3 lysine 14 acetylation (H3K14ac) Activating/permissive 

Histone 3 lysine 18 acetylation (H3K18ac) Activating/permissive 

Histone 3 lysine 27 acetylation (H3K27ac) Activating/permissive 

Histone 4 lysine 16 acetylation (H4K16ac) Activating/permissive 

  

Histone methylation  

Histone 3 lysine 4 methylation (H3K4me1) Activating/permissive 

Histone 3 lysine 4 di-methylation (H3K4me2) Activating/permissive 

Histone 3 lysine 4 trimethylation (H3K4me3) Activating/permissive 

Histone 3 lysine 9 di-methylation (H3K9me2) Repressive 

Histone 3 lysine 9 trimethylation (H3K9me3) Repressive 

Histone 3 lysine 27 trimethylation (H3K27me3) Repressive 

Histone 3 lysine 36 trimethylation (H3K36me3) Activating/permissive 

Histone 3 lysine 79 methylation (H3K79me1) Activating/permissive 

  

Histone phosphorylation  

Histone 3 serine 10 phosphorylation (H3S10ph) Activating/permissive 
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Histone ubiquitination  

Histone 2A ubiquitination (H2Aub) Repressive 

Histone 2B ubiquitination (H2Bub) Activating/permissive 

 

 

1.2.2.1 Histone acetylation 
 

Histone acetylation occurs by an enzymatic addition of an acetyl group from the acetyl-CoA 

to the amino group of target lysine residues in histone tail (Figure 1. 13). Histone acetylation 

is controlled by two classes of enzymes, histone acetyltransferases (HATs) and histone de-

acetyltransferases (HDACs) which have opposite functions [163, 169]. Histone acetylation 

results in neutralizing the lysineôs positive charge that diminishes the electrostatic affinity 

between histone proteins and DNA, and makes the chromatin less compact and are therefore 

more accessible to transcriptional machinery [170]. Based on the cellular localization, there are 

two major classes of HATs: type A and type B. While Type B HATs are predominantly 

cytoplasmic and acetylating the newly synthesized histones (e.g., H4 at K5 and K12) and 

influencing the structure of nucleosome, the Type-A HATs function in transcriptional related 

histone acetylation in chromatin [171]. The Type-A HATs are a more diverse family of 

enzymes than Type B and often are associated with large multiprotein complex, that play 

important roles in enzyme recruitment, activity and substrate specificity [172]. The Type-A  

HATs can be classified into five families based on the catalytic domain including, 1) The 

GCN5-related N-acetyltransferases (GNATs), 2) The MOZ, Ybf2/Sas3, Sas2 and Tip60 

(MYST)-related HATs, 3) The nuclear hormone-related HATs SRC1 and ACTR (SRC3), and 

4) p300/CREB-binding protein (CBP) HATs and 5) General transcription factor HATs 

including the TFIID subunit TBP-associated factor-1 (TAF1) [173]. Broadly speaking, each of 

these enzymes modifies amino acids at multiple sites of N-terminal histone tails. Indeed, their 
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ability to neutralise positive charges, thereby disrupting the electrostatic interaction between 

DNA and histone proteins, correlate well with their functioning in numerous transcriptional 

co-activators and subsequent enhanced gene expression [172]. More details of various HATs, 

their subunits and substrate, and functional details of these HATs in histone acetylation and 

transcription are reviewed in [174, 175].  

 

In contrast to histone acetylation, Histone deacetylases (HDACs) catalyse the hydrolytic 

removal of acetyl group from histone lysine residues. This restores the positive charge of the 

lysine, stabilising the local chromatic architecture and is consistent with HDACs being 

transcriptional repressors [172]. There are four classes of HDACs: Class 1 (HDAC1, 2, 3, and 

8), Class II (HDAC4, 5, 6, 7,9 and 10), Class III, also referred to as sirtuins (SIRT 1,2,3,4,5,6 

and 7) and Class IV HDAC11 [176]. While Class 1 is ubiquitously present in all tissues, Class 

II and Class II HDACs are localised in nucleus and cytosol and mitochondria; not much is 

known about HDAC11 [177].  
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1.2.2.2 Histone phosphorylation 
 

Similar to acetylation, histone phosphorylation is highly dynamic and controlled by two types 

of enzymes (kinases and phosphatases) having an opposite effect. While kinases add phosphate 

groups to the histone tails, phosphatases remove the phosphates [178, 179]. Histone 

phosphorylation occurs mainly on serine, threonine, and tyrosine, predominantly in the N-

terminal histone tails (Figure 1. 13) [179]. Histone kinases transfer phosphate group from ATP 

to the hydroxyl group of target amino acid, adding negative charge to the histones and 

influencing the chromatic structure and regulation of transcriptional activity [180]. 

Additionally, histone phosphorylation works in conjunction with other histone modifications 

and can influence other histone modifications. For example, histone H3 phosphorylation can 

affect acetylation levels at two amino acid residues of the same histone (H3K9ac and 

H3K14ac). Details of histone phosphorylation associated with chromatin remodelling and 

regulation of gene expression are reviewed in [180].  
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1.2.2.3 Histone methylation 
 

Histone methylation (Figure 1. 13) mainly occurs on the side chains of lysine and arginine and 

are mediated by enzymes such as histone methyltransferases (HMTs) such as lysine 

methyltransferases (KMTs) and arginine methyltransferases (PRMTs), however histone 

demethylation is mediated by histone demethylases (HDMs) [179]. Unlike histone acetylation 

and phosphorylation, histone methylation does not alter electrical charge of the histone proteins 

but instead it influences the recruitment of different regulatory proteins to chromatin [181, 

182]. Furthermore, there is an additional complexity with these modifications as lysine may be 

mono-, di- or tri-methylated, and arginine may be mono- or di-methylated [183, 184]. There 

are several histone methyltransferases (HMTs), and HMTs are reported to be more specific 

than histone acetylase (HATs) for lysine or arginine residue to which they modify. For 

example, on histone H3, HMTs such as Histone methyltransferase SET1 (SET1, SET7/9) 

specifically catalyse methylation of histone H3 at lysine 4 (H3-K4), whereas HMTs such as 

DIM5 and SUV39H1 (SUV39H1 histone lysine methyltransferase) specifically catalyse 

methylation of H3 at lysine 9 (H3-K9) in mammalian cells. EHMT2 (Euchromatic histone lysine 

methyltransferase 2) and polycomb enzyme such as EZH2 (Enhancer of zeste 2 polycomb 

repressive complex 2 subunit) catalyse methylation of histone H3 at lysine 27 (H3-K27). While 

H3-K4 methylation is commonly associated with the activation of the nearby genes, both H3-

K9 and H3-K27 methylation mediates heterochromatin and associated with gene silencing at 

euchromatin region [171]. On the other hand, arginine methylation of histones (H3 or H4) 

generally promotes transcriptional activation mediated by arginine methyltransferases 

(PRMTs). There are two classes of PRMTs, consisting of very large protein family (11 

members), all of which transfer methyl group to ɤ-guanidino group of arginine forming mono 

or di-methylation of arginine residues [185, 186].  
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Histone demethylase (HDMs) mediates removal of methyl groups from histone proteins. Based 

on the catalytic mechanism, there are two class of HDMs. Firstly, Lysine specific demethylase 

1 (LSD1) or KDM1 that remove methyl group from mono- or di-methylated H3-K4. Secondly, 

the Jumonji domain containing (JmjC domain) histone demethylases (JMJD2, JMJD3/UTX 

and JARIDs) that mediate demethylation of mono-, di-, and tri-methylated lysine residues at 

various histone amino acid residues [173].  
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1.2.2.4 Histone ubiquitination 
 

Histone ubiquitination, unlike other modifications affects relatively small molecular changes 

to amino acid chains, and results in a much larger covalent modifications regulating major 

aspects of cellular function in many signalling pathways. Histone ubiquitination is regulated 

by two enzymes that has opposite effects, histone ubiquitin ligase and de-ubiquitinating 

enzymes [187, 188]. Ubiquitin is 8.5kDa protein which is conjugated to substrate proteins, 

particularly histone lysine by the action of three enzymes, E1-activating, E2-conjugating and 

E3-ligating enzymes [189]. Histone ubiquitination can either be mono- or poly- ubiquitinated 

and involves in regulation of gene transcription. Histone ubiquitination may be involved in 

gene silencing or transcriptional initiation depending on the target lysine residues. For example, 

while Histone H2AK119ub1 is involved in gene silencing [189], H2BK123ub1 is involved in 

transcriptional initiation and elongation [190].  
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1.2.2.5 Histone modifications and cancer development  
 

As various histone modifications work in a concerted and interdependent fashion to regulate 

gene expression, alterations in the patterns of these histone post-transcriptional modifications 

have been extensively linked to cancer [94, 191-194]. In cancer, mis regulations of these 

changes may lead to, 1) altering gene expression programmes, including inappropriate 

activation of oncogenes or activation of tumour suppressor genes and, 2) on a global level, mis-

regulated histone modifications may affect genome integrity or chromosome segregation [192].   

 

Disruption of HATs and HDACs function has been reported in many types of cancer.  

Enhanced HAT activity having an oncogenic effect in cancer is demonstrated by analysis of 

the MOZ-TIF2 fusion that is associated with acute myeloid leukaemia (AML). The MOZ 

(monocytic leukaemia zinc finger protein) is a HAT and TIF2 (transcriptional 

mediators/intermediary factor 2) is a nuclear receptor co-activator binding to another HAT 

protein CBP (CREB binding protein). When the MOZ-TIF2 fusion protein was transduced into 

a mouse haematopoietic progenitor cell lacking self-renewable capacity, the fusion generates 

chimeric oncoproteins that confers the capacity to self-renew in vitro and causing the 

development of AML in vivo [195]. Additionally, abnormally high levels of HDACs have been 

reported to be involved in development of multiple cancer types. In colorectal cancer, enhanced 

expression of HDAC2, induced by loss of the adenomatosis polyposis coli (APC) tumour 

suppressor gene leads to aberrant WNT signalling [196]. Overexpression of HDAC6 and 

HDAC3 was reported to be involved in the development of breast cancer [197] and colon cancer 

[198] respectively. These findings suggest HATs and HDACs oncogenic or tumour suppressor 

effects in cancer are dose dependant.  
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Deregulation of HMTs has been found to be correlated with cancer recurrence, poor prognosis, 

loss of tumour suppressor genes and upregulation of oncogenes as shown in Figure1. 14, 

although it remains to be determined whether the changes are the causal or the consequences 

of disease development [199, 200]. Nevertheless, these changes could be exploited as 

molecular markers for disease diagnosis and treatment. For example, Polycomb group gene 

EZH2 (Enhancer of zeste homolog 2) is found to be upregulated in prostate cancer and in 

lymphomas [201], MMSET/NSD2 (Nuclear receptor binding SET domain protein 2) gene is 

found to be upregulated in glioblastoma multiforme [202] and SETDB1 (SET domain 

bifurcated histone lysine methyltransferase 1) upregulation in the disease progression and 

metastasis of Hepatocellular carcinoma [203].  

 

 

Figure 1. 14: Dysregulation of Tumour suppressor genes (A) and oncogenes (B) by Histone 

methyl transferases and Histone acetyl transferases. HMT: histone methyltransferase; HDM: 

histone demethylase; HAT: histone acetyltransferase; HDAC: histone deacetylase. Picture 

adapted from Albert et al, 2010 [200]. 
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1.2.3 Crosstalk between DNA methylation and histone modifications 
 

Multiple studies have reported the existence of synergy between DNA methylation and histone 

modifications in the regulation of gene expression [90, 108, 204-206]. Early studies have 

shown that the link between DNA methylation and histone modifications is mediated by 

methylated DNA binding proteins such as methyl CpG binding protein (MeCP2), methyl CpG 

binding domain protein 1 (MBD1), and Kaiso protein (or ZBTB 33). These proteins bind to 

DNA methylated promoters and recruit protein complexes containing histone deacetylases to 

remove active histone modifications [207, 208], and histone methyltransferases that adds 

repressive H3-K9 methylation, resulting in repression of the associated gene (Figure 1. 15B) 

[208, 209]. Additionally, DNA methyl transferases (DNMTs) have been reported to directly 

interact with histone modifying enzymes involved in inhibition of gene expression. Both 

DNMT1 and DNMT3A are known bind to histone methyltransferase SUV39H1 (SUV39H1 

histone lysine methyltransferase) and mediate H3 histone methylation (H3-K9), a modification 

that restricts gene expression [210]. Furthermore, DNMT1 and DNMT3A can both bind to 

histone deacetylase resulting in chromatic compaction and restricting access to transcriptional 

machinery (Figure 1. 15B) [211]. These results have highlighted that DNMTs interacted with 

histone modifying enzymes involved in adding or removing histone marks to inhibit expression 

of the associated gene. 

 

Histone modifications can also influence the patterns of DNA methylation.  For example, 

DNMT3L binds to H3 histone tails and recruits DNMT3A and DNMT3B, a process mediated 

by repressive histone mark, H3-K36 trimethylation [212]. However, the presence of H3-K4 

trimethylation, an active histone modification impairs this process preventing direct binding of 

DNA methylation enzymes DNMT3A, DNMT3B or DNMT3L to the H3 histone tails [213, 214]. 

CFP1 (CxxC finger protein 1) is a component of H3-K4 trimethyl transferase complex that 
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target unmethylation DNA, particularly at CpG sites and maintain their unmethylated state 

[215]. Indeed, CpG island generally have high level of H3-K4 trimethylation [216].  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. 15: Crosstalk between DNA methylation and histone modifications in regulating gene 

expression. A. Active transcriptional state. DNA methylation is regulated by proteins such as 

Tet proteins that are involved in active chemical modifications such as DNA hydroxy-

methylation and removal of DNA methylation. Histone tails are also enriched in H3-K4 

methylation that inhibits binding of DNMTs to the un-methylated CpG sites, therefore 

maintains active transcription. B. Repressed transcriptional state. DNMTs targets CpG sites 
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and actively methylated DNA, a process that is also enhanced by binding with DNMT3L.  

Methylated DNA gets recognised by Methyl-CpG-binding domain proteins (MBDs), that along 

with DNMTs recruit histone modifying enzymes such as HDAC (remove acetylation) and HMT 

(add methylation). These histone modifications along with DNA methylation teaming up to 

silence the expression of associated gene.  
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1.3 B-cell Acute Lymphoblastic Leukaemia 
 

Acute Lymphoblastic Leukaemia (ALL) is the most common childhood cancer. ALL is a 

cancer of blood and bone marrow thought to arise due to abnormal genetic changes in 

progenitor cells committed to differentiate down the T-cell or B-cell lineages resulting in the 

malignant transformation [217, 218]. Although it is generally understood that ALL can be 

caused by interactions between endogenous (e.g., Inflammation, oxidative stress) or exogenous 

exposures (e.g., infection, radiation, drugs), inherited genetic susceptibility or by chance, 

however these factors account for only around 1 in 2000 childhood ALL [219]. The precise 

pathogenic events underlying the development of ALL are still unknown. As few  as <5% cases 

are reported to be associated with inherited disease such as Downôs syndrome, Bloomôs 

syndrome, ataxia-telangiectasia, Nijmegen breakage syndrome or with exposure to radiation or 

chemotherapeutic drugs [220].  Additionally, studies have reported that high birth weight (over 

4000g) is associated with increased risk of developing ALL [221]. Moreover, there exist 

substantial conflicting factors purported to increase the risk of developing ALL, including 

parental tobacco or alcohol use, maternal diet, exposure to pesticides or solvents, prenatal 

vitamin use [220].   

 

According to Cancer Research UK statistics, around 440 cases are diagnosed with ALL in the 

UK each year [222].  ALL incidence is strongly related to age, with the highest number of 

incidence peak at age between 2-5, and drop sharply across children, adolescents, and young 

adult reaching minimum at 30 ï 34 for females and 45 ï 49 for males and gradually increases 

thereafter with age as shown in Figure 1. 16 A. The current treatment of childhood ALL is 

highly successful, with overall survival rate >90%, although survival rate for adult ALL is 

significantly lower at 40% [223]. However, it is also estimated as many as 15-20% of children 

treated and achieve initial remission will have disease relapse [224].  
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Figure 1. 16: A. Average number of ALL cases per year and age-specific cases per 100,000 in 

the UK, 2016 -2018. B. Average number of deaths due to ALL and age-specific mortality rate 

per 100,000 in the UK, 2016 ï 2018 [225].  
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1.3.1 Common genetic subgroups of B-cell Acute Lymphoblastic Leukaemia 
 

ALL is heterogenous disease with underlying diverse biological, genetic cytogenetic and 

clinical features. The majority of childhood B-cell ALL acquire chromosomal alterations as 

shown in Figure 1. 17A. These includes recurrent chromosomal translocations that result in 

generation of fusion genes that in turn express leukaemogenic proteins or result in over-

expression of oncogenes (for example, t(12;21)(p13;q22), encoding ETV6-RUNX1 (TEL ï 

AML);   t(1;19)(q23;p13), encoding TCF3-PBX1 (E2A-PBX1); t(9;22)(q34;q11), encoding 

BCR-ABL; MLL (mixed-lineage leukaemia) rearrangement  involving translocation of 

chromosome 11q23 with a wide range of partner genes including AF4,  ELL, ENL resulting in 

translocation of  t(4;11)(q21;q23), t(9;11)(q22;q23), t(11;19)(q23;p13.1), t(11;19)(q23;p13.3), 

respectively) and aneuploidy characterised by gain or loss of multiple chromosomes that 

include high hyper-diploidy with non-random gain of at least five chromosomes (including 

chromosome X, 4, 6, 10, 14, 17, 18, 21) and hypodiploidy with less than 43 chromosomes  

[219, 223]. Many of these chromosomal rearrangements disrupt genes that play key roles in 

normal haematopoiesis and malignant transformation, for example, RUNX1 and ETV6 activates 

MYC oncogene and cause constitutive activation of tyrosine kinase ABL1 [219]. Although 

these chromosomal abnormalities are observed in all ages, there is a strong co-relation between 

age and frequency of these changes. For example, while High hyper-diploidy, t (12;21) and 

MLL translocations are more common in younger patients (below 9 years), t (9;22) encoding 

the BCR-ABL fusion is more common in older patients (Figure 1. 17B). 
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Figure 1. 17: A. Common genetic subtypes in B-cell ALL [226]. B. Age distribution of ALL 

subtypes  [223].  

 

 



 

69 
 

Several of these genetic changes are associated with patient outcome and can be used for risk 

stratification, for example, ETV6-RUNX1 B-cell ALL is characterised by a translocation 

involving t (12;21) (p13; q22) that results in the formation of chimeric fusion gene ETV6-

RUNX1 (previously called TEL-AML1) and is the most common translocation in paediatric 

ALL (25% B-cell ALL) with overall survival of around 98% [227, 228]. High hyper-diploidy 

(HeH) is the most common genetic abnormality observed in B-cell ALL with up to 35% in 

children [229]. HeH is the first chromosomal abnormality in ALL to be associated with 

outcome and is associated with low white blood cells, age 3-5 years at diagnosis and favourable 

outcome (> 90% event free survival) [230]. HeH is characterized by chromosomal gains, 

mainly trisomy and tetrasomy due to simultaneous gain of multiple chromosomes between chr5 

ï chr19 that resulted in increasing the total number of chromosomes (modal chromosome 

number) to 51 ï 65 chromosomes [231]. The chromosomal gains are non-random, with eight 

chromosomes (X, 4, 6, 10, 14, 17, 18, 21) shown to be the most common [232].  TCF3-BPX1 

subgroup is characterized by translocation involving t (1;19) (q23; p13), that results in the 

fusion of TCF3 (E2A) and PBX1 gene in 90-95% of cases [233]. This genetic abnormality 

occurs in all ages and does not vary with age, with the exception being absent in infants (Figure 

1. 17B).  In children, patients with t (1;19) have been reported to have good clinical outcome 

with >90% survival rate [234].  

 

Intrachromosomal amplification of chromosome 21 (iAMP21) is an intermediate-Risk Genetic 

subgroup in B-ALL with an overall survival >70% [235]. iAMP21 is a structurally abnormal 

chromosome 21, characterised by multiple regions of amplification, insertion, inversion, and 

duplication of chromosome 21 [235].  
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1.4 Medulloblastoma 
 

Medulloblastoma is a tumour of the primary central nervous system and is the most common 

(WHO grade IV) malignant brain tumour of childhood with about 55 new cases every year in 

the UK with median age at presentation of 7 years  [236, 237]. The name ñmedulloblastomaò 

was introduced by Harvey Cushing and Percival Bailer in 1925 to describe a tumour seen in 

the posterior fossa of pre-adolescents.  It originates from granule-cell progenitors located at 

external granular layer (EGL) of cerebellum, forming a small blue cell malignancy and is 

comprised of a biologically heterogeneous group of embryonal tumours [238]. 

Medulloblastoma has a strong tendency to spread through cerebrospinal fluid to the other areas 

of the brain or spinal cord and form a tumour of variable size along the ventricular surfaces 

(Figure 1. 18) [239]. Tumour growth can occur adjacent to the brain or spinal cord; distant 

metastases are rare, however in cases with metastases, spine or lungs is the most likely frequent 

affected sites [240, 241].  

 

Over 14% of brain and central nervous system tumour associated deaths among children are 

attributed to medulloblastoma, accounting for 15% ï 20% of all childhood brain tumours [242].  

Up to 70% of medulloblastoma cases occur among children under the age of 10 and incidence 

decreases significantly with age, typically affecting young adults and occurring very rarely 

over the age of 40 [241]. Medulloblastoma is more common in males, at around 1.6 times more 

frequent than in females [243]. Overall, the survival rate for children with medulloblastoma 

presenting without metastasis can be as high as 90%, while those with metastasis to other parts 

of central nervous system have poorer outcomes,  with overall survival of around 60% [241].    
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Figure 1. 18: Medulloblastoma is a brain tumour of cerebellum in the posterior fossa. Picture 

taken from [244]. 
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The exact causes of medulloblastoma are unknown. A small percentage of cases (less than 5%) 

have been reported to be related to hereditary familial cancer syndromes. For example, 

individuals with Gorlin syndrome, also known as Nevoid Basal Cell Carcinoma Syndrome, 

exhibit germline mutations in PTCH1 (patched 1) or SUFU (SUFU negative regulator of 

hedgehog signaling) tumour suppressor genes, leading to aberrant activation of the sonic 

hedgehog (SHH) signalling, and predisposing them to development of multiple cancers 

including medulloblastoma [245, 246]. Similarly, Turcot syndrome is a hereditary syndrome 

in which a patient with colorectal adenomas or familial adenomatous polyposis (FAP) also 

develops primary brain tumour [247]. Patients with FAP have loss of functional adenomatous 

polyposis coli (APC) protein due to inactivating germline mutation of tumour suppressor APC 

gene. Loss of the APC protein that forms part of a ñdestruction complexò for ɓ-catenin, results 

in the accumulation of ɓ-catenin in the cytoplasm and nucleus. This causes upregulation of the 

Wnt/ɓ-catenin pathway, leading to increased risk of developing medulloblastoma in the FAP 

patients [247, 248]. Additionally, LiïFraumeni syndrome which is caused by germline 

mutation in TP53 developed medulloblastoma at a higher rate than the general populations 

[249]. As germline mutations of TP53 are frequently observed in SHH medulloblastoma [250], 

this may suggests that Li-Fraumeni syndrome is associated with increased risk of developing 

SHH medulloblastoma [251].   
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1.4.1 Histology of medulloblastoma 
 

The World Health Organisation recognised four distinct histological types in medulloblastoma, 

the classic medulloblastoma, Desmoplastic/Nodular medulloblastoma (DN), Medulloblastoma 

with Extensive Nodularity (MBEN), Large Cell/Anaplastic medulloblastoma (LCA) [252].  

 

1.4.1.1 Classic medulloblastoma 

The classic medulloblastoma is the most common histopathological subtypes in 

medulloblastoma, comprising about 80% of medulloblastomas [253]. The classic 

medulloblastoma is composed of small round cells with a high nuclear-to-cytoplasmic ratio 

and round to-oval or triangular hyperchromatic nuclei, which is visible with H& E 

(haematoxylin and eosin) staining, shown in Figure 1. 19A [254].  

 

1.4.1.2 Desmoplastic/Nodular medulloblastoma  

The desmoplastic and nodular (DN) histopathological subtype of medulloblastoma is observed 

in about 10-15% of medulloblastoma. It is most commonly seen in very young children 

representing about 50% of infant cases, and has been previously associated with an improved 

patient outcome  [253]. However, the DN subtype of medulloblastoma is much less common 

in patients over 3 years of age at diagnosis (~ 5% of cases). The DN subtype is characterised 

by a biphasic architecture consisting of regions with dense intercellular reticulin and nodular 

reticulin-free zones, in which the tumour cell shows a neurocytic phenotype (Figure 1. 19B) 

[254]. The extend of nodularity can be variable and an increased nodular density has been 

associated with an improved prognosis [255].  
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1.4.1.3 Medulloblastoma with extensive nodularity 

The medulloblastoma with extensive nodularity subtype (MBEN) comprised of about 1%-2% 

of medulloblastoma cases [255]. The MBEN histopathological subtype is closely related to the 

DN subtype, differing in the presence of large and numerous nodules (Figure 1. 19C). This 

histopathological subtype is often associated with presentation before the age of 3 years and 

with a good prognosis [254].  

 

1.4.1.4 Large cell/Anaplastic medulloblastoma 

The Large-cell and anaplastic tumours make up between 2%ï4% and 10%ï22% of 

medulloblastomas, respectively [254]. As these two histopathological subtypes form a 

continuum with shared poor prognosis, they have been grouped as large cell/anaplastic (LCA) 

medulloblastomas. Large cell medulloblastoma is characterised by large, round neoplastic cells 

with a large and prominent nuclei and abundant cytoplasm [254, 256]. All large cell 

medulloblastoma contain regions where round cells give way to polyhedral cells that are so 

densely packed forming a paving-like pattern (Figure 1. 19E). Anaplastic medulloblastomas 

were also large but markedly atypical with coarse chromatin and irregular shapes [256]. 

Anaplastic medulloblastoma is characterised by large cell size and large cytologic 

pleomorphism, where cells wrap around each other (Figure 1. 19D) [257].  
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Figure 1. 19: Histologic variants of medulloblastoma. A. Classic medulloblatoma, B. 

Desmoplastic/Nodular medulloblastoma, C. Medulloblastoma with Extensive Nodularity, D. 

Anaplastic and E. Large cell medulloblastoma. A, B, D and E shows section stained with 

haematoxylin and eosin; C shows section stained with Neu-N antibody (specific for neural 

cells). Picture taken from [254, 258].  
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1.4.2 Medulloblastoma tumour staging 
 

Tumour staging represents an important prognostic factor and is fundamental to selecting 

appropriate treatment strategies. The extent of dissemination of the tumour is determined pre-

operatively by MRI scans of the entire cerebro-spinal axis and the metastatic state is assigned 

with reference to Changôs criteria [259] as shown in Table 1. 4.  

 

Table 1. 4: Metastasis Stage for Medulloblastoma. CSF ï Cerebrospinal fluid. M ï stage is 

assigned based on pre-operative MRI scans [259] (Table taken from [260].  

Stage Criteria  

M0 No evidence of gross subarachnoid metastasis and no tumour cells 

observed in CSF (50%) 

M1 Microscopic tumour cells observed in CSF (20%) 

M2 Gross nodular seeding in cerebellum, cerebral subarachnoid space, or in 

third or fourth ventricles (5% - 10%) 

M3 Gross nodular seeding in spinal subarachnoid space (20%) 

M4 Extra-neuraxial metastasis, rare cases (1%) 
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1.4.3 International consensus molecular subgroups, 2012  
 

Medulloblastoma is a heterogeneous disease with diverse developmental origins and biological 

behaviour, distinct phenotypes, and clinical outcomes. Several groups across the world utilised 

a variety of genomics approaches and platforms such as transcriptomic profiles, genome-wide 

DNA methylation profiles, mutational spectra, and copy number profiles to molecularly 

classify the disease. Multiple independent studies reported the presence of four to seven 

subgroups in medulloblastoma, with largely convergent conclusions [261-264]. The 

inconsistencies in the estimated number of subgroups can largely be attributed to differences 

in patient cohorts (n = 46 to n = 194), with larger cohorts identifying additional levels of 

hierarchical complexities. In 2012, members from multiple laboratories working on the field 

published a mutual agreement on the presence of four principal transcriptional based subgroups 

in medulloblastoma (wingless (WNT), sonic hedgehog (SHH), Group 3 and Group 4) [265], 

shown in Figure 1. 20.  It was also suggested that these subgroups will likely have more than 

one subsequent level of hierarchical subtypes. The molecular subgroups are characterised by 

unique sets of genetic, gene expression as well as demographic and clinical behaviour [265]. 

While transcriptome and methylation profiling could clearly identify WNT and SHH subgroup 

as distinct and with minimal overlap with other subgroups; these subgroups, are characterised 

by activation of the WNT and SHH embryonal signalling pathways respectively, whereas the 

DNA methylation profiling and transcriptomes of group 3 and group 4 are more similar each 

other and these subgroups lack defining biology. Group 3 and group 4, in contrast to Wnt and 

Shh have fewer point mutations, but exhibit multiple cytogenetic abnormalities (e.g., i17q) 

[265].  This resulted in the assignment of group 3 and 4 as provisional entities according to 

2016 WHO classification of CNS tumours. Further sub-division of SHH subgroup based on 

TP53 mutation status (SHH with wild-type TP53 and SHH with mutant TP53) was also 

recognised by the WHO [265].  
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Figure 1. 20: Summary of molecular subgroups of medulloblastoma, 2012. LCA = large 

cell/anaplastic histology, M = metastatic. Figure taken from [265]. 
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Wnt subgroup is characterised by genetic changes leading to enhanced Wnt signalling and is 

associated with a very good long-term prognosis in comparison to other subgroups, with 

survival exceeding 90%. This subgroup comprises about 10% of medulloblastoma cases [266]. 

Somatic mutation in CTNNB1 (catenin beta 1), encoding ɓ-catenin mutations have also been 

reported in sporadic medulloblastoma [267], supporting the genetic basis for the aetiological 

role of Wnt signalling in the pathogenesis of this subgroup. Wnt medulloblastoma shows 

frequent monosomy of chromosome 6 [265], although cases having intact chromosome 6 have 

also been reported [263]. The subgroup is mostly associated with classic histology, with few 

cases of large cell/anaplastic histology. While in the disease as a whole, male cases exceed 

female cases (1.6: 1), the gender ratio of the Wnt subgroup is about 1:1 [265].   

 

The Sonic hedgehog subgroup prevalence is estimated around 30% [266] and is named due to 

enhanced sonic hedgehog signalling which is thought to drive tumour initiation in this group 

of patients. The prognosis of Shh medulloblastoma is intermediate between Wnt 

medulloblastoma (very good) and group 3 (poor), estimated to be more than 80% overall 

survival [265]. Somatic mutations in genes involved in Shh signalling (PTCH1, SMO, SUFU), 

as well as amplifications of GLI1 (GLI family zinc finger 1) and GLI2 (GLI family zinc finger 

1) have been reported in sporadic medulloblastoma [268-270], implicating aberrant Shh 

signalling pathway in the aetiology of this subgroup. The Shh subgroup shows high expression 

of MYCN and multiple aneuploidies including gain of chromosome 3q and deletion of 9q and 

10q. Most cases of Shh medulloblastoma have desmoplastic and nodular histology, with gender 

ratio 1:1 for male: female [265].  

 

 

 



 

80 
 

Group 3 medulloblastoma are the most aggressive subgroup, with estimated overall survival 

50% to 60% and comprised around 25% of cases. Group 3 medulloblastoma is characterised 

by amplification of MYC [271-273]. Male patients are more common than female in group 3 

tumours, and tumours of this subgroup commonly occur in infants and children. Group 3 

tumours show frequent metastasis and typically have classic and large cell/anaplastic histology 

[273]. Multiple genetic features are common between group 3 and group 4, including over-

expression of oncogene OTX2 (orthodenticle homeobox 2) [273, 274], deletion of 11p, gain of 

17q and 18q, although gain of 1q and loss of 5q and 10q appears to be limited to group 3 [265].  

 

Group 4 medulloblastoma are the most common cases among all the subgroup (35%), and  have 

an intermediate patient prognosis similar to Shh tumours [266] and tumours show frequent 

metastasis [265]. Although seen in both groups, isochromosome 17q is much more common in 

group 4 (66%) as compared to group 3 (26%) [273, 275] and loss of chromosome X is found 

to be limited to group 4 female patients in high male: female ratio of group 4 medulloblastoma 

(2:1) [265].  
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1.4.4 Second generation molecular subgroups, 2019 
 

Following the 2012 four principal consensus molecular subgroups in medulloblastoma, and 

2016 WHO classification of Central Nervous System, multiple independent research groups 

investigated the molecular and clinical features of medulloblastoma subgroups using larger 

cohorts than the previous reports with more comprehensive genome-wide assessment [145, 

276, 277]. However, the number of reported subgroups was inconsistent, mainly due to 

differences in patientôs cohort and analytical method of choice, especially within group 3 and 

group 4, with studies reporting these subgroups to be separable into between four [145] and 

eight molecular subtypes [277]. In 2019, a collective effort using cohorts from three studies (n 

= 1501) was undertaken to reach an agreement and to resolve the inconsistencies in the number 

of molecular subtypes between studies. The study reported eight consensus molecular subtypes 

(I ï VIII)  in group 3 and group 4 medulloblastoma and described the clinic-pathological and 

molecular features [278]. A summary of molecular subtypes of Grp3/4 medulloblastoma shown 

in Figure 1. 21. These reported eight molecular subtypes in Group3/4 medulloblastoma has 

been recognised by the WHO in the 2021 Classification of Tumours of the Central Nervous 

System [279]. In addition to the eight molecular subtypes in Group3/4 medulloblastoma, the 

WHO also recognised the presence of four molecular subtypes in SHH subgroups (SHH-Ŭ, ɓ, 

ɔ and ŭ) based on the recent integrative study using multiple data types such as gene expression 

and genome-wide DNA methylation to identify molecular subgroups in medulloblastoma 

[276]. The clinico-pathological features of these four subtypes are described in [276, 280]. 

Briefly, SHH- ɓ and SHH- ɔ corresponds to childhood and adult cases respectively (median 

age at diagnosis 8 and 26 years respectively), whereas SHH-Ŭ and SHH-ŭ are enriched for 

infant cases (median ages of diagnosis 1.9 and 1.3 years, respectively). About one-third SHH- 

Ŭ patients have TP3 mutations and is associated with poorer outcome as compared with another 

non-infant SHH-ŭ subtype. Infant subtype showed a lower 5-year survival than SHH-ɔ [280].   
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Figure 1. 21: Summary of molecular subtypes of Group 3 and Group 4 tumours. The major 

demographic, clinic-pathological, and molecular features of the subtypes are summarised. M+ 

(%) ï Metastatic frequency. Overall survival is expressed in years. Figure taken from [278]. 
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1.4.5 Impacts of molecular classification on clinical treatment decisions 
 

Historically, age at diagnosis, metastatic stage and extent of resection have shown to be the 

most strongly associated with the disease outcome and are used for pre-treatment prognosis, 

treatment allocation and clinical trial design, with younger patients and more advanced disease 

associated with poorer outcome (high-risk group) as compared to older and those with limited 

disease (standard risk)  [259, 281]. Later, disease prognosis was refined using histopathological 

classification into multiple variants: large cell medulloblastoma, anaplastic, 

desmoplastic/nodular and medulloblastoma with extensive nodularity (MBEN). In children, 

the latter two variants have been shown to have significantly superior prognosis to patients 

with large cell and anaplastic medulloblastoma [282]. The most recent insights into the biology 

of medulloblastoma at the molecular level have led to a better understanding of molecular 

pathways driving tumorigenesis in medulloblastoma. This enabled a paradigm shift from 

standard clinical and histological stratification to novel molecular based and biomarker driven 

clinical trials.  A consensus molecular based risk stratification was published in 2017 to refine 

risk group of non-infant and childhood medulloblastoma (age 3 ï 17) [283]. The following risk 

groups were defined based on patientsô survival: low risk (>90%), standard risk (75-90%), high 

risk (50-75%) and very high risk (<50%). The low-risk group mainly comprised of Wnt 

subgroup and non-metastatic group 4 with whole chromosome loss 11 or whole chromosome 

gain 17 and are potentially eligible for reduced therapy. Metastatic or MYCN amplified Shh, or 

group 4 tumours were classified as high-risk. Very high-risk group are metastatic group 3 

tumours or Shh subgroup with TP53 mutation [283].  
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Many clinical trials have been started utilising the knowledge of better molecular 

understanding and deeper insights into the biology of medulloblastoma. For example, clinical 

trials NCT02066220, NCT01878617, and NCT02724579. Recently clinical trials have been 

aimed at utilising the new molecular classifications to reduce treatment-related toxicities and 

to improve quality of life, while maintaining high survival rates among low-risk group of 

patients (Wnt subgroup) [281]. Inhibition of the Shh signalling pathway has been reported as 

a potential targeted therapy for tumours with abnormal Shh signalling. Studies on treatment 

with competitive antagonist of smoothened receptor vismodegib and sonidegib have shown an 

improved survival in Shh patients [284-286]. However, many patients developed resistance 

against SMO inhibition over time, suggesting the limitations of monotherapy for durable 

remission. A proposed target downstream of SMO in Shh signalling pathway is inhibition of 

CK2 (Casein kinase 2) using inhibitor CX-4945, although a report is yet to be published 

(NCT03904862) [287].  

 

Finding new effective treatments for group 3 is of high importance given the dismal overall 

outcome in this subgroup. An ongoing clinical trial (NCT01878617) placed the standard-risk 

and high-risk non-Wnt/non-Shh with priority for high intensity treatment with pemetrexed and 

gemcitabine [287]. Although not in clinical trials, there are promising results that merits a 

further study for the effective treatment of group 3 medulloblastoma. For example, BET 

bromodomain inhibition using a JQ1 inhibitor suppresses MYC expression and MYC-associated 

transcriptional activity in MYC amplified medulloblastoma [287]. HDAC inhibitors have 

shown to inhibit tumour growth and synergize with PI3K antagonist to inhibit the growth of 

MYC-driven medulloblastoma [288]. Unfortunately, there are no currently active clinical trials 

or preclinical studies of high-risk group 4 medulloblastoma, although there are clinical trials in 

progress that assess a favourable risk group of group 4 patients defined by 2 or more of chr 7 
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gain, 8 loss and 11 losses [289]. However, the high molecular overlap with group 3 tumour 

might allow for extrapolation of future therapies for this subgroup. A further breakdown of 

group 3 and group 4 tumours into different molecular sub-types with distinct molecular and 

clinical characteristics [288] will hopefully reflect on improving the current therapeutic 

strategies and survival rates of patients with medulloblastoma.  
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1.5 Neuroblastoma 
 

Neuroblastoma is embryonal tumour of the autonomic nervous system, whose cell of origin is 

thought to be developing and incompletely committed precursors of neural crest tissue [290].  

Tumours arise anywhere along the sympathetic nervous system, with the majority of cases 

occurring either in adrenal medulla or sympathetic nerve ganglia that run alongside the spinal 

cord in the neck, chest, or pelvis [291]. In about 50% of cases, neuroblastoma can spread to 

other parts of the body through blood and lymphatic system to bone, liver and skin [292].   

 

Neuroblastoma represents the most common cancer during the first year of life, and is the third 

leading cause of mortality from paediatric cancer after Acute Lymphoblastic Leukaemia and 

brain cancers [290]. As with all embryonal tumours, the incidence of the disease peaks at 0 ï 

4 years of age, with a median of 18 months, and around 96% of cases occur before the age of 

10 [293]. Neuroblastoma accounts for 6% of malignancies in children and is responsible for 

around 15% of all paediatric cancer-related deaths [294].  The incidence of neuroblastoma is 

around 10 cases per million children under the age of 15, and in the UK, neuroblastoma effects 

around 100 children each year in the UK [295].The frequency of incidence is slightly higher in 

males than females (gender ratio 1.2:1) [294].  

 

Similar to many other cancers, the exact cause of neuroblastoma is unknown. However, it is 

estimated that familial neuroblastoma account for 1% - 2% of cases [296], with the median age 

of diagnosis at 9 months, as opposed to ~18 months years in general neuroblastoma cases [294]. 

Germline mutations in anaplastic lymphoma kinase (ALK) oncogene account for majority of 

hereditary neuroblastoma [297]. These mutations result in single-base substitution in the 

tyrosine kinase domain of the ALK gene, causing constitutive phosphorylation and activation  
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Figure 1. 22: Clinical presentation of neuroblastoma. Tumours can arise along the sympathetic 

nervous system, most commonly in the adrenal medulla. Tumours in the neck and chest can 

cause Hornerôs syndrome (ptosis, miosis, and anhidrosis). Tumour along the spinal column 

(paraspinal tumour) can cause cord compression leading to paralysis. Neuroblastoma can 

metastasize to regional lymph nodes and bone marrow tissue. Tumours can also metastasize 

to liver particularly in patients with stage 4S [290].   
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of the kinase leading to a premalignant state [290]. Additionally, loss of function mutation in 

Phox2b (paired like homeobox 2B) gene have been reported in patients with neural crest 

disorders or malignancies such as Hirschsprung disease, congenital central hypoventilation 

syndrome and neurofibromatosis type 1 (NF1) and are associated with tumour development in 

a subset of patients with familial neuroblastoma [298-300]. Genome wide association studies 

have identified multiple germline genetic variants (single nucleotide polymorphisms) in 

multiple genes (LINC00340, BARD1, LM01, DUSP12, DDX4, LIN28B, HACE1 and TP53) that 

may predispose to the development of neuroblastoma [301-306]. These variants are more 

common than mutations in ALK or Phox2b, but individually have less impact in neuroblastoma 

development due to low penetrance [290]. 
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1.5.1 Clinico-pathological features of the disease 
 

Neuroblastoma has one of the lowest survival rates in childhood cancer, with overall five-year 

survival of about 67%. Despite recent advances in treatment, neuroblastoma remain one of the 

most difficult childhood cancers to cure. The disease exhibits a broad spectrum of clinical 

behaviour. The likelihood of tumour progression and disease outcome vary according to 

anatomic stage and age at diagnosis and other biological variables. In general, infants 

diagnosed before 1 year of age and non-metastatic disease usually have a better prognosis (> 

85% survival) and are mostly curable with surgery and little or no adjuvant therapy.  Older 

children, in contrast, usually have extensive hematogenous metastasis and majority die from 

the disease despite intensive multimodal therapy, with only 43% survival [293]. It is estimated 

that about half of high-risk tumours that are treated and achieve initial remission will relapse 

and, in most cases, a cure is no longer possible [307]. In addition,  15% of high-risk cases does 

not respond to initial treatment [308]. 

 

Disease outcome also depends on the degree of neuroblast differentiation. Most neuroblastoma 

are characterised by undifferentiated tumours with small, round cells called neuroblasts, 

tumours with partial histological differentiation (ganglioneuroblastomas), and the most 

differentiated end of spectrum (ganglioneuroma) consist of clusters of mature neurons with 

surrounding dense stroma called Schwann cells [309]. The INPC system (The International 

Neuroblastoma Pathology Classification) distinguishes neuroblastoma tumours into four 

prognostically significant and biologically relevant categories, 1) Neuroblastoma (Schwannian 

stroma poor) ï NB, 2) Ganglioneuroblastoma, intermixed (Schwannian stroma-rich) ï GNBi, 

3) Ganglioneuroma (Schwannian stroma-dominant) ï GN and 4) Ganglioneuroblastoma, 

nodular (composite, Schwannian stroma-rich/stroma-dominant and stroma-poor) ï GNBn. The 

stromal poor NB are further divided into three main subtypes based on the degree of 
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differentiation into, 1) Undifferentiated NB with no recognizable neuropil by light microscopy 

- NUB, 2) Poorly differentiated NB with clear discernible neuropil and having < 5% of 

differentiating neuroblasts - NPD and 3) Differentiating NB subtype with >= 5% of 

differentiating neuroblasts - NDF. Similarly, the ganglioneuroma (GN) tumours are further 

divided into two subtypes (mature Ganglioneuroma and maturing Ganglioneuroma), based on 

the microscopic observation of two histological markers such as grade of neuroblastic 

differentiation towards ganglion cells, and degree of Schwannian stromal development (Table 

1. 5). Histologic variants of neuroblastoma recognised by the INPC system are shown in Figure 

1.  23.  

 

Table 1. 5: The INPC classification of neuroblastic tumours. Table reproduced from [310]. 

Neuroblastoma Histology categories Subtypes 

Neuroblastoma (stroma-poor) ï NB Neuroblastoma, undifferentiated ï NUB 

 Neuroblastoma, poorly differentiated - NPD 

 Neuroblastoma, differentiating ï NDF 

Ganglioneuroblastoma intermixed (stroma-rich) - GNBi  

Ganglioneuroma (stroma-dominant) - GN Maturing  

 Mature 

Ganglioneuroblastoma, nodular (composite) - GNBn  
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Figure 1. 23: The International Neuroblastoma Pathology Classification (INPC) classification 

of neuroblastoma tumours. a) undifferentiated neuroblasts (NUB). b) Poorly differentiated 

neuroblastoma (NPD). c) Differentiating neuroblastoma with > 5% of the tumour cells are 

differentiating neuroblasts (NDF). d) Ganglioneuroblastoma, intermixed (GNBi), ganglion 
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cells and differentiating tumour cells are surrounded by the Schwann cells. e) Ganglioneuroma 

(GN) maturing subtype - large and mature ganglion cells surrounded by Schwann cells. f) 

Ganglioneuroma (GN) matured subtype ï completely matured tumours with small cytoplasm 

and nuclei. g) Ganglioneuroblastoma, nodular (GNBn) - demarcation between the 

hemorrhagic stroma-poor (neuroblastomatous) and the white stromarich/dominant. Figure 

taken from [310].  

 
 
 

Shimada and colleagues   [311, 312] reported the association of patient outcome with the 

histological variants in neuroblastoma identified by the INPC, mitosis-karyorrhexis index 

(MKI) and age at diagnosis and defined clinically relevant histopathological groups as 

Favourable histology (FH) and Unfavourable histology (UH) groups as shown in Table 1. 6. 
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Table 1. 6: Shimada system of neuroblastic tumours. Table reproduced from [310]. NPD ï  

Neuroblastoma, poorly differentiated. NDF - Neuroblastoma, differentiating. MKI - mitosis-

karyorrhexis index. NDF - Neuroblastoma, differentiating. NUD - Neuroblastoma, 

undifferentiated.  

 

 Favourable histology (FH) Unfavourable histology (UH) 

Geuroblastoma (NB)   

< 1.5 years NPD or NDF with low or intermediate 

MKI  

NUD or high MKI tumours 

1.5-5 years NDF with low MKI NUD or NPD or intermediate 

or high MKI tumours 

> 5 years None All tumours 

GNBi All tumours None 

GN All tumours None 

GNBn Depends on the neuroblastomatous component 

 

 

In the past, the criteria for uniform disease diagnosis and staging were the surgical/pathological 

International Neuroblastoma Staging System (INSS) [313, 314], that was developed to 

facilitate comparison of results from different clinical and laboratory studies throughout the 

world. Description of different stages (Stage 1 to Stage 4S) is shown in Table 1. 7. Stages 1 to 

3 are localised tumours and are classified according to the extent of resection, nodal 

involvement, and local invasion. Stage 4 is defined as distant metastasis or haematological 

spread of the disease. Stage 4S is associated with favourable outcome and is limited to infants 

that undergo spontaneous regression, and is characterized by tumour dissemination to skin, 

liver and/or bone marrow. The INSS remains in use in numerous European and North American 
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countries [314] but has certain limitations that, particularly because surgical approaches differ 

across institutions and the INSS stage for locoregional disease can vary significantly among 

patients, causing difficulty in uniform diagnosis and comparison of results from different 

studies [315].  

 

Table 1. 7: International Neuroblastoma Staging System (INSS). Table taken from [316]. 

Stage/Prognostic Group Description 

 

Stage 1 

Localized tumour with complete gross excision, with or without 

microscopic residual disease; representative ipsilateral lymph nodes 

negative for tumour microscopically. 

 

Stage 2A 

Localized tumour with incomplete gross excision; representative ipsilateral 

lymph nodes negative for tumour microscopically. 

 

Stage 2B 

Localized tumour with or without complete gross excision, with ipsilateral 

lymph nodes positive for tumour. Enlarged contralateral lymph nodes must 

be negative microscopically. 

 

 

Stage 3 

Unresectable unilateral tumour infiltrating across the midline, with or 

without regional lymph node involvement; or localized unilateral tumour 

with contralateral regional lymph node involvement; or midline tumour 

with bilateral extension by infiltration (unresectable) or by lymph node 

involvement.  

 

Stage 4 

Any primary tumour with dissemination to distant lymph nodes, bone, bone 

marrow, liver, skin, and/or other organs, except as defined for stage 4S. 

 

Stage 4s 

Localized primary tumour, as defined for stage 1, 2A, or 2B, with 

dissemination limited to skin, liver, and/or bone marrow (limited to infants 

younger than 12 months) 
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In 2009, pre-surgical International Neuroblastoma Risk Group Staging System (INRGSS) was 

proposed to uniformly define the extent of disease at diagnosis. The system was based on the 

approach developed by an international consortium consisting of North America (Childrenôs 

Oncology Group), SIOPEN (International Society of Paediatric Oncology Neuroblastoma 

Group), Germany, Japan, and Australia [317, 318].  In contrast to the previous INSS, in the 

proposed INRG staging system the extent of disease will be determined using imaging studies 

and morphology of bone marrow. The system uses radiological features to differentiate 

locoregional tumours that do not involve local structures (INRGSS L1) to locally invasive 

neuroblastoma tumours (INRGSS L2). INRGSS M and MS refers to tumours with evidence of 

distant metastases or INSS 4S pattern of spread respectively (Table 1. 8) [315, 316]. 

 

Table 1. 8: International Neuroblastoma Risk Group Staging System (INRGSS). Table adapter 

from [316]. 

Stage Description 

L1 Localized tumour not involving vital structures as defined by the list of 

image-defined risk factors and confined to one body compartment. 

L2 Locoregional tumour with presence of one or more image-defined risk 

factors. 

L3 Distant metastatic disease (except stage MS). 

L4 Metastatic disease in children younger than 18 months with metastases 

confined to skin, liver, and/or bone marrow. 
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1.5.2 Recurrent genetic and cytogenetic changes in neuroblastoma 
 

The first discovered genetic alteration in neuroblastoma is MYCN oncogene amplification on 

chromosome 2.  (> 10 copies per diploid genome) [319, 320].  MYCN amplification can be 

identified in around 20% of tumours, accounting for 50% of high risk cases and is associated 

with advanced  stage and aggressive neuroblastoma  [319]. MCYN is expressed in neural crest 

cells, and it has been shown that over-expression of MYCN in the developing neural crest is 

able to induce tumour growth in transgenic mice and zebrafish, confirming the functional role 

of MYCN as oncogene in neuroblastoma development [321, 322]. Additionally, focal 

amplification of ALK, causing increased protein expression and kinase activity is reported in a 

small number of patients (2% - 3%). However, ALK amplification is found to be mutually 

exclusive with point mutations of ALK [320], and alterations in ALK are associated with dismal 

outcome, especially among intermediate and high-risk patients [323]. Gain of chromosome 17q 

is the most common genetic abnormality in neuroblastoma, which is detected in over 60% of 

primary tumours and often associated with other poor prognostic features (MYCN amplification 

or age > 1.5 years) [324, 325]. Although the specific set of genes that may have functional 

oncogenic roles due to chr17 gain is yet to be identified, candidate genes include BIRC5 

(baculoviral IAP repeat containing 5), PPMID (protein phosphatase, Mg2+/Mn2+ dependent 

1D), NME1/2 (NME/NM23 nucleoside diphosphate kinase 1/2), that become over-expressed 

in a subset of tumours [326-328].  

 

Deletion of chromosome 1p can be identified in 25% - 35% of tumours [315] and  is also 

associated with poor outcome [329]. Deletion of chr 1p correlates with MYCN amplification 

and advanced disease stage (e.g., metastasis, age > 1.5 years) [329, 330].  Multiple studies have 

reported loss of heterozygosity due to deletion of alleles from chromosome 1p is a strong 

predictor of outcome [330, 331]. While the gene or genes within chromosome 1p involved in 
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the pathogenesis of neuroblastoma are yet to be identified, candidate tumour suppressor genes 

include chromatin modeller CHD5 (chromodomain helicase DNA binding protein 5) [332] and 

CASZ1 (castor zinc finger 1) [333]. Allelic loss of chromosome 11q can be identified in 35%- 

45% of primary tumours [315]. Similar to 17q gain and 1p loss, chromosome 11q loss is 

associated with advanced disease stage and poor outcome [329, 334].  Notably, 11q deletion is 

rarely associated with MYCN amplification, but is associated with advanced stage, older 

patients, and unfavourable pathology. Furthermore, it has been shown that unbalanced loss of 

chromosome 11q was independently prognostic for outcome in a multivariate analysis [329]. 

Thus, loss of chromosome 11q defines a subset of high-risk patients within the non-MYCNA 

tumours.   

 

Studies using comparative genome hybridization and SNP arrays have shown that patients with 

numerical chromosomal aberrations, characterized by segmental chromosome loss or gain 

(SCA) are associated with poor outcome as compared to tumours characterized by whole 

chromosomal gain or loss (WCA) [335, 336], suggesting SCAs may be a strong predictor of 

poor outcome in infants and non-MYCNA cases [316].  

 

Tumour DNA content or ploidy have also been shown to be predictor of outcome in 

neuroblastoma patients. Aneuploidy tumours characterised by multiple chromosomal gains 

(hyper-diploid tumours with DNA index > 1) have a more favourable outcome in comparison 

to diploid tumours (DNA index = 1) [337].  Tumour ploidy has been shown to be most 

prognostic among infants and used for risk assessment and to tailor therapy among non-high-

risk patients [338]. 
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It has been shown that neuroblastomas, in contrast to many other cancers, have relatively low 

gene mutational burden. The most mutated gene is ALK which is reported in 8% to 10% of 

tumours [339-342] . ALK mutation have been reported in all risk groups and are associated 

with dismal patient outcome [343]. Mutations in the ATRX gene have been detected in around 

3% of cases [342]. ATRX mutations occur in mutually exclusive manner with MYCN 

amplification and are involved in telomere maintenance independent of telomerase, a 

mechanism known as alternative lengthening of telomerase (ALT), which is normally 

suppressed by wild-type ATRX in ALT negative tumours [344, 345]. Additional gene mutations 

that occur at low frequency (< 5%)  include TIAM1 (3%) and genes involving in the RAC-

RHO pathway [339], PTPN11 (3%), MYCN (2%), NRAS (0.8%), TP53 and other genes 

involved in Ras/MAPK signalling [342].  Recent whole genome sequencing in neuroblastoma 

reported genomic arrangements of the TERT locus in a subset of high-risk neuroblastoma that 

cause a massive upregulation of TERT expression and activation of telomerase [346, 347]. 

TERT rearrangement is reported to occur in a mutually exclusive fashion with MYCN 

amplification and ATRX deletion. Furthermore, TERT rearrangement associate with poor 

outcome and are independent prognostic marker in a multivariable analysis, suggesting that 

telomerase activated tumours are a distinct neuroblastoma subgroup with adverse outcome 

[348].  
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1.5.3 Clinical and molecular characterization and classification of neuroblastoma  
 

Risk assessment and stratification depends on a combination of several clinical, pathologic, 

genetic, and cytogenetic factors that are used to predict clinical behaviour and respond to 

treatment. An improved understanding of underlying tumour biology and associated patient 

outcome allowed stratification of patients into different risk groups and successful tailoring of 

therapy.  Childrenôs Oncology Group risk stratification system incorporates patient age, INSS, 

tumour histopathology, DNA index and MYCN status to assign patients to one of the three risk-

groups: low-risk (> 95% survival), intermediate-risk (>90% survival) and high-risk (40% - 

50% survival), detailed features of each of the risk groups is given in Table 1. 9 [316].  
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Table 1. 9: Table Childrenôs Oncology Group Neuroblastoma Risk Stratification. Table 

reproduced from [316]. LR ï Low-risk; IR ï Intermediate-risk; HR ï High-risk; DI ï DNA 

Index; FH ï Favourable Histology; UH ï Unfavourable Histology. 

Risk Group Stage Age MYCN Ploidy Shimada 

LR 1 Any Any Any Any 

LR 2A/2B Any Not Amplified Any Any 

HR 2A/2B Any Amplified Any Any 

IR 3 < 547 Days Not Amplified Any Any 

IR  3 >=547 Days Not Amplified Any FH 

HR 3 Any Amplified Any Any 

HR 3 >=547 Days Not Amplified Any UH 

HR 4 < 365 Days Amplified Any Any 

IR  4 < 365 Days Not Amplified Any Any 

HR 4 365 - < 547 Days Amplified Any Any 

HR 4 365 - < 547 Days Any DI = 1 Any 

HR 4 365 - < 547 Days Any Any UH 

IR  4 365 - < 547 Days Not Amplified DI > 1 FH 

HR 4 >=547 Days Any Any Any 

LR 4s < 365 Days Not Amplified DI > 1 FH 

IR  4s < 365 Days Not Amplified DI = 1 Any 

IR  4s < 365 Days Not Amplified Any UH 

HR 4s < 365 Days Amplified Any Any 
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This risk stratification successfully identifies patient groups with highly disparate outcomes. 

There exists controversy regarding the stratification especially at the extreme ends of the 

spectrum with respect to INSS disease stage and age at diagnosis. Older patients with metastatic 

stage 4 are at high risk of death. In contrast, infants with localised tumours are almost always 

cured without cytotoxic therapy. However, it has been difficult to reach a consensus for patients 

between these extremes, due to evolving nature of molecular diagnostics and relative rarity of 

cases [290]. In response to this, an international consortium conducted a collaborative study 

comprising of 8800 patients with neuroblastoma enrolled between 1990 ï 2002 to reach a 

consensus pre-treatment classification schema [349, 350]. The new risk stratification system 

(detailed in Table 1. 10), based on the assessment of 13 prognostic factors resulted in 16 

statistically significant risk groups. Four broad main categories have been proposed in terms 

of the patient survival: very low risk (>85% survival), low risk (> 75% to < 85%), intermediate 

risk (>50 to < 75%) and high risk (<50%), based on the analysis of age, INRG stage system, 

DNA ploidy, histologic category, MYCN status, chromosome 11q status, degree of tumour 

differentiation  [350].   
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Table 1. 10: INRG consensus pre-treatment classification schema. Table reproduced from 

[316]. Amp ï Amplification; GN ï ganglioneuroma; GNB ï ganglioneuroblastoma; NA ï Not 

amplified. 

INRG 

Stage 

Age 

(month) 

Histologic 

Category 

Tumour 

Differentiation  

MYCN Chr 11q 

Aberration  

Ploidy Pre-treatment 

Risk Group 

L1/L2  - GN maturing; GNB 

intermixed 

- - - - A. Very low 

L1 - Any, except GN 

maturing or GNB 

intermixed 

- NA - - B. Very low 

    Amp - - K. High 

L2 <18 Any, except GN 

maturing or GNB 

intermixed 

- NA No - D. Low 

        

     Yes - G. Intermediate 

 >=18 GNB nodular; 

neuroblastoma 

Differentiating NA No - E. Low 

     Yes - - 

   Poorly 

differentiated or 

undifferentiated 

NA - - H. Intermediate 

    Amp - - N. High 

M <18 - - NA - Hyper-

diploid 

F. Low 
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 <12 - - NA - Diploid I. Intermediate 

 12ï<18 - - NA - Diploid J. Intermediate 

 <18 - - Amp - - O. High 

 >=18 - - - - - P. High 

MS <18 - - NA No - C. Very low 

     Yes - Q. High 

    Amp - - R. High 

 

 

Throughout the world, the most recent insights into the biology of neuroblastoma blastoma at 

the molecular level have led to a better understanding of molecular pathways driving 

tumorigenesis in neuroblastoma. This enabled a paradigm shift from standard clinical and 

histological stratification to novel molecular based and biomarker driven clinical trials. 

Treatment of neuroblastoma is tailored according to the risk of relapse and death based on a 

combination of clinical and genetic prognostic biomarkers [351]. Patients with low-risk disease 

according to the Childrenôs Oncology Group (COG) have excellent outcomes, and current 

studies are evaluating whether subsets of these children may be cured with observation alone 

(NCT02176967). In COG intermediate-risk disease, a series of COG and legacy North 

American cooperative groups - Paediatric Oncology Group (POG) and Childrenôs Cancer 

Group (CCG) studies have established that these patients also have excellent outcomes with 

surgery and moderate-dose chemotherapy [351]. Later studies POG 9243 [352], COG A3961 

[338] and COG ANBL0531 [353] demonstrated that therapy reduction approaches maintain 

excellent outcome for these inter-mediate risk patients. As for COG high-risk patients, 

successive randomized COG (CCG 3891, COG A3973, and ANBL0532) with increasingly 



 

104 
 

intensive, multimodality treatments have led to new standards of care and improved survival 

[351, 354-358].  

 

1.6 Personalized medicine 
 

Personalised, precision, P4 (Personalised, Predictive, Preventive, Participatory) or stratified 

medicine is generally understood as a medical approach for stratifying patients based on their 

genetic makeup, risk, prognosis or treatment response to tailor cancer therapies with the best 

response and safety to ensure better patient care [359, 360]. While there is no medical universal 

accepted definition, the European Union Health Ministers defined personalised medicine in 

their Council conclusions on personalised medicine for patients in December 2015 as ñA 

medical model using characterization of individualsô phenotypes and genotypes (e.g. molecular 

profiling, medical imaging, lifestyle data) for tailoring the right therapeutic strategy for the 

right person at the right time, and/or to determine the predisposition to disease and/or to deliver 

timely and targeted preventionò [361]. Personalised medicine aims to provide of óthe right drug, 

with the right dose at the right time to the right patientô [362]. It offers a paradigm shift from 

traditional (One-Size-Fits-All) cancer treatment approach to more specific and less toxic 

therapies through a better understanding of genetic, epigenetic, proteomic profiles and clinical 

information of a personôs unique genomic makeup underlying certain cancer and makes them 

more responsive to specific treatments [363].  

 

Personalised medicine is an expanding field in medicine as it provides many advantages over 

the traditional approach including: 1) It facilitates earlier cancer diagnosis through the use of 

molecular biomarkers to allow detection of early genetic and epigenetic events in cancer 

development, 2) reduction of adverse health effects of cancer therapies through the selection 

of optimal cancer therapy and reducing the negative consequences of trail-and-error 



 

105 
 

approaches, 3) more effective cancer treatment through tailoring cancer treatment to patient 

characteristics, e.g., genetic profiles, 4) smarter clinical trial design by selection of likely 

responders to treatment, 5) reduce financial and time expenditure as a consequence of 

optimised and effective use of cancer therapies.  

 

A key part of enabling personalised medicine is the development of targeted therapies directed 

against genetic/epigenetic changes that are cancer specific. For example, Imatinib Mesylate is 

a molecularly targeted therapy commonly used for chronic myelogenous leukaemia (CML) 

patients who present with the BCR-ABL oncogenic fusion protein. Imatinib acts as a selective 

inhibitor of ABL and its derivative BCR-ABL tyrosine kinase protein, previously called ómagic 

bulletô as it revolutionized the treatment of CML in 2001 [364]. The drug works by binding to 

amino acids of ATP binding site at the BCR-ABL tyrosine kinase and stabilises the non-ATP-

binding BCR-ABL (inactive form), thereby preventing tyrosine autophosphorylation and 

activation of the kinase. The process results in inactivation of the downstream signalling 

pathway that promotes disease progression in CML [365]. While the use to imatinib proved 

effective to the large majority of CML patients particularly in the chronic phase, a substantial 

proportion of patients in the advanced disease phase and minority of chronic phase patients had 

initial refractory disease or developed drug resistance over time leading to relapse [366].  

Although there can be multiple mechanisms of resistance, the most common is attributed to 

point mutations in the BCR-ABL kinase domain that reduce imatinib or stabilise the BCR-ABL 

conformation leading to reduced affinity for imatinib [366, 367]. Therefore, molecular 

characterisation of CML patients resistant to treatment at the genetic or epigenetic level have 

the potential to allow for the optimal use of imatinib through stratification of patients.   
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HER2 (human epidermal growth factor receptor type 2) gene amplification is observed in 

around 20% of invasive breast cancer and associated with aggressive phenotype and poor 

prognosis [368]. The HER2 gene encodes a transmembrane tyrosine kinase receptor that 

stimulates growth factor signalling pathways, such as PI3K-AKT-mTOR-pathway [369]. 

Herceptin (trastuzumad) is a monoclonal antibody therapy against cell surface kinase receptor 

HER2. It exerts an anti-tumour effect selectively in HER2-overexpressing breast cancer by 

binding to extracellular domain of HER2, leading to downregulation of HER2 expression [370].  

While Herceptin proves to be extremely useful drug and has significant clinical benefit among 

breast cancer patients with amplified HER2 gene, many patients with metastatic cancer do not 

respond to treatment or suffer disease recurrence. One of the most common mechanisms of 

treatment resistance against HER2 kinase is through oncogenic activating PI3K mutations 

causing persistent activation of PI3K-AKT-mTOR pathway [371], thus highlighting the 

importance of identification of specific resistance mechanisms to provide rationale for the 

development of novel HER2 targeted therapies.    
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1.6.1 Oncogene and non-oncogene disease dependency 
 

 Despite the multitude of genetic and epigenetic changes found across tumours, several tumours 

likely depend on few selected alterations that result in the continuous activation of oncogenic 

signalling for survival (ñoncogene dependency/addictionò) [372]. This led to the development 

of several cancer therapies that inhibit key activated oncogenes in tumours which can cause 

significant anti-tumour activity with minimal toxicity to normal cells. For example, mouse 

models with inducible MYC expression have shown that multiple MYC-driven cancers 

(lymphomas and osteosarcomas) can be reversed upon MYC signal withdrawal [373, 374]. 

Similarly, oncogene addiction to BCR-ABL and KRAS has been demonstrated in leukaemia and 

colorectal cancer, where oncogene inhibition results in the reversal of transformed phenotype 

[375, 376]. The subset of oncogenes whose inhibition results in tumour cell death, 

differentiation, growth arrest and senescence are of great clinical importance and reviewed in 

[377]. This strategy for inhibition of key oncogenes has proven successful in multiple cancer 

that includes HER2 (trastuzumab/Herceptin) [378], BCR-ABL (imatinib/Gleevec) [379], EGFR 

(gefitinib/Iressa, erlotinib/Tarceva) [380].  

 

However, while in many instances cancer treatment results in the remission of tumour growth, 

re-appearance of drug resistant clones frequently follows initial remission. Furthermore, in 

addition to complications due to drug resistance, strategies to target oncogenes can only be 

applied to a limited number of cases. For example, targeting non-kinase oncogenes such as 

RAS and MYC has proven more difficult and challenging to identify compounds for effective 

inhibition of these oncogenes [377, 381]. In contrast to oncogenes, reintroduction, or 

restoration of loss of tumour suppressor genes can result in tumour regression, demonstrated 

in mouse by reactivation of TP53 [382, 383]. However, pharmacologically it is often 

challenging and difficult to identify small molecules for that can reverse loss of functional 
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tumour suppressor genes. A potential way to overcome this limitation is not to focus only on 

oncogenes which cancer cells depend on, but to identify dependencies, specific to tumours, on 

genes that are not themselves oncogenic [381].  

 

In contrast to ñoncogene addictionò, cancer often depends on the constitutive activities of wide 

variety of genes and pathways which may not be inherently oncogenic themselves but are 

essential to support oncogenic phenotype (ñnon-oncogene dependency/addictionò) [384]. Non-

oncogene dependency genes and pathways provide important drug targets that may be 

synthetically lethal with the underlying tumour genotype. 

 

Figure 1. 24: non-oncogene dependency in cancer. Tumorigenic state could result in a variety 

of alterations causing extrinsic and intrinsic cellular stress. These alterations pose multiple 

dependencies and vulnerabilities that could be lethal to cancer. Stress support pathways 

through non-oncogene dependency help suppress this lethality. Therapeutic approach that 

target and interfere with function of these multitude stress support could display tumour cell 

lethality [377]. 
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Non-oncogene dependency may fall into two general categories ï tumour intrinsic and tumour 

extrinsic. While intrinsic non-oncogene dependency genes generally support tumour cell in 

autonomous manner, extrinsic genes function in stromal and vascular cells to provide 

heterotypic support for cancer cells [377]. The key advantage of targeting these genes and 

pathways is that tumour cells generally experience numerous cellular stresses as compared to 

normal cells (Figure 1. 24, reviewed in detail [377, 384]) and are therefore more likely to 

depend on stress support pathways for survival. There may be two approaches in exploiting 

this dependency in targeting tumour stress support pathways to selectively kill cancer cells. 

The first approach (stress sensitization) aims to diminish the activity of the stress support 

pathways such that cancer cells can no longer cope with the native cellular stress, resulting in 

either loss of proliferation or apoptosis/necrosis induction. For example, tumour cells often 

exhibit metabolic stress due to cell intrinsic properties and tumour microenvironment. Tumour 

cells rewire their metabolic processes to promote cell growth, survival and proliferation 

through increased glucose uptake and preferential metabolism of glycolysis to produce lactate 

even in presence of oxygen and fully functioning mitochondria (The Warburg Effect) [385]. 

Multiple studies aimed at disrupting the glycolytic/biosynthetic pathway, including inhibition 

of ATP citrate lyase, RNAi gene knockdown of lactate dehydrogenase, and inhibition of acetyl-

CoA carboxylase and fatty acid synthase, all leads to substantial reduction in tumour growth 

[386, 387], suggesting that the therapeutic approach of targeting key metabolic enzymes could 

effectively attenuate cancer cell proliferation. The second approach (stress overload) aims to 

enhance the existing oncogenic stress to overwhelm tumour stress supporting system, leading 

to tumour growth arrest or apoptosis [377]. For example, tumour often show increased level of 

intrinsic reactive oxygen species (ROS) [388], due to multiple factors including reperfusion 

due to hypoxic tumour microenvironment [389] or RAS oncogene-induced senescence can 

stimulate ROS production [390]. ROS cause significant cellular stress, leading to oxidative 
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damage to DNA, proteins, or other cellular components. Stress supporting systems in cancer 

can partially alleviate this stress through down regulation of functional mitochondria and 

metabolism of glycose (glycolysis) [389]. Therapeutic agents that enhance ROS production 

were suggested to cause stress overload in cancer cells and to cause cancer cell growth arrest. 

In support to this, it has been shown that dichloroacetate, which inhibits pyruvate 

dehydrogenase kinase and stimulates mitochondrial oxidative phosphorylation and ROS 

production, induces apoptosis specifically in cancer but not in normal cells [391]. Several other 

pathways that are disrupted frequently in cancer may also be similarly targetable (Figure 1. 24, 

[377, 384]). 
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1.6.2 Synthetic Lethality 
 

The term ñsynthetic lethalityò was coined by Theodore Dobzhansky who observed lethality in 

Drosophila melanogaster, when certain pair-wise combinations of non-allelic mutant genes 

became lethal while the mutant genes on their own had little or no effect on viability [392]. 

Synthetic lethality occurs when combined perturbation in two or more genes leads to lethality 

while perturbation of any of the single genes is compatible with viability (Figure 1. 25 [393-

396]). The concept of synthetic lethality has attracted many geneticists as it provides functional 

relationship among genes that are required for normal development or genetic disease initiation 

including cancer. Identification of synthetic lethal genes is one of the most promising avenues 

for development of targeted non-toxic cancer therapies. Synthetic lethal genes are only required 

for growth/survival of cells in the presence of mutation or disruption of the other gene. If this 

other mutation is a cancer initiating mutation, targeting its synthetic lethal gene partner should 

allow specific killing of cancer cells (which bear the mutation) while sparing normal tissues 

from toxicity [395, 396]. The recent success of Poly ADP-ribose polymerase (PARP) inhibitors 

in BRCA-mutant ovarian cancer is the first clinical example of synthetic lethal therapy in cancer 

treatment [397, 398]. The basis for this finding is both PARP and tumour suppressor genes 

BRCA1/BRCA2 are essential components of efficient DNA repair [399, 400]. BRCA1 and 

BRCA2 are important for DNA double-strand break repair using homologous recombination 

[401], while PARP is key enzyme involved in base excision repair and facilitates repair of 

DNA single strand breaks [402, 403]. BRCA1 or BRCA2 mutant tumours are intrinsically 

sensitive to PARP inhibitors in both vitro tumour model [397, 398] and in clinical trials [404]. 

Only mild side effects have been reported from PARP inhibitor treatment in clinical trials due 

to the specificity of PARP inhibitors to BRCA-defective cancer cells [404].  
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Figure 1. 25: Concept of synthetic lethality. a. Mutational loss or inhibition of either of Gene 

A or B or overexpression of Gene A is compatible with cell survival.  Mutation leading to 

double mutation of Gene A and Gene B (b) or pharmacological inhibition of gene B (c) in 

mutated gene A (c) or pharmacological inhibition of gene B in cells with overexpressed gene 

A (d) results in synthetic lethality (picture taken from [395]). 
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1.7 Hypothesis of study 
 

For many cancer types, survival rates remain poor, and cancer remains a leading cause of death. 

Furthermore, most currently used treatments are associated with high levels of toxicity for 

normal tissues. This leads to significant levels of morbidity for patients during therapy and 

significant long-term toxicities that substantially affect the quality of life and reduce life 

expectancy. Overall, the high toxicity greatly impacts patient outcome for several reasons: 

1) Limiting dose (due to toxicities in healthy tissue) prevents complete killing of cancer 

cells, leading to relapse of the disease. 

2) Patients with additional co-morbidities may be unsuitable for therapies which may have 

otherwise been curative. 

3) While survival rates are very good for some cancer types, the high toxicity of the 

curative therapy results in numerous long-term health problems leading to reduced 

quality of life and lower life expectancy. 

Development of novel therapies which can specifically target cancer cells, while producing 

limited or no normal tissue toxicity, will be crucial to improving survival and long-term 

outcome for cancer patients. Identification of cancer subtype specific vulnerability genes (SSV) 

genes is one of the most promising avenues for development of targeted non-toxic therapies. 

SSV genes are only required for growth/survival of cells in the presence of mutation or 

disruption of the other gene. If this other mutation is cancer inducing, targeting its SSV gene 

should allow specific killing of cancer cells (which bears the mutation) while sparing normal 

tissues from toxicity. A key reason for this is that SSV gene partners for cancer driving 

mutation need not themselves be altered genetically, epigenetically, or even altered in 

expression and thus a standard genome sequencing and profiling approaches would be unlikely 

to identify SSV partner lethal genes.   
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Our group has recently developed a novel bioinformatic pipeline which utilises genome level 

data (DNA methylation and gene expression) to identify SSV gene partner in specific genetic 

subtypes of cancer. Two features of genome-wide methylation data provide a unique 

opportunity to identify SSV genes, when integrated with gene expression data. Firstly, several 

thousand co-ordinated genome-wide methylation occur across all genetic subtypes and are 

essentially consequences of ALL development. These methylation events clearly cannot be 

detrimental to B-cell growth in general or the cells would not survive. Secondly, in addition to 

these shared methylation changes, each genetic subtype selects additional methylation changes 

during clonal expansion as shown in Figure 1. 26. However, if any of the genome-wide 

methylation changes (from step 1 in Figure 1. 26) are specifically toxic for the genetic subtype 

(i.e., are SSV gene partner), these will be strongly selected against during clonal expansion 

(Step 3 in Figure 1. 26). As a result, methylation changes at these SSV genes will be absent in 

that specific genetic subtype but present in all other subtypes (Step 3 in Figure 1. 26). 

 

A critical feature of focussing on the selected methylation changes, is that methylation at that 

locus impacts only on the adjacent gene, as DNA methylation functions in cis. Thus, the gene 

affected by the methylation change can readily be identified (i.e., the adjacent gene). This is 

unlike gene expression changes driven by trans-acting factors (e.g., transcription factors or cell 

signalling pathways). These generally involve altered expression of large numbers of genes 

making it difficult to identify the specific changes which are critical for the growth/survival of 

the cancer cells. 
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Thus, in our screen, vulnerability genes will have the following properties: 

1. Frequent hypermethylation in all subtypes other than the one in which it is SSV gene 

partner. 

2. Low/absent methylation in the subtype where it is SSV gene partner. Importantly, not 

all hypermethylated CpG islands result in suppression of gene expression, thus the 

methylation analysis must be integrated with gene expression profiling to identify the 

third property required: 

3. Significant increased expression in subtype where it is SSV gene partner, with 

low/absent expression in all other subtypes. 
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 Figure 1. 26: Generation of cancer subtype specific vulnerability genes. Step 1: Co-ordinated 

methylation of thousands of promoters associated CpG islands ðseen in essentially all ALL 

cases. Step 2: Initial genetic lesion drives clonal expansion of epigenetically disrupted cells. 

Step 3: The result is a natural ñexperimentò in which all genes affected at step 1 are ñtestedò 

for subtype specific lethality i.e., cells in which a SSV gene for the specific genetic initiating 

mutation is methylated and inactivated will be lost during clonal expansion (red cells), while 

cells with no SSV genes methylated/inactivated will clonally expand. Subsequently we can 

identify SSV genes based on their unusual methylation patterns (i.e., high methylation in all 

other subtypes, but very low methylation in the specific genetic subtype for which the gene is 

specifically lethal). For illustrative purposes genome-wide and subtype-specific methylation 

changes (driven by the initiating genetic event) are shown as occurring sequentially. They may 

occur simultaneously, during the initial stages of clonal expansion driven by the subtype-

specific defining mutation, but this would not alter the hypothesis as hypermethylation of SSV 

genes would still be selected against only in the genetic subtype in which they are specifically 

lethal.  
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1.8 Aims of study 
 

1.8.1 The ñover-archingò aim is to use knowledge about the mechanisms which drive DNA 

methylation changes in cancer cells, and to better understand the complexity of cancer 

associated methylation patterns and utilise this understanding to identify novel 

therapeutic. 

1.8.2 To integrate genome level data to identify candidate Subtype Specific Vulnerability 

(SSV) genes as potential new therapeutic targets in cancer. 

1.8.3 To demonstrate the applicability of the approach for the identification of SSV across 

multiple cancer types.  

1.8.4 To utilise understanding of the underlying causes of all specific DNA methylation 

changes (methylation mapping) to allow identification of true cancer associated 

methylation changes. 
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2 MATERIALS AND METHODS 
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2.1 Reagents used 
 

2.1.1 Tris-HCL (pH ï 6.8) 
 

 1) Weigh 121g of Tris base in 800mL of water 

 2) Adjust pH to 6.8 with HCL and make up the volume to 1000mL 

 

2.1.2 SDS-lysis buffer (90mL) 
 

 Tris-HCL (pH 6.8) ï 12.5 

 SDS ï 2g 

 Glycerol ï 10mL 

 Water ï 67.5mL 

 

2.1.3 SDS loading buffer (20mL) 
 

 Tris-HCL (pH 6.8) ï 2.5mL 

 SDS - 0.4g 

 ɓ-mercaptoethanol - 1mL 

 Glycerol ï 2mL 

 Bromophenol blue (0.1%) ï 1mL 

 Distilled water ï 13.5mL 

 

2.1.4 Running buffer (10X) 
 

 1. Weigh 144g of Glycine and 30g of Tris base into 1L beaker 

 2. Add 10g of SDS 

3. Add 800mL of distilled water and dissolve the SDS completely using magnetic stirrer 

and a flea 

 4. Once dissolve make up the volume to 1L 
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5. Running buffer is to be used to at 1X concentration, thus use the 10X buffer in 1 in 

10 with distilled water 

 

2.1.5 Transfer buffer (10X) 
 

 1. Weigh 30g of Tris base into 1L of beaker 

 2. Add 141 of Glycine and dissolve in 1L of distilled water 

3. Transfer buffer to be used at 1X, thus use 100mL of 10X, add 200mL of methanol 

and make up the volume to 1L with distilled water 

 

2.1.6 TBS (10X) 
 

 1. Weigh 24g of Tris base and 80g of NaCl into 1L beaker 

 2. Add 800mL of distilled water and dissolve completely  

 3. Adjust the pH with HCL to 7.6 

 4. Make up the volume to 1L with distilled water 

 

2.1.7 TBS/Tween (1X) 
 

 1. Into 900mL of distilled water add 100mL of 10X TBS 

 2. Add 1mL of tween20 and mix by vigorous shaking 

 

2.1.8 Blocking solution (Skimmed milk) 
 

 1. Weigh 2.5g of skimmed milk into 50mL tube 

 2. Add 50mL of 1X TBS/Tween and mike by vigorous shaking. 
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2.2 Mammalian cell culture 
 

2.2.1 Medulloblastoma cell lines 
 

Medulloblastoma cell lines used in the study were two cell lines (DAOY and UW228) derived 

from the SHH subtype and two cell lines (MED8A and D283) derived from the Group 3 

subtype. All the cell lines were cultured in Dulbecco's Modified Eagle Medium (DMEM) 

D5796 (Sigma- Aldrich-UK), supplemented with 1% Sigma G7513 glutamine and 10% foetal 

calf serum (FCS) and 1% Penstrep (Gibco-UK, 5.000 u/ml penicillin and 5.000 ɛg/ml 

streptomycin) at 37°C and 5% CO2. DAOY and UW228 have an estimated doubling time 24-

36 hours and therefore were passed three times in a week to avoid full confluency. However, 

MED8A and D283 has an estimated doubling time of 36-48 hours and around 52 hours 

respectively and were therefore passed two times in a week. For long term storage cells were 

allowed to grow until full confluency was achieved. Cells were then harvested, centrifuged, 

and resuspended in freezing media (10% DMSO and 90% growth media). 1mL of cell 

suspension was then aliquoted into cryogenic vials (1.5mL). Cells were immediately kept at -

80oC overnight before being transferred into liquid nitrogen for long term storage.  
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2.2.2 Neuroblastoma cell lines 
 

Neuroblastoma cell lines used in the study were three cell lines (IMR-32, NGP and IGR-N-

91), which were known to exhibit MYCN-amplification and three cell lines (GIMEN, SK-N-

AS & SH-SY-5Y) known to lack amplification of MYCN. All the cell lines were cultured in 

RPMI medium 1640 (Sigma- Aldrich-UK), supplemented with 10% foetal calf serum (FCS) 

and 1% Penstrep (Gibco-UK, 5.000 u/ml penicillin and 5.000 ɛg/ml streptomycin) at 37ÁC and 

5% CO2. All cell lines were typically passed three times in a week. 
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2.2.3 siRNA transfection 
 

siRNA is 21 ï 23 nucleotides long that can be used to achieve transient interference with the 

expression of a target gene [405]. However, the efficiency of targeting a gene is largely 

dependent upon the degree of complementarity between siRNA and the target RNA sequence. 

All seven siRNAs for medulloblastoma SHH subgroup SSV candidates (ATOH1, FOXS1, 

CPLX1, CRIP2, PNPLA2, GPR68 and SPHK1) and control non-silencing siRNA were 

obtained from Horizon Discovery. All six siRNAs of neuroblastoma subgroup 3 SSV 

candidates (AKT, POLR3H, FASN, RPS2, EEF2 and EEF1D) for a robotic, high/medium 

throughput approach was available at the University high throughput facility. Additionally, two 

siRNAs (RPS15 and RPS2) were obtained from Dharmacon. All the siRNAs used in the study 

contains a pool of 3-4 unique siRNA duplexes. 

 

 All cell lines (medulloblastoma and neuroblastoma) were transfected by utilising the 

TransIT-X2 Transfection Reagent (Geneflow Limited, UK). The cells were plated (in 

triplicates) at 96-well plates 24 hour prior to transfection at an appropriate concentration 

described in the result sections.  Cells were transfected as per manufacturer's instructions. 

Briefly, cells were plated in a total volume of 92µl. Serum free medium (9µl, Opti-MEM, 

ThermoFisher scientific) and 0.25µl of the siRNA (20µM stock) were mixed to make a final 

siRNA concentration of 50nM per well. To this mixture 0.3µl of TransIT-X2 reagent was added 

for TransIT-X2:siRNA complex formation. The complex mixture was then incubated for 15-

30 minutes to allow sufficient time for complex formation. Then, the reagent:siRNA complex 

mixture was added to the cells and incubated at 37oC for 2-3 days depending on further 

experiments such as cell proliferation assay or apoptosis assay.  
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2.2.4 RNA extraction and cDNA synthesis 
 

RNA was extracted from cells 48 hours post-transfection using a Total RNA Purification Kit 

(Norgen Biotek Corp., Canada) according to the manufacturerôs protocol. Briefly, cells were 

trypsinized and re-suspended in 100µL of culture media. 350µL of Buffer RL (provided in the 

kit) and 200µL of 90-100% ethanol was added and mixed by vertexing for 10 seconds. All  the 

cell lysate (650µL) was added to the RNA binding column and was centrifuged at 6000rpm for 

one minute. The column was then washed three times with 400µL of Wash Solution A 

(provided in the kit) and centrifuge for one minute for each washing. RNA was then eluted by 

adding 50µL of Elution solution A (provided in the kit) and centrifugation at 2000 rpm for two 

minutes and followed by centrifuge at 14000 rpm for one minute. The extracted RNA was 

stored at -20oC (for use in the following days) or at -80oC if long term storage was required. 

 

 The purified RNA was quantified using the Nanodrop ND-1000 spectrophotometer 

(Nanodrop, Delaware, USA). About 2µg of RNA was used for cDNA synthesis using the High-

Capacity cDNA Reverse Transcription Kit (Applied Biosystems, UK) according to the 

manufacturerôs protocol (Table 2. 1). 10µL of master mix and 10µL of RNA (total volume 

made up with RNAse free water if concentration was higher than 200ng/µL) was added to a 

0.1mL thin-walled PCR tube for a total of 20µL reaction. The mixture was then loaded onto 

thermal cycler, using a program of 25oC (10 minutes), 37oC (120 minutes), 85oC (5 minutes) 

and lastly 4oC (5 minutes). Samples with no reverse transcriptase (RT) were also included in 

the reaction to act as a control in subsequent PCR.  
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Table 2. 1: Calculation of master mix. Table obtained from [406]. 

Component Volume 

10X RT Buffer 2.0µL 

25X DNTP Mix (100mM) 0.8 µL 

10X RT Random Primers 2.0 µL 

MultiScribe Reverse Transcriptase 1.0 µL 

Nuclease-free H20 4.2 µL 

Total per reaction 10.0 µL 

 

 

2.2.5 Quantitative RT-PCR (qRT-PCR) 
 

Quantitative/real-time PCR is a Polymerase Chain Reaction (PCR)-based technique that allows 

much more precise quantification than standard end-point PCR [407]. This is achieved as the 

PCR product is estimated at every cycle of amplification. Quantification can be achieved using 

a probe specific for the PCR product or through using the fluorescent dyes such as SYBR Green 

that bind specifically to double stranded DNA. Fluorescent signal intensity is calculated for 

each amplification cycle that corresponds to the concentration of the PCR product DNA.  

 

For this project qPCR was carried out using staining with SYBR green. Samples were tested 

in triplicate in a 384-well plate. Each 10µl sample was made from: 0.5µl primers mix (Eurofins 

Genomics, Luxembourg) at 300ng/µl, 0.5µl cDNA, 4µl nuclease-free water and 5µl Platinum 

SYBR Green qPCR SuperMix-UDG with ROX (Invitrogen, UK). A water control, and no RT 

controls were included. The samples were run on a QuantStudio 7 Flex Real-Time PCR system 

and using QuantStudio Real-Time PCR software v1.2 (both Applied Biosystems). The results 

of qPCR were used to derive expression level of different genes and housekeeping gene 
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GAPDH was used as reference. Primer sequence used for running the qRT-PCR as listed in 

Table 2. 2. 

 

Table 2. 2: Primers used for the quantitation of expression by qPCR and their sequence. 

Primer Sequence (5ô -> 3ô) 

ATOH1 RT-FW TCTCGACTTTCGAGGACAGC (20) 

ATOH1 RT-RV ACCGAGGCGAAGTTTTGCTG (20) 

  

FOXS1 RT-FW CCAACTGACCACAAGGAAC (19) 

FOXS1 RT-RV GTGAGGCTGCCTTTACTCA (19) 

  

CPLX1 RT-FW TGATGAAGCAGGCTCTAGG (19) 

CPLX1 RT-RV CTCCATCTTGGCGTACTTG (19) 

  

CRIP2 RT-FW CTGCGGGAAGACACTGAC (18) 

CRIP2 RT-RV CACCGGTGTTCACTCCCTT (19) 

  

PNPLA2 RT-FW AACGCCACGCACATCTACG (19) 

PNPLA2 RT-RV CGGGCCTCTTTAGATACCTC (20) 

  

SPHK1 RT-FW CACGCTGATGCTCACTGAGC (20) 

SPHK1 RT-RV CGTTCACCACCTCGTGCATC (20) 

  

GAPDH RT-FW TCAACGGATTTGGTCGTATTGG (22) 

GAPDH RT-RV ATTTGCCATGGGTGGAATCATAT (23) 
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2.2.6 MTT Cell proliferation assay 
 

Cellular proliferation of both medulloblastoma and neuroblastoma cell lines were assessed 

using the 3-(4,5-dimethylthiazol-2-yl)-2,5-diphenyltetrazolium bromide (tetrazolium dye 

MTT) assay. The MTT assay is a colorimetric assay for measuring cellular metabolic activity 

based on the reduction of a tetrazolium component (MTT) into an insoluble purple formazan 

product by the NADPH-dependent cellular oxidoreductase enzymes produced by the viable 

cells. A solution of a detergent, sodium dodecyl sulphate (SDS), diluted in hydrochloric acid 

is added to dissolve the insoluble formazan product. The absorbance of this coloured solution 

is directly proportional to the number of viable cells and can be quantified by measuring 

emission at specific wavelengths (usually between 500 and 600 nm) by a spectrophotometer.  

 

After siRNA transfection and incubated at 37oC (usually for three days post transfection), 5µl 

of 5% MTT (Sigma, UK) in phosphate buffer saline was added to each well and incubated at 

37oC for 3 hours covered in aluminium foil. After 3 hours, 100µl of 10% SDS was added and 

incubated again at 37oC covered in aluminium foil. Readings were taken on the following day 

using FLOUstar Omega (BMG LABTECH) plate reader (OD 570nM). The results were used 

to assess the effect of siRNA transfection on cell proliferation and readings from cells 

transfected with non-target siRNA was used as reference. 
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2.2.7 Assessment of apoptosis 
 

Apoptosis induction, following siRNA transfection, was assessed using the Caspase-Glo 3/7 

Assay System (Promega, UK). Caspases are crucial mediators of programmed cell death 

(apoptosis). Among them, Caspases 3 and 7 are frequently activated proteases, responsible for 

executing cell death (apoptosis) with distinct functions. Caspase 3 is required for efficient 

execution of apoptosis and Caspase 7 is required for apoptotic cell detachment [408]. The assay 

kit provides a pro-luminescent caspase-3/7 Z-DEVD-amino-luciferin substrate and a 

thermostable luciferase reagent optimized for caspase-3/7 activity, luciferase activity and cell 

lysis. Adding the reagent to cells result in cell lysis, followed by caspase cleave of the substrate, 

releasing the amino-luciferin substrate, which gets oxidised by the luciferase enzyme 

generating luminescent signal (Figure 2. 1). The luminescent signal is proportional to 

caspase3/7 activity (level of apoptosis) and is measured as the Relative Light Unit (RLU).  

 

The assay was carried out according to the manufacturerôs protocol. After siRNA transfection 

and incubation at 37oC (usually two days post transfection), 100µL of the Caspase-Glo 3/7 

reagent (provided in the kit) was added to each well as well as into blank well. Plate was gently 

mixed using a shaker at 300ï500rpm for 30 seconds and incubate at room temperature for 30 

minutes. Luminescent reading was taken using FLOUstar Omega (BMG LABTECH). The 

results were used to assess apoptosis induction in cells and readings from cells transfected with 

non-target siRNA was used as reference. Reading from blank well were subtracted prior to 

calculation.  
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Figure 2. 1: Schematic Diagram of the Caspase-Glo 3/7 Assay. Figure taken from [409]. 

 

2.2.8 Protein extraction and quantification  
 

Cells were harvested 48 hours post transfection and treated with SDS lysis buffer. Samples 

were heated at 100oC for 10 minutes in a heat block and sonicated in ice (at 10 mA 10 seconds 

on and off). Sonicated samples were spun at 130,000 rpm for 10 minutes and supernatant 

(protein) was collected.  

 

Pierce BCA Protein Assay Kit (ThermoFisher scientific) was used to estimate protein 

concentration according to manufacturerôs instructions. To generate a standard curve, BSA 

concentrations ranging from 0 ï 2000 µg/mL were used. Briefly, 25µL of the BSA standards 

and 2µL of unknown proteins were loaded into 96 well plates in triplicates. 200µL of BCA 

working reagent (provided with the kit) was loaded to each well and incubated at 37oC for 30 

minutes. Absorbance was taken using the FLOUstar Omega (BMG LABTECH) plate reader 

(OD at 560nM). Protein concentration was deduced using the equation derived from the 

standard curve.  
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2.2.9 SDS-PAGE and western blot 
 

The Laemmli method [410] was used for electrophoretic separation of proteins. 30µg of 

proteins were treated with SDS loading dye (Laemmli buffer) and heated at 100oC for 10 

minutes to denature proteins and the denatured proteins were separated using the Mini -protein 

precast genes (Bio-Rad, UK). After electrophoresis (SDS-PAGE), the proteins were then 

transferred onto Polyvinyl difluoride transfer membranes (Immuno- Blot PDVF Membrane, 

Biorad, UK) as described by Towbin et al. [411]. The transfer membranes were first activated 

with 100% methanol before transfer of the proteins was carried out and the gel is then placed 

in the ñtransfer sandwichò (filter paper-gel-transfer membrane-filter paper), cushioned by pads 

and pressed together by a support grid. After protein transfer, membranes were blocked in 5% 

dried skimmed milk with 0.1% Tween 20 (TBST) for 1 hr at room temperature to prevent 

specific binding to primary or secondary antibody. Membranes were washed three times with 

TBST buffer for 10 minutes each. Thereafter, membranes were incubated with primary 

antibody overnight at 4oC. Primary antibodies used: Rabbit anti-CRIP2 (Novus biologicals 

NBP2-59094, 1:1000) and rabbit anti-ATOH1 (Novus biologicals NBP1-45693, 1:500). For 

PNPLA2, membrane was blocked with 5% dried skimmed milk, 1% BSA in TBS. Membrane 

was then incubated with rabbit anti-PNPLA2 (Novus biologicals NB110-41536SS, 1:1000) 1 

hour at room temperature.  

 

After incubating membranes with respective primary antibodies, they were washed again three 

times with TBST buffer for 10 minutes, and they were then probed with secondary antibody 

(anti-rabbit IgG, HRP-linked antibody, Cell Signalling Technology, #7074) for 1 hour at room 

temperature. Blots were developed using SignalFireTM Plus ECL Reagent (Cell Signalling 

Technology, 12630S) and ChemiDocTM MP imaging System (Bio-Rad). Membranes were 

then washed three times with TBST buffer for 10 minutes each before they were incubated 
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with a loading control mouse Anti-Ŭ-tubulin (Sigma-Aldrich, T9026, 1:5000), with secondary 

antibody and blots developed again.  

 

To quantify the reduction of protein following gene knockdown, blots were quantified using 

ImageJ 1.53s. The results were used to assess the effect of siRNA transfection on protein 

expression and readings from cells transfected with non-target siRNA was used as reference. 

 

2.3 Bioinformatic s analyses 

 

 2.3.1 DNA methylation dataset 
 

All genome wide DNA methylation data used in this study was derived from the Infinium 

HumanMethylation 450K Beadchip array. The 450K array allows assessment of methylation 

status in 485,577 potential methylation sites (482,421 CpG sites, 3091 non-CpG sites and 65 

random SNPs). The array provides rapid and cost effective, yet highly comparable DNA 

methylation profiles generated using sequencing methods (average r2 of 0.95). The array covers 

around 99% of RefSeq genes with multiple probes per gene, 96% of CpG islands from the 

UCSC database and global average of 17.2 probes per gene region [412]. The coverage on the 

array includes CpG sites mapping to different genomic regions such as promoter regions 

(TSS200 and TSS1500 representing 200bp and 1500bp upstream of transcriptional start site 

respectively), 5ô UTR, 1st exon, gene body, 3ô UTR, CpG island, Shore (N and S) 2kb flanking 

CpG island and Shelf (N and S) 2kb flanking the Shore.  

The majority of methylation data used in this study were publicly available data sets, obtained 

as raw unprocessed file in ñIDATò format. These files represent the direct output from the 

methylation array as two-coloured signal intensities (red ï unmethylated and green ï 

methylated) of each probe. However, the study also includes processed files such as B-cell 

Progenitor cell (GSE45459) or MCL (EGAD00010001012), obtained either as beta values (ɓ) 
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representing the methylation level of a CpG sites in table format or as methylation and 

unmethylation score corresponding to signal intensities. Details of all the methylation data sets 

source and number of samples used in the study are listed in Table 2. 3.  
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Table 2. 3: Methylation data set used in study. GSE - Gene Expression Omnibus accession 

numbers, EGA ï European Genome-phenome Archive, TARGET - Therapeutically Applicable 

Research To Generate Effective Treatments.  

B-cell derived  

Samples 

Source No. of Samples Data Type 

Progenitor cell GSE45459 [413] 22 Processes file 

Naïve B-cell EGAD00010000254 [414] 3 Raw data 

MEM_NCS EGAD00010000254 [414] 3 Raw data 

MEM_CS EGAD00010000254 [414] 3 Raw data 

ALL  GSE49031 and GSE69229 [415, 416] 517 Raw data 

CLL EGAD00010000254 [414] and in-house data set 187 Raw data 

MCL EGAD00010001012 [417] 86 Processed file 

DLBC GSE37362 and TCGA-DLBC [418, 419] 79 Processed and Raw data 

PCNSL GSE92676 [420] 95 Processed file 

Total  995  

    

    

Medulloblastoma Source No. of Samples Data Type 

Tumour data GSE85218 [276] 763 Raw data 

Cerebellum In-house data set 18 Processed file 

Total  781  

    

    

Neuroblastoma Source No. of Samples Data Type 

First cohort GSE54719, GSE73515, GSE120650 [421-423] 198 Raw data 

Second cohort TARGET [424] 223 Raw data 

Adrenal gland TARGET [424] 10 Raw data 

Total  431  
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2.3.1.1 Methylation data cleaning and processing 

For methylation array data obtained as raw data (idat format), array quality checks, 

normalisation and processing were performed using the R package ñMinfiò [425] to filter out 

poorly performing probes that may have confounding effects on downstream analyses. Briefly, 

array background fluorescent signal bias correction was performed using ónoob (normal-

exponential out-of-band)ô [426], probes that had detection  p-value  > 0.01 in 50% of samples 

were removed,  cross-reactive probes [427] were also removed, as were probes from X and Y 

chromosomes and, probes with proximal SNPs with a minor allele frequency of 5% or greater 

and maximum distance (from CpG to SNP) of 2 bases. We extracted the methylation score (ɓ-

value) for the remaining probes, which range from 0 to 1, indicating unmethylated and full 

methylation status respectively. As for methylation samples obtained as methylation and 

unmethylation signal intensities, the ɓ-value are computed as ɓ = M/(M+U+Ŭ), where M ï 

methylation signal, U ï Unmethylation signal and Ŭ ï 100 (recommended by Illumina). Batch 

effect correction for the source of the materials was performed by using the removeBatchEffect 

function of the limma package v.3.52.1 [428]. The log2-transformed intensities of the 

methylated and unmethylated signal were corrected individually. Beta values were calculated 

from the retransformed signal intensities as described [277]. For all samples, batch effect 

investigation and correction in one study/one result chapter was performed together. 

 

2.3.1.2 Dimension reduction, unsupervised clustering, and subgroup   identification 

We selected the 10,000 most variable probes by standard deviation for clustering and subgroup 

identification. We calculated pairwise distance matrix using ó1 - weighted Pearson correlation 

coefficientô using óweightsô R package (V.1.0) as previously described [277, 278]. We then 

employed the resulting distance matrix to perform the t-distributed stochastic neighbour 

embedding (tSNE, v0.13). The following parameters were used to perform t-SNE: theta = 0, 

max_iter = 5000, perplexity = 30, pca = FALSE, is_distance = T. We performed consensus 

clustering by randomly sampling 80% of data, mapped back the result to the full dataset and 

the process was repeated 256 times. At each iteration, dimension reduction to two and three 

dimensions were calculated using the t-SNE and for each dimension, between 2 and 10 clusters 

were assigned using the k-means clustering [278]. We then calculated the average modal score 
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for cluster assignment for each combination of dimension and cluster as previously described 

[429]. Additionally, we measured the average silhouette score for multiple clusters (ranging 

from 1 -10) to select the optimal dimension and cluster for discrimination of robust molecular 

subgroups. 

 

2.3.1.3 DNA methylation derived copy number estimation 

DNA methylation-derived copy number alterations were assessed using the conumee R 

package (v.0.13). Probes on X and Y chromosomes were retained for assessment of copy 

number alteration. Briefly, the combined intensities of both methylated and unmethylated 

signals were normalised against a set of normal adrenal samples (n = 10) [424] and probes 

within predefined genomic domains were then combined resulting in a bin of minimum size of 

bases and minimum number of probes. We selected default parameters, minimum size (50000 

bases) and minimum number of probes (15 probes) for the analysis. Data generated using 

conumee were then utilised to generate copy number variation heatmaps for each sample across 

all chromosomes, as previously described [278]. Chi-squared tests were used to test subgroup 

specificity of copy number alteration.  
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2.3.2 Gene expression data - Microarray and RNA -seq 
 
 

2.3.2.1 Data used for the study 

ALL  of the samples used in this study were publicly available data set (Table 2. 4). The 

majority of the samples were obtained as raw unprocessed files in ñCELò format that contains 

probe intensity data corresponding to the level of gene expression on an Affymetrix GeneChip. 

The study also includes processed files such as for CLL (EGAD00010000252) containing the 

level of expression for all the genes present in the array in table file format. In addition to the 

microarray data set, the study also includes processed and normalised RNA_seq data set for 

neuroblastoma (TARGET data set). Details of all the gene expression data sets, source and 

number of samples used in the study are listed in Table 2. 4.  
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Table 2. 4: Gene expression data set used in study. GSE - Gene Expression Omnibus accession 

numbers, EGA ï European Genome-phenome Archive, TARGET - Therapeutically Applicable 

Research To Generate Effective Treatments.  

B-cell derived  

Samples 

 

Source 

 

No. of Samples 

 

Data Type 

Progenitor cell GSE45460 [413] 31 Raw data 

Naïve B-cell GSE24759 [430] 5 Raw data 

MEM_NCS GSE24759 [430] 5 Raw data 

MEM_CS GSE24759 [430] 5 Raw data 

MEMORY GSE24759 [430] 5 Raw data 

ALL  GSE13159 [431] 326 Raw data 

CLL EGAD00010000252 [432] 143  Processed file 

MCL GSE93291 [433] 122 Raw data 

DLBC GSE11318 [434] 203 Raw data 

PCNSL GSE34771 [435] 34 Raw data 

Total  879  

    

    

Medulloblastoma    

Tumour data GSE85218 [276] 763 Processed file 

    

Neuroblastoma    

First cohort data GSE73517 [421] 105 Processed file 

Second cohort data TARGET [424] 130 Processed file 

Total  235  

 

 

 

 

 

 



 

138 
 

2.3.2.2 Gene expression data processing 

For gene expression array obtained as raw data (CEL format), normalisation and processing 

were performed using the R package ñaffyò [436]. All the raw files obtained were generated 

from the Affymetrix GeneChip arrays and were normalised using the Robust Multichip 

Average (RMA) method. Briefly, in the Affymetrix arrays, each gene is represented by a set 

of 11-20 pairs of probes, and thus to obtain gene expression measures, probe level intensities 

were combined for each probe set to give a single intensity value corresponding to level of 

gene expression. The RMA method perform normalisation and expression calculation in three 

steps such as, 1) Background correction step removes to local artefacts and noise, 2) 

Normalization to correct for array biases by normalising across all arrays and to ensure that 

distributions across each data set are the same, 3) Calculating Expression step combine values 

from probes in the probe set and give a single intensity value for each gene [437]. All 

differential gene expression for differential methylation region (DMRs) associated genes were 

assessed using studentôs t-test.  

 

2.3.2.3 Gene expression and methylation correlation study 

Correlation between methylation status of cg11625005 probe located within the TERT 

promoter and corresponding TERT gene expression in neuroblastoma was assessed using 

Spearmanôs correlation method.  

 

2.3.2.4 Genetic mutation profiling 

Mutation data, derived from whole genome and whole exome sequencing in neuroblastoma 

was available for 130 samples in the TARGET database [438].  Mutation data was visualised 

with an Oncoplot, drawn using maftools (v.2.4.05). Cluster specific enrichment for ALK gene 

mutation was assessed using Chi-squared test.  The TTN and MUC16 genes were excluded 

from this analysis, as their large size results in a high frequency of passenger mutations [439]. 
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2.3.2.5 Survival analysis 

In neuroblastoma, survival information was available for 105 samples from the first cohort 

[421] and 195 samples from the second cohort (TARGET database) [438]. We performed 

progression free survival (PFS) analysis on samples using the Kaplan-Meier method. Survival 

of subgroups was compared using log-rank test. Multivariable analysis was performed with the 

Cox-proportional Hazards model using IBM SPSS statistics 27 (IBM, NY, USA).  

 

Statistical assessments of differences in cell growth and apoptosis were carried out using the 

ANOVA (Analysis of Variance) in SPSS software, with p-values < 0.05 deemed statistically 

significant, unless otherwise stated, all the bioinformatic and statistical tests were performed 

using R (version 3.5.3). 
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3 RESULTS - IDENTIFICATION OF SUBTYPE-

SPECIFIC VULNERABILITY GENES AS NOVEL 

THERAPEUTIC TARGETS IN MULTIPLE 

CANCER TYPES 
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3.1 Introductio n 
 

As proof-of-principal, prior to my PhD studies, our lab initially uses the ETV6-RUNX1 subtype 

of ALL  as a model of study to identify SSV genes, as this is the largest group of ALL and 

caused by single genetic event. The bioinformatic pipeline to identify candidate SSV genes is 

illustrated in Figure 3. 1. This analysis identified six candidate SSV genes for the ETV6-

RUNX1. The analysis was then extended to all the subtypes of ALL under study and performed 

functional validation for two SSV genes (TUSC3 for ETV6/RUNX1 ALL and FAT1 for PBX1-

TCF3 ALL) and demonstrated that targeting these genes (using siRNA) resulted in inhibition 

of cell growth and induced apoptosis only in cells bearing the respective leukaemia inducing 

fusion gene [440]. Cells not expressing the associated fusion gene were insensitive to the 

expression of the identified genes, confirming that both genes were functionally specific in 

cells carrying the appropriate leukaemia driving mutation [440]. The bioinformatics pipeline 

for identification of SSV gene candidates is illustrated in Figure 3. 1. 
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Figure 3. 1: Flow diagram of the bioinformatics pipeline for identification of SSV gene 

candidates. (1) All DMRs for a specific subtype of cancer under study are initially selected 

using DMRcate. (2) The initial region is then further analysed to identify the maximally 

divergent region (must contain at least 2 CpG sites). (3) This region is then tested in 

comparison with all other subtypes of cancer under study and only regions that are divergent 

from all other subtypes are retained as markers of potential SSV genes. (4) Gene expression 

data sets are used to analyse the expression of the nearest gene from loci derived from step 3, 

to identify those in which the reduced methylation is associated with subtype-specific gene 
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expression. Genes in which expression is exclusive to the subtype of interest are taken forward 

as SSV candidates. 

 

 

3.2 Differential methylation shared across all ALL subtypes also occurs in normal 

proliferating cells and are independent of disease transformation 

It has been shown in mature B-cell neoplasm that many of the alteration in methylation that 

were thought to be disease specific are also seen in the late stage of B-cell development [441, 

442]. This suggests that such methylation changes may not be related to disease. To determine 

if this was similarly true for altered DNA methylation in ALL subtypes, we assessed 9,348 

CpGs, previously identified as altered across all ALL subtypes (in comparison to CD19-

positive B-lymphocytes) [415]. We extracted these CpG sites from naïve and class-switched 

memory B cells methylation data (obtained from ICGC, study ID: EGAS00001000272) to 

determine if the differences seen in ALL were mirrored when comparing naïve B-cells to class-

switched memory cell.  8760/9348 (93%) CpG sites exhibit altered methylation in the same 

direction as seen in ALL when comparing naïve to class-switched memory B cells (p < 0.0001, 

fisherôs exact test, Table 3. 1A). When restricted to those CpG sites that exhibit large beta 

change > 0.1 (equivalent to >10% change in methylation) between naïve and class-switched 

memory B cells, the similarity to ALL is even more striking. 98% (7371/7518) of these CpG 

sites altered in the same direction as seen in ALL (p < 0.0001, Fisherôs exact test, Table 3. 1B).    
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Table 3. 1: Comparison of methylation changes in ALL and normal B-cells. 

A Methylation changes in ALL 

 

Methylation change in normal 

CS memory B-cells 

 Hypermethylated Hypomethylated 

Hypermethylated 8680 45 

Hypomethylated 543 80 

 

 

B  Methylation changes in ALL 

 

Methylation change (>10%) in  

normal CS memory B-cells 

 Hypermethylated Hypomethylated 

Hypermethylated 7321 20 

Hypomethylated 127 50 

 

A. 9348 CpG sites identified by Nordlund et al. [415] as exhibiting altered methylation (beta 

value change of >0.2) in all ALL-genetic subtypes (compared with total CD19-positive cells). 

Changes in the same direction as in ALL were observed in CS (class switched) Memory B cells 

(compared with naïve B cells) for 93.7% of CpG sites (p = 8×10ī64, Fisher Exact Test).  B. 

Analysis was restricted to CpG sites exhibiting large changes (beta value change of >0.1) in 

CS memory cells (found in 7518/9348 CpG sites (80.4%)). Sites with such large changes were 

even more likely to mirror changes seen in ALL (98% of CpG sites change in the same 

direction, p = 2 × 10ī68, Fisher Exact Test). 
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This suggest that majority of the methylation changes seen in ALL is not truly disease specific 

as it also occurs in normal memory B-cells. Also, as these are shared between terminally 

differentiated normal cells and ALL cells, which are arrested in early B-cell development, it 

further suggests that the alteration in DNA methylation is not directly linked to B-cell 

differentiation. Instead, the results suggest that these methylation changes are likely related to 

B-cell proliferation, independent of transformation or differentiation status of the B-cells.  

Based on these findings, we hypothesized that if any of these passenger methylation changes 

are associated with transcriptional repression of a gene that was a SSV partner for a cancer-

causing mutation or genomic alterations, then this SSV gene partner could be identified by 

retention of low methylation and that resulted in continued expression only in a particular 

genetic or molecular cancer subtype, while acquiring methylation and reduction/no expression 

in other genetic/molecular subtype as described in Figure 1. 26. 

 

Our hypothesis further predicts that methylation patterns of the identified SSV genes should be 

reflective of naive B-cells in the subtype in which they are specifically lethal (i.e., will have 

retained the methylation patterns seen in normal cells that have not undergone extensive 

proliferation). In contrast, methylation patterns in all other ALL subtypes should mirror that 

seen in class-switched memory B-cells (i.e., normal cells that have undergone extensive 

proliferation). Analysis of individual CpG sites across the six ETV6-RUNX1 candidates 

confirmed that the methylation patterns across these genes match that seen in the predicted 

normal cell populations (Table 3. 2). This emphasises that the methylation patterns at the 

identified SSV gene candidates are reflective of normal states. The disease specific event is not 

the hypermethylation of these genes, but the retention of the non-proliferative/naive cell pattern 

in the genetic subtype in which the gene was identified as a SSV candidate. 
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Table 3. 2 : Comparison of methylation levels in ALL subtypes and normal cell 

types for ETV6-RUNX1 related SL genes. r ï correlation co-efficient. 

 
         

TUSC3         

  
Methylation 
differences*  Methylation levels in ALL subtypes and normal cell typesÀ 

CpG sites in 
DMR 

Other 
subtypes 
vs ETV6-
RUNX1 

memCS 
cells vs 

naïve cells   

ETV6-
RUNX1 
average 

Naïve 
cells 

average   

Other ALL 
subtypes 
average 

memCS cells 
average 

cg14202099 -0.10 -0.18  0.90 0.79  0.80 0.61 

cg19353006 0.03 0.01  0.92 0.84  0.95 0.85 

cg16243756 0.33 0.21  0.16 0.25  0.49 0.46 

cg18145877 0.28 0.28  0.09 0.07  0.36 0.34 

cg03127174 0.35 0.25  0.11 0.13  0.45 0.39 

cg03032098 0.49 0.41  0.11 0.13  0.60 0.54 

cg26374823 0.15 0.11  0.07 0.16  0.22 0.27 

cg07568779 0.14 0.04  0.02 0.14  0.17 0.08 

cg13996963 0.16 0.15  0.04 0.09  0.19 0.24 

cg12089439 0.26 0.17  0.15 0.23  0.41 0.40 
          

Correlations  r=0.97   r=0.99   r=0.97 

         

DSC3         

  Methylation differences  Methylation levels in ALL subtypes and normal cell types 

CpG sites in 
DMR 

Other 
subtypes 
vs ETV6-
RUNX1 

memCS 
cells vs 

naïve cells   

ETV6-
RUNX1 
average 

Naïve 
cells 

average   

Other ALL 
subtypes 
average 

memCS cells 
average 

cg25769889 0.19 0.03  0.16 0.35  0.35 0.38 

cg11814235 0.41 0.16  0.13 0.23  0.54 0.39 

cg25970832 0.44 0.28  0.11 0.08  0.56 0.36 

cg20029745 0.51 0.31  0.18 0.23  0.69 0.54 

cg19967492 0.14 0.09  0.10 0.15  0.24 0.24 

cg15439862 0.58 0.30  0.21 0.27  0.79 0.58 

cg05987251 0.38 0.22  0.15 0.16  0.53 0.38 

cg16492377 0.40 0.23  0.10 0.12  0.49 0.35 

cg11722699 0.46 0.28  0.11 0.07  0.57 0.35 

cg27648075 0.48 0.32  0.13 0.12  0.62 0.44 

cg06263193 0.30 0.09  0.11 0.04  0.41 0.14 

cg26861703 0.33 0.10  0.11 0.07  0.45 0.18 

cg25789861 0.45 0.19  0.11 0.05  0.57 0.24 

cg14631834 0.65 0.39  0.14 0.16  0.78 0.55 

cg11832722 0.65 0.29  0.19 0.27  0.84 0.56 
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cg03017520 0.45 0.23  0.15 0.17  0.61 0.40 

cg26497348 0.36 0.12  0.13 0.30  0.49 0.42 

cg14534277 0.21 -0.08  0.47 0.67  0.68 0.59 

          

Correlations  r=0.88   r=0.89   r=0.79 

         

DSC2         

  Methylation differences  Methylation levels in ALL subtypes and normal cell types 

CpG sites in 
DMR 

Other 
subtypes 
vs ETV6-
RUNX1 

memCS 
cells vs 

naïve cells   

ETV6-
RUNX1 
average 

Naïve 
cells 

average   

Other ALL 
subtypes 
average 

memCS cells 
average 

cg22017726 0.37 0.14  0.06 0.08  0.43 0.22 

cg06973234 0.23 0.18  0.08 0.10  0.32 0.29 

cg27051931 0.41 0.33  0.14 0.06  0.55 0.39 

cg00196671 0.43 0.22  0.13 0.12  0.56 0.34 

cg00566759 0.27 0.22  0.09 0.10  0.37 0.32 

cg13870990 0.45 0.19  0.26 0.30  0.70 0.49 

cg05110943 0.54 0.25  0.22 0.32  0.76 0.57 

cg05662655 -0.09 -0.18  0.81 0.77  0.73 0.60 

cg23512701 -0.09 -0.06  0.96 0.88  0.87 0.82 

cg24505073 -0.10 -0.07  0.93 0.82  0.82 0.75 

          

Correlations  r=0.91   r=0.99   r=0.93 

         

IGFBP1         

  Methylation differences  Methylation levels in ALL subtypes and normal cell types 

CpG sites in 
DMR 

Other 
subtypes 
vs ETV6-
RUNX1 

memCS 
cells vs 

naïve cells   

ETV6-
RUNX1 
average 

Naïve 
cells 

average   

Other ALL 
subtypes 
average 

memCS cells 
average 

cg21616089 0.48 -0.17  0.22 0.78  0.70 0.61 

cg14484274 0.59 -0.18  0.21 0.82  0.79 0.64 

cg01885832 0.53 -0.01  0.37 0.77  0.90 0.76 

cg20966754 0.57 0.05  0.31 0.58  0.78 0.64 

cg07075026 0.54 0.12  0.17 0.47  0.71 0.60 

cg22947322 0.23 0.00  0.14 0.42  0.38 0.43 

cg10950924 0.36 0.02  0.22 0.55  0.58 0.56 

cg11673840 0.43 0.03  0.16 0.55  0.60 0.59 

cg18128536 0.49 0.07  0.11 0.54  0.61 0.61 

cg25220979 0.46 -0.06  0.16 0.59  0.62 0.53 

          

Correlations  r=-0.12   r=0.54   r=0.94 
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NOVA1 
  Methylation differences  Methylation levels in ALL subtypes and normal cell types 

CpG sites in 
DMR 

Other 
subtypes 
vs ETV6-
RUNX1 

memCS 
cells vs 

naïve cells   

ETV6-
RUNX1 
average 

Naïve 
cells 

average   

Other ALL 
subtypes 
average 

memCS cells 
average 

cg19534149 -0.04 -0.11  0.95 0.82  0.91 0.71 

cg04850842 0.12 -0.37  0.26 0.68  0.38 0.31 

cg23159678 -0.41 -0.40  0.91 0.80  0.50 0.40 

cg19832521 0.51 0.26  0.14 0.20  0.65 0.46 

cg07559273 0.41 0.23  0.11 0.06  0.52 0.29 

cg20961943 0.29 0.14  0.11 0.15  0.40 0.29 

cg18488855 0.32 0.22  0.09 0.13  0.41 0.35 

cg15602241 0.34 0.23  0.09 0.10  0.44 0.32 

cg20478129 0.55 0.45  0.11 0.06  0.66 0.51 

cg18468511 0.32 0.25  0.10 0.10  0.42 0.35 

cg02014003 0.42 0.23  0.10 0.19  0.52 0.42 

cg07543626 0.54 0.35  0.10 0.08  0.64 0.43 

cg16791424 0.60 0.28  0.16 0.22  0.66 0.50 

cg23502778 0.29 0.29  0.15 0.11  0.44 0.40 

cg11146971 0.17 0.20  0.42 0.32  0.59 0.53 

          

Correlations  r=0.86   r=0.89   r=0.91 

         

PTPRK         

  Methylation differences  Methylation levels in ALL subtypes and normal cell types 

CpG sites in 
DMR 

Other 
subtypes 
vs ETV6-
RUNX1 

memCS 
cells vs 

naïve cells   

ETV6-
RUNX1 
average 

Naïve 
cells 

average   

Other ALL 
subtypes 
average 

memCS cells 
average 

cg20639396 0.52 0.15  0.27 0.46  0.79 0.62 

cg04791477 0.41 0.22  0.17 0.10  0.58 0.32 

cg06726374 0.03 0.03  0.07 0.12  0.10 0.15 

cg22466350 0.37 0.21  0.14 0.06  0.51 0.27 

cg07927488 0.15 0.10  0.09 0.10  0.24 0.21 

cg12148919 0.18 0.13  0.14 0.13  0.31 0.26 

cg25328795 0.11 0.03  0.07 0.08  0.18 0.11 

cg23365490 0.21 0.04  0.13 0.09  0.34 0.12 

cg19033035 0.14 0.03  0.10 0.05  0.23 0.08 

cg15381769 0.12 0.04  0.10 0.11  0.22 0.15 

cg02214443 0.18 0.06  0.11 0.13  0.29 0.18 

cg22179510 0.15 0.02  0.10 0.07  0.25 0.09 

cg02010020 0.25 0.04  0.13 0.05  0.37 0.10 

cg25012434 0.17 0.03  0.11 0.07  0.28 0.10 

cg04023641 0.26 0.01  0.23 0.44  0.49 0.45 
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Correlations  r=0.72   r=0.84   r=0.85 

         
*Differences in methylation beta values at individual CpG sites within the identified DMRs are 

shown for comparison of ETV6-RUNX1 vs all other subgroups (grouped together) and for 

comparison of the same CpG sites in naïve B cells vs class-switched memory B cells. 

ÀAverage beta values are shown for individual CpG sites within the identified DMRs for ETV6-

RUNX1 ALL/Naïve B cells and then for all other ALL subtypes/class switch memory cells. This 

shows very high similarity of methylation patterns between ETV6-RUNX1 ALL /Naïve B cells 

and between all other ALL subtypes/class switch memory cells at DMRs associated with ETV6-

RUNX1 specific SL genes.  
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3.3 Confirmation for previously identified candidate SSV in common genetic 

subgroups of ALL 

Bioinformatic analyses was repeated using same pipeline and criteria to ensure that I was able 

to use the pipeline appropriately and could replicate previous results using ETV6-RUNX1 as a 

model of study. Briefly, Subtype specific differentially methylated region (DMR) was 

identified using DMRcate [443], DMRs were selected on the basis of average beta-value 

difference across the full DMR exceeding 0.2, having a false discovery rate (FDR) p-value < 

0.0001. This initial pass was performed by comparing the subtype of interest to all other 

subtypes combined. From these DMRs, we identified region of maximal change within the 

selected those DMRs located within/overlapped a CpG island, by removing DMRs located 

further than 20 kb from the transcriptional start site of a gene as described [440]. For this study, 

we performed the analysis integrated with the in-house pipeline, utilizing our own [416] and 

publicly available genome wide DNA methylation 450K array data [415]. We identified six 

candidate genes in ETV6-RUNX1 that fulfilled all criteria as shown in Table 3. 3. The identified 

genes have not been extensively studied in their role in ALL and are likely to generate novel 

therapeutic target genes. The expression data is obtained from publicly available MILE study 

[431]. SSV genes for each of the other subtypes of ALL were also identified using the same 

approach. The analysis was repeated, and the previous results were reproduced in all the 

subtypes. Important finding to emphasize is the location of the DMR in the gene. Majority of 

the identified DMRs were in the transcription start site of the associated genes. The details of 

the genes, chromosome location and the distance of DMR to transcription start site are provided 

in Table 3. 3. Figure 3. 2A shows an example of the identified SSV gene identified in ETV6-

RUNX1 subtype of ALL. Figures for all the SSV candidates previously identified and replicated 

in all the subtypes of ALL is shown in [440]. In addition to replicating all the previous results, 
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we further perform visualisation of differentially methylated regions (DMRs) in the genomic 

context for ETV6-RUNX1 SSV candidates (Figure 3. 2B).  
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Figure 3. 2: A) Methylation and gene expression patterns of an example SSV gene candidate 

(DSC3) identified in the ETV6-RUNX1 subtype. Gene expression plot derived from Bloodspot 

(http://servers.binf.ku.dk/bloodspot/). B) Genomic context of identified DMRs in ETV6-RUNX1 

ALL. DMRs for the 6 candidate SL genes in the ETV6-RUNX1 subtype are shown relative to 

the associated gene. Each Figure illustrates the transcriptional start site of the gene, GC 

content across the region and methylation levels (beta value) at all CpG sites from the DMR 

that are represented in the 450K-array data. Average methylation levels of ETV6-RUNX1 cases 

are in pink and average methylation for all other ALL genetic subtypes are in blue.  Methylation 

across this region is low in the ETV6-RUNX1 subtype for all the candidates but significantly 

higher in all the other subtypes. All the candidates identified in ETV6-RUNX1 subtype of ALL  

have their differentially methylated regions located at the transcriptional start site or to the 

CpG islands and have high GC content >50%. 
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Table 3. 3: Confirmation of previous result for candidate SSV genes identified in ALL genetic 

subtypes. 

ETV6-RUNX1       

Gene symbol Chr  Distance to TSS DMR start  DRM end No. of CpG P-value 

DSC3 Chr18 0 28620915 28624074 19 <0.0001 

PTPRK Chr6 0 128839906 128842405 15 <0.0001 

NOVA1 Chr14 0 27065974 27069329 13 <0.0001 

IGF2BP1 Chr17 15177 47089952 47092272 10 <0.0001 

DSC2 Chr18 0 28681121 28683794 10 <0.0001 

TUSC3 Chr8 0 15397211 15398333 10 <0.0001 

TCF3-PBX1       

Gene symbol Chr Distance to TSS DMR start  DRM end No. of CpG P-value 

NLGN1 Chr3 0 173113110 173116248 25 <0.0001 

FAT1 Chr4 0 187644620 187648358 25 <0.0001 

UGT8 Chr4 0 115518992 115521241 14 <0.0001 

WNT16 Chr7 0 120967900 120970606 14 <0.0001 

TCERG1L Chr10 0 133109013 133111331 9 <0.0001 

SPAG6 Chr10 0 22633916 22635028 14 <0.0001 

DCHS2 Chr4 0 155410477 155413789 12 <0.0001 

CHST6 Chr16 0 75528459 75529892 7 <0.0001 

PHACTR3 Chr20 0 58151913 58152803 4 <0.0001 

High hyper-diploidy 

Gene symbol Chr Distance to TSS DMR start  DRM end No. of CpG P-value 

CADPS Chr3 0 62859289 62861925 16 <0.0001 

PLVAP Chr19 0 17487776 17489311 8 <0.0001 
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MLL/11q23        

Gene symbol Chr Distance to TSS DMR start DRM end No. of CpG P-value 

SKIDA1 Chr10 1446 21802824 21805402 7 <0.0001 

ZC3H12C Chr11 0 109962727 109964976 10 <0.0001 

BCR/ABL        

Gene symbol Chr Distance to TSS DMR start  DRM end No. of CpG P-value 

MIRLET7BHG Chr22 4750 46468422 46471442 7 <0.0001 

PDK4 Chr7 0 95225520 95226433 11 <0.0001 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

158 
 

3.4 Identification of candidate SSV genes in Medulloblastoma 
 

Similar alterations in DNA methylation as seen in ALL occur in all cancer types, suggesting 

that the approach used above may be applicable to many cancer types. To investigate this, we 

extended the analysis to a non-haematological cancer, medulloblastoma. According to WHO 

classification of tumours of central nervous system [444] and previous studies [265, 445, 446], 

medulloblastoma comprises four molecularly defined subgroups (WNT, SHH, Group 3 and 

Group 4), defined through international consensus and which are identifiable by transcriptomic 

or methylomic signatures. WNT and SHH subgroup are characterised by enhancement of Wnt 

and sonic hedgehog signalling pathway respectively, and which play a prominent role in the 

pathogenesis and drive tumour initiation in the respective subgroups, whereas group 3 and 

group 4 lack subgroup defining biology and have multiple common genetic features (e.g., i17q) 

with similar transcriptome and methylation profiles, that could not be clearly separated into 

different tumour entities [265]. To address this intertumoral heterogeneity, group 3/4 

medulloblastoma has been recently further sub-classified into eight DNA methylation derived 

molecular subtypes (I-VIII). The eight subtypes show distinct molecular specific driver gene 

and cytogenetic alterations and clinico-pathological features with highly disparate survival 

outcome [278]. 
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3.4.1 SSV candidate gene identification using international consensus molecular 

subgroups, 2012 

 

We first performed SSV gene analysis based on the four subgroups of medulloblastoma, 

according to the international consensus molecular subgroups, 2012 (i.e., WNT, SHH, Group 

3 and Group 4). We obtained 763 paired genome wide DNA methylation and gene expression 

data set comprising of four consensus molecular subgroups, WNT (n = 70), SHH (n = 223), 

group3 (n = 144) and group4 (n = 326). Molecular subgrouping was performed using the 

similarity network fusion (SNF) computational method, integrating both methylation and gene 

expression followed by spectral clustering [276].  When we ran the SSV analysis using our 

pipeline, we identified seven candidate genes each for the well-defined WNT and SHH 

subgroups. However, in group 3 and group 4 tumours which lack known group-defining 

molecular defects, candidate gene identification was very limited with only a single candidate 

identified in group 4 (Table 3. 4). Most of the identified candidate genes have not been 

previously reported to be associated with medulloblastoma.  Interestingly, all the candidates 

that are non-SHH have their DMR at the transcriptional start site (TSS), while 5/7 of the SHH 

are located distal from the TSS (p = 0.0013). The limited number of SL genes identified in 

group 3 and 4 may indicate that these are bio-logically heterogeneous, which is consistent with 

the additional subtypes of these subgroup that have now been reported [278].  

 

Both medulloblastoma and ALL are types of cancer that are comparatively common in 

childhood but much rarer in adults. Thus, potentially this approach could be limited to 

childhood cancers. However, the medulloblastoma dataset includes both children (628/763, 

82%), adult cases (101/763, 13%) and 4% (34/763) unknown. It was found that the identified 

genes were independent of patient age (Figure 3. 3) and were independent of children or adult, 

suggesting that this approach could have broad applicability across different cancer types with 
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varying demography. For all the gene candidates identified in subgroups, methylation and 

expression patterns exhibited very strong similarities in both the adult and childhood cases. 

The exception was the PHETA2 gene (WNT candidate), which exhibited higher methylation 

and corresponding lower expression in the adult cases versus the childhood cases. However, 

even here methylation and expression remained clearly different in the adult WNT cases 

compared to all other subgroups.  

 

Table 3. 4: Candidate SSV genes identified in medulloblastoma subtypes. 

WNT subgroup 

Gene Symbol Chr  Distance to TSS DMR Start  DRM End No. of CpG P-value 

NKD1 Chr16 0 50580632 50585731 15 < 0.0001 

LINC01124 Chr2 0 171568412 171574592 38 < 0.0001 

LRP4 Chr11 0 46939436 46941490 8 < 0.0001 

MIR193A Chr17 0 29885787 29888936 12 < 0.0001 

PHETA2 Chr22 0 42469756 42470868 10 < 0.0001 

RASIP1 Chr19 0 49242037 49244965 9 < 0.0001 

SYK Chr9 0 93563776 93564603 7 < 0.0001 

SHH subgroup 

Gene Symbol Chr Distance to TSS DMR Start  DRM End No. of CpG P-value 

ATOH1 Chr4 5441 94755520 94756895 4 < 0.0001 

FOXS1 Chr20 0 30431758 30434529 9 < 0.0001 

CPLX1 Chr4 7060 811641 812884 7 < 0.0001 

CRIP2 Chr14 5328 105944604 105946891 9 < 0.0001 

PNPLA2 Chr11 3495 822397 824970 9 < 0.0001 

SPHK1 Chr17 8471 74381214 74383906 10 < 0.0001 



 

161 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

GPR68 chr14 0 91699881 91701304 7 < 0.0001 

Group 3       

Gene Symbol Chr Distance to TSS DMR Start  DRM End No. of CpG P-value 

None-identified 

Group 4       

Gene Symbol Chr Distance to TSS DMR Start  DRM End No. of CpG P-value 

LMX1A Chr1 0 165321224 165327380 27 < 0.0001 
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3.4.1.1 WNT subgroup candidates 

We identified seven candidates in WNT subgroup as shown in Table 3. 4. None of the seven 

identified WNT candidates were previously implicated in WNT subgroup medulloblastoma. 

However, some of the candidates have been reported to be associated with multiple cancers or 

involved in the regulation of Wnt signalling. For example, NKD1 (NKD inhibitor of Wnt 

signalling pathway 1) is an inhibitor of Wnt signalling, that attenuates canonical Wnt signalling 

by binding to and destabilising Wnt/‍-catenin component, dishevelled family of proteins and 

allowing phosphorylation and ubiquitination of ɓ-catenin [447, 448]. Similarly, LRP4 (LDL 

receptor related protein 4) is a negative regulator of Wnt signalling through interacting with 

Wnt antagonists, sclerostin (Sost) and Wise (Sosdic 1) [449-451], and overexpression of the 

gene shows decreased Wnt/ɓ-catenin signalling in cultured cells [452, 453].   
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Figure 3. 3: Methylation and gene expression patterns of SSV genes identified in WNT 

medulloblastoma. Gene expression plots and DNA methylation data from the region of largest 

change within each DMR (as indicated) are shown for all candidate SSV genes identified in 

the WNT subgroup medulloblastoma subtypes. For each plot the relevant genetic subtype (in 

which the gene is predicted to be SSV) is highlighted in red. Data is shown separately for adult 

and childhood cases (for group 3 there were not sufficient adult samples to generate 

meaningful data). Methylation and expression patterns are highly similar in both adult and 

childhood cases from the same subtype for all seven identified SSV genes. Cerebellum (n = 

18), Group 3 (children ï 131, adult ï 5), Group 4 (children ï 300, adult ï 14), SHH (children 

- 146, adult ï 69) WNT (children ï 51, adult ï 13). In total there are 34 samples with unknown 

age for Group 3 (n = 8), Group 4 (n = 12), SHH (8) and WNT (6).   
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3.4.1.2 SHH subgroup candidates  

Similar to the WNT subgroup, we identified seven candidates in the SHH subgroup (Figure 3. 

4). Among the candidates, the Atonal bHLH transcription factor 1 (ATOH1/Math1) has 

previously been implicated in medulloblastoma.  In SHH medulloblastoma, ATOH1 along with 

other proto-oncogene such as MYCN and GLI1/2 are highly expressed, inhibiting neuronal 

differentiation and induce pro-proliferative gene (GLI1/2) to generate tumour initiating cells 

and accelerates MB development [454].  
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