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Abstract 
 
Introduction: Glioneuronal tumours are a group of low-grade epilepsy-associated 
tumours with marked variability in their histological features, resulting in a lack of 
diagnostic consensus between institutions. This is confounded by a dearth of 
knowledge regarding their underlying biology, and subsequent lack of robust 
biologically informed diagnostic tools. This lack of understanding also impedes 
the development of novel and targeted treatment strategies. 
 
Methods: I have undertaken a comprehensive molecular analysis of the most 

prevalent glioneuronal tumours: ganglioglioma and dysembryoplastic 
neuroepithelial tumours. I have used RNA sequencing and Illumina 450K 
methylation arrays to classify tumours in an unsupervised manner according to 
their genomic profiles. I then carried out in silico analyses on these datasets to 
identify genes, gene networks, and pathways that are differentially regulated 
between groups. Additionally, I have undertaken molecular assays to identify 
mutations that are specific to each group. Finally, I have used 
immunohistochemistry to assess a number of potential diagnostic markers 
revealed by expression profiling. 
 
Results: Unsupervised clustering revealed glioneuronal tumours classify into two 
molecular groups (termed Group 1 and Group 2), which are only partially 
consistent with histological classification. Group 1 is defined by an astrocytic 
expression phenotype and an enrichment for BRAF-V600E mutations. Group 2 is 
defined by an oligodendrocyte precursor phenotype and an enrichment for 
FGFR1 mutations. A number of disease relevant networks and pathways are 
differentially regulated between these groups. Additionally, immunohistochemistry 
against Cyclin-D1 and PDGFRα can be used to distinguish tumour groups from 
one another.  
 

Conclusion: This is the first comprehensive genomic investigation of a large 
cohort of glioneuronal tumours without prior histological bias. I present data 
suggesting the current histological classification of these lesions is insufficient, 
and recommend a novel biologically informed strategy. My results also provide 
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insight into the pathways underlying the development of these tumours. This 
information may assist in the development of novel treatment strategies. 
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1. Introduction 
	

1.1 A brief overview of cancer 
	
Cancer is a general term for a category of over 200 distinct diseases 
characterised by neoplasia - abnormal, uncontrolled cell division (1). The 
development of cancer is an iterative process, during which cells acquire a series 
of oncogenic alterations that eventually lead to tumour formation. The most 

prominent theory of cancer development, clonal evolution, suggests that this 
begins with a single cell of origin which, through acquisition of a driving mutation 
in an oncogene or tumour suppressor gene, begins to proliferate abnormally (2). 
Driving mutations typically occur in genes associated with regulation of the cell 
cycle, either activating those that promote proliferative activity and cell survival or 
disabling those with tumour suppressor roles. The cell of origin can become 
oncogenic by a number of means. For example, patients may possess germline 
mutations that predispose them to cancer should they acquire an additional driver 
mutation. Notable examples of this include BRCA1/2 mutations and a 
predisposition to breast cancer, and Li-Fraumeni syndrome, which is commonly 
associated with germline TP53 mutations and a predisposition towards sarcoma 
and tumours of the breast, brain, and adrenal glands (3,4). Exogenous factors 
are also known to influence the acquisition of oncogenic mutations. For example, 
smoking and exposure to ultraviolet light are associated with increased risk of 
lung and skin cancers, respectively (5,6). Finally, mutations may result from 
errors during DNA replication (7). Exogenous factors and replication errors are 
both influenced by time, with increased risk associated with longer exposure and 
increasing age. This is reflected in the elevated incidence of cancer in elderly 
patients  (8). After the initial acquisition of an oncogenic mutation, the cell of 
origin begins to form a tumour. However over time its daughter cells may undergo 

a similar process and acquire additional mutations, allowing for genetic 
diversification of the tumour. These mutations may be passenger mutations, 
those that contribute little or nothing to the development of the tumour, or 
additional driver mutations that have been positively selected and assist in the 
maintenance and survival of the cancer (9). Thus, tumours are thought to grow 
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and develop through an iterative process of clonal evolution leading to the 
formation of neoplasms with complex underlying biological activity (Fig. 1.1). 
 

 
Figure 1.1. Cancers develop by an iterative process of clonal evolution. The 
tumour cell of origin acquires a driving oncogenic mutation and begins to 
proliferate. Over time its progeny may acquire additional driver or passenger 
mutations, giving rise to a biologically heterogeneous tumour.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Normal Cell Origin Clone Subclones
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1.2 Paediatric and adult cancers display key 
differences 
 
The canonical view of cancer development described above is predominantly 
based on studies of malignant tumours in the adult population. However, 
paediatric and adult cancers possess a number of distinctions. The most notable 
are differences in prevalent tumour types and their causes. The most common 
cancers within the adult population involve the breast, prostate, lung, and bowel 
(10). In contrast to this, the most common cancers in children and adolescents 
are leukaemias and brain tumours (11). Regarding causes, a major difference 

between adult and paediatric cancers is that the latter do not tend to occur as a 
result of lifestyle factors, which are largely absent. Likewise, young patient age 
likely rules out or severely reduces the potential impact of time sensitive risk 
factors. Strikingly, the majority of childhood cancers do not have known 
preventable causes, and only a handful of exogenous risk factors have been 
identified with limited confidence (reviewed in (12)). Examples of these include 
parental smoking and maternal exposure to paint as a risk factor for leukaemia 
(13). Germline mutations are thought to play a larger role in paediatric cancers 
than their adult counterparts but even so this only accounts for a minority of 
tumours, around 8.5% of patients in one large study (14). As a result, for the 
majority of paediatric cancers the exact cause is unknown. Given the early age of 
onset for paediatric cancers, and the progenitor cells from which they are 
suspected to arise, this group of cancers may be better thought of as 
developmental abnormalities. During pre- and post-natal development, a vast 
number of biological processes associated with cancer are activated, defects in 
which may easily lend themselves to tumour formation. In this scenario, the 
immature tissue environment of the developing body allows tumours to develop 
with fewer defects than in adult cancers, a difference which has been suggested 
to explain why certain paediatric cancers are more responsive to treatment (15). 
However, while the early onset of paediatric cancers may associate with a more 

positive survival outlook than the adult population, it also introduces 
complications for treatment. Cancer treatment typically targets proliferating cells, 
which are much more widespread in children than adults as part of their ongoing 
growth and development. Treatment may disrupt these processes, and can lead 
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to severe long-term side effects. This is particularly true for brain tumours, where 
disruption to the developing brain can lead to significant cognitive impairment 
(16,17).  
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1.3 Low-grade brain tumours are common in 
children and inflict significant morbidity 
 
Brain tumours are the most common solid tumour occurring in children, 
representing around 15-25% of all paediatric cancers (18). Moreover, they 
represent the leading cause of cancer-related mortality and morbidity in children 
(19,20). The most common paediatric brain tumours belong to a group termed 
low-grade glioma, which comprise more than half of childhood brain tumour 
diagnoses (21). Low-grade glioma represents a spectrum of histologically diverse 
tumours, composed predominantly of well-differentiated cell types, and defined 

by a relatively benign phenotype. Because of their indolent behaviour, they are 
associated with generally positive survival rates. However, as a result of this they 
have not received significant research attention compared to more malignant 
brain tumour variants, such as medulloblastoma. This is in spite of the sizeable 
clinical impact low-grade gliomas impose upon children. Despite their benign 
nature, these tumours have the potential to cause significant morbidity through 
physiological sequelae, particularly in the form of cognitive deficits. In one large 
follow-up study of 361 paediatric low-grade glioma 86% of patients were alive at 
15 years, but a large proportion of these (18-53%) experienced ongoing morbidity 
as a result of blindness, hearing loss, obesity, and a range of hormone 
deficiencies (22). Moreover, a majority of patients with low-grade glioma 
experience debilitating seizures as a result of their tumour (23-25). This is 
particularly true for the group of tumours that are the main focus of this study. 
The large impact on quality of life imposed by these tumours is in stark contrast 
with our understanding of the biological mechanisms underlying them, and as 
such there is a clear need for their investigation. 
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1.4 Epilepsy associated tumours 
 

1.4.1 Epilepsy is a major contributor to disease burden 
in children 
 
Epilepsy is a serious neurological condition with long-term effects on health and 
quality of life. It is the predisposition to seizures and is defined, according to the 
International League Against Epilepsy (ILAE), as any of the following conditions: 
1) At least two unprovoked (or reflex) seizures occurring >24h apart; 2) one 
unprovoked (or reflex) seizure and a probability of further seizures similar to the 
general recurrence risk (at least 60%) after two unprovoked seizures, occurring 
over the next 10 years; 3) diagnosis of an epilepsy syndrome (26).  
 
Epilepsy is a common neurological disorder. A 2013 study estimated the 
incidence of epilepsy in children between 0-7 years was 71-113/100,000 in the 
UK (27). Moreover, by the age of 23 the cumulative incidence of epilepsy rises to 
8.4 in 1000 (28). Strikingly, of these paediatric patients, only a quarter will have 

an identified cause and 10-40% will experience continued seizures despite 
management with anticonvulsant drugs (29). 
 

1.4.2 Brain tumours are commonly associated with 
epilepsy 
 
A number of structural abnormalities frequently occur alongside paediatric 
epilepsy, and are associated with drug resistant seizures. In one study that 

evaluated the utility of MRI in the investigation of childhood epilepsy 82/518 
(16%) patients possessed abnormalities on MRI with potential relevance to their 
epilepsy (30). These abnormalities range from large developmental defects to 
subtler focal anomalies. In a large ILAE survey of patients undergoing epilepsy 
surgery the most common of these abnormalities were cortical dysplasia (a group 
of developmental malformations involving disruption of normal cortical layering) 
and brain tumours. These represented 42.4% and 19.1% of patients, respectively 
(31). Of the epilepsy-associated tumours in this study, the majority (57%) were 
dysembryoplastic neuroepithelial tumours (commonly abbreviated as DNET or 
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DNT) or ganglioglioma (GG). A number of other tumour types are recognised to 
associate with long-term intractable epilepsy and, alongside ganglioglioma and 
DNET, this group has been given the term “long-term epilepsy associated 
tumours” (LEATs) (32,33). The largest collection of these tumours (1151 as of 
2014) forms part of the European Epilepsy Brain Bank (EEBB), a collection of 
5842 epilepsy surgical samples. Summary data for the spectrum and incidence of 
LEATs within the EEBB, reported by Blümcke et al., is shown in table 1.1. 
 

Entity 
(Grade) Numbers (%) Age Op 

(Years) 
Onset 

(Years) 
Duration 
(Years) 

GG (I) 673 (43.3%) 24.9 12.8 12.7 
GG (II/III) 77 (5%) 26.9 14.2 11.0 
DNET (I) 256 (16.5%) 25.2 14.7 10.7 

PXA 38 (2.5%) 29.3 18.8 12.2 
ISO 29 (1.9%) 27.9 14.4 17.7 

SEGA 16 (1%) 20.1 12.3 9.0 
AG 5 (0.3%) 19.7 2.0 13.0 

ASTRO (II/III) 110 (7.1%) 36.2 19.5 6.7 
OLIGO (II/III) 97 (6.3%) 38.6 24.5 12.5 

PA (I) 81 (5.2%) 25.1 14.8 12.1 
CYSTS 31 (2%) 32.4 21.7 11.6 
MNG 26 (1.7%) 46.5 38.9 8.4 
NOS 62 (3.2%) 29.2 16.1 13.3 

OTHER 50 (4%) 31.5 25.0 11.3 
Total 1551 27.9 16.5 11.7 

 
Table 1.1. Summary for 1151 LEAT diagnoses collected by the European 
Epilepsy Brain Bank. Age Op = mean age at operation. Onset = mean age at 
epilepsy onset. Duration = mean epilepsy duration. GG = ganglioglioma. DNET = 
dysembryoplastic neuroepithelial tumour. PXA = pleiomorphic 
xanthoastrocytoma. ISO = isomorphic astrocytoma variants. SEGA = 
subependymal giant cell astrocytoma. AG = angiocentric glioma. ASTRO = 
astrocytoma. OLIGO = oligodendroglioma. PA = pilocytic astrocytoma. CYSTS = 
arachnoid, dermoid or epidermoid. MNG = meningioma. NOS = highly 
differentiated neuroepithelial tumours (not otherwise specified). OTHER = all 
other tumours at rare frequency (< 1%). Adapted from (33).  
 
Individual incidence rates vary between epilepsy surgical series. However 
ganglioglioma and DNET almost always represent the most prevalent epilepsy-
associated tumours (32). Moreover, these two entities almost always present with 
seizures. 80-90% and 100% of patients diagnosed with ganglioglioma and DNET, 
respectively, experience epilepsy. In spite of this major clinical impact, relatively 
few studies have attempted to characterise these tumours in a comprehensive 
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manner, particularly with regards to their underlying biology. In the following 
sections I shall broadly summarise long-term epilepsy associated tumours. 
Subsequently, I shall give a more detailed description of the work that that has 
been carried out on ganglioglioma and DNETs specifically to date, as these are 
the main focus of my study. 
 

1.4.3 Long-term epilepsy associated tumours (LEATs) 
 
Long-term epilepsy associated tumours are a group of lesions frequently 
identified in patients with long-term drug resistant epilepsy. This group is typically 
composed of low-grade, well differentiated cortical tumours with a bias towards 
younger patients (32). The concept of LEATs was originally introduced by Luyken 
et al., in a study that attempted to characterise the spectrum of tumours 
frequently associated with epilepsy (34). This study described “typical epilepsy-
associated tumours” as ganglioglioma, DNETs, pleomorphic xanthoastrocytomas, 
and supratentorial pilocytic astrocytomas, but also noted the occurrence of some 
diffuse astrocytomas and oligodendrogliomas in epilepsy series. More recently, 

this group has been expanded to include papillary glioneuronal tumours, 
glioneuronal tumours with neuropil islands, angiocentric gliomas, and isomorphic 
astrocytomas (32,35). A brief summary of these tumours is provided below. 
Additionally, rosette forming glioneuronal tumours are summarised. These are 
not typically associated with epilepsy, but possess a number of similarities to 
DNET.  
 

1.4.3.1 Papillary glioneuronal tumours 
 
Papillary glioneuronal tumours (PGNT) are rare tumours first described in 1997, 
and later included in the 2007 WHO classification of brain tumours (36,37). These 
tumours are mostly identified in young adults. They have a mean age at 
presentation of ~26 years and occur alongside seizures in 34-53% of patients, 
depending on location (reviewed in (32)). PGNT appear histologically as a single 
or pseudostratified layer of flat to cuboidal, GFAP-positive astrocytes surrounding 
hyalinised vascular pseudo-papillae. Additional features include synaptophysin-
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positive interpapillary sheets of neurocytes, large neurons, and intermediate size 
“ganglioid” cells (37). 
 
Limited information is available regarding the underlying genetics of PGNT, likely 
due to the rarity of the tumour. However, in one series of 4 cases, losses were 
observed in MGMT or PTEN in 50% of cases by fluorescent in situ hybridisation 
(38). Additionally, gains in chromosome 7 were observed in one reported case 
(39). Recent studies also indicate an SLC4A1-PRKCA fusion may be present in a 
high proportion of these tumours. This mutation was identified in all PGNT from 
two cohorts of 4 and 2 cases, respectively (40,41). 

 
PGNT are regarded as WHO Grade I tumours with generally good prognosis. 
Thom et al. reviewed cases with post-surgical follow-up data and reported that in 
80% of cases no tumour recurrence was evident (32). This was independent of 
the extent of surgical resection. This trend was repeated in a 2014 cohort of 16 
tumours, with no reported recurrence (42). Seizure outcome reports are scarce, 
likely due to rarity and the variable occurrence of seizures alongside these 
tumours. However, in one study of two tumours both patients were seizure free at 
44 months postoperatively (43).  
 

1.4.3.2 Rosette-forming glioneuronal tumours 
 
Rosette-forming glioneuronal tumours (RGNT) were first described in 1995, 
referred to initially as a cerebellar DNET due to histological similarities (44). 
However, unlike DNET these tumours are not associated frequently with 
seizures. These tumours were later distinguished as a separate rare entity in a 
2002 series of 11 cases, and were officially recognised in the 2007 WHO 
classification of brain tumours (37,45).  Within the WHO classification it is defined 
as a rare, slowly growing tumour of the fourth ventricular region that 
predominantly affects young adults, with a mean age at diagnosis of 33 years. On 
histological examination, RGNTs are characterised by a neuronal component 
consisting of neurocytes that form rosettes with eosiniphilic, synaptophysin-
positive cores. This is in addition to a glial component that exhibits similarities to 
pilocytic astrocytoma (37). 
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Extremely little research has been directed at the genetic background of these 
tumours. However, two recent studies have attempted genetic characterisation. 
In a 2015 study, one spinal cord RGNT was reported to possess loss of 1p and 
gain of 1q and the whole of chromosomes 7, 9, and 16. This was in addition to a 
KIAA1549-BRAF fusion and mutations in MLL2, CNNM3, PCDGGC4, and 
SCN1A (46). In contrast to this, a 2016 cohort of 5 RGNTs reported missense 
FGFR1 mutations in 3 cases (60%), one of which also possessed a PIK3CA 
mutation (47). These represented one child and two young adults with tumours in 
the fourth ventricle, occipital and frontal lobes respectively.  

 
RGNT are benign tumours (37). In the aforementioned 2002 study of 11 cases, 
out of 10 patients with follow up data, there was no evidence of recurrence in 9. 
The remaining patient developed a brain stem lesion and succumbed (45). 
However, at least one recurrence has been noted locally at Great Ormond Street 
Hospital (GOSH), highlighting the possibility for more malign behaviour in a rare 
fraction of cases (48). 
 

1.4.3.3 Glioneuronal tumours with neuropil islands 
 
Glioneuronal tumours with neuropil islands (GTNI) were first described in 1999 by 
Teo et al. (49). Similarly to PGNT and RGNT, it was officially recognised as a 
distinct entity in the 2007 WHO classification of brain tumours (37). In the WHO 
classification, GTNI are described as rare infiltrating gliomas containing focal, 
sharply delineated, round to oval islands composed of a delicate, neuropil-like 
matrix with granular immunolabelling for synaptophysin. They are considered to 
correspond to WHO grade II or III, and are predominantly supratentorially located 
(49,50). A large proportion present with seizures. 
 
As with other rare tumours, genetic studies are scarce for GTNI, and those that 
have been carried out are small in scale. In one cohort of 8 tumours, 1 was 
reported to possess loss of 1p/19q (51). This is concordant with another report by 
Fraum et al. of 1p/19q deletion in a spinal cord GTNI (52). Finally, a study of 12 
GTNI reported that all cases possessed an IDH1 mutation (53).  
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Due to the scarcity of these tumours, prognosis is difficult to ascertain. However, 
in the original series, only 2 patients showed no evidence of disease at last follow 
up. One of these experienced recurrent disease. Of the remaining two cases, one 
was alive with progressive disease at last follow up and the other had succumbed 
(49). In an aforementioned study of 8 tumour 3 patients experienced progression 
and there was 1 recurrence (51). 
 

1.4.3.4 Pilocytic astrocytoma 
 
Pilocytic astrocytomas (PA) are slow growing WHO Grade I tumours that occur 
predominantly in young patients and are frequently associated with epilepsy 
when arising in a supratentorial location (54,55). Histologically, they are 
composed of a biphasic pattern consisting of bipolar cells with lengthy “hair-like” 
GFAP positive processes and multipolar cells with microcysts. Additional frequent 
features are Rosenthal fibres and eosinophilic granular bodies. Calcified deposits 
may also be present.  
 

The genetic background of pilocytic astrocytoma is defined predominantly by 
BRAF abnormalities. In 2006, Jones et al. reported copy number gains in 
chromosomes 5 and 7 in 11/44 cases each (concomitant in 8 cases), in addition 
to occasional gains of chromosomes 6, 11, 15, and 20 (56). The same group 
went on to demonstrate tandem duplications at 7q34, resulting in a KIAA1549-

BRAF fusion that was present in 29/44 (66%) of PA in their cohort (57). Similar 
data were reported by Pfister et al. in a cohort of 53 PA, of which 28 (53%) 
possessed a BRAF duplication (58). In a more recent cohort of 97 PA, 9 (9%) 
were reported to possess a BRAF-V600E mutation (59). Finally, in individual 
cases, a GTF2I-BRAF and an NFIA-RAF1 fusion have been reported (60,61). 
 
Prognosis for patients with pilocytic astrocytoma is broadly positive. One large 
study of epilepsy-associated tumours, including 33 WHO Grade I PAs, reported 
no recurrence or death with a median follow up of 8 years (34). Additionally, 24 
(73%) patients in this study achieved seizure freedom postoperatively. 
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1.4.3.5 Pleomorphic xanthoastrocytoma 
 
Pleomorphic xanthoastrocytomas (PXA) are rare WHO Grade II astrocytic 
tumours occurring predominantly in children and frequently associated with 
epilepsy (54). They present as cystic, nodular lesions and are characterised 
histologically by cellular pleomorphism and “xanthomatous” changes consisting of 
large cells with accumulation of lipid droplets (32). Eosinophilic granular bodies 
are also common, in addition to a distinctive reticulin network.  
 
The genetic background of PXA is relatively convoluted. The most common 
genetic abnormality is the presence of a BRAF-V600E mutation. One study 

reported presence of this mutation in 42/64 (66%) Grade II PXA and 15/23 (65%) 
Grade III anaplastic PXA (59). Translocations in chromosome 1, gains on 
chromosomes 3, 4, 5, 7, 19, 2, and X, and losses on chromosomes 9, 17, 18, 20, 
and 22 have been reported (reviewed in (32)). In addition, one study reported 
deletions involving CDKN2A, ARF, and CDKN2B loci in 6/10 PXA assayed by 
high resolution comparative genomic hybridisation (62). TP53 is mutated in a 
proportion of tumours. One study of 8 cases reported TP53 mutations in 2 
tumours, and an EGFR amplification in 1 (63). In contrast, another study of 55 
PXA identified only one case possessing a TP53 mutation (64).  
 
The prognosis for patients with PXA is moderate. In one study of 22 cases, 3 
(14%) patients succumbed to disease and 7 (31%) showed disease progression 
within three years (65). A previous meta-analysis of 71 cases reported recurrence 
free survival rates of 72% at 5 years, and overall survival of 81% (66). Seizure 
outcome is also positive in epilepsy-associated cases, with up to 100% of cases 
reported to achieve seizure freedom (34). 
 

1.4.3.6 Diffuse astrocytoma 
 
Diffuse astrocytoma are defined by the WHO as diffusely infiltrating tumours with 
moderately pleomorphic cells and characterised by a high degree of cellular 
differentiation and slow growth (54). They are composed of well-differentiated 
fibrillary astrocytes within a background of loosely structured, and often 
microcystic, tumour matrix. Additionally, regions of tumour display moderate 



	 27	

cellularity that is increased compared to normal brain. Presence of an IDH1/2 
mutation is considered a diagnostic feature in these tumours, however rare 
incidences of IDH-wildtype diffuse astrocytoma are recognised by the WHO (54). 
Diffuse astrocytoma correspond to WHO Grade II. 
 
A number of genetic abnormalities have been reported in diffuse astrocytoma. 
Mutations in the tumour suppressor gene TP53 are common. For example one 
study of 174 diffuse astrocytoma reported the presence of this mutation in 88 
(52%) tumours (67). This same study also reported presence of an IDH1/2 
mutation in 148 (85%) of diffuse astrocytoma. Repeating this, another study 

including 50 diffuse astrocytoma found IDH1 mutations in 38 (76%) tumours (68). 
Wild type IDH1 catalyzes the decarboxylation of isocitrate. Mutant IDH1 loses this 
activity and instead leads to an accumulation of D-2-hydroxyglutarate (D-2HG), 
which in turn causes aciduria and predisposes patients to brain tumours (69). 
This mutation alone may not be sufficient to cause oncogenesis without an 
additional mutation, in this case TP53, potentially explaining why a number of 
tumours possess both. In addition to TP53 and IDH1/2 mutations, a proportion of 
tumours have been reported to show hypermethylation of the MGMT promoter. In 
one study, 21/49 (43%) of tumours possessed this feature, which was associated 
with poorer outcome (70). Copy number abnormalities, including gains of 
chromosomes 7q, 5p, 8q, 9 and 19p, and losses of 1p, 19q, and Xp are also 
reported in a proportion of tumours (71,72).  
 
It is important to note that all of the above abnormalities are predominantly 
observed in adult cases of diffuse astrocytoma, and there is significant evidence 
to suggest paediatric and adult variants are distinct entities. In one study of 16 
adult and 5 paediatric diffuse astrocytoma none of the paediatric tumours 
possessed TP53 or IDH1/2 mutations, which were present in 11 (69%) and 15 
(94%) of adult cases respectively (73). Additionally, MGMT promoter methylation 
was absent and copy number abnormalities were significantly reduced in 

paediatric tumours. In the most recent WHO classification of brain tumours, it is 
noted that paediatric diffuse astrocytomas are rarely anaplastic and lack the 
IDH1/2 and TP53 mutations that are common to the adult form (54). Moreover, 
the classification notes that paediatric forms are characterised mainly by 
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alterations in MYB/MYBL1 and BRAF. They may also possess FGFR1 and KRAS 
mutations and a rare proportion of cases are reported to harbour H3F3A-K27M 
mutations. 
 
Clinical outcome for patients diagnosed with diffuse astrocytoma varies 
depending on the combination of genetic factors listed above, the most prominent 
of which is hypermethylation of the MGMT promoter (70). In addition to appearing 
as genetically distinct entities, paediatric patients possess favourable prognoses 
compared to their adult counterparts. Jones et al. reported that at last follow up 
4/5 (80%) paediatric patients were alive compared to 3/16 (19%) adult patients 

(73). Seizure outcome for patients diagnosed with diffuse astrocytoma is 
generally positive. In one large study that included 35 diffuse astrocytoma, 25 
(71%) achieved seizure freedom at 1 year postoperatively (34). 
 

1.4.3.7 Isomorphic astrocytoma 
 
Isomorphic astrocytoma are a subtype of diffuse astrocytoma described in 2004 
(35). These astrocytoma variants are characterised by a lower cellularity than 

established diffuse astrocytoma variants and are made up of highly differentiated 
astroglial cells with small, round nuclei and finely branching processes. 
Additionally, a homogenous fibrillary tumour matrix is present. In the original 
series, out of 19 patients diagnosed with epilepsy-associated diffuse 
astrocytoma, 6 tumours with positive long-term survival and lack of progression 
were distinguished by this histological appearance. This variant seems to arise in 
younger patients than conventional diffuse astrocytoma, with a mean age at 
onset of 14.4 years across 29 cases collected by the European Epilepsy Brain 
Bank (33). 
 
Thus far no genetic studies have been carried out on these tumours. Due to the 
fact that they are not currently recognised by the WHO as a distinct entity. 
However, a number of cases may be included in series for diffuse astrocytoma.  
 
Outcome for isomorphic astrocytoma is positive, and in the original description 
the authors suggest these tumours correspond to WHO Grade I (35). In this 
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series, all 6 patients identified with an isomorphic variant were alive at 13 years 
postoperatively, with only one instance of recurrence at 3 years. All patients 
achieved seizure control. A second study describing 7 tumours also noted 
increased overall survival for patients with an isomorphic phenotype, and 50% 
fewer recurrences at 7.5 years postoperatively compared to conventional diffuse 
astrocytoma (74). However, due to the very small number of these tumours 
identified to date, these figures may fluctuate as cases are identified 
prospectively. 
 

1.4.3.8 Oligodendroglioma 
 
Oligodendroglioma are diffusely infiltrating gliomas of moderate cellularity. In 
classic cases, they are composed of monomorphic cells that resemble 
oligodendrocytes with uniform round nuclei and variable perinuclear haloes (54). 
Further features include microcalcifications, cystic changes, and a dense network 
of branching capillaries. They correspond to WHO Grade II and frequently 
associate with seizures.  
 
A large proportion (up to 80%) of oligodendroglioma possess concurrent loss of 
1p and 19q, and this is considered a distinguishing feature of these tumours 
(reviewed in (32)). Additionally, IDH1 mutations are reported to be common in 
these tumours, and in the 2016 WHO classification are considered a 
distinguishing feature alongside 1p/19q co-deletion (54). One study of 685 brain 
tumours, including 105 oligodendroglioma, reported that 36/51 (71%) WHO 
Grade II oligodendroglioma and 36/54 (67%) Grade III anaplastic 
oligodendroglioma possessed an IDH1 mutation (75). Another study identified the 
mutation in 67/74 (91%) Grade II oligodendroglioma and 65/69 (94%) Grade III 
oligodendroglioma, and suggested the mutation could be used to distinguish 
these tumours from others with similar morphology (76).  
 
Outcome for patients diagnosed with oligodendroglioma is generally positive. In 
one large study that included 77 oligodendroglioma, median survival was 
reported as 12.1 years, although a majority of patients experienced recurrence 
with a median time to progression of 5 years (77). Mirroring this, another study 



	 30	

including 27 oligodendroglioma reported 1, 2, and 5-year survival rates of 100%, 
98%, and 82% respectively (78). These tumours also associate with positive 
seizure outcome. In a large study of epilepsy-associated tumours, including 15 
oligodendroglioma, 13 (87%) attained seizure freedom at 1 year postoperatively 
(34). 
 

1.4.3.9 Angiocentric glioma 
 
Angiocentric glioma is a rare tumour, recognised as a distinct entity in the 2007 
WHO classification of brain tumours (37). These are WHO Grade I tumours that 
predominantly arise in the frontal, parietal or temporal cortices as well as the 
hippocampus. Histologically, they are characterised by mono-morphous bipolar 
cells, an angiocentric growth pattern, and immunoreactivity for EMA, GFAP, S-
100, and vimentin. They are often observed in children and young adults and 
occur more frequently in the context of drug resistant epilepsy (reviewed in (32)). 
 
Until recently, relatively little was known concerning the genetic background of 
angiocentric glioma. In one study of 8 tumours, 1 case demonstrated loss of 

6q24-q25 (79). The most consistent genetic abnormality was identified in 2016 by 
Qaddoumi et al. In a cohort of 15 angiocentric gliomas 13 were reported to 
possess a MYB-QKI fusion. The remaining two cases possessed a MYB-ESR1 
fusion and a QKI rearrangement, respectively (80). In normal brain development 
MYB acts as a transcription factor and is thought to play a role in regulation of the 
neurogenic niche and neurogenesis, deregulation of which are likely the 
mechanism by which these mutations mediate oncogenesis (81). The prevalence 
of MYB abnormalities in angiocentric glioma was repeated in a subsequent 
cohort of 19 tumours, all of which were found to possess such abnormalities (82). 
This study also demonstrated that MYB-QKI drives tumorigenesis via 
simultaneous activation of MYB, via enhancer translocation driving aberrant 
expression, and loss of the tumour suppressor QKI. Taken together, these data 
suggest that MYB abnormalities represent a key genetic driver in angiocentric 
glioma.   
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As WHO Grade I lesions, angiocentric glioma display generally favourable 
survival rates. One study of 8 angiocentric glioma reported all patients were alive 
with no signs of progression or recurrence at last follow up (0.5-6.9 years), 
regardless of the extent of resection (79). Additionally, all 8 patients were seizure 
free. Another case report and review notes that out of 28 cases with documented 
outcomes only one patient demonstrated progression and succumbed (83). 
 

1.4.3.10 Ganglioglioma 
 
Ganglioglioma is the most prevalent glioneuronal tumour and comprises 37-51% 
of tumours identified in epilepsy surgical series, making them the most common 
epilepsy-associated tumour (84-87). They consist of two components: a 
dysplastic neuronal component and a neoplastic glial component. They can occur 
at any location within the central nervous system but show a preference for 
supratentorial regions, notably the temporal lobes (88,89). Ganglioglioma are 
primarily identified in children, with a mean age at surgery of 14-25 years, and 
display a slight prevalence in males (90-94). With early surgical intervention 
prognosis is typically positive (95). 

 
Ganglioglioma appear as nodular collections of abnormal neurons. These 
neurons may have an enlarged, distorted, or multipolar body with occasional bi- 
or multi-nucleation. A proliferative glial component occurs alongside these 
dysplastic nodules and is usually astrocytic in nature but may, in some cases, be 
oligodendroglial (96). The proportions and distribution of this component can vary 
significantly. Ganglioglioma have an indistinct immunohistochemical profile. 
CD34 immunopositive cells and processes can be observed throughout the 
lesion and surrounding tissue, and have been observed clustering around 
dysplastic neurons in 80% of cases (97). Calbindin can also be observed in 
dysmorphic ganglion cells (32). Synaptophysin and weak NeuN immunoreactivity 
are usually present, in addition to GFAP, chromogranin, neurofilament, and 
MAP2. Other frequent features include calcification and inflammatory infiltrates. 
Rosenthal fibres and eosinophilic granular bodies may also be present, but these 
are common to low-grade tumours with similar histological features and so are of 
limited use in distinguishing these tumours.   
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The majority of ganglioglioma behave in a clinically benign fashion, with seizures 
representing the major impact these tumours impose on patients. The literature 
generally suggests long survival following surgical resection. For example, one 
study of 62 low-grade ganglioglioma reported 2, 5, and 10-year survival rates of 
100%, 88%, and 84% respectively (98). Nine of these patients underwent 
malignant progression to develop a malignant tumour. Another large study of 203 
ganglioglioma reported 177 WHO Grade I, 21 Grade II, and 5 Grade III tumours 
(99). These corresponded to 5-year survival rates of 99%, 79%, and 53%, 
respectively. A smaller study of 19 cerebral ganglioglioma reported a 5-year 

survival rate of 93% (92). Finally, in a study of 18 adult ganglioglioma, Hakim et 

al. reported 15 patients (83%) were alive at last follow up (4 months to 13 
years)(89). A small subset of tumours will behave more aggressively and may 
recur or undergo malignant transformation, as noted above. Features of 
aggression can be present at diagnosis, in the case of anaplastic ganglioglioma, 
or may develop later following treatment. Aggressive variants are infrequently 
encountered. In one large study of 326 ganglioglioma there were 279 (86%) 
WHO Grade I, 30 (9%) Grade II (not officially WHO recognised), and 17 (5%) 
Grade III tumours (97). The authors noted that WHO Grade III tumours tended to 
occur in older patients with a mean age of 35 years. In this same study, tumour 
recurrence for 86 WHO Grade I and II tumours with follow up data was limited to 
one patient (1%). Higher-grade variants can be identified by an elevated Ki-67 
index and aggressive histological features such as microvascular proliferation 
and necrosis (54). Thus far, no mechanisms have been identified to explain how 
or why a subset of tumours undergo malignant transformation. However, age 
over 40, location outside the temporal lobes, incomplete surgical resection, and 
atypical histological appearance have been identified as risk factors (reviewed in 
(32)). Additionally, one recent study reported the presence of a H3F3A-K27M 
mutation in two WHO Grade I ganglioglioma that had undergone malignant 
transformation (100). 

 
The genetic background of ganglioglioma is poorly understood. Previous studies 
have mostly focused on histological characteristics, patient outcome, and 
treatment strategies. Few papers address the molecular aspects of these 
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tumours. Those that have queried tumour biology describe a number of genetic 
abnormalities with varying degrees of consistency. The most well studied genetic 
event in ganglioglioma is the occurrence of BRAF-V600E mutations, which are 
observed at varying frequencies. One large study of 77 WHO Grade I 
ganglioglioma reported the mutation in 14 (18%) of tumours. Additionally, 3/6 
(50%) Grade III tumours possessed the mutation (59). In another large cohort of 
71 Grade I ganglioglioma, 41 (58%) were positive for the mutation (101). When 
the mutant protein was assayed by immunohistochemistry, it was found to be 
expressed by the neuronal component and associated with expression of 
synaptophysin, the presence of dysplastic neurons and lymphocytic cells, and 

younger age. More recently, a large scale genomic study of low-grade tumours 
identified BRAF abnormalities in 9/17 (53%) of ganglioglioma (80). 6/17 
possessed a BRAF-V600E mutation, while the remaining three possessed a 
MACF1-BRAF, AGK-BRAF, or GNA11-BRAF fusion.  In a cohort of 93 
ganglioglioma, 38 (41%) were positive for the mutation, and significant 
associations with CD34 expression, mTOR activation in dysplastic neurons, and 
poorer patient outcome were reported (102). Finally, in a cohort of 47 Grade I 
ganglioglioma assayed for the mutant protein by immunohistochemistry 18 (38%) 
were positive for the mutation and the authors reported an association with 
shorter recurrence free survival (103). 
 

Cohort No. BRAF-
V600E+ Notes 

Schindler et al. 83 17 
(20%) 77 Grade I, 6 Grade III 

Koelsche et al. 71 41 
(58%) 

Associated with neuronal component, 
dysplastic neurons, younger age 

Qaddoumi et 
al. 17 6 

(35%) 
3 BRAF fusions (mutually exclusive to 

V600E) 

Prabowo et al. 93 38 
(41%) 

Associated with CD34, mTOR, poorer 
outcome 

Dahiya et al. 47 18 
(38%) 

Associated with poorer recurrence free 
survival 

 
Table 1.2. The prevalence of BRAF-V600E mutations in ganglioglioma in 
four recent cohorts.  No. = total number of ganglioglioma in cohort. BRAF-
V600E+ = number of tumours positive for the mutation. 
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The BRAF-V600E mutation involves the substitution of valine to glutamine at 
residue 600 and occurs within the kinase domain (104). As a result of this 
mutation, BRAF can see a 500-fold increase in activation and initiate constitutive 
signalling of the MAPK/ERK pathway, even in the absence of other activating 
stimuli (105). The role of this mutation in glioneuronal tumour pathogenesis is 
unclear but, as previously noted, a handful of studies suggest associations with 
the neuronal component, CD34 expression, mTOR activation, recurrence, and 
outcome (101-103).  
 
While BRAF-V600E is the most commonly described genetic event in 

ganglioglioma, a small number of other changes have been reported. One study 
of 5 ganglioglioma reported a loss of 9p as the most common alteration, 
occurring in three cases (106). These three cases represented a WHO Grade I 
periventricular tumour, a Grade II spinal cord tumour, and a Grade IV cerebellar 
tumour. Losses of 14q and 15q, and gains of 2q, 7q, 8q, and the Y chromosome 
were also observed. Another study that assayed for copy number abnormalities 
identified gains in chromosomes 5, 6, 7, 12, and 18, with gains of chromosome 5, 
6, and 7 being most prevalent (107). Lastly, a study of three ganglioglioma 
reported losses in chromosomes 10, 13 and 22, and gains in chromosomes 5, 7, 
8, and 12 in addition to 1 case possessing a t(1;18)(q21;q21) translocation and 1 
case with ring chromosome 1 (108).  
 
Limited information is available in the literature describing gene expression 
changes in ganglioglioma. Abnormal reelin pathway activity was reported by one 
study of 29 ganglioglioma (109). Another study reported enhanced mTOR activity 
in a cohort of 15 tumours (110). Finally, when the expression profiles of 4 
ganglioglioma were assayed by microarray and queried against gene ontology 
the most prominently expressed processes were immune and inflammatory 
responses (111). Additionally, genes involved with cell adhesion, the extracellular 
matrix, and proliferation were up-regulated.  
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1.4.3.11 Dysembryoplastic neuroepithelial tumour 
 
Dysembryoplastic neuroepithelial tumours were first identified as a unique entity 
in the late 1980s, but had previously been described as early as 1958 (112,113). 
These tumours are characterised by an intracortical, multinodular structure and 
are most often identified in the temporal lobes. Similar to ganglioglioma, DNETs 
are most often identified in children. In the original cohort of 39 cases the mean 
age for onset of symptoms was 9 years (range 1-19)(112). Additionally, a slight 
predilection for males was noted, with 23 males and 16 females in the study. 
Further mirroring ganglioglioma, prognosis is typically positive with surgery alone 
(114).  

 
There are three proposed DNET subtypes: complex, simple, and non-specific. Of 
these, only the complex and simple forms are officially recognised (54). The 
complex form corresponds to the lesions identified in the original DNET cohort 
and consists of glial nodules and a hallmark feature termed the “specific 
glioneuronal element”. This is a distinctive columnar arrangement of neuronal 
fibres and oligodendrocyte-like cells (OLCs) within a myxoid matrix and often 
aligned along vessels. The specific element may also contain seemingly normal 
neurons lacking apparent connections to adjacent cells, termed “floating 
neurons”. The simple form is composed of only the specific glioneuronal element, 
lacking the glial nodules of the complex form (115). The proposed non-specific 
form behaves clinically in the same manner as the complex and simple forms, 
and is reportedly composed of the glial components observed in complex DNET, 
but lacking a specific glioneuronal element (116). Due to a lack of distinguishing 
features, this non-specific form may resemble conventional low-grade glioma 
(reviewed in (32)). However, absence of an IDH1 mutation has been shown in the 
majority of cases from two cohorts, which may distinguish these tumours from 
low-grade glioma (117,118). 
 

In addition to the specific glioneuronal element and glial nodules described 
above, a handful of other histological features may be present in all forms. In one 
large study of one hundred and one adult DNETs, calcification was reported in 
17-37% of tumours, depending on subtype (118). In the same study, adjacent 
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white matter rarefaction (8-54%), Rosenthal fibres (0-36%), and eosinophilic 
granular bodies (18-56%) were also reported. Another large study of 74 DNETs 
reported the presence of calcification and eosinophilic granular bodies in all 
DNET subtypes, although these were represented in a lower proportion of 
tumours, at 13-16% and 2-8% of tumours respectively, demonstrating the 
potential for marked histological variability (119). 
 
The immunohistochemical profile of DNETs is relatively indistinct from other low-
grade gliomas. In the aforementioned study of one hundred and one DNETs 
Nestin, NeuN, GFAP, synaptophysin, neurofilament, and calbindin 

immunoreactivity were present in 86%, 11%, 21%, 28%, 5%, and 57% of cases, 
respectively (118). Other interesting markers included MAP2 and CD34, which 
were expressed in 50% and 61% of cases respectively. MAP2 immunoreactivity 
was reported in the OLCs, while CD34 was present focally around a proportion of 
OLCs and in the peri-tumoural cortex. 
 
The majority of DNET behave in a clinically benign fashion. In the original series 
of 39 patients, none died from tumour-related causes and tumour recurrence was 
not evident (112). This trend was repeated, regardless of subtype, in subsequent 
cohorts of 40, 74 and 101 tumours (116,118,119). On exceedingly rare 
occasions, more aggressive lesions have been identified that appear to undergo 
malignant transformation. These include one case from Thom et al.’s study of 
101 tumours, which corresponded to a complex DNET with evidence of 
anaplastic changes (118). A 2014 review by Moazzam et al. of malignant 
transformation in DNETs featured this case, and suggested only 9 other 
incidences of malignant transformation in the literature (120). These are 
summarised in table 1.3. Given the extreme scarcity of reports regarding 
malignant transformation of DNETs, and potential difficulties in accurately 
distinguishing these cases from other low-grade gliomas, there is some doubt 
over whether these cases represent truly transformed DNETs or under-diagnosis 

of higher grade tumours.  
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Case Age 
(Years) 

Initial 
Pathology 

Time to 
Recurrence 

(Years) 
Recurrent Pathology 

Moazzam et 
al. 22 

Non-
specific 
DNET 

6 Grade II Oligoastrocytoma 

Duggal et al. 29 Complex 
DNET 11 Grade IV Astrocytoma 

Hammond et 
al. 29 Complex 

DNET 11 Grade IV Astrocytoma 

Rey et al. 12 Simple 
DNET 2 Grade III Anaplastic 

Astrocytoma 

Rey et al. 7 Complex 
DNET 8 

Complex DNET with 
Pilocytic Astrocytoma 

component 
Rushing et 

al. 14 Complex 
DNET 3 Anaplastic Astrocytoma 

Thom et al. 56 Complex 
DNET 2 Anaplastic mixed 

glioneuronal tumour 

Schittenhelm 
et al. 7 Complex 

DNET 7 

Complex DNET with 
Increased cellularity, 

pleomorphism, 
microvascular proliferation 

and proliferative index 

Zakrzewski 
et al. 7 Complex 

DNET 4 
Pilocytic Astrocytoma. 

Hypercellularity in DNET 
component 

 
Table 1.3. Summary data for 9 purported transformations of DNET to a 
higher grade lesion. Data from a 2014 review of malignant transformation in 
DNETs. One case where initial pathology was not reported has been removed. 
Adapted from (120). 
 
Until recently very few studies had addressed the molecular genetics of DNETs. 
As previously noted, the absence of an IDH1 mutation is suggested to distinguish 
DNETs from conventional low-grade glioma (117,118). In addition to this, a 
handful of abnormalities have been identified within DNETs. The most consistent 
of these was recently highlighted in a St Jude’s study of low-grade tumours. Out 
of 22 DNETs 18 (82%) were positive for an FGFR1 mutation (80). These 
corresponded to 9 tyrosine kinase domain duplications and 8 missense single or 
doublet SNVs. The final mutation was an FGFR1-TACC1 fusion. However, this 
analysis was in the context of a larger cohort of oligodendroglial tumours, to 

which FGFR1 mutations were also common, and so this feature may be of limited 
use in distinguishing DNETs. The prevalence of FGFR1 mutations in DNETs was 
repeated in a study by Rivera et al., which reported tyrosine kinase domain 
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duplication as the most common abnormality identified, being present in 11/22 
(50%) cases assayed (121). Multiple in cis FGFR1 mutations were also identified 
in 7/43 (16%) cases tested in addition to 3 (7%) single mutations. Further 
abnormalities included three breakpoints affecting FGFR1, including an FGFR1-

TACC1 fusion, and one case with complete FGFR1 gene duplication. The 
authors also demonstrated activation of the MAPK/ERK signalling pathway in 
response to the FGFR1 alterations observed. Taken together, the high rate of 
FGFR1 abnormalities in DNETs in these two studies suggests they may act as 
driving mutations for these tumours. FGFR1 acts through the RAS-MAPK and 
PI3K-AKT signalling pathways, influencing processes that include survival, 

proliferation, and cell migration. Mutation of FGFR1 results in increased kinase 
activity and is sufficient to initiate neoplastic transformation in vitro, although this 
activity may be dependent on the availability of FGF2 ligand, potentially 
explaining why tumours possessing the mutation may not be aggressive 
(122,123). Aside from those affecting FGFR1, abnormalities described in DNETs 
are scarce. For example, the Thom et al. study of 101 DNETs assayed molecular 
genetics in 73 cases and noted loss of 1p/19q in 10 (14%), loss of 9q in 2 (3%), 
and loss of PTEN in 3 (4%) cases respectively. These changes did not associate 
with subtype or clinical behaviour. It is also a possibility that these incidences 
may represent misdiagnosis of oligodendroglioma, for which similar losses are a 
diagnostic feature (54). Finally, BRAF-V600E is variably reported to occur in 
DNETs. One study containing 20 DNETs reported 6 (30%) possessed the 
mutation (124). Another study containing 51 DNETs reported 26 (51%) 
possessed the mutation (125). Most recently, a study of 64 DNETs found BRAF-
V600E mutations in 1/27 (4%) of cases assayed (126). However, this study also 
reported copy number gain in 9/27 (33%) tumours. Due to this inconsistency in 
reported incidence, it is unclear whether BRAF mutations play a prominent role in 
DNETs, or whether these positive cases represent misdiagnoses of tumours 
more commonly associated with BRAF mutations, notably ganglioglioma. 
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Tumour Common 
Mutations 

Other Reported 
Mutations Cytogenetics 

Ganglioglioma BRAF-V600E  
MAC-BRAF, AGK-
BRAF & GNA11-

BRAF fusions 

Loss: 9, 14, 15, 2, 
7, 8, 10, 13, 22, Y  

Gain: 5, 6, 7, 8, 12, 
18 

DNET FGFR1  BRAF-V600E,  
BRAF gain, PTEN Loss of 1p/19q 

Pilocytic 
Astrocytoma 

KIAA1549-BRAF 
fusion, BRAF 
duplication 

BRAF-V600E, 
GTF2I-BRAF & 

NFIA-RAF1 fusions 
Gain: 5, 7 

PXA BRAF-V600E  CDKN2A, CDKN2B, 
ARF, TP53 

Loss: 9, 17, 18, 20, 
22 

Translocation: 3, 4, 
5, 7, 18, 20, X 

GTNI IDH1 N/A Loss of 1p/19q 
PGNT SLC4A1-PRKCA MGMT, PTEN Gain: 7 

RGNT FGFR1  

BRAF-KIAA1549 
fusion, MLL2, 

CNNM3, PCDFGC4, 
SCN1A 

Loss of 1p/19q 
Gain: 7, 9, 16 

Diffuse 
Astrocytoma IDH1/2, TP53 MGMT 

hypermethylation 
Loss of 1p/19q, Xp  

Gain: 7, 5, 8, 19 
Angiocentric 

Glioma MYB-QKI fusion MYB-ESR1 fusion,  
QKI rearrangement N/A 

Oligodendroglioma IDH1/2 N/A 1p/19q 
 
Table 1.4. Mutations identified within low-grade epilepsy associated 
tumours 
 

1.4.4 Glioneuronal tumours have a significant impact on 
quality of life 
 
As previously detailed, glioneuronal tumours pose a relatively minor threat to 
patient survival, for the most part displaying benign behaviour and infrequent 
instances of recurrence or malignant transformation. Therefore, the main focus 
when addressing treatment is to improve long-term seizure control. The data for 
this are variable. For example, one study including 184 ganglioglioma reported 
158 (86%) patients were seizure free at 1 year postoperatively (127). Likewise, 
two studies of 22 and 43 patients with intractable epilepsy alongside DNETs 
reported 20 (91%) and 36 (84%) patients were seizure free at last follow up, 
respectively (128,129). In contrast, a number of studies report limited seizure 
control. For example Nolan et al. surveyed 26 patients with DNETs and reported 
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a reduction in seizure freedom from 22 (85%) patients at 1 year postoperatively 
to 16 (62%) at last follow up (mean 4.3 years)(130). This variability in 
postoperative seizure outcome for glioneuronal tumours was documented by 
Englot et al. in a meta-analysis of 39 follow up studies, which reported that 
seizure freedom ranged from 45-100% across individual cohorts (131). In this 
report factors associated with continued seizures were longer duration of epilepsy 
and presence of secondarily generalised seizures prior to surgery, and sub-total 
resection of the tumour. 
 
Seizures are not the only burden that affect patients with glioneuronal tumours, 

and a number of patients endure long-term sequelae in the absence of seizures. 
In a St Jude’s series of 11 DNETs, only 3/8 (37%) patients tested for overall 
intellect performed at or above the average range for healthy age matched peers 
(132). The remainder displayed low average or deficient intellectual function. 
Taken together with the variability in seizure outcome, this presents a reality 
where despite treatment a large number of patients may endure significant 
tumour related morbidity over many years. Thus, while not necessarily malignant 
in a classical sense, glioneuronal tumours have a sizeable impact on patient 
quality of life. This is in stark contrast to the lack of biological understanding of 
these tumours. 

1.4.5 Glioneuronal tumours present a diagnostic 
challenge 
 
There is a dearth of knowledge regarding the underlying biology of glioneuronal 
tumours. Diagnostically, they can be challenging to distinguish from other low-
grade tumours due to overlapping characteristics and uninformative histological 
appearance (Figure 1.2). For example, one study which addressed the 
differentiation of ganglioglioma from infiltrative glioma reported an inter-observer 
agreement rate of 55% across 7 experienced reviewers for 18 histologically 
difficult cases (133). Furthermore, difficulty in diagnosis and a lack of robust 
diagnostic tools may be responsible for the significant variation seen in the 
incidence rates of ganglioglioma and DNET in epilepsy surgical series. Illustrating 
this, in a cohort of 156 cases from the National Hospital for Neurology and 
Neurosurgery in London, 88 (57%) patients were diagnosed with a DNET, while 
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12 (8%) were diagnosed with ganglioglioma. In contrast, within a series of 1354 
patients collected by the German Epilepsy Brain Bank in Erlangen, 246 (18%) 
were diagnosed with a DNET while 699 (49%) were diagnosed as ganglioglioma. 
These cohorts were both part of a large meta-analysis of reported tumour 
incidences in epilepsy surgical series (32). Table 1.5 lists the incidence of 
glioneuronal tumours across this meta-analysis. 
 

 
Figure 1.2. Glioneuronal tumours display variable morphologies. 
Representative histological features of DNET (A) and ganglioglioma (B). In DNET 
the specific glioneuronal element, a columnar arrangement of oligodendrocyte-
like cells, can be seen alongside floating neurons (arrows). In ganglioglioma, 
dysplastic neurons (arrows) with distorted bodies are observed alongside clusters 
of glial cells. A proportion of tumours are less clearly defined and display mixed 
histological features, partially mimicking both diagnoses. C and D represent 
different areas of the same tumour, with features partially resembling both DNET 
and ganglioglioma. Magnification 40x. Scale bars 100 μm. 
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Series Total 
No. 

No. 
GNT DNET Ganglioglioma DNET/GG GNT 

NOS 
NHNN, London 

(Adult) 155 125 88 
(57%) 

12 
(8%) 

5 
(3%) 

10 
(6%) 

Kings, London 92 80 74 
(80%) 

6 
(7%) N/A N/A 

Grenoble 94 90 61 
(65%) 

29 
(31%) N/A N/A 

Cleveland 
(Adult) 141 65 10 

(7%) 
38 

(27%) N/A 14 
(10%) 

Cleveland 
(Paed.) 129 88 17 

(13%) 
48 

(37%) N/A 18 
(14%) 

Beijing 51 42 10 
(20%) 

19 
(37%) N/A 13 

(25%) 

Illinois 39 24 10 
(26%) 

14 
(36%) N/A N/A 

GEBB, 
Erlangen 1354 972 246 

(18%) 
669 

(49%) 
5 

(0.4%) 
52 

(4%) 
 
Table 1.5. Incidence of glioneuronal tumours in epilepsy surgical series. 
Total No. = Total number tumours in series. No. GNT = Number of glioneuronal 
tumours in series. DNET/GG = Mixed ganglioglioma/DNETs. GNT NOS = 
Glioneuronal tumour of uncertain type. All percentages are reported as a 
proportion of the total series size (Total No.). Adapted from (32). 
 
The variability in reported frequencies for DNET and ganglioglioma across series 
listed above may be due to chance, although such large changes in frequency 
seem highly unlikely. Moreover, it seems illustrative of the lack of agreement over 
diagnostic criteria in these tumours. It also belies the inconsistency of subjective 
histological assessment of glioneuronal tumours in the absence of robust 
diagnostic tools. In order to combat this uncertainty, reliable tumour specific 
markers are required. These would present a number of advantages. First, the 
incidence of over- and under-diagnosis could be reduced, highlighting patients 
requiring more aggressive treatment and sparing those with low-grade 
glioneuronal tumours from debilitating long-term treatment effects. Second, the 
features that robustly distinguish glioneuronal tumours are likely to be associated 
with their underlying biology, further understanding of which may allow the 
development of targeted treatments. This may also grant insight into the fraction 
of tumours that undergo malignant transformation, although due to their scarcity 
this is likely to represent a significantly more complex problem. Regardless, in 
order to identify robust diagnostic markers, it is necessary to investigate the 

pathways and processes underlying the development of glioneuronal tumours. 
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1.5 Molecular classification of tumours 
1.5.1 Tumours can be classified by their underlying 
biology 
 
Despite the uninformative histology of glioneuronal tumours, they have 
historically been classified by subjective expert assessment of histological 
features. In contrast, in a number of other diseases, particularly cancers, 
significant progress has been attained using a class discovery approach. This is 
an approach that focuses on the molecular features of a disease, often in large-
scale datasets such as global expression or methylation data. These datasets are 
subjected to unsupervised clustering and individual cases are clustered 
according to the similarity of their molecular features, irrespective of pre-existing 
classification. The first demonstration of this principle for tumours was 
demonstrated by Golub et al. in 1999 (134). This study undertook gene 
expression profiling via microarray in 38 leukaemic bone marrow samples and 
showed that a class discovery approach could accurately classify samples into 
acute lymphoblastic and acute myeloid subtypes based purely on unsupervised 

clustering of expression patterns. Subsequently, such ‘class discovery’ has 
garnered significant interest for the refinement of existing diagnostic groups and 
the discovery of novel entities (135-139). Moreover, as a biologically informed 
method of classification, this approach has been used to identify distinct tumour 
groups with varying clinical behaviours and prognostic implications (140). 
 
The best example of the value of a class discovery approach in brain tumours is 
likely the classification of medulloblastoma into distinct subgroups (141-144). This 
has culminated in the current consensus suggesting the existence of four distinct 
subgroups, each with unique biomarkers and outcomes (54,145). The separation 
of distinct medulloblastoma subtypes has allowed rapid and robust diagnostic 
tools to be developed and molecular stratification is reliable enough to inform 
treatment strategies across subtypes, indicating reduced treatment for those with 
favourable molecular diagnoses (146-149). Taken together, these achievements 
highlight the value of a class discovery approach to classify brain tumours 
according to their underlying biological profiles. This is particularly appealing in 
the context of glioneuronal tumours, as it has the potential to identify robust 
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classification criteria in contrast to the current histological paradigm. Additionally, 
as class discovery approaches are often based on profiling whole ‘omics data 
they conveniently lend themselves to subsequent interrogation for enriched 
pathways and mechanisms after the initial identification of clusters. 
 

1.5.1.1 Gene expression profiling of tumours 
 
A number of techniques can be used to capture gene expression data, the most 
recent and comprehensive of which is whole transcriptome RNA sequencing 
(150). This captures a snapshot of global gene expression within a sample, which 
can be used for a number of purposes. Large changes in gene expression are 
frequently encountered in tumour cells versus their normal counterparts (151). 
These differences in gene expression can be useful for distinguishing known 
tumour types and discovering novel tumour classes (134,152). This is particularly 
relevant when inter-observer reproducibility of diagnoses is inconsistent. In the 
event that novel, biologically distinct tumour classes are discovered their 
expression profiles can be further interrogated to reveal unique expression 
signatures. These may then be translated into robust, biologically informed 

diagnostic markers. For example, a gene that is differentially expressed between 
two or more tumour types can be developed into an immunohistochemical marker 
that distinguishes them from one another. This principle is also relevant within 
tumour types, where gene expression changes may possess prognostic 
indications and can identify novel treatment targets within aberrantly expressed 
pathways (153-155). Finally, gene expression data can be interrogated to 
investigate the underlying biological features of a disease. In the case of RNA 
sequencing and other large-scale expression assays, a number of data mining 
tools have been developed to assist in reducing large expression datasets to 
more manageable and meaningful insights. These include tools for pathway 
analysis, which assess the expression levels of all known members of a pathway, 
such as Ingenuity Pathway Analysis (www.ingenuity.com) and Gene Set 
Enrichment Analysis (156). In the latter method, customised gene sets can be 
assayed to assess the enrichment of specific phenotypes, for example 
expression patterns associated with specific cell types. Such insights further our 
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understanding of disease and may have important implications for clinical 
behaviour (157). 
 

1.5.1.2 Methylation profiling of tumours 
 
Epigenetic changes are involved in many important biological processes, and are 
crucial for normal development. The most well characterised epigenetic event is 
DNA methylation, a gene silencing modification that involves the addition of a 
methyl group to the cytosine component of a CpG dinucleotide. In normal tissues 
this occurs in around 4-6% of cytosines in DNA (158). In contrast, cancer cells 
often experience a large overall loss of DNA methylation, and acquire distinct 
patterns of histone modifications and hypermethylation in specific promoter 
regions (159,160). These patterns can be clinically relevant. For example, the 
methylation status of the MGMT promoter, an important DNA repair enzyme, 
predicts response to treatment with alkylating agents in glioma (161). Moreover, 
distinct methylation profiles can be used to classify tumours into biologically 
meaningful groups that are concordant with other unbiased molecular class 
discovery approaches (147). Due to the association between methylation and 

gene expression, methylation data can often be mapped back onto 
corresponding expression data, when both are available. 
 
The most well established methylation assay platforms are Illumina BeadChip 
arrays; described in more detail within my methods (162). As with RNA 
sequencing data, a number of tools have been developed to obtain specific 
insights from the data output by these arrays. These include tools for the 
detection of differentially methylated sites and associated genes, gene ontogeny, 
and pathway enrichment analyses, and the inference of copy number status 
across the entire genome (163-165).  
 
Expression assays such as RNA sequencing require high quality starting 
material. Due to the fragility of RNA it is often best to seek frozen material for this 
purpose. However, my experience at Great Ormond Street Hospital is that frozen 
material is often scarce compared to corresponding formalin fixed paraffin 
embedded (FFPE) material, due to the cost and complexity associated with 
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frozen storage. DNA is significantly more robust against formalin fixation. 
Therefore, as a DNA based assay, methylation profiling allows the interrogation 
of cases where only FFPE tissue is available, thus vastly expanding the size of 
potential cohorts for large-scale molecular analysis. 
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1.3 Project aims 
 
1. To classify glioneuronal tumours according to their molecular       

profiles 
 
Current classification of glioneuronal tumours relies on a relatively weak set of 
diagnostic criteria. Furthermore, the available literature suggests a large 
subjective bias in distinguishing tumour types on both case-by-case and inter-
institutional levels. In order to address this, I worked under the hypothesis that by 
undertaking large-scale genomic analyses, most notably (but not limited to) RNA 

sequencing and DNA methylation assays, I would be able to identify distinct 
tumour groups with unique molecular features. 
 
2. To investigate the molecular pathways and networks enriched within 

glioneuronal tumours 
 
In addition to classifying glioneuronal tumours based on their molecular profiles, I 
hypothesised that I would be able to identify key features granting insight into the 
nature and development of these tumours. As the genomic analyses that I 
employed produce vast amounts of data, I took a data mining approach to extract 
meaningful information. Using downstream bioinformatics techniques my aim was 
to identify enriched pathways, features, and networks to characterise tumours 
after classification. 
 
3. To identify novel biomarkers that distinguish glioneuronal tumours 
 
There is significant subjective bias involved during classification of glioneuronal 
tumours according to current criteria. To address this, I aimed to develop robust 
markers that could be easily implemented, with the goal of allowing accurate 
segregation of biologically distinct lesions in future practices. 
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2. Methods and materials 
 
2.1 Cohort collection and review 
 

2.1.1 Retrieval and histological review of archival cases 
 
Surgical cases were principally retrieved from the Great Ormond Street Hospital 
archives (n = 111). Diagnostic formalin fixed paraffin embedded (FFPE) sections 
were retrieved for all archival patients diagnosed with a ganglioglioma, DNET, or 
glioneuronal tumour from 1991 to 2015. These were identified by searching the 
GOSH electronic records for case reports containing the terms 
“Dysembryoplastic”, “Ganglioglioma”, and “Glioneuronal”. Additionally, cases that 
had been allocated SNOP (Systematised Nomenclature of Pathology) codes of 
M9362 (Dysembryoplastic neuroepithelial tumour) and M9491 (Ganglioglioma) 
were identified and retrieved. By assigning all samples a unique code, they were 
anonymised to protect confidentiality.  
 
Cases were reviewed based on the existing diagnostic slides by an experienced 
neuropathologist (Thomas Jacques) according to WHO diagnostic criteria (37). 
To minimize bias, this review was carried out without knowledge of prior 
diagnosis in each case. Cases were classified into three groups according to their 
histological features: Ganglioglioma, DNET, and glioneuronal tumours of 
uncertain histologic type (GNT NOS). The GNT NOS group represent atypical 
tumours and those that do not robustly fit as either ganglioglioma or DNET, or 

histologically appear to be a mix of tumour types. For each case, the histological 
and immunohistochemical features were recorded. These included the presence 
of a specific glioneuronal element, floating neurons, dysplastic neurons, 
anaplasia, oligodendrocyte-like cells, calcifications, necrosis, microvascular 
proliferation, Rosenthal fibers, eosinophilic granular bodies, inflammation, and 
cortical dysplasia. 
 
Additional samples were acquired from the Children’s Cancer and Leukaemia 
Group Bank early in the third year of the project (n = 24). For each of these 
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cases, either the whole paraffin embedded block or 20 unstained sections at 3 
μm plus 10 rolls at 10 μm were provided. Upon receipt, an H&E stained section 
was prepared and the diagnosis was reviewed by Thomas Jacques. As with 
GOSH cases, this review was carried out without prior knowledge of diagnosis for 
each individual case and cases were classified into three groups as above. In 
contrast with GOSH cases, due to the limited material available in the majority of 
these cases, they were not subjected to extensive histological and 
immunohistochemical review. Additionally, satisfactory clinical follow up data 
were not available and so these cases were not assessed for correlations with 
seizure outcome.  

 
Control cases for this study were obtained from archival patients diagnosed with 
hippocampal sclerosis (HS). For these patients, tissue from the temporal cortex 
was resected in order to access the hippocampus. Cortical tissue from these 
cases was assessed and those found to be free of tumour, focal cortical 
dysplasia, and cortical inflammation were included. 
 

2.1.2 Clinical follow up data and statistical analysis 
 
An intercalating medical student, Angus Keeley, retrieved extensive clinical follow 
up data for 60 patients presenting with epilepsy. Data were acquired from 
archived patient records. ANOVA and Chi-square with Fisher’s exact test were 
used for statistical analysis of clinical and seizure outcome and were performed 
using SPSS Version 24 (IBM, USA). p-values of < 0.05 were considered 
statistically significant. Data retrieved included sex, age at first seizure, seizure 
duration prior to surgery, age at surgery, presence of residual tumour on 
postoperative MRI, and Engel and seizure status at 1 year after surgery and last 
follow up.  
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2.2 RNA Sequencing 
 

2.2.1 Handling of samples prior to RNA extraction 
 
Fresh frozen tissue was used for the extraction of RNA. Frozen material was 
retrieved where available from previously reviewed cases. GOSH surgical 
material had been stored according to the following protocol: After macroscopic 
inspection by a pathologist, an approximately 1 cm3 sample was removed from 
excised surgical tissue, wrapped in foil and submerged in liquid hexane solution 
(-94°C) for ~30 seconds. After removal, the wrapped tissue was placed on solid 
CO2 to evaporate excess hexane residue before transfer to a pre-cooled cryotube 
for storage at -80°C.  
 
RNA is highly vulnerable to environmental RNAses, which can cause 
degradation. To avoid RNA degradation, sample handling procedures prior to 
RNA extraction were designed to minimize the risk of RNAse contamination and 
other factors that could adversely affect the quality of the extract. Outside of -

80°C storage, samples were kept frozen in cryotubes on dry ice (-78.5°C). Where 
possible, RNAse free certified materials and tools were used. Work surfaces, 
gloves, and non-RNAse free equipment were decontaminated with RNAse Zap 
(Ambion, USA). Fresh gloves and disposable tools were used for each sample to 
prevent cross contamination. Where necessary, reusable tools were cleaned with 
water, sprayed with ethanol, and disinfected in Trigene/Distel (Tristel, UK) before 
decontamination with RNAse Zap.  
 

2.2.2 Preparation of cryosections 
 
To ensure RNA was extracted from tumour rather than peritumoural tissue, 
frozen H&E stained sections were taken for each sample. A disposable sterile 
scalpel was used to bisect each frozen sample. One half was immediately stored 
at -80°C for RNA extraction and the other was mounted on a cryostat chuck in 
OCT embedding media (CellPath, UK) for sectioning (Fig. 2.1). To prevent tissue 
thawing and associated freeze-thaw artefacts, the mountant was snap frozen by 
pressing the chuck against dry ice. Six 10 μm thick sections were taken onto 
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Superfrost coated slides (VWR, USA), of which one was used for H&E and the 
remainder were stored as spares at -80°C. 
 
 

  
 
The following protocols were used for H&E and Nissl staining of cryosections. For 
H&E, sections were fixed for 1 minute in 10% formalin and following a ~10 

second rinse with running water were stained in Harris’ haematoxylin for 30 
seconds. Sections were briefly dipped in 1% acid alcohol to differentiate and 
nuclear staining intensity was checked under the microscope. Haematoxylin 
staining was developed by immersion in running water for ~5 minutes before 
counterstaining with eosin for 20 seconds. Finally, sections were rinsed with 
running water, dehydrated in graded alcohol (70%, 100%, 100%), cleared in 
xylene and cover-slipped. 
 
For Nissl staining, sections were fixed for 1 minute in 10% formalin and following 
a ~10 second rinse with running water were incubated for 10 minutes in pre-
warmed Cresyl Violet solution at 60°C. Sections were then thoroughly rinsed with 
distilled water, differentiated and dehydrated in graded alcohol (70%, 95%, 
100%), cleared in xylene and cover-slipped. 
 
 

Figure 2.1. Frozen samples were bisected and assessed for tumour 
content. 
Fresh frozen tissue was bisected. One half was mounted on a cryostat chuck 
and sections were taken to assess tumour content. The second half was 
immediately returned to -80C storage for subsequent RNA extraction.  
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2.2.3 Assessment of tumour content 
 
Tumour content was assessed with the help of an experienced neuropathologist 
(Thomas Jacques). Samples were graded on a scale of 1-4 as follows: 1) No 
tumour visible in the section and/or structure too degraded to assess. 2) Tumour 
possibly present diffusely within the section but not definite. 3) Identifiable tumour 
in focal regions of the section. 4) Widespread tumour throughout most/all of the 
section (Fig. 2.2). Scores were recorded for later reference. A proportion of older 
frozen samples were found to have heavy freeze-thaw damage to their structure, 
the cause of which was determined to have been a previous failure of the -80°C 
freezer in which frozen archival tissue was stored. For some of these damaged 

cases, we found Nissl staining was useful for detecting tumour content where an 
H&E was insufficient. 
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Figure 2.2. Tumour content grading for frozen sections. Frozen sections were 
graded 1-4 (B-F) based on tumour content. This was often confounded by freeze thaw 
damage. A) Extreme freeze thaw damage prevents accurate grading. B) Grade 1: No 
tumour visible within the section. C) Grade 2: Tumour possibly diffusely present but not 
definite. D) Grade 3. Identifiable focal regions of tumour. E&F) Grade 4: Widespread 
tumour throughout section in ganglioglioma (E) and DNET (F). Magnification 20x. Scale 
bars 100 μm. 
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2.2.4 RNA isolation from frozen tissue 
 
The miRNeasy Mini Kit (Qiagen, Germany) was used to isolate total RNA from 
samples according to the user protocol supplied. Prior to extraction, samples 
were weighed and homogenised using an OMNI Tissue Homogeniser (OMNI 
International, USA), a handheld rotor-stator homogeniser fitted with disposable 
tips. Samples were homogenised in 700 μl of QIAZol lysis reagent (Qiagen, 
Germany) until a uniform lysate was formed (~30 seconds). Lysate was left at 
room temperature for 5 minutes before 140 μl chloroform was added. This 
mixture was shaken for 15 seconds and left at room temperature for 3 minutes. 
Subsequently, the mixture was centrifuged at 12,000 x g and 4◦C for 15 minutes 
to form three phases: a colourless upper aqueous phase containing RNA, a white 
interphase containing DNA, and a lower pink phase containing protein. The 
upper RNA phase (~400 μl) was pipetted into a fresh collection tube and the 
lower phases refrigerated. 1.5x volumes of ethanol (~600 μl) was added to the 
RNA phase and mixed by pipetting up and down until uniform. This solution was 
transferred to a spin column in a 2 ml collection tube and centrifuged at 8,000 x g 

for 15 seconds, with the flow through discarded. 700 μl Buffer RWT (Qiagen, 
Germany) was added to the column and the sample was centrifuged at 8,000 x g 
for 15 seconds, discarding the flow through. Next 500 μl Buffer RPE (Qiagen, 
Germany) was added and the sample was centrifuged at 8,000 x g for 15 
seconds, discarding the flow through. This step was repeated, with centrifugation 
increased to 2 minutes. The spin column was transferred to a new collection tube 
and spun at 12,000 x g for 1 minute, discarding the collection tube. To elute 
RNA, the spin column was transferred to a 1.5 ml eppendorf and 50 μl RNAse-
free water was pipetted directly onto the filter membrane of the column. The 
column was centrifuged at 8,000 x g for 1 minute This step was repeated, 
pipetting the eluate back onto the column membrane, to increase RNA 
concentration. The resulting 50 μl of pure RNA was immediately analysed on a 
NanoDrop 1000 spectrophotometer (Thermo Fisher Scientific, USA) before snap 
freezing on dry ice and storage at -80◦C. 
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2.2.5 Quality control of RNA 
 
Final selection of cases for RNA sequencing was based on the quality of RNA 
extracted. Samples were assessed by two methods. Immediately after extraction, 
purity and concentration were assessed using a NanoDrop 1000 
spectrophotometer (Thermo Fisher Scientific, USA). Primarily, a 260/280 
absorbance ratio of ~2 or higher was used as a benchmark for “pure” RNA, as 
described in the user manual (Fig. 2.3). Samples with a 260/280 ratio lower than 
1.8 were excluded. Additionally, a 260/230 ratio of 1.8-2.2 was useful in 
assessing protein contamination. Of note, in smaller samples resulting in lower 
RNA concentration, a low 260/230 ratio does not necessarily indicate high levels 

of contamination. This is often a reflection of the relative concentration of salts 
from the buffer wash steps in the extraction protocol, which subsequent 
Bioanalyser analysis revealed were not deleterious to RNA quality (Fig. 2.3). As 
such, samples were not excluded based on 260/230 ratio.  
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For more in-depth quality control an Agilent 2100 Bioanalyser was used (Agilent 
Technologies, USA). This produces a trace indicating the relative concentration 
of RNA species arranged by size. Ideally, the trace will have a smooth baseline 
with two distinct peaks for 18S and 28S ribosomal subunit RNA. Degradation of 
RNA creates smaller fragments and this is represented as a peak on the left of 
the trace in addition to less distinct 18S and 28S peaks. The Bioanalyser also 
provides a numerical assessment of RNA quality in the form of an RNA Integrity 
Number (RIN) between 1 and 10, generated from the dimensions of the trace. 

	

A 

B 

Figure 2.3. NanoDrop plots for RNA purity and concentration. 
Representative absorbance traces. A) A highly pure sample with 260/280 ratio of 
2.07 and 260/230 ratio of 1.88. B) A sample with a low 260/230 ratio of 0.43 due 
to higher relative concentration of buffer salts in a smaller sample. 
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Bioanalyser traces were analysed with the assistance of Mike Hubank, who has 
significant experience interpreting these. For inclusion in further study, cases 
required a RIN of 4 or above, with distinguishable peaks for 18S and 28S 
ribosomal subunit RNA. In some cases, a RIN could not be calculated. For these, 
a RIN number was estimated by comparing the trace to the examples given by 
Schroeder et al. (Fig. 2.4)(166).  
 

2.2.6 Expression analysis by RNA-Seq 
 
Library preparation and sequencing were performed by UCL Genomics. For each 
sample 250 ng of total RNA was used as starting material. Sample libraries were 
prepared using the Illumina TruSeq Sample Preparation Kit v2 according to the 
user guide unless otherwise stated (Illumina, USA). In brief, the poly-A containing 
mRNA fraction of total RNA is purified using poly-T oligo-attached magnetic 
beads. mRNA is then fragmented over 10 minutes under increased temperature 
using divalent cations, and the subsequent fragments reverse transcribed to 
cDNA from random primers. Second strand cDNA is generated with DNA 
Polymerase I and RNAse H. Finally, cDNA fragments undergo addition of an “A” 
base and ligation of adapters before being purified and enriched through 12 PCR 
cycles. This finalised library is then shotgun sequenced with all fragments being 
processed at once in parallel. Here, the Illumina NextSeq 500 sequencer 
(Illumina, USA) was used for the final sequencing.  
 

Figure 2.4. Example RIN values and Bioanalyser traces. 
RIN values from 1 to 10 correspond with increasing RNA quality. In higher 
quality samples (8-10) two peaks representing 18S and 28S ribosomal RNA can 
be seen. In degraded RNA peaks form to the left of the trace (1-3). Adapted from 
Schroeder et al. (166).  



	 58	

Prior to bioinformatics analysis, the raw sequencing output must be aligned to the 
genome and normalised. Alignment was performed by Tony Brooks of UCL 
Genomics, using the TopHat and Cufflinks software packages (167). These 
accept raw sequence data in the form of FASTQ files and output aligned data in 
the BAM file format. TopHat aligns reads to the genome and identifies splice sites 
while Cufflinks uses these data to translate these reads to gene transcripts. Once 
aligned, mapped reads were counted using the GenomicRanges R package.  
 

2.2.6 Bioinformatic analysis of expression data 
 

2.2.6.1 Raw processing, class discovery, and differential 
expression analysis 
 
Following alignment and generation of read counts, the DESeq2 R package was 
used to normalise the data such that it could be used for class discovery 
(168,169). This was achieved using the regularised log function. This transforms 
the count data on a log2 scale in such a way that the differences between 
samples due to genes with small counts are minimised, while also accounting for 
library size differences between samples. From these transformed counts, the top 
5000 most variable genes as measured by median absolute deviation were 
selected. This subset of genes was then input into the ConsensusClusterPlus R 
package for class discovery (170). Consensus clustering is a method by which 
multiple clustering outputs from different algorithms and multiple iterations of the 
same algorithm are reconciled to find a single, stable “consensus” solution 
representing the most optimised clustering configuration to account for variability 

between samples. Consensus clustering was run over 10,000 iterations using the 
“Ward” method on Euclidian distance. Ward’s method is an agglomerative or 
“bottom up” hierarchical clustering procedure that seeks to minimize within-
cluster variance. To achieve this, each step involves identifying the two clusters 
or objects that when merged lead to the minimum increase in overall within-
cluster variance (171). Consensus clustering outputs a number of different 
configurations according to k, the number of groups within a range specified by 
the user. For example, if a user specified a range of 2-5 k then the package will 
offer solutions that divide the cohort into 2, 3, 4, and 5 clusters. To determine the 
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k that best describes the variability within a dataset, a graph of the cumulative 
distribution function (CDF) delta is provided which indicates the relative increase 
in variability explained by each sequentially added group. To decide on this cut-
off, I used the CDF delta plot to identify the inflection point at which additional 
explained variability began to decline and selected the k that coincided with this.  
 
Following class discovery by consensus clustering, differential expression 
analysis between groups was carried out using the DESeq2 package. The 
DESeq2 package assumes a negative binomial distribution can be used to model 
the number of reads in an RNA-Seq experiment. This follows the formula: 

 
 

Here, K refers to the number of reads for the gene i in sample j. This is modelled 

by the negative binomial (NB) distribution using two parameters: the mean µij, 

and the variance σij
2. These two parameters are estimated from the data using 

the following three assumptions set out in the original DESeq paper (168): 
 

1. The mean, or expected count value for gene i in sample j, µij is produced by a 

condition-dependent per-gene value qi,� (j) where � (j) is the experimental 

condition of sample j (in this case one of our two consensus groups) and a size 
factor Sj.  

 
qi,�(j) is proportional to the expected value for read fragments of gene i under 

condition �(j). The size factor Sj represents the sampling depth of the library for 

sample j (for example, 15 million reads).  
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2. The variance �2 ij is the sum of two factors: shot noise and raw (biological) 

variance, 

 
 
shot noise refers to the statistical variability in read counts generated by chance 
during the sampling process. One analogy for this phenomenon is to consider 
tossing a coin 100 times, where statistically one would expect 50 heads and 50 
tails. In reality, these numbers would vary slightly by chance. The more times the 
coin is flipped, the smaller the effect this noise has on the overall distribution of 

the results. This same principle applies to sequencing reads from genes. Thus, 
genes with low counts will have greater noise than those with higher counts. 
 
3. The per-gene raw variance parameter vi,�  is assumed to be a smooth 

function of qij�, 

 
this assumption allows the pooling of data from genes with similar expression 
levels in order to estimate the variance for these genes, as the number of 
replicates in RNA-Seq experiments is typically too low to generate a precise 
estimate from just on gene.  
 
According to this formula and the listed assumptions, the DESeq2 package is 
able to generate a robust list of differentially expressed genes between two 
biological conditions (in this case, the consensus groups). 
 

2.2.6.2 Further Analysis 
 
Differential expression analysis identifies large numbers of genes, often in the 
thousands, for which there is a statistically significant distribution of expression 
values between two conditions. Investigating each significant gene individually 
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would be impractical. Therefore, I used a number of strategies to interrogate this 
expression data to find biologically meaningful patterns and narrow down the 
scope to a more manageable size. 
 

2.2.6.3 Ingenuity Pathway Analysis 
 
Ingenuity Pathway Analysis (IPA, www.ingenuity.com) is a proprietary data 
mining software package that interrogates user-submitted gene lists and 
expression values to identify enriched molecular features including canonical 
pathways, upstream regulators, and ontological categories. It is also able to 
construct coherent networks based on a curated database of published 
knowledge. This database includes experimentally validated and theoretically 
likely interactions from human, mouse, rat, and canine datasets.  
 
Genes are represented within networks as nodes, and their interactions are 
represented as edges. Generation of these networks is determined by a 
specialised algorithm, for which a key principle is the interconnectivity of genes 
within the user-submitted gene list, working under the assumption that highly 

interconnected genes represent significant biological functions (IPA Network 
Generation Algorithm White Paper, 2005). This algorithm seeks to rank user-
defined genes by their connectivity and then includes as many as possible in the 
generated networks, while also maintaining statistical significance. Standard 
parameters create networks of 35 genes, and may include neighbouring genes 
not represented within the user-defined gene list, but which have relationships to 
genes within the network. The inclusion of such genes strengthens the statistical 
power of the networks by filling in gaps between user-defined genes, which may 
be indirectly associated, and can reveal hidden functionality. For example, if 
submitting a list of differentially expressed genes, included neighbouring genes 
may represent those that play a role in differential expression but are not 
themselves differentially expressed (i.e. those that are post-translationally 
modified). The networks output by IPA are ranked by p-values, indicating the 
probability of finding enrichment for that particular network by chance assuming a 
random gene list was submitted. As a result, the highest ranked networks tend to 
contain a greater number of genes from the user-defined gene list. As previously 
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mentioned, an important consideration during network construction is the 
connectivity of genes. Therefore, networks tend to be constructed around highly 
connected hub genes positioned centrally within a network. This can be 
advantageous for downstream validation of networks as it provides a handful of 
potential targets to validate entire networks.  
 
For all differential expression comparisons in this study, a list was generated 
detailing the gene symbol, log fold change, and p-value for every gene. A small 
fraction of genes whose p-value could not be generated were removed and the 
list was submitted to IPA. Prior to analysis a false discovery adjusted p-value (q-

value) threshold of 0.1 was set within IPA to act as a cut-off, to select “focus 
genes” for analysis. Genes with q-values > 0.1 were not considered by IPA as 
part of the primary analysis, however their associated log fold changes and p-
values were retained for context. For each analysis against the database, only 
direct relationships that were experimentally observed in human and mouse 
systems were considered.  
 

2.2.6.4 Gene Set Enrichment Analysis 
 
Gene Set Enrichment Analysis (GSEA) is a method developed in 2005 to 
evaluate microarray data from experiments with two classes in the context of pre-
defined gene sets (156). These are pathways and networks of interacting or co-
expressed genes based on prior biological knowledge. The aim of this method is 
to determine whether the members of any particular gene set tend to occur 
towards the top or bottom of a pre-ranked list of genes submitted by the user. As 
this submitted list is usually based on differential expression analysis, the top and 
bottom of this list correspond to each of the two conditions in the experiment. 
Thus, in the context of my experiments, this tool identifies gene sets that 
correlate with tumour classification. Following differential expression analysis in 
DESeq2, genes were ranked according to their Wald statistic. This value is the 
log fold change divided by the standard error and is used to generate p-values for 
differential expression tests. Generally, in a differential expression analysis 
between two groups higher positive Wald statistics correlate more strongly with 
one condition and lower negatives correspond to the opposing condition. This 
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creates a scale with strongly associated genes for each condition clustering at 
their respective ends. A pre-built “hallmark” gene set is included within GSEA 
software. This contains a large number of classical and well-established 
pathways, and was used to broadly screen the cohort for pathway enrichment in 
an unbiased manner. Subsequently, a number of bespoke gene sets were 
designed to test specific hypotheses. These custom gene sets contained genes 
previously identified as being differentially expressed between neural cell types. 
Gene sets were created for each of the following cell types: astrocytes, neurons, 
microglia, endothelia, oligodendrocyte precursor cells (OPC), newly formed 
oligodendrocytes (NFO), and myelinating oligodendrocytes (MO). These gene 

sets were obtained by selecting the top 500 genes upregulated in each cell type 
as reported in a publicly accessible murine neural RNA-Seq database (172). 
When searching this database, a minimum FPKM (a normalised measure of 
RNA-Seq read counts) threshold of 20 was used to eliminate genes with low 
counts. For neurons, astrocytes, microglia, and endothelia, upregulated gene lists 
were generated by contrasting a single cell type against all others in the 
database. As OPC, NFO and MO share the majority of their gene expression 
profiles upregulation for these cell types was determined by comparison of a 
single cell type versus all non-oligodendrocyte lineage cell types. Having 
obtained these murine gene lists, the bioDBnet database conversion tool 
(available at https://biodbnet-abcc.ncifcrf.gov/db/db2db.php) was used to identify 
homologous genes. Subsequently, genes without homologous counterparts were 
removed before the list was reduced to include only the top 150 genes in each 
cell type. Gene set enrichment analysis was carried out using the 
“GseaPreranked” function using default settings. As gene lists were submitted 
from RNA-Seq in gene symbol format, the setting to collapse the dataset to gene 
symbols was specified as false and the designated chip platform was set to gene 
symbol.  
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2.3 Methylation profiling 
 

2.3.1 The Infinium HumanMethylation450k BeadChip 
 
Illumina BeadChip methylation arrays were designed by adapting SNP 
genotyping chips for methylation detection in bisulphite converted genomic DNA 
(173). Originally covering 1,536 targeted CpG sites across the human genome, 
over multiple iterations these arrays have grown and in the most recently 
developed array encompass over 850,000 methylation sites (174). For my work I 
have used the Illumina Infinium HumanMethylation450k array, which covers 
485,764 sites and at the time was the highest depth array available (162). 
361,766 of these sites correspond to coding regions of the genome, and 
functionally 200,339 localise to the promoter, 150,212 to the gene body, and 
15,383 to the 3’ UTR. A full description including functional genomic distribution, 
CpG content, associated RNA transcript class, and chromosomal location are 
shown in Figure 2.5 (adapted from (162)). To assay whether specific sites are 
methylated or unmethylated the array exploits the principles underlying bisulphite 

conversion. This is a method by which DNA is exposed to sodium bisulphite ions, 
resulting in the chemical conversion of cytosine to uracil, which changes the DNA 
sequence. However, methylation protects against this conversion and so 
conserves the original sequence. For each site, the array includes two 
fluorescent Type I probes, with 3’ ends specific to the bisulphite converted and 
methyl-protected sequences respectively. After hybridization, the fluorescent 
intensity of these probes can then be scanned to give values for methylated and 
unmethylated variants of the target site, which are combined into an intensity 
ratio. An intensity ratio close to 0 indicates non-methylation while a ratio close to 
1 indicates the target is fully methylated. A value of ~0.5 indicates that one allele 
is methylated while the other is not. In addition to two Type I probes, a third Type 
II probe is included. The 3’ end of this probe is complementary to the base 
directly upstream of the methylation site. A single labelled A or G base is then 
added by base extension, revealing whether the site is methylated or 
unmethylated.  
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Figure 2.5. Description of the 450K DNA methylation array. A) Functional 
genomic distribution classified in different groups: promoter, body, 3’ UTR and 
intergenic. B) CpG content and neighbourhood context classified in: island, 
shore, shelf and other. C) Associated RNA transcription classified in: coding, non-
coding and intergenic. D) Chromosome location. Adapted from Sandoval et al.  
(162) 
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2.3.2 Extraction of DNA from formalin fixed paraffin 
embedded tissue 
 
DNA is substantially more stable than RNA, and significantly more robust against 
the stresses induced by the processing of formalin fixed paraffin embedded 
(FFPE) tissue. Therefore, given the relative abundance of FFPE tissue compared 
with fresh frozen, I decided to use this material for DNA studies. Prior to DNA 
extraction, whole unstained FFPE sections were microdissected to remove non-
tumour material. To facilitate this, a H&E stained section for each case was used 
to demarcate the areas containing tumour. Material that was outside of this 
marked area was scraped away using a scalpel blade. DNA was extracted, 

bisulphite converted and restored by the GOSH Haematology, Cellular and 
Molecular Diagnostic Service (HCMDS). Extraction was carried out using the 
Maxwell 16 FFPE Tissue LEV DNA Purification Kit in conjunction with the 
Maxwell 16 Instrument (Promega, USA), an automated platform for nucleic acid 
recovery from fresh and FFPE samples. This system uses “silica-clad 
paramagnetic particles” to bind DNA and through the use of magnetic fields 
manipulates these particles through pre-filled reagent cartridges to elute DNA in 
~30 minutes. For each case 5 x 10 μm sections were collected as rolls in an 
eppendorf, briefly centrifuged to concentrate material to the bottom of the tube, 
and then exposed to 20 μl Proteinase K solution and 180 μl incubation buffer 
before being incubated in a head block at 70°C overnight. 400 μl lysis buffer was 
then added, samples were briefly vortexed and placed into the Maxwell 16 
Instrument before automated processing according to the manufacturers Low 
Elution Volume FFPE protocol. 
 

2.3.3 Bisulphite conversion of DNA 
 
Following extraction, eluted DNA was bisulphite converted in preparation for 450k 
methylation analysis. The EZ DNA Methylation-Gold Kit (Zymo Research, USA), 
a single step denaturation and conversion kit, was used for bisulphite conversion 
of all samples. For each sample, 20 μl of DNA was placed into a 0.5 ml tube. 130 
μl CT Conversion Reagent solution was added and mixed by pipetting up and 
down before samples were placed in a thermocycler. Samples were incubated at 
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98°C for 10 minutes, followed by 64°C for 2.5 hours and then stored at 4°C for no 
longer than 20 hours. Next 600 μl M-Binding Buffer was added to Zymo-Spin IC 
Columns before the modified DNA samples were added. Columns were 
centrifuged at full speed for 30 seconds, discarding the flow-through. This step 
was repeated with 100 μl M-Wash Buffer, discarding the flow-through. 200 μl M-
Desulphonation Buffer was added to each column and allowed to stand at room 
temperature for 15-20 minutes before centrifugation at full speed for 30 seconds, 
addition of 200 μl M-Wash Buffer, and centrifugation at full speed for a further 30 
seconds. The spin columns were then removed and placed into 1.5 ml 
microcentrifuge tubes, 10 μl M-Elution Buffer was added directly onto the column 

matrix, and the sample was centrifuged at full speed for 30 seconds to elute 
DNA. Eluted DNA was then transferred into fresh 1.5 ml microcentrifuge tubes for 
storage at -20°C.  
 

2.3.4 Restoration of DNA 
 
While DNA survives tissue processing to FFPE, it undergoes significant 

degradation and base modification which can lead to inefficient amplification and 
poor performance in downstream applications. To address this, the Infinium 
FFPE DNA Restore Kit (Illumina, USA) was used to repair DNA samples to a 
quality suitable for amplification and downstream analysis. Firstly, 4-8 μl (up to 
250 ng) of sample DNA was added to individual wells in a Pre-Restore plate. 4 μl 
0.1M NaOH was then added to each well and the plate was incubated at room 
temperature for 10 minutes. 34 μl Primer Pre-Restore Reagent and 38 μl Amp 
Mix Restore Reagent were then added to each well and the plate was sealed with 
a cap mat before being inverted 10 times and centrifuged at 280 x g for 1 minute. 
The plate was then incubated at 37°C for 1 hour and centrifuged at 280 x g for 1 
minute. The cap mat was removed and 560 μl Zymo DNA Binding Buffer was 
added to each sample. Samples were mixed by pipetting up and down and then 
transferred to wells in a Zymo-Spin I-96 plate, which was then centrifuged at 
2250 x g for 2 minutes, discarding the flow-through.  600 μl Zymo Wash Buffer 
was added for each well and the plate was centrifuged at 2250 x g for 2 minutes, 
discarding the flow through. The plate was transferred onto a Restore plate and 
13 μl Elution Restore Buffer was applied to the column in each well. The plate 
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was incubated at room temperature for 5 minutes, subsequently undergoing 
centrifugation at 2250 x g for 1 minute to elute DNA into the Restore plate. The 
Restore plate was then sealed and incubated for 2 minutes at 95°C and 
immediately transferred to ice for 5 minutes before addition of 10 μl Convert 
Master Mix Reagent to each well. The Restore plate was sealed and vortexed at 
1600 rpm for 1 minute, then centrifuged at 280 x g for 1 minute and incubated at 
37°C for 1 hour. Following incubation, the Restore plate was again centrifuged at 
280 x g for 1 minute. 140 μl of Zymo DNA Binding Buffer was added to each 
sample well in the Restore plate and mixed by pipetting up and down before 
samples were transferred to a fresh Zymo Spin I-96 plate mounted on a collection 

plate. The plate was then centrifuged at 2250 x g for 2 minutes, discarding the 
flow-through. 600 μl Zymo Wash Buffer was added to each well and the plate 
was centrifuged again at 2250 x g for 2 minutes, discarding the flow-through. The 
Zymo Spin plate was transferred onto an MSA5 plate and 10 μl deionised water 
was added to each well before incubation at room temperature for 5 minutes. 
Finally, the plate was centrifuged at 2250 x g for 1 minute to elute the purified 
restored DNA. 
 

2.3.5 450k BeadChip procedure 
 
450k BeadChip assay was carried out by Mark Kristiansen of UCL Genomics. 
Processing was carried out in accordance with the Infinium HD Assay protocol 
(Illumina, USA). Briefly, in a well plate 500 ng of bisulphite converted DNA was 
whole genome amplified at 37°C for 20-24 hours, then fragmented at 37°C for 75 
minutes in a hybridisation oven. The DNA was then precipitated and re-
suspended in hybridisation buffer. Samples were hybridised onto the BeadChip 
using a liquid handling robot (Freedom Evon, Tecan Ltd, Switzerland) and 
incubated at 48°C for 16-24 hours. The amplified and fragmented DNA samples 
anneal to locus specific 50mers during hybridisation. Unhybridised and non-
specifically hybridised DNA was washed away and the BeadChip was prepared 
for staining and extension. Single base extension of the oligonucleotides on the 
BeadChip, using the captured DNA as a template, incorporates detectable labels 
on the BeadChip and determines the methylation level of the query CpG sites. 
The process of single base extension and staining was carried out using the 
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liquid handling robot. The staining procedure itself involved signal amplification by 
multi-layer histochemical staining. Finally, the BeadChips were scanned using an 
IScan scanner with an autoloader (Illumina, USA). 
 

2.3.6 Class discovery, differential methylation detection, 
and copy number analysis 
 

2.3.6.1 Quality control and pre-processing of raw BeadChip data 
 
Once the BeadChip had been scanned the data were output in the form of two 
.idat files for each sample, corresponding to the red and green fluorescent colour 
channels used to measure probe activity. For downstream analysis of these raw 
files I used the R packages minfi, ConsensusClusterPlus, missMethyl, and 
conumee (163,164,170). Firstly, the raw data were loaded into minfi to carry out 
basic quality control. The first step of this process was to remove samples for 
which a significant proportion of probes had failed to hybridise. Examples of 
common cut-offs for an acceptable proportion of failed probes vary in the 
literature, thus this limit is fairly arbitrary. For my samples, I chose an upper limit 
of 10% probe failure before excluding samples. I chose this due to the diffuse 
nature of these tumours, predicting that they would have relatively weak 
methylation profiles and thus be difficult to distinguish against the statistical noise 
generated by samples with higher probe failure rates. Methylation values were 
then normalised using subset-quantile within array normalisation (SWAN)(175). 
This is a method that attempts to correct an inherent technical bias between Type 

I and Type II probes while conserving a high proportion of biological variability. 
Next, I filtered out probes that were associated with X and Y chromosomes such 
that patient gender would not influence clustering of cases according to their 
methylation profile. Additionally, I removed probes that are known to have 
mismatching or overlapping targets, those with a minor allele frequency greater 
than 5%, and those probes that failed in more than 20% of samples across the 
entire cohort. Lists of mismatching probes and those with minor allele frequency 
greater than 5% were kindly provided by Ed Schwalbe of Newcastle University. 
Having pre-processed the data in this way, I used multidimensional scaling to 
visualise sample variability and identify outliers. 
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2.3.6.2 Classification using the Heidelberg DKFZ classification 
algorithm 
 
Researchers at the German Cancer Research Center (DKFZ) in Heidelberg have 
recently developed a machine learning algorithm for the classification of brain 
tumours (unpublished at the time of writing). Briefly, this algorithm uses a 
“random forest” decision process to compare and contrast samples against a 
database of 2664 training samples, each with expertly reviewed diagnoses, 
across a range of brain tumour types. This random forest is composed of 10,000 
CpG sites chosen due to their variable methylation states across brain tumours. 
For each site, the algorithm queries the methylation status in the sample of 

interest and then compares this to the status within all diagnoses in the training 
set. This process is repeated over all 10,000 sites and a score is generated 
reflecting, for each diagnosis, how often the methylation status matches. This 
results in the output of a suggested diagnosis corresponding to the tumour group 
with which a sample shares the most features. Additionally, a confidence statistic 
between 0 and 1 is produced, representing the statistical power of the diagnosis. 
Having been offered access to this algorithm, I decided to utilise it to test samples 
within my methylation cohort prior to further analysis. This offered two 
advantages. Firstly, the training cohort had been built from samples that were 
assigned a diagnosis based on expert histopathological examination. Because of 
this, I would be able to see how closely my cohort matched those that were 
diagnosed in another centre, giving a broad picture of inter-observer variability. 
Secondly, any samples that classified strongly with a diagnosis not fitting the 
spectrum of low-grade paediatric tumours could be identified and flagged for 
further investigation as outliers. Samples were QC’d as above, however for use 
with the classifier algorithm data were prepared using the Illumina pre-processing 
function included in the minfi package. Subsequently, a calibrated prediction and 
confidence score were generated for each sample. On the advice of the algorithm 
authors, samples were considered to have failed classification if their confidence 
statistic was lower than 0.9. 
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2.3.6.3 Class discovery by consensus clustering of methylation 
profiles 
 
As with RNA sequencing data, I used the R package ConsensusClusterPlus to 
perform hierarchical clustering on methylation data to classify cases into groups. 
First, the beta values for all probes in each sample were extracted and the top 
10,000 most variable probes across the cohort by median absolute deviation 
were selected. ConsensusClusterPlus was then used as previously described. 
Briefly, clustering was run over 10,000 iterations using the “Ward” hierarchical 
clustering method on Euclidian distance.  
 

2.3.6.4 Identification of differentially methylated probes and gene 
set enrichment analysis 
 
For all comparisons, lists of differentially methylated probes were generated 
using the dmpfinder function of the minfi R package. Probes were then sorted by 
p-value and those with a false discovery adjusted p-value (q-value) lower than 
0.1 were selected. These were then submitted to the gometh function in the 

missMethyl R package for analysis against GO ontology and KEGG pathway 
databases. gometh is a modified version of the goseq method for gene set 
analysis in expression data. Gene set analysis on methylation array data is prone 
to bias due to the variable number of CpGs mapping to individual genes. Genes 
with more CpGs are more likely to report CpGs that are significantly differentially 
methylated and so the method is biased towards these genes. The gometh 
function seeks to correct this bias by adjusting for the number of CpGs 
associated with each gene, calculating the probability of the gene being flagged 
by chance based on this number. 
 

2.3.6.5 Copy number analysis from 450k methylation data 
 
Illumina 450kBeadChip arrays are based on a system of fluorescent probes that 
hybridise to methylated and unmethylated sequences throughout the genome. 
For each bound probe, a quantifiable amount of fluorescent signal is produced. 
Because of this, it is possible to quantify the relative abundance of probe target 
sequences. To achieve this, the unmethylated and methylated probe signals for 
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each genomic site are combined to give a total quantitative value for hybridised 
DNA. These values are normalised for samples across and between arrays using 
the built-in control probes on the arrays, to give comparable values. 
Subsequently, samples can be compared against wild type controls to determine 
copy number for each probe. Data from probes within close proximity to one 
another are then collated to reduce technical variability and allow meaningful 
segmentation of the data. These data are then mapped back onto the genome 
according to probe location, allowing copy number analysis at both large 
(chromosomal) and small (individual gene) scales. Copy number analysis was 
carried out using the conumee R package using default settings, after Illumina 

pre-processing with background signal correction.  
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2.4 Additional molecular techniques 
 
In order to validate and explore hypotheses and results generated by in silico 
techniques previously described, a number of in vitro assays were utilised as 
follows.  
 

2.4.1 Tagged-amplicon deep sequencing (TAm-Seq) 
based mutation screening 
 
Tagged-amplicon deep sequencing (TAm-Seq) was developed in 2012 as a 
highly sensitive method for identifying rare mutations in circulating cell-free DNA, 
found at very low concentrations in the blood plasma of cancer patients (176). 
Broadly, primers are used to generate amplicons covering regions of interest. A 
pre-amplification step then captures all starting material covered by the amplicon 
template before an individual amplification step to purify out selected targets prior 
to sequencing. TAm-Seq was carried out by Alice Gutteridge and Tim Forshew at 
the UCL Cancer Institute. Primers were designed to specifically target CTNNB1 

exon 3, BRAF-V600, H3.1, H3.3, IDH1, and IDH2 mutation hotspots. Sequencing 
was carried out using an adapted protocol based on Weaver et al. (177). After 
pre-amplification and individual amplification rounds, the amplicons produced 
consisted of the genomic regions of interest flanked by adapter sequences, a 5’ 
barcode specific to each sample, and Illumina adapter sequences complimentary 
to the sequencing flow cell. Samples were pooled and purified before sequencing 
on an Illumina MiSeq. Sequencing reads were aligned to the human genome 
using the BWA-MEM function of the Burrows-Wheeler Alignment Tool (178). 
Variants were detected using the mpileup2snp function in VarScan (179), with a 
minimum variant allele frequency of 0.05%. Regions were considered to have 
failed if fewer than 100 reads could be observed using the bam-readcount 
function. Variants were considered valid if present in duplicate sequencing 
reactions with at least 50 reads in the variant allele. 
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2.4.2 Copy number analysis by fluorescent in-situ 
hybridisation 
 
Fluorescent in situ hybridisation against MYCN was carried out by Dilys Addy and 
Nicola Austin of GOSH HCMDS according to a standard protocol and using a 
Kreatech MYCN (2p24) / AFF3 (2q11) probe (Leica Biosystems, Germany). 
Briefly, slides were de-waxed in a 60°C oven for 1 hour before two 5 minute 
washes in xylene. They were then washed three times in decreasing ethanol 
grades (100%, 85%, 70%) for 2 minutes each before a 2 minute wash in water. 
Slides were then placed in 2x SSC solution (Thermo Fisher, USA) in a 70°C 
water bath for 1 hour before being transferred back to water for three 2 minute 

wastes. Slides were then placed on a hotplate at 37°C for 20 minutes before 
three 2 minute washes in distilled water. Slides were washed three times in 
increasing ethanol grades (70%, 85%, 100%) for 2 minutes each and allowed to 
air dry. The MYCN probe was allowed to reach room temperature, mixed briefly 
in a vortex mixer and centrifuged at 13,000 rpm for 3 seconds in a 
microcentrifuge. The probe was then pipetted onto the slide and a cover slip was 
applied. The edges of the cover slip were sealed with Fixogum rubber cement 
before the slide was placed on a ThermoBrite slide processing system (Abbott 
Molecular, USA) at 37°C to allow the cement to try. Denaturation and 
hybridisation were then run automatically on the ThermoBrite. Following 
hybridisation, slides were removed from the ThermoBrite before the rubber 
cement and cover slips were removed. Slides were then placed in 0.4x SSC + 
0.3% Tween20 wash solution for 2 minutes at 65°C. After washing, slides were 
placed in 1x PBD buffer (QBiogene, USA) and left to stand for 2 minutes before 
washing in 2x SSC solution for 5 minutes. Slides were then washed 3 times in 
increasing ethanol grades (70%, 85%, 100%) for 2 minutes each and allowed to 
air dry. DAPI was pipetted onto the hybridised area of the slide and a cover clip 
was applied. The cover slip was sealed with clear nail varnish before the slide 
was analysed using a fluorescent microscope. Slides were analysed at 100x 

magnification by two independent cytogeneticists, beginning at separate edges of 
the section and working inwards. A minimum of 200 interphase nuclei were 
scored for each slide.  
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2.4.3 Copy number analysis by qPCR 
 
In addition to copy number analysis by 450k methylation data, samples were 
analysed by qPCR to investigate specifically the copy number state of FGFR1. 
This method relies on equal concentrations of DNA being aliquoted for each 
sample in the analysis. The sequence of interest is amplified alongside a 
reference sequence (most commonly TERT or RPPH1), which in theory should 
have a wild type copy number. Additionally, known wild type samples are 
assayed as a negative control. Non-template controls (with no genomic DNA 
included) are also included to control against false positives, for example from 
external contamination. The primers used to amplify target and reference 

sequence are fluorescently tagged, providing a quantifiable signal for the quantity 
of each sequence as amplification progresses through PCR cycles. Once the 
fluorescent signal for each sequence has passed a specified threshold (for 
example, exceeding background signal) the number of cycles required to reach 
that point is recorded. This is known as the Ct value. The Ct values of the 
reference and target sequences can then be compared to infer the copy number 
status of the target. Broadly, targets with Ct values lower than the reference can 
be inferred to possess a higher copy number, as fewer cycles were required to 
amplify the starting sequence past the threshold. Alternatively, a Ct value higher 
than the reference may indicate a reduced copy number.  
 
Copy number analysis was carried out using a TaqMan Copy Number Assay Kit 
(Thermo Fisher Scientific, USA). Probes Hs02882334cn and Hs00152672cn 
were used to assay FGFR1 exons 12 and 3 respectively. Because TERT is 
frequently mutated in a number of cancers, RPPH1 was used as a reference 
assay (180). DNA was extracted as previously described using the Maxwell 16 
FFPE Tissue LEV DNA Purification Kit in conjunction with the Maxwell 16 
Instrument (Promega, USA). Once extracted, DNA for all samples was diluted to 
5 ng/μl and verified by analysis on a NanoDrop 1000 spectrophotometer (Thermo 

Fisher Scientific, USA). Three readings were taken for each sample and the 
average was calculated to give a final value for concentration. Samples were 
then prepared according to the TaqMan Copy Number Assay Protocol for 96 well 
plates. Briefly, for each target sequence in each sample 4 μl DNA was pipetted 
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into each of 4 replicate wells in a 96 well plate. 1 μl each of the target and 
reference assays was added to each well. Subsequently, 4 μl nuclease free 
water and 10 μl TaqMan Genotyping Master Mix was added to each well giving a 
combined reaction volume per well of 20 μl. the 96 well place was then sealed 
with optical adhesive film and centrifuged at 1000 rpm for 30 seconds before 
manual inspection to ensure uniform volume across wells. Plates were then 
loaded into an Applied Biosystems 7500 Fast Real-Time PCR System (Thermo 
Fisher Scientific, USA) and run for absolute quantification using the following 
parameters: 
 

Stage Temperature Time 
Hold 95°C 10 min 

Cycle  
(40 Cycles) 

95°C 15 sec 
60°C 60 sec 

 
After processing, Ct values were generated for each well from the PCR system 
and output as a spreadsheet. These data were loaded into CopyCaller Software 
v2.0 (Thermo Fisher Scientific, USA) for copy number estimation. To control 
against technical variation, one control was run in four replicates per plate across 
all plates (total 16 wells). This sample was used to calibrate the analysis. 
Furthermore, wells with Ct values below 4 and above 40 were excluded. 
 

2.4.4 Mutation screening by target capture DNA 
sequencing 
 
To screen the status of a number of cancer-related genes in a subset of 
glioneuronal tumours I used target capture DNA sequencing on gene panel 
recently developed at the Institute of Cancer Research, London. This was carried 
out by Elisa Izquierdo Delgado. The panel covered 78 genes either recurrently 
altered in paediatric cancers or clinically actionable (see Appendix). For this 

panel, a library of customised NimbleGen biotinylated DNA probes (Roche, 
Switzerland) was designed to capture a total of 311kb for the detection of single 
nucleotide variants, short indels, copy number variants, and structural 
rearrangements.  
 



	 77	

For each sample 5 x 10 μm sections were cut and mounted on uncoated slides. 
An additional H&E stained section was prepared and the areas containing tumour 
tissue were marked up by an experienced neuropathologist (Thomas Jacques) 
before being sent away for analysis. Sections were dissected to isolate marked 
areas before DNA extraction DNA extraction was performed using a QIAamp 
DNA FFPE Tissue Kit (Qiagen, USA) according to manufacturer’s instructions. 
Extracted DNA was quantified using a Qubit dsDNA High Sensitivity Assay Kit 
with the Qubit 2.0 fluorometer (Thermo Fisher Scientific, USA). Quality control 
was carried out using a TapeStation 2200 plus Genomic DNA Analysis 
ScreenTape (Agilent Technologies, USA) to determine the degree of 

fragmentation of genomic DNA prior to library preparation. 
 
If available, 200-400 ng of DNA was used for library preparation using the KAPA 
Hyper and HyperPlus Kits and SeqCap EZ adapters (Roche, Switzerland). 
Following fragmentation, DNA was end-repaired, A-tailed and ligated with 
indexed adapters. DNA was then amplified. For samples where 200 ng was 
available 6 PCR cycles were carried out, in contrast to 10 cycles for samples with 
lower amounts. Samples were multiplexed and hybridised twice overnight on 
consecutive days using 1 μg of total pre-capture library DNA to DNA baits 
targetting each of the 78 genes in the panel. Following hybridisation, unbound 
capture baits were washed away and the remaining hybridised DNA was 
amplified with 11 PCR cycles. PCR products were purified using Agencourt 
AMPure XP beads (Beckman Coulter, USA) and quantified using the KAPA 
Quantification Q-PCR Kit (Roche, Switzerland). Sequencing was then performed 
using MiSeq v3 reagents on a MiSeq desktop sequencer (Illumina, USA) 
according to manufacturer’s instructions. Following sequencing, primary analysis 
was performed using MiSeq Reporter Software v2.5.1 (Illumina, USA). Nucleotide 
sequences and base quality scores were generated in FASTQ format. 
Sequences were aligned against the Hg19 human reference genome to generate 
BAM and variant call (VCF) files. Secondary analysis was carried out using an in 

house Molecular Diagnostics Information Management System to generate QC, 
variant annotation, data visualisation, and clinical reports. All potential mutations, 
structural variants, and CNVs were visualised using the Broad Institute’s 
Integrative Genomics Viewer. 
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2.4.5 Immunohistochemistry 
 
In order to identify diagnostic markers that could help distinguish between tumour 
types, and to validate hypotheses generated by in silico analyses, I used 
immunohistochemistry to assay targets in exemplar cases from each tumour 
group. Immunohistochemical assays were carried out against CCND1, CSPG4, 
FGFR3, PS6, P4EBP1, PDGFRA, and β-catenin (Table 2.1). 
 

Target Manufacturer Catalog 
No. Dilution Epitope 

Retrieval Control 

CCND1 CellMarque 241R 1/40 HIER30 
ER1 

Mantle Cell 
Lymphoma 

PDGFRα Santa Cruz sc-338 1/200 HIER30 
ER2 

GI Stromal 
Tumour 

CSPG4 Atlas HPA002951 1/100 HIER20 
ER1 Bowel 

FGFR3 Santa Cruz sc-13121 1/50 HIER20 
ER1 Tonsil 

pS6 Cell Signalling 2211 1/50 HIER30 
ER2 

Cortical 
Dysplasia 

p4EBP1 Cell Signalling 2855 1/200 HIER30 
ER2 

Cortical 
Dysplasia 

β-catenin DAKO M3539 1/100 HIER20 
ER1 

Desmoid 
Fibromatosis 

 
Table 2.1. Immuohistochemical targets 
 
All immunohistochemical assays were performed using a Leica Bond-Max 

autostainer (Leica Microsystems, Germany) to ensure consistency and 
reproducibility across slides. For all assays, the Protocol F pre-programmed 
procedure was used. Briefly, slides were de-paraffinised in Bond Dewax Solution 
at 72°C for 30 minutes before subsequent washes in absolute alcohol and 
Bond™ Wash Solution at room temperature for 5 minutes each. Antigen retrieval 
was then performed in the manner listed above for each target. After application 
of Bond Epitope Retrieval Solution at pH 6 (ER1) or pH 9 (ER2), sections were 
heated to 95°C for 20 (HIER20) or 30 (HIER30) minutes to facilitate antigen 
retrieval. Following antigen retrieval, slides were washed in Bond Wash Solution 
at 35°C for 3 minutes and blocked with 3-4% hydrogen peroxide at room 
temperature for 5 minutes. 150 μl primary antibody was then applied to each 
section and incubated at room temperature for 15 minutes before washing with 
Bond Wash Solution with a Post Primary Solution at room temperature for 8 
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minutes. After another wash with Bond Wash Solution, Bond Polymer Solution 
was applied and the slides were incubated at room temperature for a further 8 
minutes. Bond Polymer Solution contains polymeric horseradish peroxidase 
linked antibody conjugates that bind to the primary antibody. The slides were 
then washed in Bond Wash Solution and incubated with a Mixed DAB Refine 
Solution at room temperature for 10 minutes to visualise immunoreactivity, before 
washing in distilled water and counterstaining with Mayer’s haematoxylin for 5 
minutes. Finally, sections were dehydrated in graded alcohol (70%, 95%, 100%), 
cleared in xylene, and cover-slipped. Immunohistochemistry against CCND1 and 
PDGFRα were carried out by UCL Advanced Diagnostics, using a Leica Bond-III 

autostainer and Protocol F pre-programmed procedure. 
 
Immunoreactivity against all targets was analysed under a microscope with the 
assistance of an experienced neuropathologist (Thomas Jacques). Slides were 
then scanned using a Leica Aperio LV1 slide scanner (Leica Biosystems, 
Germany) and images were taken using the accompanying Aperio ImageScope 
software.  
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3. Results 
 

3.1 Histological review of archival samples 
 

3.1.1 Cohort characteristics and histology 
 
From a cohort of 111 archival cases highlighted by a database search, 99 were 
identified as cortical glioneuronal tumours upon reviewing the histology with an 
experienced neuropathologist (Thomas Jacques). The remaining 12 consisted of 
unrelated tumours flagged in my database search for having the term 
“glioneuronal” in the comments of their pathology report. After histological review, 
the most common glioneuronal tumours according to the review diagnoses in my 
cohort were ganglioglioma (44/99 – 44%) and DNET (18/99 – 18%). However, I 
found a notable proportion could not be definitively diagnosed as either entity. I 
classified these as “glioneuronal tumours not otherwise specified” (GNT NOS), 
and they constituted 37% (37/99) of the cohort.  Notably, even in those tumours 
that could be diagnosed as either ganglioglioma or DNET, there was a large 
amount of variability in their histology. 27% (12/44) of ganglioglioma and 22% 
(4/18) of DNET possessed atypical features. These were features that did not fit 
within the current WHO classification for each tumour type. Examples of cases 
with atypical features included one ganglioglioma with features focally mimicking 
DNET architecture and two DNETs with microvascular proliferation and a 
prominent astrocytic component, respectively. Focal pleomorphism or other 
anaplastic changes were also sufficient to classify tumours as atypical, as such 

changes are infrequent in these generally indolent tumours. Furthermore, all GNT 
NOS were considered atypical, as their features did not sufficiently support a 
more specific diagnosis. Summary data for the histological features of the cohort 
of glioneuronal tumours are shown in Table 3.1 (n = 98). For one case of DNET, 
a number of diagnostic slides could not be retrieved and so this case is excluded 
from the summary data.  
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3.1.2 Presence of residual tumour on postoperative MRI 
is the only factor that associates with seizure outcome 
 
In order to investigate seizure outcome in glioneuronal tumours, I decided to 
retrieve seizure follow up data and analyse these for associations with factors 
previously reported to correlate with seizure freedom. I achieved this with the 
assistance of Angus Keeley. In total, follow up data were available for 69 patients 
(32 GG 14 DNET, 23 GNT NOS) (Table 3.2). 60 (87%) patients presented with 
epilepsy and had seizure follow up data available (25 GG, 13 DNET, 22 GNT 
NOS). Mean follow up duration was 25.3 months (1-96 months). Mean age at 
seizure onset was 55.8 months (3-188 months) for ganglioglioma, 78 months (24-

268 months) for DNET, and 41.1 (0.5-180 months) for GNT NOS. When 
assessed by ANOVA, there was no significant difference in age at seizure onset 
between the three groups (ANOVA F = 2.226, p = 0.117). Postoperatively, there 
was no significant difference in seizure freedom at 1 year or last follow up across 
the three histological categories. 16/25 (64%) ganglioglioma were seizure free at 
1 year, compared to 7/13 (54%) of DNET and 12/22 (54%) GNT NOS. At last 
follow up 15/25 (60%) ganglioglioma were seizure free, compared to 6/13 (46%) 
DNET and 12/22 (54%) GNT NOS. In total 35/60 (58%) patients were seizure 
free one year postoperatively. This fell to 33/60 (55%) at last follow up.  
 
The following features were also analysed against seizure freedom at 1 year 
postoperatively and last follow up: seizure duration prior to surgery, age at first 
seizure, age at surgery, and the presence of residual tumour on postoperative 
MRI. With the exception of residual tumour, I found no significant association 
between any factor at 1 year of last follow up. I identified a significant association 
between the presence of residual tumour and seizure outcome at 1 year (p = 
0.046) (Fig. 3.1). Residual tumour was associated with a poorer rate of seizure 
freedom at 1 year postoperatively. 13/27 (48%) patients with residual tumour 
were seizure free compared to 17/27 (63%) patients without residual tumour. 

However, when assayed against seizure outcome at last follow up this 
association did not retain significance. 
 
 
 



	 82	

Histological Features Ganglioglioma 
(n = 43) DNET (n = 18) GNT NOS  

(n = 37) 
Specific Glioneuronal 

Element 0% (0/43) 89% (16/18) 0% (0/37) 

Floating Neurons 2% (1/43) 72% (13/18) 11% (4/37) 
Dysplastic Neurons 100% (43/43) 0% (0/18) 13% (5/37) 

Anaplasia 5% (2/43) 5% (1/18) 0% (0/37) 
Oligodendrocyte-like Cells 26% (11/43) 94% (17/18) 43% (16/37) 

Neoplastic Astrocytic 
Component 98% (42/43) 11% (2/18) 59% (22/37) 

Calcification 60% (26/43) 22% (4/18) 40% (15/37) 
Necrosis 0% (0/43) 0% (0/18) 0% (0/37) 

Microvascular 
Proliferation 9% (4/43) 11% (2/18) 3% (1/37) 

Rosenthal Fibres 19% (8/43) 0% (0/18) 3% (1/37) 
Eosinophilic Granular 

Bodies 49% (21/43) 0% (0/18) 3% (1/37) 

Inflammation 51% (22/43) 0% (0/18) 19% (7/37) 
Extravascular CD34+  

(n = 76) 80% (28/35) 23% (3/13) 82% (23/28) 

Cortical Dysplasia (n = 59) 16% (4/25) 0% (0/9) 12% (3/25) 
 
Table 3.1. Histological features of glioneuronal tumours. Summary data 
representing the histological review of 98 glioneuronal tumours. 
 

Clinical Features Ganglioglio
ma DNET GNT NOS 

Gender (n = 69) 19M/13F 6M/8F 11M/12F 
Presented with Seizures 

(n = 69) 25/32 13/14 22/23 

Age 1st Seizure (n = 60) 56 (3-188)  
(n = 26) 

78 (24-168)  
(n = 13) 

24 (0.5-180)  
(n = 21) 

Age Surgery (n = 62) 118 (20-201)  
(n = 26) 

130 (41-188)  
(n = 13) 

101 (17-212)  
(n = 23) 

Seizure Duration  
(n = 59) 

68 (8-162)  
(n = 25) 

52 (1-146)  
(n = 13) 

61 (5-165)  
(n = 21) 

Residual Post-op 
Tumour (n = 55) 9/23 7/12 12/20 

Seizure Free at 1 Year  
(n = 60) 16/25 7/13 12/22 

Seizure Free at Last 
Follow Up (n = 60) 15/25 6/13 12/22 

 
Table 3.2. Clinical features of glioneuronal tumours. Summary data 
representing the clinical features for patients presenting with a glioneuronal 
tumour. Due to inconsistency of available data on a per patient basis, data for 
each of the features listed should be considered mutually exclusive.
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Figure 3.1. Residual tumour associates with seizure freedom at 1 year. Chi-
square with Fisher’s exact test found no significant associations between 4/5 
factors tested and seizure outcome at one year postoperatively. The presence of 
residual tumour on postoperative MRI was the only factor that was predictive of 
seizure outcome at 1 year. 17/27 (63%) patients without residual postoperative 
tumour were seizure free at 1 year compared to 13/27 (48%) patients with 
residual postoperative tumour (p = 0.046).  
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3.1.2.1 Discussion 
 
I reviewed the histology for 99 glioneuronal tumours. I found that ganglioglioma 
and DNET were the most common entities among all archival glioneuronal 
tumours. However, a striking number of these cases displayed atypical features 
not well encompassed by WHO diagnostic criteria. Additionally, 37/99 tumours 
could not confidently be assigned a specific diagnosis and were designated as 
GNT NOS. This histological variability is highlighted in the summary data of Table 
3.1, illustrating a lack of consistency in the features observed in these tumours. 
This absence of histological consistency may contribute in part to the variable 
incidences of these ganglioglioma and DNET between institutions, as reviewed in 
Thom et al. (32). Additionally, this may help to explain why Horbinski et al. 
reported an inter-observer agreement rate of only 55% between 7 expert 
reviewers when differentiating histologically difficult ganglioglioma from infiltrative 
glioma (133). Taken together, these findings highlight the limited use of 
histological diagnosis in cortical glioneuronal tumours, and the need for more 
robust diagnostic criteria and molecular identifiers. 

 
Seizure history and follow up data were available for 60 patients who had 
presented with epilepsy in my cohort. While not statistically significant, it is 
interesting to note that that tumours designated as GNT NOS presented with 
seizures significantly earlier than either ganglioglioma or DNET. The importance 
of this is unclear. By definition, tumours that were designated as GNT NOS are 
more histologically difficult due to less informative histology. In extreme cases, 
they may resemble relatively normal cortex with subtle tumour infiltration. One 
possibility is that these are precursors or immature variants of either 
ganglioglioma or DNET that have not yet had time to develop distinctive structural 
features. This may also explain why they seem to occur in younger patients when 
compared to ganglioglioma or DNET. As seizures are the most common 
presenting symptom of glioneuronal tumours, it’s possible that patients with 
asymptomatic GNT NOS may live long enough for those tumours to develop 
mature ganglioglioma or DNET features before symptoms arise and the tumour is 
detected.  
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A number of factors have been variably reported to associate with seizure 
outcome in ganglioglioma and DNET (95,129,130). I tested the hypothesis that 
seizure freedom was predicted by diagnosis, seizure duration prior to surgery, 
age at first seizure, age at surgery, and the presence of residual tumour on 
postoperative MRI. Of these factors, only the presence of residual tumour on 
postoperative MRI showed a significant association and correlated with worse 
outcome. However, it should be noted that this association was not seen at last 
follow up. Additionally, this impact was small and a large proportion of children 
without residual tumour were still experiencing seizures at 1 year postoperatively. 
This suggests that residual tumour is not responsible for recurrent seizures in 

many cases. Interestingly, in one study late seizure recurrence was observed 
after a seizure free period of 8 years with no evidence of tumour recurrence 
(181). In general tumours are electrically inert, and some researchers suggest the 
peri-tumoural cortex to be the seizure foci for brain tumours (182). Notably, 
glioneuronal tumours are variably associated with focal cortical dysplasia, a 
common structural cause of epilepsy (115,183). Unfortunately, in my cohort the 
presence of cortical dysplasia could not be assessed for a large proportion of 
cases. Of the 60 patients presenting with seizures, only 39 could be assessed for 
cortical dysplasia, often with suboptimal histology. Of these, only 7 cases had 
confirmed abnormalities in the surrounding cortex. However, routine surgical 
resection at GOSH does not include resection of the surrounding tissue for these 
tumours.  
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3.2 RNA Sequencing 
 

3.2.1 Glioneuronal tumours cluster into two broad 
groups, which only partially reflect histology 
 
To investigate their expression profiles, total RNA was extracted from 45 
glioneuronal tumours (21 GG, 9 DNET, 13 GNT NOS, 1 anaplastic GG, 1 
desmoplastic GG). After quality control to remove samples with a RIN lower than 
4, and the exclusion of the two anaplastic and desmoplastic infantile 
ganglioglioma as probable outliers, 33 glioneuronal tumours (14 GG, 8 DNET, 11 
GNT NOS) remained. The average RIN of these samples was 6.3 (4-7.9) These 
33 were submitted to UCL Genomics for sequencing, alongside 7 control 
samples of pathology free temporal neocortex from patients with hippocampal 
sclerosis (HS).  
 
Working under the hypothesis that their histology may not be a reliable reflection 
of the underlying tumour biology, I decided to use a consensus clustering 

approach to classify tumours in a manner blinded to their histological diagnosis. 
Prior to this, I decided to attempt to purify the cohort such that samples with 
similar profiles to controls were excluded. I decided this due to the fact that I had 
been unable to directly observe the tumour content of tissue from which RNA was 
extracted, and had experienced significant difficulty in judging this from 
cryosections taken from adjacent tissue due to extensive freeze-thaw artefacts. 
My rationale here was that I could use unsupervised consensus clustering to 
separate the cohort into two preliminary groups: one containing samples with 
high tumour content, and one containing controls and cases with sparse or 
absent tumour content (Figs 3.2 & 3.3). The cases that clustered with controls (n 
= 14) in this initial step were then removed as I hypothesised they did not contain 
enough tumour material to distinguish them adequately from controls. 
Additionally, due to originating from tumour burdened brain they did not meet the 
criteria to be considered useful as controls, and may have contained small 
amounts of tumour that could confound the sensitivity of subsequent tumour-
control comparisons.  
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Of the 14 cases excluded at this point 10 (71%) had previously been scored by 
their cryosection as having a tumour content of 1-2. These scores represented 
absence of tumour or the presence of only small amounts of diffuse tumour, 
respectively. The remaining 4 excluded samples corresponded to one tumour 
content score of 3 and three scores of 4, representing evidence of focal or 
widespread tumour had been observed on their corresponding cryosections 
respectively. 
 
The 19 samples that were retained (7 GG, 6 DNET, 6 GNT NOS) in subsequent 
analyses consisted of 15 (79%) that were previously scored as 4 for cryosection 

tumour content. The remaining 4 corresponded to one score of 1, two scores of 
2, and one score of 3. The average RIN of retained samples was 6.1 (4-7.9).  
 
The retained 19 samples were re-clustered using consensus clustering, for which 
the most stable configuration, as assessed by downwards inflection of the delta 
area plot, represented three groups (Fig. 3.4). One group consisted of controls 
while the remaining two consisted predominantly of ganglioglioma and DNET, 
respectively. Group 1 was made up of 5 GG and 5 GNT NOS (n = 10), while 
Group 2 represented 6 DNET, 2 GG, and 1 GNT NOS (n = 9). For simplicity, I 
shall refer to these groups as RNA Group 1 and RNA Group 2. To visualise the 
clustering of these groups, I used principal component analysis. This is a method 
by which a large number of variables, in this case whole transcriptome data, can 
be condensed into a few “principal components” and projected in 2D or 3D 
space. These components represent the factors that account for the largest 
amount of variability between samples. Figure 3.5 shows this principal 
component plot, with clear separation between RNA Group 1, RNA Group 2, and 
control clusters. 
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Sample Histology RIN Tum. 
Content RNA-Seq 1st 

Cluster 
2nd 

Cluster 
GNT21 GG 4.0 4 � Tumour RNA 1 
GNT41 GG 5.7 2 � Tumour RNA 1 
GNT45 GG 5.7 4 � Tumour RNA 1 
GNT51 GG 5.7 4 � Tumour RNA 1 
GNT15 GG 7.9 4 � Tumour RNA 1 
GNT19 GNT NOS 5.2 1 � Tumour RNA 1 
GNT40 GNT NOS 5.5 4 � Tumour RNA 1 
GNT44 GNT NOS 5.8 2 � Tumour RNA 1 
GNT47 GNT NOS 7.2 4 � Tumour RNA 1 
GNT52 GNT NOS 7.7 3 � Tumour RNA 1 
GNT43 DNET 4.1 4 � Tumour RNA 2 
GNT10 DNET 4.8 4 � Tumour RNA 2 
GNT32 DNET 4.9 4 � Tumour RNA 2 
GNT37 DNET 6.1 4 � Tumour RNA 2 
GNT38 DNET 7.4 4 � Tumour RNA 2 
GNT24 DNET 7.8 4 � Tumour RNA 2 
GNT30 GG 6.3 4 � Tumour RNA 2 
GNT36 GG 6.4 4 � Tumour RNA 2 
GNT28 GNT NOS 7.0 4 � Tumour RNA 2 
GNT31 DNET 7.4 1 � Weak N/A 
GNT84 DNET 7.6 3 � Weak N/A 
GNT42 GG 5.1 1 � Weak N/A 
GNT04 GG 5.1 2 � Weak N/A 
GNT27 GG 6.3 1 � Weak N/A 
GNT76 GG 6.6 1 � Weak N/A 
GNT54 GG 7.1 1 � Weak N/A 
GNT74 GG 7.2 1 � Weak N/A 
GNT89 GG 7.8 4 � Weak N/A 
GNT63 GNT NOS 5.2 4 � Weak N/A 
GNT50 GNT NOS 5.6 1 � Weak N/A 
GNT87 GNT NOS 6.8 2 � Weak N/A 
GNT90 GNT NOS 6.8 4 � Weak N/A 
GNT85 GNT NOS 7.1 2 � Weak N/A 
GNT91 Anaplastic GG 8.3 4 x N/A N/A 
GNT92 Desmoplastic GG 2.4 4 x N/A N/A 
GNT62 DNET 2.6 4 x N/A N/A 
GNT69 GG 2.7 4 x N/A N/A 
GNT71 GG 0.0 4 x N/A N/A 
GNT35 GG 2.6 4 x N/A N/A 
GNT86 GG 2.3 4 x N/A N/A 
GNT49 GG 2.7 4 x N/A N/A 
GNT53 GG 3.1 4 x N/A N/A 
GNT82 GG 3.7 4 x N/A N/A 
GNT93 GNT NOS 3.1 3 x N/A N/A 
GNT88 GNT NOS 3 2 x N/A N/A 

Table 3.3. RNA sequencing quality control and clustering summary data. 
Summary quality control and clustering data for all cases from which RNA was 
extracted. RIN = RNA Integrity Number. In 1st Cluster column “Weak” refers to 
those tumours whose profiles could not be separated from controls. 
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Figure 3.2. Consensus clustering of the cohort into tumour and control clusters.  After tumours with a frozen section tumour 
score of 1-2 were removed, I clustered the remaining samples into two groups to separate tumours with robust profiles from 
controls and those with weak tumour content. From 33 samples, 19 clustered away from the controls and were retained in the 
analysis (A). Histological categories are colour coded below the heatmap: green = control, red = GG, blue = DNET, yellow = GNT 
NOS. The delta area plot (B) indicates the amount of additional variability explained by further subdivision of the cohort into an 
increasing number of groups (k). A downward trend is visible after k = 2, suggesting the strongest clustering solution represents 
two groups (control and tumour) within the current dataset. 
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Figure 3.3. Principal component analysis of quality control clustering.  
Principal component analysis shows a clear separation between the cluster 
representing robust tumour (red) and the cluster consisting of controls and 
samples with weak profiles (green).  
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Figure 3.4. Consensus clustering of the refined tumour cohort. 19 tumours and 7 controls were re-clustered by consensus 
clustering into three groups, 1 control plus 2 tumour groups (A). RNA Group 1 (n = 10) consisted of 5 ganglioglioma and 5 GNT 
NOS. RNA Group 2 (n = 9) consisted of 6 DNET, 2 ganglioglioma, and 1 GNT NOS. Histological categories are colour coded 
below the heatmap: green = control, red = GG, blue = DNET, yellow = GNT NOS. The delta area plot (B) shows a downward trend 
after k = 3, indicating little additional variability is explained by subdivision into further groups, suggesting the most robust 
clustering solution represents three groups within the dataset.  
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Figure 3.5. Principal component analysis of the refined tumour cohort. 
Three groups were identified by consensus clustering. These were one control 
group (green) and two tumour groups. RNA groups 1 (red) and 2 (blue) separate 
cleanly from the control group. The two groups also separate from one another, 
with the exception of two cases.  
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3.2.1.1 Discussion 
 
To investigate gene expression differences between glioneuronal tumours I 
decided to use consensus clustering to ignore current histological classifications 
and classify tumours according to their underlying transcriptomic profiles. From 
the 45 tumours I started with, 26 did not pass quality control. From the 19 
tumours that passed quality control, I was able to identify two distinct groups. 
Group 1 was consisted of 5 GG and 5 GNT NOS, while Group 2 represented 6 
DNET, 2 GG, and 1 GNT NOS.  From this, it is evident that Group 1 favoured 
tumours with a ganglioglioma-like histology while Group 2 favoured those with 
DNET-like features. Despite this, each group represented a mixture of 
histological types. Thus, these data suggest that while not completely inaccurate, 
the classification of cases as performed by histological review does not 
adequately represent the underlying biology of these cases. To my knowledge, 
this is the first time this approach has been used for glioneuronal tumours and the 
first data to draw such a conclusion. 
 

One particularly interesting aspect of this clustering result is that GNT NOS were 
shown to cluster with more histologically mature cases. This firstly suggests that 
these cases do not represent an as yet unidentified distinct entity, as if this were 
the case one might expect them to cluster away from the other glioneuronal 
tumours. Secondly, these data highlight the fact that these histologically non-
specific cases have a strong enough expression profile that they can be classified 
at this level. This in itself raises the question: why do GNT NOS not share the 
histological features of ganglioglioma and DNET cases with similar expression 
profiles? One possible explanation for this could be due to differences between 
the FFPE tissue used to review the histology and the archival frozen tissue from 
which RNA was extracted. For some cases, the FFPE tissue I reviewed may 
have been from a less developed or representative region of tumour than its 
frozen counterpart. While I took steps to monitor tumour content within the frozen 
material prior to extraction the tissue was very frequently in an unacceptable 
condition for histological features to be observed, and tumour content was 
estimated by nuclear density and morphology. To support this, the reverse seems 
to have been true for a number of cases that were excluded following the first 
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clustering for quality control. In these cases, the frozen material seems to have 
represented peri-tumoural tissue or tissue with very infrequent tumour cells, 
which resulted in co-clustering with control cases. This was in contrast to the 
corresponding FFPE tissue. 
 
The clustering I have shown indicates that glioneuronal tumours form separate 
entities when compared to one another and control temporal cortex. However, a 
key limitation of these data is that it does not include comparisons to other low-
grade tumour types. Therefore, these results alone do not conclusively show that 
the groups found by this approach are distinct from existing tumour entities. In 

particular, there is some possibility that DNET-like Group 2 tumours may overlap 
with other tumours possessing an oligodendroglial phenotype, as suggested by 
one recent publication (80). 
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3.2.2 Identification of differentially expressed genes 
 
Although consensus clustering and principal component analysis are useful tools 
for detecting broad variability within samples, to understand these differences it is 
necessary to look at variability on the individual gene level. To achieve this, I 
used the DESeq2 R package to test for differentially expressed genes in three 
comparisons: RNA Group 1 vs controls, RNA Group 2 vs controls, and RNA 
Group 1 vs Group 2. 
 
For the RNA Group 1 versus control comparison, differential expression analysis 
identified 8882 genes that were differentially expressed at a p-value < 0.05. 

DESeq2 accounts for false discovery by providing an adjusted p-value, called a 
q-value, according to the Benjamini-Hochberg adjustment. For this I chose a 
threshold of 0.1 for significance, where 10% of significant results are expected to 
be false positives. After correcting for false discovery, 8432 differentially 
expressed genes remained significant. 
 
For the RNA Group 2 versus control comparison, 8785 genes were initially 
identified at a p-value < 0.05. After false discovery adjustment, 8319 differentially 
expressed genes remained significant. Finally, for the RNA Group 1 versus 
Group 2 comparison, 5976 genes were initially identified at a p-value < 0.05. 
After false discovery adjustment, 4354 differentially expressed genes remained 
significant. For each comparison, the top 30 differentially expressed genes 
ranked by q-value are shown in tables 3.4, 3.5 and 3.6. 
 
 
 
 
  
 
 
 
 
 
 
 
 
 

Comparison DEGs DEGs FDR 
RNA Group 1 versus Control 8882 8432 
RNA Group 2 versus Control 8785 8319 
RNA Group 1 versus Group 2 5976 4354 
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Gene 
Symbol Mean 

Log Fold 
Change q-value 

LAMB2 2009.216751 2.22068887 1.43E-31 
C1QTNF1 892.5187625 3.984298917 9.60E-28 
TAGLN2 1938.011561 1.810880962 2.13E-25 
SLC43A3 236.1682253 2.134809893 1.46E-24 
TFCP2L1 292.8359826 4.57118352 1.77E-23 
METTL7B 1770.055472 5.287785852 4.45E-23 
CDKN2A 441.0147009 4.745743347 1.82E-22 
CCDC80 720.7666321 2.871613865 5.78E-22 
PIEZO2 144.4271197 -4.014122165 1.34E-21 
PLXNB2 2946.23616 1.748762519 3.34E-21 

LFNG 1793.80386 3.545210395 3.84E-21 
ARHGEF26 854.788631 1.973504028 4.09E-20 
SPATA18 168.3007521 3.834340183 1.02E-19 

MLC1 11328.74426 2.125969035 1.02E-19 
ALDH1L1 2549.233972 2.54380923 4.52E-19 
PBXIP1 6808.337133 2.344956143 5.77E-19 

SLC5A11 237.0243174 -4.383597348 1.67E-18 
EYA2 285.5072545 2.430014394 1.95E-18 
LRP2 206.2580242 -4.461883687 2.06E-18 

FKBP10 1482.797771 2.42819537 6.56E-18 
IRX3 24.75191921 4.215305038 6.56E-18 

METTL7A 3008.378048 1.559497693 7.86E-18 
THBS4 1334.374809 2.795418619 1.96E-17 
RAB13 758.0182965 1.872567457 1.96E-17 
TRIP6 1149.363859 1.988874636 1.96E-17 
VIM 11065.23527 2.574614017 2.13E-17 

RHOC 2511.7623 1.948277603 2.15E-17 
KCNMB1 95.09003178 3.098089113 4.14E-17 
S100A16 1902.253355 2.041066272 4.64E-17 

G0S2 127.1737667 2.875570379 6.40E-17 
 
Table 3.4. Top 30 differentially expressed genes in the RNA Group 1 versus 
Control comparison. Mean = mean expression level as normalised transcript 
counts across all samples and controls. Log Fold Change = log2 transformation of 
the fold change between RNA Group 1 and Controls. Positive fold change 
indicates higher expression in RNA Group 1 tumours. q-value = false discovery 
adjusted p-value. 
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Gene 
Symbol Mean 

Log Fold 
Change q-value 

SULF2 3731.095301 3.004653572 7.90E-73 
BMP7 1634.792543 2.163905057 4.59E-67 
BLM 504.9155608 3.108863743 2.15E-58 

CMYA5 894.5338714 3.436145293 8.96E-38 
ALDH1A3 606.1413084 4.554178599 1.04E-36 

THBS4 2805.255052 4.062465786 1.55E-34 
FGFR1 2589.773122 2.124817665 8.63E-34 

PHLDA1 2804.146813 2.802709906 4.60E-33 
CSPG4 3412.747977 3.461313339 3.29E-32 
PLAT 943.2914424 2.803547265 4.85E-31 
TIMP4 675.0445453 4.53832756 8.63E-30 
SPRY4 2037.779132 3.842593745 6.55E-27 
SFRP4 251.257448 3.413598447 4.56E-25 
MYT1 1175.84406 3.818086245 1.85E-24 
PYGL 642.4345645 3.17519288 2.41E-24 

LHFPL3 2519.745396 3.551210601 4.53E-24 
ZNF219 769.733836 1.8940577 1.11E-22 

FAM171A1 1285.615014 -1.350536393 1.45E-22 
SLC43A3 306.4393743 2.662984203 1.45E-22 
CMTM3 640.2210183 2.719346928 2.34E-22 

INSC 98.93588307 5.310212417 2.46E-22 
TRIB2 2107.229109 2.444108857 4.73E-22 

TMEM133 156.1811625 2.63509497 3.50E-21 
RBMS1 360.3460943 1.617571804 3.53E-21 

C16orf70 318.6477653 -1.415741507 1.48E-20 
C1QL1 1853.845173 2.951107537 1.98E-20 

MEIS3P1 241.9105906 1.520057977 2.25E-20 
CHST11 1291.128667 2.183151638 3.09E-20 

ARHGAP31 800.7260616 2.201927902 3.14E-20 
DRAM1 153.8334586 2.240804681 9.35E-20 

 
Table 3.5. Top 30 differentially expressed genes in the RNA Group 2 versus 
Control comparison. Mean = mean expression level as normalised transcript 
counts across all samples and controls. Log Fold Change = log2 transformation of 
the fold change between RNA Group 2 and Controls. Positive fold change 
indicates higher expression in RNA Group 2 tumours. q-value = false discovery 
adjusted p-value. 
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Gene 
Symbol Mean 

Log Fold 
Change q-value 

COL9A3 2546.894136 2.952937955 9.31E-20 
SULF2 4003.525787 2.422817576 1.88E-19 
MYT1 1210.025946 3.195063686 5.15E-17 
BEST3 158.873811 2.708619605 1.39E-16 
FGFR3 5748.274524 -2.596413284 8.63E-16 
C1QL1 1989.874923 2.393254346 3.49E-15 
INSC 100.4075023 3.881100105 3.51E-15 

MEGF11 903.3921528 2.738419691 8.61E-15 
SOX10 2748.055689 2.636171248 1.55E-14 

ZNF385A 2416.922735 -1.812173874 8.81E-14 
ERBB3 1584.537912 2.517436332 2.11E-13 
TDRD6 155.6778812 1.979437956 2.92E-13 
ROBO3 1053.76275 -1.743359524 4.39E-13 
CSPG4 3728.306513 2.442664576 4.39E-13 
SNX22 4564.880255 3.030718671 4.72E-13 

TMPRSS9 282.6263894 3.291223184 7.35E-13 
WFS1 1593.657177 -1.630772955 1.83E-12 
FGFR1 3223.187538 1.184414937 1.84E-12 
PCSK4 140.1876358 -1.881982645 1.87E-12 
LHFPL3 2600.91438 2.941578843 1.87E-12 
TRIM62 542.2871796 2.032716983 2.56E-12 
CDH19 271.5505836 3.957724261 4.38E-12 
PYGM 1131.003297 -3.020319571 5.36E-12 
DDIT4L 133.9060681 -3.214990327 5.36E-12 
C6orf15 32.80013762 -4.203354541 5.90E-12 

CYP2A13 65.45069419 4.062584599 9.92E-12 
ASB5 66.56046657 3.400200752 9.92E-12 

ENTPD2 845.389336 -2.237310504 2.02E-11 
GJA1 7654.460811 -2.480314507 3.60E-11 

CYP4F11 175.9229816 -1.934863025 3.60E-11 
 
Table 3.6. Top 30 differentially expressed genes in the Group 1 versus 
Group 2 comparison. Mean = mean expression level as normalised transcript 
counts across all samples and controls. Log Fold Change = log2 transformation of 
the fold change between RNA Group 1 and Group 2. Negative fold change 
indicates higher expression in RNA Group 1, positive indicates higher expression 
in RNA Group 2. q-value = false discovery adjusted p-value. 
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3.2.3 Ingenuity Pathway Analysis 
  
As a first step in interrogating the differential expression data, I used Ingenuity 
Pathway Analysis (IPA). This is a Java-based data mining tool for analysing large 
gene lists against a curated database, allowing functional analysis, grouping of 
genes according to their ontology, and the identification of enriched pathways 
and potential upstream regulators. Additionally, a key feature of IPA is its ability 
to construct annotated networks of interacting genes present within the 
expression data. I used this tool to analyse the data generated by the following 
three comparisons: RNA Group 1 versus control, RNA Group 2 versus control, 
and RNA Group 1 versus Group 2.  
 

3.2.3.1 RNA Group 1 versus control 
 
After removing genes for which false discovery adjusted p-values (q-values) 
could not be generated due to a lack of variance across samples, 20838 
remained and were uploaded to IPA. Of these, 18967 could be mapped to the 
database. 7793 of these mapped genes fell below the previously applied 0.1 q-
value cut-off for differential expression and were run on the analysis. From the 
core analysis, the most enriched ontological category within the differentially 
expressed gene set consisted of molecules associated with cancer, represented 
by 6481 molecules. Other disease relevant categories included “cell morphology”, 
“cell death and survival”, “cellular assembly and organisation”, “cellular function 
and maintenance”, “neurological disease”, and “cellular growth and proliferation” 

(Table 3.7). The most enriched disease state within the dataset was also cancer, 
represented by 6442 genes. Other disease states enriched in the top 5, ranked 
by p-value, were “malignant solid tumour”, “tumorigenesis of tissue”, “epithelial 
cancer”, and “non-melanoma solid tumour” (Table 3.8). A number of canonical 
pathways were enriched within the dataset. Ranked by p-value, the top 5 of these 
were “EIF2 singalling”, “mTOR signalling”, “axonal guidance signalling”, 
“regulation of eIF4 and p70S6K signalling”, and “p70S6K signalling” (Table 3.9). 
Upstream regulator analysis identified a number of potential regulators that could 
contribute to this pattern of gene expression. Ranked by p-value, the top 5 of 
these were TCF7L2, SMARCA4, TP53, HDAC4, and MYC (Table 3.10). 
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Gene network analysis generated 25 non-overlapping networks of highly 
connected genes present within the dataset. Table 3.11 lists the hub genes, 
network scores, and top functions for each of these networks. The top ranked 
network is shown in Figure 3.6. 
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Table 3.7. RNA Group 1 versus control functional categories. Top 15 
functional categories enriched within the RNA Group 1 versus control 
comparison. “No. Molecules” represents the number of molecules within the 7793 
analysed genes corresponding to each category.  
 

 
Table 3.8. RNA Group 1 versus control disease categories. Top 15 disease 
categories enriched within the RNA Group 1 versus control comparison. “No. 
Molecules” represents the number of molecules within the 7793 analysed genes 
corresponding to each category. 
 
 
 
 
 

Category No. Molecules p-value 
Cancer 6481 4.44E-146 - 1.46E-05 

Organismal Injury & Abnormalities 6685 4.44E-146 - 1.46E-05 
Gastrointestinal Disease 5599 1.06E-98 - 1.45E-05 
Hepatic System Disease 2772 4.94E-42 - 3.14E-39 

Dermatological Diseases & Conditions 3642 9.60E-38 - 1.03E-05 
Cell Morphology 1641 1.37E-33 - 1.41E-05 

Reproductive System Disease 3183 1.38E-33 - 1.04E-06 
Cell Death & Survival 2023 1.33E-31 - 1.46E-05 

Cellular Assembly & Organisation 1054 2.27E-29 - 1.00E-05 
Cellular Function & Maintenance 1760 2.27E-29 - 1.40E-05 

Neurological Disease 2095 1.81E-26 - 1.36E-05 
Cellular Growth & Proliferation 2302 1.41E-21 - 1.28E-05 

Organismal Survival 1452 3.52E-21 - 1.76E-06 
Cellular Movement 1272 7.82E-21 - 6.87E-06 
Hereditary Disorder 881 5.01E-20 - 3.58E-06 

Disease No. Molecules z-score p-value 
Cancer 6442 0.366 4.44-E-146 

Malignant Solid Tumour 6385 0.309 3.46E-140 
Tumorigenesis of Tissue 5921 0.022 4.24E-122 

Epithelial Cancer 5843 0.293 6.94E-121 
Non-melanoma Solid Tumour 5962 0.868 1.13E-120 
Neoplasia of Epithelial Tissue 5865 0.016 1.23E-119 

Abdominal Neoplasm 5816 -1.003 5.44E-111 
Abdominal Cancer 5760 -0.651 4.80E-110 
Adenocarcinoma 5251 -1.104 7.13E-105 

Digestive System Cancer 5402 -0.574 1.06E-98 
Digestive Organ Tumour 5451 -1.25 1.31E-97 

Intestinal Carcinoma 4259 0.247 2.85E-84 
Gastrointestinal Carcinoma 4459 0.721 1.87E-83 
Large Intestine Carcinoma 4244 -0.048 5.64E-83 

Large Intestine Adenocarcinoma 4205 -0.896 3.55E-82 
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Table 3.9. RNA Group 1 versus control canonical pathways. Top 30 
canonical pathways enriched within the RNA Group 1 versus control comparison, 
ranked by –log10 of the p-value. “Ratio” represents the proportion of genes within 
the pathway present within the 7793 analysed genes. 
 
 
 
 
 
 
 
 

Ingenuity Canonical Pathways -log 
(p-value) Ratio z-score 

EIF2 Signalling 13.8 0.591 4.217 
mTOR Signalling 12 0.586 0.717 

Axonal Guidance Signalling 10.9 0.492 N/A 
Regulation of eIF4 and p70S6K Signalling 10.4 0.596 0.632 

p70S6K Signalling 10.2 0.618 1.376 
G Beta Gamma Signalling 9.05 0.659 -1.336 

CXCR4 Signalling 8.75 0.567 -0.333 
CREB Signalling in Neurons 8.4 0.549 -2.753 

Role of NFAT in Cardiac Hypertrophy 8.37 0.545 -1.818 
Synaptic Long Term Depression 8.15 0.572 0.549 

Breast Cancer Regulation by Stathmin1 7.92 0.532 N/A 
Leukocyte Extravasation Signalling 7.92 0.529 N/A 

Thrombin Signalling 7.72 0.53 0.726 
Endothelin-1 Signalling 7.69 0.538 1.508 

Role of NFAT in Regulation of the Immune 
Response 7.44 0.536 2.619 

α-Adrenergic Signalling 7.37 0.628 -0.152 
Huntington's Disease Signalling 7.34 0.508 -1.481 

Signalling by Rho Family GTPases 7.18 0.504 -1.386 
Dopamine-DARPP32 Feedback in cAMP 

Signalling 7.13 0.543 -3.928 

14-3-3-mediated Signalling 6.79 0.562 -1.387 
IL-8 Signalling 6.56 0.515 1.65 

Tec Kinase Signalling 6.39 0.527 1.324 
Renin-Angiotensin Signalling 6.34 0.563 -2.216 

Antigen Presentation Pathway 6.19 0.737 N/A 
P2Y Purigenic Receptor Signalling Pathway 6.05 0.545 -1.213 

Sphingosine-1-phosphate Signalling 6.03 0.553 0.372 
Gαq Signalling 6 0.525 -0.338 

NF-κB Activation by Viruses 5.89 0.593 -1.414 
Gap Junction Signalling 5.86 0.518 N/A 

PI3K/AKT Signalling 5.86 0.548 1.291 
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Table 3.10. RNA Group 1 versus control upstream regulators. Top 30 
upstream regulators predicted to be differentially activated in the RNA Group 1 
versus control comparison. “Expr Log Ratio” represents the relative expression 
log2 fold change of the regulator, if present within the 7793 genes analysed. 
Where calculated, activation z-score represents whether the expression pattern 
of downstream targets reflects activation or inhibition of the upstream regulator. 
The overlap p-value represents the overlap between genes regulated by each 
regulator, and those in the 7793 analysed. 
 
 

Upstream 
Regulator 

Expr Log 
Ratio 

Activation z-
score 

p-value of 
overlap 

TCF7L2 1.402 -8.057 1.99E-15 
SMARCA4 -0.286 3.964 1.14E-08 

TP53 1.312 5.103 7.63E-08 
HDAC4 -0.272 -1.056 0.00000163 

MYC 0.928 -0.115 0.0000504 
SPDEF -0.037 -2.902 0.000212 
BRD7 -0.379 1.348 0.000242 
PURA 0.238 -0 0.000381 
TP63 1.189 0.469 0.000444 

NR3C1 -0.294 1.911 0.000528 
NFE2L2 -0.138 -3.634 0.000957 

SPI1 1.209 1.939 0.00118 
FOXA1 N/A -0.843 0.00131 
MECP2 -0.314 -2.98 0.00136 

IRF1 0.662 2.27 0.0015 
PML 0.473 -1.188 0.00161 

DMTF1 -0.402 1.501 0.00194 
PLSCR1 0.73 0 0.00194 

NFIA 1.191 -0.565 0.00194 
SP1 0.151 1.308 0.00207 

EP300 -0.297 1.64 0.00244 
SMARCD3 0.206 2.111 0.00308 
NOTCH3 1.321 2.356 0.00327 
KDM5B -0.438 0.836 0.00383 
YAP1 1.211 1.915 0.00475 

NOTCH1 0.628 1.381 0.00475 
CTNNB1 -0.298 3.387 0.00494 

RFX5 0.284 N/A 0.00602 
SATB1 -0.517 -0.986 0.0065 

T -0.507 2.111 0.00671 
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Network Hub Genes Score Focus 
Genes Enriched Functions 

1 TP53 15 35 Cell Cycle, DNA Replication 
2 MYC 15 35 Amino Acid Metabolism, Small Molecule Biochemistry 
3 CCND1 15 35 Embryonic Development, Organismal Development 
4 AR 15 35 Cardiovascular Disease, Organismal Injury and Abnormalities 
5 CDKN2A 15 35 Cell-To-Cell Signalling and Interaction, Cellular Movement 
6 SMARCA4 15 35 Hereditary Disorder, Immunological Disease 
7 PUSF1, SOX1, SOX2 15 35 Embryonic Development, Organismal Development 
8 PPARA 15 35 Energy Production, Lipid Metabolism 
9 TP63 15 35 Cellular Response to Therapeutics, Cellular Assembly and Organization 

10 STAT5A, CBX5 15 35 Cellular Assembly and Organization, Neurological Disease 
11 HNF4A 15 35 Carbohydrate Metabolism, Cardiovascular Disease 
12 THRB 15 35 Cellular Compromise, Cellular Function and Maintenance 
13 NANOG 15 35 Cellular Growth and Proliferation, Embryonic Development 
14 TCF7L2 15 35 Neurological Disease, Nervous System Development and Function 
15 NUPR1 15 35 Cancer, Connective Tissue Disorders 
16 XBP1 15 35 Infectious Diseases, Small Molecule Biochemistry 
17 ESRRA 15 35 Cell Death and Survival, Cellular Compromise 
18 CEBPA 13 34 Cardiovascular Disease, Cell Death and Survival 
19 EGFR 13 34 Cellular Movement, Cellular Assembly and Organization 
20 REL 13 34 Cancer, Organismal Injury and Abnormalities 
21 Histone H4 13 34 Neurological Disease, Organismal Injury and Abnormalities 
22 DICER1, SRA1 13 34 Cardiovascular System Development and Function 

23 HDAC4 13 34 Cell-To-Cell Signalling and Interaction, Hematological System Development 
and Function 

24 TCF3 13 34 Cell Morphology, Hematopoiesis 
25 RORA 13 34 Small Molecule Biochemistry, Drug Metabolism 

Table 3.11. RNA Group 1 versus control network summary. Hub genes represent the most interconnected genes within the 
network. Red = gene up-regulated in comparison, blue = down-regulated, grey = mixed up/down-regulation or N/A. Networks are 
ranked by score, which represents the –log10 of the p-value. Focus genes represent the number of genes in the network (n = 35) 
present within the list of 7793 
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Figure 3.6. Top ranked network for the RNA Group 1 versus control 
comparison. Each symbol denotes an individual gene. Arrows indicate 
interactions between genes. Red = gene is up-regulated in RNA Group 1, blue = 
gene is up-regulated in control. For figures of all generated networks see 
Appendix. 
	

3.2.3.2 RNA Group 2 versus control 
 
After removing genes for which q-values could not be generated due to a lack of 
variance across samples, 21185 remained and were uploaded to IPA. Of these, 
19237 could be mapped to the database. 7743 of these mapped genes fell below 
the previously applied 0.1 q-value cut-off for differential expression and were run 
on the analysis. From the core analysis, the most enriched ontological category 
consisted of molecules associated with cancer, represented by 6547 molecules. 
Other disease relevant categories included “cell morphology”, “cellular assembly 
and organisation”, “cellular function and maintenance”, “cellular growth and 
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proliferation”, “nervous system development and function”, “neurological 
disease”, and “tissue morphology” (Table 3.12). The most enriched disease state 
within the dataset was also cancer, represented by 6497 genes. Other disease 
states enriched within the top 5, ranked by p-value, were “malignant solid 
tumour”, “tumorigenesis of tissue”, “epithelial cancer”, and “neoplasia of epithelial 
tissue” (Table 3.13). A number of canonical pathways were enriched within the 
dataset. Ranked by p-value, the top 5 of these were “axonal guidance signalling”, 
“IL-8 signalling”, “molecular mechanisms of cancer”, “signalling by Rho family 
GTPases”, and “breast cancer regulation by Stathmin1” (Table 3.14). Upstream 
regulator analysis identified a number of potential regulators that could contribute 

to this pattern of gene expression. Ranked by p-value, the top 5 of these were 
SMARCA4, TP53, NR3C1, HDAC4, and TCF7L2 (Table 3.15).  

 
Gene network analysis generated 25 non-overlapping networks of highly 
connected genes present within the dataset. Table 3.16 lists the hub genes, 
network scores, and top functions for each of these networks. The top ranked 
network is shown in Figure 3.7. 
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Table 3.12. RNA Group 2 versus control functional categories. Top 15 
functional categories enriched within the RNA Group 2 versus control 
comparison. “No. Molecules” represents the number of molecules within the 7743 
analysed genes corresponding to each category.  
 

 
Table 3.13. RNA Group 2 versus control disease categories. Top 15 disease 
categories enriched within the RNA Group 2 versus control comparison. “No. 
Molecules” represents the number of molecules within the 7743 analysed genes 
corresponding to each category. 
 
 

Category No. Molecules p-value 
Cancer 6547 6.20E-177 - 1.50E-08 

Organismal Injury & Abnormalities 6744 6.20E-177 - 1.50E-08 
Gastrointestinal Disease 5715 2.72E-126 - 6.31E-09 

Dermatological Diseases & 
Conditions 3920 3.53E-53 - 1.90E-10 

Cell Morphology 1612 4.53E-52 - 1.12E-08 
Hepatic System Disease 2795 4.76E-47 - 7.83E-41 

Cellular Assembly & Organisation 1132 8.42E-47 - 1.61E-08 
Cellular Function & Maintenance 1821 8.42E-47 - 1.61E-08 

Cellular Movement 1377 7.96E-42 - 1.42E-08 
Cellular Growth & Proliferation 2425 1.82E-40 - 1.12E-08 

Nervous System Development & 
Function 1288 7.49E-36 - 1.12E-08 

Reproductive System Disease 3220 1.63E-35 - 6.12E-09 
Neurological Disease 2150 8.13E-34 - 1.55E-08 
Organismal Survival 1615 9.85E-34 - 1.62E-10 
Tissue Morphology 1694 2.27E-33 - 1.44E-08 

Disease No. Molecules z-score p-value 
Cancer 6497 1.002 6.20E-177 

Malignant Solid Tumour 6454 0.149 9.82E-177 
Tumorigenesis of Tissue 5993 -0.674 4.66E-152 

Epithelial Cancer 5918 -0.409 2.92E-151 
Neoplasia of Epithelial Tissue 5943 -0.63 2.95E-151 
Non-melanoma Solid Tumour 6033 -0.014 1.94E-150 

Abdominal Neoplasm 5882 -1.133 1.23E-136 
Abdominal Cancer 5826 -1.748 3.13E-135 
Adenocarcinoma 5319 -1.702 7.40E-128 

Digestive Organ Tumour 5536 -1.912 2.72E-126 
Digestive System Cancer 5480 -1.915 6.29E-125 

Gastrointestinal Carcinoma 4551 -0.19 2.69E-109 
Intestinal Carcinoma 4337 -0.427 5.00E-106 

Large Intestine Carcinoma 4322 -0.766 1.47E-104 
Large Intestine Adenocarcinoma 4274 -0.896 3.73E-101 
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Table 3.14.  RNA Group 2 versus control canonical pathways. Top 30 
canonical pathways enriched within the RNA Group 2 versus control comparison, 
ranked by –log10 of the p-value. “Ratio” represents the proportion of genes within 
the pathway present within the 7743 analysed genes. 
 
 
 
 
 
 
 

Ingenuity Canonical Pathways -log(p-
value) Ratio z-score 

Axonal Guidance Signalling 17.9 0.539 N/A 
IL-8 Signalling 12.9 0.597 2.395 

Molecular Mechanisms of Cancer 12.6 0.522 N/A 
Signalling by Rho Family GTPases 12.6 0.565 -1.017 

Breast Cancer Regulation by Stathmin1 11.5 0.576 N/A 
CXCR4 Signalling 11.5 0.604 0.431 

Hepatic Fibrosis / Hepatic Stellate Cell 
Activation 11.3 0.588 N/A 

Tec Kinase Signalling 10.8 0.592 2.012 
Endothelin-1 Signalling 10.5 0.575 0.878 

Colorectal Cancer Metastasis Signalling 10.5 0.543 1.533 
Thrombin Signalling 10.4 0.564 0.1 

Production of Nitric Oxide and Reactive Oxygen 
Species in Macrophages 10 0.565 2.804 

Germ Cell-Sertoli Cell Junction Signalling 9.79 0.576 N/A 
Protein Kinase A Signalling 9.55 0.492 -1.414 
14-3-3-mediated Signalling 9.49 0.608 -2.496 

RhoGDI Signalling 9.37 0.57 0.113 
p70S6K Signalling 9.27 0.603 1.179 

Role of NFAT in Cardiac Hypertrophy 9.17 0.555 -2.289 
G Beta Gamma Signalling 9.07 0.659 -0.135 

Nitric Oxide Signalling in the Cardiovascular 
System 8.74 0.616 -1.588 

Sertoli Cell-Sertoli Cell Junction Signalling 8.68 0.556 N/A 
NF-κB Activation by Viruses 8.49 0.651 -1.753 

ILK Signalling 8.33 0.541 1.818 
Leukocyte Extravasation Signalling 8.3 0.533 N/A 

Phospholipase C Signalling 8.05 0.519 1.51 
Gαq Signalling 7.88 0.556 -0.549 

Role of Macrophages, Fibroblasts and 
Endothelial Cells in Rheumatoid Arthritis 7.87 0.494 N/A 

Cholecystokinin/Gastrin-mediated Signalling 7.84 0.614 -1.016 
Sphingosine-1-phosphate Signalling 7.73 0.585 -0.12 

Renin-Angiotensin Signalling 7.66 0.588 -1.344 
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Table 3.15. RNA Group 2 versus control upstream regulators. Top 30 
upstream regulators predicted to be differentially activated in the RNA Group 2 
versus control comparison. “Expr Log Ratio” represents the relative expression 
log2 fold change of the regulator, if present within the 7743 genes analysed. 
Where calculated, activation z-score represents whether the expression pattern 
of downstream targets reflects activation or inhibition of the upstream regulator. 
The overlap p-value represents the overlap between genes regulated by each 
regulator, and those in the 7743 analysed. 
 
 
 
 
 

Upstream 
Regulator 

Expr Log 
Ratio 

Activation z-
score 

p-value of 
overlap 

SMARCA4 -0.094 4 3.84E-16 
TP53 0.992 3.871 2.93E-10 

NR3C1 0.094 2.705 3.67E-10 
HDAC4 0.104 -0.253 1.1E-09 
TCF7L2 1.314 -6.724 1.29E-09 

SP1 0.244 2.003 3.91E-08 
NOTCH1 0.996 0.599 0.000000597 
POU4F1 -1.832 0.076 0.00000141 
CREBBP 0.277 0.231 0.00000156 

SP3 0.274 2.041 0.00000512 
SOX11 2.021 -0.552 0.0000111 
PGR 1.205 2.509 0.0000154 
MYC 1.589 0.958 0.0000168 
HTT -0.164 3.476 0.0000168 

SPDEF -0.848 -4.134 0.0000242 
STAT1 0.93 5.208 0.0000356 
ZNF217 1.03 0.577 0.0000533 

AHR 0.917 -3.45 0.000105 
TP63 1.557 0.147 0.000139 

EP300 0.12 1.48 0.000162 
FOXA1 N/A -1.59 0.000165 

ID3 0.6 0.343 0.000169 
IKZF1 0.583 -4.21 0.000173 
ERG 1.259 2.411 0.000211 

NOTCH4 1.781 2.215 0.000216 
TRIM24 0.79 -4.664 0.000231 

JUN 0.532 0.844 0.000246 
SPI1 1.037 1.435 0.000308 
ISL1 N/A 0.489 0.000315 

CTNNB1 0.189 2.618 0.000316 
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Network Hub Genes Score Focus 
Genes Enriched Functions 

1 TP53 15 35 Carbohydrate Metabolism, Nucleic Acid Metabolism 
2 MYC 15 35 Amino Acid Metabolism, Small Molecule Biochemistry 
3 CCND1 15 35 Connective Tissue Disorders, Developmental Disorder 
4 CDKN2A 15 35 Connective Tissue Development and Function, Connective Tissue Disorders 

5 KDM5A, RB1 15 35 Skeletal and Muscular System Development and Function, Hereditary 
Disorder 

6 HIF1A 15 35 Cardiovascular System Development and Function, Organismal 
Development 

7 TP63 15 35 Cell-To-Cell Signalling and Interaction, Cellular Movement 
8 STAT5A, CBX5 15 35 Cardiovascular Disease, Connective Tissue Disorders 
9 GMNN, SOX1, SOX3, KLF4 15 35 Embryonic Development, Organismal Development 

10 EZH2 15 35 Neurological Disease, Organismal Injury and Abnormalities 
11 AHR 15 35 Carbohydrate Metabolism, Drug Metabolism 
12 HNF4A 15 35 Metabolic Disease, Auditory Disease 
13 RARA 15 35 Cardiovascular Disease, Developmental Disorder 
14 SPI1 15 35 Cellular Development, Connective Tissue Development and Function 
15 THRB 15 35 Cellular Assembly and Organization, Cellular Function and Maintenance 
16 NANOG 15 35 Cellular Development, Cellular Growth and Proliferation 
17 RORA, RORC 15 35 Drug Metabolism, Lipid Metabolism 
18 TCF7L2 15 35 Neurological Disease, Cellular Development 
19 CRX 15 35 Cellular Function and Maintenance, Organ Development 
20 PSEN1 15 35 Cellular Function and Maintenance, Molecular Transport 
21 PKN1 15 35 Cell Death and Survival, Cellular Compromise 
22 SLC27A1 15 35 Lipid Metabolism, Molecular Transport 
23 PAX7, CREM 15 35 DNA Replication, Recombination, and Repair, Lipid Metabolism 
24 CUL1 15 35 Cell Morphology, Cellular Movement 
25 HR 15 35 Organismal Injury and Abnormalities, Cell Morphology 

Table 3.16. RNA Group 2 versus control network summary. Hub genes represent the most interconnected genes within the 
network. Red = gene up-regulated in comparison, blue = down-regulated, grey = mixed up/down-regulation or N/A. Networks are 
ranked by score, which represents the –log10 of the p-value. Focus genes represent the number of genes in the network (n = 35) 
present within the list of 7743 analysed. 
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Figure 3.7. Top ranked network for the RNA Group 2 versus control 
comparison. Each symbol denotes an individual gene. Arrows indicate 
interactions between genes. Red = gene is up-regulated in RNA Group 2, blue = 
gene is up-regulated in control. For figures of all generated networks see 
Appendix. 
	
	

3.2.3.3 RNA Group 1 versus Group 2 
 
After removing genes for which q-values could not be generated due to a lack of 

variance across samples, 20915 remained and were uploaded to IPA. Of these, 
19020 could be mapped to the database. 4060 of these mapped genes fell below 
the previously applied 0.1 q-value cut-off for differential expression and were run 
on the analysis.  From the core analysis, the most enriched ontological category 
consisted of molecules associated with cancer, represented by 3399 molecules. 
Other disease relevant categories included “organismal development”, “nervous 
system development and function”, “cell morphology”, “cellular growth and 
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proliferation”, “cellular development”, “tissue development”, and “neurological 
disease” (Table 3.17). The most enriched disease state within the dataset was 
“malignant solid tumour”, represented by 3358 genes. Other disease states 
enriched within the top 5, ranked by p-value, were “cancer”, “adenocarcinoma”, 
“neoplasia of epithelial tissue”, and “epithelial cancer” (Table 3.18). A number of 
canonical pathways were enriched within the dataset. Ranked by p-value, the top 
5 of these were “hepatic fibrosis / stellate cell activation”, “axonal guidance 
signalling”, “PTEN signalling”, “protein kinase A signalling”, and “Wnt/beta-catenin 
signalling” (Table 3.19). Upstream regulator analysis identified a number of 
potential regulators that could contribute to this pattern of gene expression. 

Ranked by p-value, the top 5 of these were AR, CTNNB1, HTT, AHR, and 
POU4F1 (Table 3.20). 

 
Gene network analysis generated 25 non-overlapping networks of highly 
connected genes present within the dataset. Table 3.21 lists the hub genes, 
network scores, and top functions for each of these networks. The top ranked 
network is shown in Figure 3.8. 
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Table 3.17. RNA Group 1 versus Group 2 functional categories. Top 15 
functional categories enriched within the RNA Group 1 versus Group 2 
comparison. “No. Molecules” represents the number of molecules within the 4060 
analysed genes corresponding to each category.  
 

 
Table 3.18. RNA Group 1 versus Group 2 disease categories. Top 15 disease 
categories enriched within the RNA Group 1 versus Group 2 comparison. “No. 
Molecules” represents the number of molecules within the 4060 analysed genes 
corresponding to each category. 
 
 
 

Category No. Molecules p-value 
Cancer 3399 1.10E-77 - 4.98E-05 

Organismal Injury & Abnormalities 3472 1.10E-77 - 5.35E-05 
Gastrointestinal Disease 2936 2.54E-64 - 4.86E-05 

Dermatological Diseases & Conditions 1999 5.17E-32 - 2.49E-05 
Hepatic System Disease 1472 1.89E-23 - 4.82E-21 
Organismal Development 1145 1.09E-17 - 5.75E-05 

Reproductive System Disease 1677 1.11E-15 - 2.62E-05 
Organismal Survival 845 3.48E-15 - 1.05E-05 

Nervous System Development & 
Function 660 7.91E-15 - 4.27E-05 

Cell Morphology 792 1.62E-14 - 3.92E-05 
Cellular Growth & Proliferation 1247 4.10E-14 - 3.27E-06 

Cellular Development 987 1.81E-13 - 4.64E-05 
Tissue Development 1019 1.81E-13 - 5.41E-05 

Behaviour 397 4.79E-13 - 2.22E-06 
Neurological Disease 1125 9.87E-13 - 4.27E-05 

Disease No. Molecules z-score p-value 
Malignant Solid Tumour 3358 -1.182 1.10E-77 

Cancer 3374 0.473 4.90E-75 
Adenocarcinoma 2825 -1.868 6.41E-72 

Neoplasia of Epithelial Tissue 3101 0.03 9.89E-69 
Epithelial Cancer 3087 0.037 2.41E-68 

Abdnominal Neoplasm 3084 -0.786 5.00E-67 
Tumorigenesis of Tissue 3120 0.164 9.03E-67 

Abdominal Cancer 3054 -2.056 6.24E-66 
Non-melanoma Solid Tumour 3139 -0.007 1.66E-65 
Gastrointestinal Carcinoma 2437 -2.741 2.54E-64 

Digestive Organ Tumour 2910 -1.259 3.02E-63 
Digestive System Cancer 2880 -1.605 3.13E-62 

Intestinal Carcinoma 2322 -2.554 2.01E-61 
Large Intestine Carcinoma 2314 -1.938 1.22E-60 
Intestinal Adenocarcinoma 2296 -1.671 1.47E-60 
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Table 3.19. RNA Group 1 versus Group 2 canonical pathways. Top 30 
canonical pathways enriched within the RNA Group 1 versus Group 2 
comparison, ranked by –log10 of the p-value. “Ratio” represents the proportion of 
genes within the pathway present within the 4060 analysed genes. Where 
calculated, z-score indicates the predicted activation state of the pathway. 
Positive values indicate activation within Group 2 tumours while negative values 
predict activation within Group 1. 
 
 
 
 

Ingenuity Canonical Pathways -log 
(p-value) Ratio z-score 

Hepatic Fibrosis / Hepatic Stellate Cell 
Activation 8.4 0.357 N/A 

Axonal Guidance Signalling 7.89 0.283 N/A 
PTEN Signalling 5.52 0.353 -1.093 

Protein Kinase A Signalling 4.79 0.262 -1.279 
Wnt/β-catenin Signalling 4.68 0.308 -1.206 

Neuregulin Signalling 4.66 0.364 -0.928 
STAT3 Pathway 4.64 0.384 0 

Agrin Interactions at Neuromuscular Junction 4.33 0.382 0.853 
Role of NFAT in Cardiac Hypertrophy 4.02 0.288 -1.697 

Caveolar-mediated Endocytosis Signalling 3.96 0.366 N/A 
Colorectal Cancer Metastasis Signalling 3.88 0.271 1.408 

Glioblastoma Multiforme Signalling 3.82 0.296 -0.447 
Sertoli Cell-Sertoli Cell Junction Signalling 3.72 0.287 N/A 
Neuropathic Pain Signalling In Dorsal Horn 

Neurons 3.68 0.316 -2.333 

Amyotrophic Lateral Sclerosis Signalling 3.58 0.315 N/A 
Phospholipase C Signalling 3.54 0.268 0.152 

Gαi Signalling 3.53 0.308 -2.449 
Epithelial Adherens Junction Signalling 3.51 0.295 N/A 

HER-2 Signalling in Breast Cancer 3.43 0.33 N/A 
Regulation of Cellular Mechanics by Calpain 

Protease 3.35 0.368 -0.728 

Glutamate Receptor Signalling 3.35 0.368 0 
Ovarian Cancer Signalling 3.35 0.292 N/A 

Calcium Signalling 3.34 0.28 -2.874 
Glioma Signalling 3.32 0.309 0.18 

G-Protein Coupled Receptor Signalling 3.3 0.257 N/A 
Integrin Signalling 3.27 0.267 1.214 
CDK5 Signalling 3.19 0.313 0.186 

Molecular Mechanisms of Cancer 3.09 0.242 N/A 
Germ Cell-Sertoli Cell Junction Signalling 2.98 0.273 N/A 

Gap Junction Signalling 2.95 0.274 N/A 
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Upstream 
Regulator 

Expr Log 
Ratio 

Activation z-
score 

p-value of 
overlap 

AR -0.367 0.92 0.00000321 
CTNNB1 0.486 0.393 0.00000469 

HTT -0.046 2.027 0.00000735 
AHR 1.239 -0.752 0.0000184 

POU4F1 -0.69 0.103 0.0000487 
EPAS1 1.04 0.958 0.0000528 
TFAP2A -0.36 0.218 0.000111 
SPDEF -0.732 -3.007 0.000143 
ETV5 1.073 1.667 0.00017 
PGR 0.769 2.032 0.000209 

TCF7L2 -0.103 3.459 0.000405 
ZNF217 0.074 -0.258 0.000454 

GLI1 -2.416 0.864 0.000554 
PAX2 -1.237 0 0.000696 
TP53 -0.33 -0.656 0.00107 
NFIC 0.374 N/A 0.0014 

MYCN 1.249 -0.748 0.00155 
NEUROG1 N/A -1.091 0.00169 

FOXM1 0.081 3.423 0.00207 
WT1 N/A -1.221 0.00214 
EBF2 1.872 -1.667 0.00234 
ICMT -0.041 N/A 0.00283 

NCOA3 0.834 1.647 0.00304 
HDAC5 -0.124 -0.555 0.00343 

SP3 0.409 1.455 0.0036 
ISL1 N/A 0.097 0.00402 

PTF1A 0.407 -1.508 0.00409 
FOS 0.448 2.095 0.00419 
MYC 0.593 1.198 0.00426 

ARNTL -0.074 -1.494 0.00485 
 
Table 3.20. RNA Group 1 versus Group 2 upstream regulators. Top 30 
upstream regulators predicted to be differentially activated in the RNA Group 1 
versus Group 2 comparison. “Expr Log Ratio” represents the relative expression 
log2 fold change of the regulator, if present within the 4060 genes analysed. 
Where calculated, activation z-score represents whether the expression pattern 
of downstream targets reflects activation or inhibition of the upstream regulator. 
For both “Expr Log Ratio” and z-score, a positive value predicts activation within 
RNA Group 2, negative values predicts activation within RNA Group 1. The 
overlap p-value represents the overlap between genes regulated by each 
regulator, and those in the 4060 analysed. 
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Network Hub Genes Score Focus 
Genes Enriched Functions 

1 EZH2 25 35 Developmental Disorder, Immunological Disease 
2 AHR 25 35 Cancer, Connective Tissue Disorders 
3 RORC 25 35 Lipid Metabolism, Molecular Transport 
4 NUPR1 25 35 Cancer, Connective Tissue Disorders 
5 KDM5A 25 35 Developmental Disorder, Hereditary Disorder 
6 CTNNB1 23 34 Cell-To-Cell Signalling and Interaction, Cancer 
7 PPARG 23 34 Lipid Metabolism, Molecular Transport 
8 Histone H3 23 34 Psychological Disorders, Neurological Disease 
9 RARA 23 34 Cardiovascular Disease, Organismal Injury and Abnormalities 

10 GLI1 23 34 Organismal Development, Skeletal and Muscular System Development and 
Function 

11 ITGB1 23 34 Tissue Development, Cell-To-Cell Signalling and Interaction 
12 PAX6 23 34 Carbohydrate Metabolism, Cellular Function and Maintenance 
13 TRIM24 23 34 RNA Post-Transcriptional Modification, Embryonic Development 
14 HDAC1, HDAC2 21 33 Cancer, Hematological Disease 
15 CREB1 21 33 Cardiovascular System Development and Function, Organismal Development 
16 RXRA 21 33 Cardiovascular Disease, Organismal Injury and Abnormalities 
17 WTAP, p85 PI3K 21 33 RNA Post-Transcriptional Modification, Cellular Development 
18 BIRC5 21 33 Cellular Growth and Proliferation, Tissue Morphology 
19 NCOA3 21 33 Cellular Movement, Cellular Growth and Proliferation 
20 Creb 21 33 Cellular Assembly and Organization, Neurological Disease 
21 PMS1 21 33 DNA Replication, Recombination, and Repair, Cell Cycle 
22 STAT1 20 32 Cellular Function and Maintenance, Molecular Transport 
23 RNA Polymerase II 20 32 Infectious Diseases, Developmental Disorder 
24 Histone H4 20 32 Cardiovascular Disease, Molecular Transport 
25 Hsp90 20 32 Cancer, Organismal Injury and Abnormalities 

Table 3.21. RNA Group 1 versus Group 2 network summary. Hub genes represent the most interconnected genes within the 
network. Red = gene up-regulated in RNA Group 2, blue = up-regulated in RNA Group 1, grey = mixed up/down-regulation or N/A. 
Networks are ranked by score, which represents the –log10 of the p-value. Focus genes represent the number of genes in the network 
(n = 35) present within the list of 4060 analysed. 
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Figure 3.8. Top ranked network for the RNA Group 1 versus Group 2 
comparison. Each symbol denotes an individual gene. Arrows indicate 
interactions between genes. Red = gene is up-regulated in RNA Group 1, blue = 
gene is up-regulated in Group 2. For figures of all generated networks see 
Appendix. 
	

3.2.3.4 Discussion 
 
Having generated large lists of differentially expressed genes, I decided to use 
Ingenuity Pathway Analysis to extract meaningful information in the form of 
functional categories, disease categories, canonical pathways, upstream 
regulators and gene networks enriched within the groups in my cohort. I 
submitted gene lists for the following comparisons: Group 1 versus control, Group 
2 versus control, and Group 1 versus Group 2.  
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Functional categories 
 
For each comparison, I recorded the top 15 functional categories identified as 
enriched by IPA. Interestingly for the Group 1 and Group 2 versus control 
comparisons 13/15 functional categories were shared, leaving only two 
categories that were exclusive to each comparison. This may highlight the 
similarities between these tumours, with only small differences to distinguish 
them. However, it is more likely that this is a function of the way enriched 
functional categories are identified and the fact that genes are often involved in 
more than one function depending on biological context. Thus, many of these 

categories will have overlapping gene membership. This may also explain why 
the number of molecules listed for each category is so high, almost matching the 
total number of genes analysed for some categories. Despite this, a number of 
biologically relevant categories are highlighted, “Cancer” being the most enriched 
in both comparisons. Other relevant categories include “Organismal Injury and 
Abnormalities”, “Cell Morphology”, “Cellular Function and Maintenance”, “Cellular 
Growth & Proliferation”, and “Neurological Disease”. These are all functions that 
are commonly de-regulated in cancer with the exception of the “Neurological 
Disease” category. Interestingly, in the Group 2 versus control comparison, 
“Nervous System Development & Function” was suggested to be enriched. Due 
to their early presentation, glioneuronal tumours fall within a spectrum of 
developmental tumours thought to arise from immature tissue. Therefore, the 
presence of this functional category is particularly striking given the later 
identification of an enriched oligodendrocyte precursor cell phenotype within 
Group 2 tumours in my Gene Set Enrichment Analysis data. 
 
For the Group 1 versus Group 2 comparison, 10/15 functional categories are 
shared between both consensus groups versus control comparisons. However, in 
these cases the number of molecules involved in each category is greatly 
reduced, although this is likely due to the reduced number of input genes 

analysed for this comparison. Four categories are unique to this comparison. 
These are “Organismal Development”, “Cellular Development”, “Tissue 
Development”, and “Behaviour”. “Nervous System Development and Function” is 
also present although this is shared with the previous Group 2 versus control 
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comparison. The presence of these categories that reflect development may 
indicate the presence of more mature cells in one group of tumours when 
compared to the other.  
 
Disease categories 
 
Repeating to a greater extent my observations for functional categories, all 15 
enriched disease categories were shared between all comparisons. Interesting 
relevant categories arising here were “Cancer”, “Malignant Solid Tumour”, 
“Tumorigenesis of Tissue”, and “Epithelial Cancer” and “Neoplasia of Epithelial 
Tissue”. The identification of the “Malignant Solid Tumour” category is curious as 

these tumours are typically benign, although this may reflect processes within this 
category that do not contribute towards malignancy in certain contexts.  
 
Canonical pathways 
 
The canonical pathways analysis identified a number of interesting pathways 
enriched within each comparison. For example, EIF2, mTOR and PI3K/AKT 
signalling pathways are highlighted in the Group 1 versus control comparison. 
These are all pathways involved in proliferation and are not identified as enriched 
within the Group 2 versus control comparison. Activation of mTOR has previously 
been observed in ganglioglioma, which make up the bulk of Group 1 (110). 
Furthermore, BRAF-V600E mutations, which are frequently observed in 
ganglioglioma, are known to associate with increased mTOR activity (102). 
Additionally, PI3K and mTOR were previously found to be up-regulated in 
ganglioglioma compared to control temporal cortex and DNET (184). EIF2, 
mTOR and PI3K share significant overlaps and so the appearance of all three 
should not be surprising. Taken together with the reported frequency of BRAF 
mutations observed in ganglioglioma, which make up the majority of Group 1 
tumours in my cohort, these data may suggest a driving mechanism for the 
Group 1 tumours. In this scenario, constitutive activation of BRAF-V600E drives 
mTOR and PI3K/AKT pathways, which potentially drives tumour formation. This 

mechanism as a consequence of BRAF-V600E activation has previously been 
observed in thyroid carcinoma (185). However, in contrast with this example, 
glioneuronal tumours do not display aggressive behaviour. Therefore, this 
mechanism seems to sit at odds with the clinical course of these tumours.  
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The Group 2 versus control comparison also highlights a number of interesting 
pathways, although many of these also appear in the Group 1 versus control 
comparison. One such pathway is p70S6K signalling, a hallmark of mTOR 
activation. This suggests that mTOR is to some extent up-regulated in Group 2 
tumours, although to a lesser extent than Group 1 tumours, which is consistent 
with previous reports of DNET (184). Curiously, PI3K/AKT signalling is not 
enriched within this comparison. This is odd considering the enrichment for 
activating FGFR1 mutations observed by previous studies in DNET, which make 
up the bulk of Group 2 (80,121). However, it may be the case that the pathway is 

activated but was not highly ranked enough to appear within the top 30. 
 
In the Group 1 versus Group 2 comparison, the most relevant pathways identified 
are PTEN and Wnt/β-catenin signalling, which are both suggested to be down-
regulated in Group 2 tumours relative to Group 1 tumours. These pathways are 
both thought to interact with PI3K/AKT (186,187). The lack of PTEN signalling, a 
negative regulator of PI3K, in Group 2 tumours may indirectly suggest these 
tumours possess up-regulated PI3K/AKT, similarly to Group 1 tumours. 
Conversely, the presence of greater relative PTEN signalling in Group 1 tumours 
is partially at odds with the identification of PI3K/AKT and mTOR signalling as 
enriched pathways in the Group 1 versus control comparison. The relative up-
regulation of Wnt/β-catenin in Group 1 tumours also seems at odds when taken 
in the context of increased PTEN signalling, which by way of suppressing 
PI3K/AKT should also suppress Wnt signalling (188). However the Wnt pathway 
is also activated by Ras/MAPK signalling, a downstream target of BRAF 
(189,190).  
 
Upstream regulators 
 
The upstream regulators function in IPA attempts to predict the activation status 
of regulatory elements that may give rise to an observed gene expression 

pattern. A number of interesting molecules arose from this analysis in all 
comparisons. Many of these are involved in neural development, including 
SOX11, MECP2, HTT, NOTCH1, YAP1, T, HDAC4, SATB1, PML, and CREBBP 
(191-201). Additionally, a number of regulators identified possess more specific 
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or disease relevant functions. For example, SMARCA4 and MYC are well 
established oncogenes (202,203), however the activation score for the latter was 
negative in Group 1 and relatively small in Group 2. Interestingly, SMARCA4 was 
suggested to be strongly up-regulated in both tumour groups. The SWI/SNF 
complex of which SMARCA4 is a component, modulates gene expression and 
has been suggested to function as a tumour suppressor (202). TP53, another 
tumour suppressor, is also suggested to be strongly up-regulated in both groups. 
These two regulators may play a role in the benign nature of these tumours, 
suppressing tumour growth. However, at least in the case of TP53, activity may 
be up-regulated in response to other stress factors such as hypoxia, loss of cell-

cell contacts, or ribosomal stress (204). Another relevant molecule up-regulated 
in both groups is CTNNB1, whose identification is likely linked to the previously 
highlighted enrichment of the Wnt/β-catenin canonical pathway. Interestingly, 
TCF7L2 is also identified but is down-regulated strongly in both groups. This 
molecule forms part of the Wnt/β-catenin pathway, and co-localises with β-
catenin and BCL9 to the nucleus (205). Therefore, its downregulation seems odd 
in the context of Wnt/β-catenin activation. 
 
A number of regulators with potential roles in tumour progression were also 
identified. These include TRIM24 and ZNF217 in Group 2 tumours, and YAP1 in 
Group 1 tumours (196,206,207). TRIM24 is thought to promote activity of the 
PI3K/AKT pathway, which was not previously observed in the canonical pathway 
analysis for Group 2 tumours. This may suggest PI3K/AKT is activated in these 
tumours but was not ranked highly enough to show up in the top 30 canonical 
pathways. ZNF217 mediates transcriptional regulation via a number of 
complexes in normal function, but is suggested to contribute to the maintenance 
of glioma stem cells in glioblastoma under hypoxic conditions (207,208). Due to 
the benign nature of these tumours, it seems likely this reflects hypoxic or other 
stressful conditions within the tumour microenvironment, rather than granting 
insight into their behaviour. Finally, HDAC4 was predicted to be down-regulated 

in both groups. HDAC4 is thought to play a role in synaptic plasticity and also 
confers an anti-apoptotic effect in neurons (198,209). Its loss here may reflect the 
disturbance in normal neuronal development seen in tumours from both groups. 
For example, the dysplastic neurons in typically observed in ganglioglioma, and 
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the floating neurons seen in the specific glioneuronal element of DNETs. 
Additionally, HDACs as a group play a role in glial lineage development (210). 
However, aside from HDAC4 no other members of this family were identified 
within the top 30 regulators, with the exception of HDAC5 in the Group 1 versus 2 
comparison.  
 
Within the Group 1 versus Group 2 comparison, a handful of genes are identified 
with interesting functions. These are GLI1, PAX2, FOXM1, WT1, and FOS. GLI1, 
PAX2, and FOXM1 all have functions relative to neural development (211-214). 
Notably, FOXM1 has been observed to promote and inhibit localization of β-

catenin to the nucleus during Wnt/β-catenin signalling (214,215). Therefore, its 
activation here in Group 2 tumours may contradict the identification of Wnt/β-
catenin pathway activity in Group 1 tumours by the canonical pathways analysis, 
depending on the context of its activity. Two additional molecules, FOS and WT1 
have particularly interesting functions that may be relevant in the context of 
glioneuronal tumours. In addition to being a well-studied oncogene, FOS 
expression has been shown to increase both in response to seizures and cortical 
injury (216,217). This may relate to the occurrence of seizures in Group 2 
tumours, in which it is predicted to be up-regulated. Conversely WT1 is predicted 
to be up-regulated in Group 1 tumours. This is absent in normal brain, but is 
reported to be expressed within astrocytic brain tumour cells and does not 
correlate with tumour grade (218). Furthermore, it has been shown to distinguish 
astrocytic tumour cells from normal and reactive astrocytes, being absent in the 
latter (219). This is particularly interesting in the context of ganglioglioma, which 
made up the majority of Group 1 tumours and frequently possess a proliferative 
astrocytic component. However, WT1 itself was not differentially expressed 
between tumour groups and so may be of limited use as a marker in this 
instance. 
 
Gene networks 
 
The network generation function within IPA seeks to construct functionally 
annotated networks of highly interconnected genes within a user-specified list, in 
this case genes that were differentially expressed with a q-value < 0.1 (IPA 
Network Generation Algorithm White Paper, 2005). Additionally, the algorithm 
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favours denser networks, operating on the rationale that more highly 
interconnected networks are likely to represent significant biological function. 
Despite this, the results of network analyses across all comparisons within my 
cohort seem to recapitulate my other IPA analyses, with relatively little novel 
insight attributable to this method. Within the RNA Group 1 and Group 2 versus 
control analyses, a number of disease relevant functions were identified within 
the networks. These included functions within the cell cycle, embryonic 
development, nervous system development, neurological disease and cancer.  
 
Among the hub genes, representing the most highly connected members of each 

network, there were a number of interesting candidates identified. P53, CCND1, 
MYC, and NANOG were identified within both groups as being activated versus 
controls. Of these, CCND1 and NANOG were novel findings among my IPA 
analyses. Cyclin-D1 plays its most prominent role within the cell cycle, and in 
both tumour groups may reflect a slight increase in proliferation versus normal 
brain (220). This would be consistent with the previously indicated up-regulation 
of PI3K/AKT, mTOR and MAPK pathways from other analyses. Cyclin-D1 is also 
relevant due to the association between its expression and the maintenance of 
an oligodendrocyte precursor state (221).  This may be responsible for the 
presence of “oligodendrocyte-like cells” within DNETs, which made up the 
majority of Group 2. The identification of NANOG as an up-regulated gene within 
both tumour groups is particularly interesting, as it may suggest the maintenance 
of an undifferentiated stem cell population within each group, due to its primary 
role in maintaining pluripotency (222). This seems more relevant in Group 1 
tumours due to the up-regulation of GLI1 in the Group 1 versus Group 2 
comparison, which acts within a positive feedback system with NANOG and P53 
(223).  
 
From the hub genes identified by the Group 1 versus Group 2 comparison, the 
most interesting genes not previously identified by other analyses are GLI1 and 

PAX6. GLI1 is suggested to be more strongly expressed in Group 1 tumours and 
may interact with NANOG in these lesions, as previously described. Additionally 
GLI1 is involved in development and growth, functioning as an effector of SHH 
signalling, and this pathway is suggested to modulate precursor proliferation in 
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the developing brain (224). Moreover, SHH signalling has been shown to mediate 
proliferation of astrocyte precursors in the developing optic nerve, and GLI1, 2, 
and 3 are enriched in cortical astrocyte cultures (225,226). Therefore, this result 
may support a hypothesis that an astrocyte precursor population resides within 
Group 1 tumours. PAX6 was indicated as being more strongly expressed in 
Group 2 tumours. However, this may represent normal expression levels and a 
down-regulation in Group 1 tumours. This is particularly interesting due to the role 
of PAX6 in promoting differentiation and inhibiting proliferation in astrocytes 
(227). Its potential down-regulation within Group 1 tumours further supports an 
astrocyte precursor hypothesis, particularly when taken together with the 

identified up-regulation of SOX2, which drives astrocytes into a precursor state, in 
Group 1 tumours in the Group 1 versus control comparison (228). 
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3.2.4 Gene set enrichment analysis identifies distinct 
pathways enriched within tumour groups 
 
In order to understand the biological differences between the two tumour groups 
identified by consensus clustering, I decided to use gene set enrichment analysis 

to test for enrichment of established gene sets within the Broad Institute’s 
Molecular Signatures Database (MSigDB). To do this I generated lists of genes, 
ranked by their Wald statistic, for RNA Group 1 vs Group 2, RNA Group 1 vs 
control, and RNA Group 2 vs control comparisons. I then assayed these against 
the “h.all.v5.2.symbols” gene set corresponding to a range of established 
biological processes. Here, NES is the normalised enrichment score, a measure 
of enrichment that accounts for differences in gene set size and their correlation 
with the expression data. 
 

3.2.4.1 RNA Group 1 tumours vs controls 
 
When subjected to analysis against the MSigDB v5.2 hallmarks gene sets 35/50 
gene sets were found to be enriched within RNA Group 1 tumours, 22 of which 
were significantly enriched at a p-value < 0.05 (Table 3.22). Ranked by NES, the 
top 5 enriched gene sets were “epithelial to mesenchymal transition” (NES = 
2.57, p < 0.0005), “interferon gamma response” (NES = 2.46, p < 0.0005), “IL6 
JAK STAT3 signalling” (NES = 2.15, p < 0.0005), “interferon alpha response” 
(NES = 2.10, p < 0.0005), and “allograft rejection” (NES = 2.05, p < 0.0005). 15 
gene sets were found to be enriched within control cases, and therefore down-
regulated in Group 1 tumours, of which 5 were significantly enriched at a p-value 
< 0.05. Ranked by NES, these were “protein secretion” (NES = -1.97, p < 
0.0005), “spermatogenesis” (NES = -1.78, p < 0.0005), “mitotic spindle” (NES = -
1.54, p < 0.0005), “MYC targets V1” (NES = -1.41, p = 0.005), and “androgen 
response (NES = -1.30, p = 0.050). 
 

3.2.4.2 RNA Group 2 tumours vs controls 
 
When subjected to analysis against the MSigDB v5.2 hallmarks gene sets, 38/50 
gene sets were found to be enriched within RNA Group 2 tumours, 24 of which 



	

	 126	

were significantly enriched at a p-value < 0.05 (Table 3.23). Ranked by NES, the 
top 5 enriched gene sets were “interferon gamma response” (NES = 2.79, p < 
0005), “epithelial to mesenchymal transition” (NES = 2.66, p < 0.0005), “IL6 JAK 
STAT3 signalling” (NES = 2.56, p < 0.0005), “interferon alpha response” (NES = 
2.49, p < 0.0005), and “TNFA signalling via NFKB” (NES = 2.45, p < 0.0005). 12 
gene sets were found to be enriched within control cases, and therefore down-
regulated in Group 2 tumours, of which 5 were significantly enriched at a p-value 
< 0.05. Ranked by NES, these were “oxidative phosphorylation” (NES = -1.67, p 
< 0.0005), “heme metabolism” (NES = -1.49, p = 0.002), “KRAS signalling down” 
(NES = -1.43, p = 0.004), “spermatogenesis” (NES = -1.34, p = 0.025), and 

“mitotic spindle” (NES = -1.30, p = 0.040). 
 

3.2.4.3 RNA Group 1 vs Group 2 
 
When subjected to analysis against the MSigDBv5.2 hallmarks gene sets, 15/50 
gene sets were found to be enriched in RNA Group 1 tumours, 9 of which were 
significantly enriched at a p-value < 0.05 (Table 3.24). Ranked by NES, the top 5 
enriched gene sets were “oxidative phosphorylation” (NES = -2.15, p < 0.0005), 

“KRAS signalling down” (NES = -1.69, p < 0.0005), “reactive oxygen species 
pathway” (NES = -1.63, p = 0.006), “fatty acid metabolism” (NES = -1.57, p < 
0.0005), and “myogenesis” (NES = -1.51, p < 0.0005). 35 gene sets were 
enriched within RNA Group 2 tumours, of which 22 were significant at p < 0.05. 
Ranked by NES, the top 5 enriched gene sets were “G2M checkpoint” (NES = 
2.32, p < 0.0005), “interferon alpha response” (NES = 2.11, p < 0.0005), 
“epithelial to mesenchymal transition” (NES = 2.08, p < 0.0005), “androgen 
response” (NES = 2.01, p < 0.0005), and “E2F targets” (NES = 1.99, p < 0.0005).  
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RNA Group 1 vs Control 

Gene Set Description Siz
e ES NES p-value q-value 

EPITHELIAL_MESENCHYMAL_TRANSITION Genes defining epithelial-mesenchymal transition 199 0.57 2.57 <0.0005 <0.0005 
INTERFERON_GAMMA_RESPONSE Genes up-regulated in response to interferon gamma 200 0.54 2.46 <0.0005 <0.0005 

IL6_JAK_STAT3_SIGNALLING Genes up-regulated by IL6 via STAT3 86 0.53 2.15 <0.0005 <0.0005 
INTERFERON_ALPHA_RESPONSE Genes up-regulated in response to alpha interferons 97 0.53 2.10 <0.0005 <0.0005 

ALLOGRAFT_REJECTION Genes up-regulated during transplant rejection 197 0.45 2.05 <0.0005 <0.0005 
P53_PATHWAY Genes in the p53 pathway and networks 200 0.43 1.98 <0.0005 <0.0005 
COAGULATION Genes up-regulated in platelets and involved in coagulation 134 0.45 1.94 <0.0005 <0.0005 
ANGIOGENESIS Genes up-regulated during blood vessel formation 36 0.58 1.94 <0.0005 <0.0005 

TNFA_SIGNALLING_VIA_NFKB Genes regulated by NF-kB in response to TNF 200 0.42 1.89 <0.0005 <0.0005 
MYOGENESIS Genes involved in skeletal muscle development 200 0.41 1.89 <0.0005 <0.0005 
APOPTOSIS Genes mediating apoptosis by caspase activation 160 0.41 1.79 <0.0005 0.001 

IL2_STAT5_SIGNALLING Genes up-regulated by STAT5 in response to IL2 200 0.39 1.77 <0.0005 0.001 
INFLAMMATORY_RESPONSE Genes defining inflammatory response 199 0.38 1.70 <0.0005 0.002 

ADIPOGENESIS Genes up-regulated during blood vessel formation 200 0.37 1.65 <0.0005 0.003 
NOTCH_SIGNALLING Genes up-regulated by Notch signalling 32 0.5 1.63 0.017 0.004 

COMPLEMENT Components of the immune complement system 197 0.35 1.60 <0.0005 0.005 
XENOBIOTIC_METABOLISM Genes involved in processing drugs and other xenobiotics 197 0.35 1.58 0.002 0.006 

HYPOXIA Genes up-regulated in response to hypoxia 198 0.34 1.56 <0.0005 0.007 
KRAS_SIGNALLING_UP Genes up-regulated by KRAS activation 198 0.33 1.51 0.002 0.013 

CHOLESTEROL_HOMEOSTASIS Genes involved in cholesterol homeostasis 74 0.37 1.45 0.018 0.02 
FATTY_ACID_METABOLISM Genes involved in metabolism of fatty acids 157 0.3 1.33 0.027 0.064 

APICAL_JUNCTION Genes encoding apical junction complex components 199 0.29 1.33 0.027 0.062 
PROTEIN_SECRETION Genes involved in protein secretion pathways 96 -0.47 -1.97 <0.0005 0.001 
SPERMATOGENESIS Genes up-regulated during sperm production 127 -0.41 -1.78 <0.0005 0.005 

MITOTIC_SPINDLE Genes involved in mitotic spindle assembly 200 -0.33 -1.54 <0.0005 0.025 
MYC_TARGETS_V1 Subgroup of genes regulated by MYC 199 -0.3 -1.41 0.005 0.063 

ANDROGEN_RESPONSE Genes defining response to androgens 101 -0.31 -1.30 0.05 0.141 

Table 3.22. Significantly enriched hallmark gene sets within the RNA Group 1 vs Control comparison.  Size = number of 
members of the gene set present within the gene expression dataset. ES = enrichment score. NES = normalised enrichment 
score, accounting for variable gene set size. Positive ES/NES are enriched in RNA Group 1, negative are enriched in controls. 
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RNA Group 2 vs Control 
Gene Set Description Size ES NES p-value q-value 

INTERFERON_GAMMA_RESPONSE Genes up-regulated in response to interferon gamma 200 0.62 2.79 <0.0005 <0.0005 
EPITHELIAL_MESENCHYMAL_TRANSITION Genes defining epithelial-mesenchymal transition 199 0.59 2.66 <0.0005 <0.0005 

IL6_JAK_STAT3_SIGNALLING Genes up-regulated by IL6 via STAT3 86 0.64 2.56 <0.0005 <0.0005 
INTERFERON_ALPHA_RESPONSE Genes up-regulated in response to alpha interferons 97 0.62 2.49 <0.0005 <0.0005 

TNFA_SIGNALLING_VIA_NFKB Genes regulated by NF-kB in response to TNF 200 0.54 2.45 <0.0005 <0.0005 
ANGIOGENESIS Genes up-regulated during blood vessel formation 36 0.7 2.33 <0.0005 <0.0005 

ALLOGRAFT_REJECTION Genes up-regulated during transplant rejection 199 0.51 2.30 <0.0005 <0.0005 
KRAS_SIGNALLING_UP Genes up-regulated by KRAS activation 199 0.48 2.14 <0.0005 <0.0005 

COAGULATION Genes up-regulated in platelets and involved in coagulation 134 0.48 2.07 <0.0005 <0.0005 
INFLAMMATORY_RESPONSE Genes defining inflammatory response 200 0.44 1.99 <0.0005 <0.0005 

IL2_STAT5_SIGNALLING Genes up-regulated by STAT5 in response to IL2 200 0.44 1.97 <0.0005 <0.0005 
NOTCH_SIGNALLING Genes up-regulated by Notch signalling 32 0.57 1.91 0.002 <0.0005 

APOPTOSIS Genes mediating apoptosis by caspase activation 160 0.43 1.89 <0.0005 <0.0005 
P53_PATHWAY Genes in the p53 pathway and networks 200 0.42 1.87 <0.0005 <0.0005 
COMPLEMENT Components of the immune complement system 197 0.4 1.82 <0.0005 0.001 

HYPOXIA Genes up-regulated in response to hypoxia 198 0.37 1.65 <0.0005 0.003 
APICAL_SURFACE Genes over-represented in the apical surface of epithelial cells 44 0.44 1.55 0.016 0.01 
APICAL_JUNCTION Genes encoding apical junction complex components 199 0.34 1.53 <0.0005 0.012 

WNT_BETA_CATENIN_SIGNALLING Genes up-regulated by WNT signalling 42 0.44 1.53 0.018 0.011 
E2F_TARGETS Cell cycle related targets of E2F transcription factors 200 0.33 1.47 0.002 0.019 

G2M_CHECKPOINT Genes involved in G2/M checkpoint 200 0.33 1.46 0.006 0.019 
UV_RESPONSE_DN Genes down-regulated in response to UV radiation 144 0.33 1.41 0.008 0.028 

MYOGENESIS Genes involved in skeletal muscle development 200 0.3 1.33 0.018 0.06 
DNA_REPAIR Genes involved in DNA repair 150 0.3 1.30 0.032 0.075 

OXIDATIVE_PHOSPHORYLATION Genes involved in oxidative phosphorylation 200 -0.38 -1.67 <0.0005 0.014 

HEME_METABOLISM Genes involved in heme metabolism and erythrocyte 
differentiation 200 -0.33 -1.49 0.002 0.045 

KRAS_SIGNALLING_DN Genes down-regulated by KRAS activation 196 -0.32 -1.43 0.004 0.055 
SPERMATOGENESIS Genes up-regulated during sperm production 128 -0.32 -1.34 0.025 0.094 

MITOTIC_SPINDLE Genes involved in mitotic spindle assembly 200 -0.29 -1.30 0.04 0.114 
Table 3.23. Significantly enriched hallmark gene sets within the RNA Group 2 vs Control comparison.  Size = number of 
members of the gene set present within the gene expression dataset. ES = enrichment score. NES = normalised enrichment score, 
accounting for variable gene set size. Positive ES/NES are enriched in RNA Group 2, negative are enriched in controls. 
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RNA Group 1 vs Group 2 
Gene Set Description Size ES NES p-value q-value 

OXIDATIVE_PHOSPHORYLATION Genes involved in oxidative phosphorylation 200 0.47 2.15 <0.0005 <0.0005 
KRAS_SIGNALLING_DN Genes down-regulated by KRAS activation 193 0.37 1.69 <0.0005 0.008 

REACTIVE_OXIGEN_SPECIES_PATHWAY Genes up-regulated by reactive oxygen species 49 0.44 1.63 0.006 0.009 
FATTY_ACID_METABOLISM Genes involved in metabolism of fatty acids 156 0.35 1.57 <0.0005 0.014 

MYOGENESIS Genes involved in skeletal muscle development 200 0.33 1.51 <0.0005 0.019 
ADIPOGENESIS Genes up-regulated during blood vessel formation 200 0.33 1.50 0.004 0.018 

BILE_ACID_METABOLISM Genes involved in metabolism of bile and salts 111 0.34 1.44 0.008 0.03 
CHOLESTEROL_HOMEOSTASIS Genes involved in cholesterol homeostasis 74 0.36 1.43 0.022 0.029 
ESTROGEN_RESPONSE_LATE Genes defining late response to oestrogen 197 0.28 1.30 0.023 0.089 
INFLAMMATORY_RESPONSE Genes defining inflammatory response 200 -0.28 -1.31 0.03 0.075 

HYPOXIA Genes up-regulated in response to hypoxia 199 -0.28 -1.33 0.024 0.067 
ALLOGRAFT_REJECTION Genes up-regulated during transplant rejection 199 -0.3 -1.39 0.004 0.038 

WNT_BETA_CATENIN_SIGNALLING Genes up-regulated by WNT signalling  42 -0.4 -1.42 0.046 0.028 
UNFOLDED_PROTEIN_RESPONSE Genes up-regulated during unfolded protein response 112 -0.33 -1.43 0.015 0.028 

MITOTIC_SPINDLE Genes involved in mitotic spindle assembly 200 -0.32 -1.47 0.002 0.02 
COAGULATION Genes up-regulated in platelets and involved in coagulation 135 -0.33 -1.48 0.002 0.02 
COMPLEMENT Components of the immune complement system 197 -0.32 -1.50 0.002 0.017 

UV_RESPONSE_DN Genes down-regulated in response to UV radiation 144 -0.36 -1.61 <0.0005 0.007 
MYC_TARGETS_V1 Subgroup of genes regulated by MYC 199 -0.36 -1.67 <0.0005 0.004 

KRAS_SIGNALLING_UP Genes up-regulated by KRAS activation 199 -0.39 -1.81 <0.0005 0.001 
TNFA_SIGNALLING_VIA_NFKB Genes regulated by NF-kB in response to TNF 200 -0.39 -1.82 <0.0005 0.001 

PROTEIN_SECRETION Genes involved in protein secretion pathways 96 -0.43 -1.83 <0.0005 0.001 
IL6_JAK_STAT3_SIGNALLING Genes up-regulated by IL6 via STAT3 86 -0.46 -1.87 <0.0005 0.001 

TGF_BETA_SIGNALLING Genes up-regulated in response to TGFB1 54 -0.51 -1.94 <0.0005 <0.0005 
ANGIOGENESIS Genes up-regulated during blood vessel formation 36 -0.58 -1.97 <0.0005 <0.0005 
E2F_TARGETS Cell cycle related targets of E2F transcription factors 200 -0.43 -1.99 <0.0005 <0.0005 

INTERFERON_GAMMA_RESPONSE Genes up-regulated in response to interferon gamma 200 -0.42 -1.99 <0.0005 0.0005 
ANDROGEN_RESPONSE Genes defining response to androgens 100 -0.48 -2.01 <0.0005 <0.0005 

EPITHELIAL_MESENCHYMAL_TRANSITION Genes defining epithelial-mesenchymal transition 199 -0.44 -2.08 <0.0005 <0.0005 
INTERFERON_ALPHA_RESPONSE Genes up-regulated in response to alpha interferons 97 -0.5 -2.11 <0.0005 <0.0005 

G2M_CHECKPOINT Genes involved in G2/M checkpoint 200 -0.5 -2.32 <0.0005 <0.0005 
Table 3.24. Significantly enriched hallmark gene sets within the RNA Group 1 vs Group 2 comparison.  Size = number of 
members of the gene set present within the gene expression dataset. ES = enrichment score. NES = normalised enrichment score, 
accounting for variable gene set size. Positive ES/NES are enriched in RNA Group 1, negative are enriched in RNA Group 2. 
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3.2.4.4 Discussion 
 
I used Gene Set Enrichment Analysis as an additional measure to test for 
enrichment of well-established pathways within consensus groups. A majority 
(20/30) of the top pathways in the Group 1 and Group 2 versus control 
comparisons were shared. This repeated my observations from my IPA analyses, 
suggesting that these two groups have similar biological backgrounds with a few 
distinguishing features. In both tumour groups, I observed enrichments in the p53 
and IL-6/JAK/STAT3 pathways. For both of these pathways the results indicate 
increased activity within tumours from both consensus groups when compared 
with controls. The IL-6/JAK/STAT3 pathway is interesting due to its proposed role 
in driving tumour growth, invasion and metastasis (229). In contrast to this is p53, 
whose increased activity as a tumour suppressor may help to explain the lack of 
aggression displayed in all but a small proportion of glioneuronal tumours (230). 
Both consensus groups also share enrichment for a number of inflammatory and 
immune response pathways. This is likely a simple reflection of the relatively 
minor inflammatory infiltrates seen on histology in glioneuronal tumours, which 

are not present in normal cortex. However, a role for inflammatory mediators has 
been suggested in the malignant transformation of low-grade gliomas, and so the 
enrichment of these pathways may be relevant to tumour behaviour (231). 
Conversely, TNF/NFKB signalling may play a tumour suppressor role in these 
tumours, although pro- and anti-apoptotic roles for this pathway have been 
suggested (232-234). In addition to this, inflammatory processes affect the 
tumour microenvironment and can potentially initiate seizures through the release 
of inflammatory mediators by distressed cells (231). If this is the case in these 
tumours, then the enrichment of these inflammatory gene sets may help us to 
understand the way in which they bring about seizures. However, to examine this 
would require extensive comparison with other low-grade tumours that are not 
frequently associated with epilepsy.  
 
Relatively few pathways unique to the Group 1 versus control comparison have 
obvious relevance to tumour biology, with the exception of MYC targets. 
However, while this is a well-established oncogene, none of my other analyses 
identified any abnormalities regarding MYC. Furthermore, MYC is thought to 
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regulate up to 15% of all genes (235). Therefore, the probability of this gene set 
being enriched by chance due to significant overlap with other gene sets may be 
high.  
 
Interestingly, in the Group 2 versus control comparison, Wnt/β-catenin signalling 
and two k-Ras signalling gene sets are enriched. This is in contrast with the 
previous results from my IPA canonical pathway analysis. However, previous 
studies have indicated that FGFR1 mutations are common in DNET, which make 
up the majority of Group 2. In this context, FGFR1 could activate Wnt/β-catenin 
through Ras/MAPK activation. Additionally, the identification of E2F targets as an 

enriched gene set within this group fits in the context of constitutively active 
FGFR1. E2F family transcription factors are known to regulate the expression of 
FGFR1 and so constitutive activity of FGFR1 and its downstream targets may, in 
this type of analysis, imitate an enrichment of E2F targets (236).  
 
The Group 1 versus Group 2 comparison seems to recapitulate the results of the 
individual Group 1 and 2 versus control comparisons. 21 of the 30 top gene sets 
in this comparison are enriched within Group 2 tumours, possibly indicating a 
stronger expression profile for these tumours compared to Group 1. WNT/β-
catenin signalling, k-Ras signalling, and E2F targets retain enrichment within 
Group 2 tumours. Interestingly, MYC targets are indicated as enriched in Group 2 
tumours, which was only seen previously in the Group 1 versus control 
comparison. There are two possible explanations for this. Firstly, as previously 
stated, MYC is thought to regulate a large number of genes and so this may 
represent a separate subset of MYC regulated genes. Secondly, Group 2 
tumours may have possessed this enrichment without it being ranked within the 
top 30 gene sets recorded, and the elimination of shared enrichments has 
caused it to increase in rank. An interesting pathway not previously identified as 
enriched is TGF-β1 signalling, present within Group 2 tumours. If genuine, the 
role of this pathway in Group 2 tumours is unclear. TGF-β1 is thought to have 

pro-metastatic and tumour suppressor roles in some tumours (237). It also 
regulates cell growth, differentiation and migration, and may play an important 
role in defining the tumour microenvironment (238). TGF-β1 is also known to 
promote differentiation of oligodendrocyte lineage cells and in conjunction with 



	

	 132	

TNF regulates their cell cycle (239). This may be particularly relevant for Group 2 
tumours, as I was able to identify an oligodendrocyte lineage specific enrichment 
in these that may be mirrored in the enrichment for TGF-β1 signalling. 
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3.2.5 Gene set enrichment analysis identifies distinct 
cellular phenotypes enriched within tumour groups 
 
In addition to pre-annotated gene sets stored within MSigDB, gene set 
enrichment analysis supports enrichment analysis against custom user generated 
gene sets. Working under the hypothesis that different tumours may be 
composed from distinct cell types, I decided to investigate whether the two 
tumour groups displayed a difference in cell type specific gene expression. To 
test this, I used gene set enrichment analysis to assay a number of custom gene 
sets found to be up-regulated in the following neural cell types: astrocytes, 
neurons, microglia, endothelia, oligodendrocyte precursor cells (OPCs), newly 

formed oligodendrocytes (NFOs), and myelinating oligodendrocytes (MOs) (Table 
3.25). These gene sets were obtained by selecting the top 500 genes 
upregulated in each cell type in a murine database, identifying homologous 
genes via the bioDBnet conversion tool, and subsequently selecting the top 150 
remaining genes (172). 
 

3.2.5.1 RNA Group 1 tumours vs controls 
 
When ranked gene lists for the RNA Group 1 versus control comparison were 
analysed against cell type specific gene sets 3/7 were found to be enriched within 
RNA Group 1 tumours, all of which were significantly enriched at a p-value < 0.05 
(Fig. 3.9). Ranked by NES, these gene sets represented astrocytes (NES = 2.98, 
p < 0.0005), microglia (NES = 2.72, p < 0.0005), and endothelia (NES = 2.58, p < 
0.0005). 4 gene sets were enriched within control cases, and therefore down-
regulated in Group 1 tumours, all of which were significantly enriched at a p-value 
< 0.05. Ranked by NES, these represented mature oligodendrocytes (NES = -
3.31, p < 0.0005), newly formed oligodendrocytes (NES = -3.13, p < 0.0005), 
neurons (NES = -2.40, p < 0.0005), and oligodendrocyte precursor cells (NES = -
1.47, p < 0.0005).  
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3.2.5.2 RNA Group 2 tumours vs controls 
 
When ranked gene lists for the RNA Group 2 versus control comparison were 
analysed against cell type specific gene sets 4/7 were found to be enriched within 
RNA Group 2 tumours, all of which were significantly enriched at a p-value < 0.05 
(Fig. 3.10). Ranked by NES, these represented endothelia (NES = 3.06, p < 
0.0005), microglia (NES = 2.64, p < 0.0005), oligodendrocyte precursor cells 
(NES = 2.64, p < 0.0005), and astrocytes (NES = 1.68, p = 0.001). 3 gene sets 
were enriched within control cases, and therefore down-regulated in Group 1 
tumours, all of which were significantly enriched at a p-value < 0.05. Ranked by 
NES, these represented mature oligodendrocytes (NES = -2.71, p < 0.0005), 

neurons (NES = -2.53, p < 0.0005), and newly formed oligodendrocytes (NES = -
1.96, p < 0.0005).  
 

3.2.5.3 RNA Group 1 vs Group 2 
 
When ranked gene lists for the RNA Group 1 versus Group 2 comparison were 
analysed against cell type specific gene sets 2/7 were found to be enriched within 

RNA Group 1 tumours, both of which were significantly enriched at a p-value < 
0.05 (Fig. 3.11). Ranked by NES, these represented astrocytes (NES = 2.74, p < 
0.0005) and neurons (NES = 1.76, p < 0.0005). 5 gene sets were enriched within 
RNA Group 2 tumours, of which 4 were significantly enriched at a p-value < 0.05. 
Ranked by NES, these represented oligodendrocyte precursor cells (NES = 

-3.22, p < 0.0005), endothelia (NES = -2.32, p < 0.0005), newly formed 

oligodendrocytes (NES = -2.28, p < 0.0005, and mature oligodendrocytes (NES = 
-1.64, p < 0.0005). 
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 RNA Group 1 vs Control   Gene Set Size ES NES p-value q-value 
ASTROCYTE 149 0.68 2.98 <0.0005 <0.0005 
MICROGLIA 148 0.62 2.72 <0.0005 <0.0005 

ENDOTHELIA 148 0.59 2.57 <0.0005 <0.0005 
MO 149 -0.73 -3.31 <0.0005 <0.0005 
NFO 148 -0.69 -3.13 <0.0005 <0.0005 

NEURON 148 -0.53 -2.40 <0.0005 <0.0005 
OPC 149 -0.32 -1.47 0.005 0.005 

      
 RNA Group 2 vs Control   Gene Set Size ES NES p-value q-value 

ENDOTHELIA 149 0.71 3.06 <0.0005 <0.0005 
MICROGLIA 148 0.61 2.64 <0.0005 <0.0005 

OPC 149 0.61 2.64 <0.0005 <0.0005 
ASTROCYTE 149 0.39 1.68 <0.0005 0.001 

MO 149 -0.63 -2.71 <0.0005 <0.0005 
NEURON 148 -0.61 -2.53 <0.0005 <0.0005 

NFO 148 -0.46 -1.96 <0.0005 <0.0005 

      
 RNA Group 1 vs Group 2   Gene Set Size ES NES p-value q-value 

ASTROCYTE 149 0.61 2.74 <0.0005 <0.0005 
NEURON 148 0.40 1.76 <0.0005 <0.0005 

MO 149 -0.37 -1.64 <0.0005 <0.0005 
NFO 148 -0.52 -2.28 <0.0005 <0.0005 

ENDOTHELIA 149 -0.52 -2.32 <0.0005 <0.0005 
OPC 149 -0.72 -3.22 <0.0005 <0.0005 

 
Table 3.25. Cell type specific gene sets show differential enrichment 
between tumour groups. Gene sets for astrocytes and neurons are enriched in 
RNA Group 1 tumours, while oligodendrocyte precursor cells (OPC), endothelia, 
newly formed oligodendrocytes (NFO), and mature oligodendrocytes (MO) are 
enriched in RNA Group 2 tumours. Size = number of members of the gene set 
present within the gene expression dataset. ES = enrichment score. NES = 
normalised enrichment score, accounting for variable gene set size. 
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NES = 2.98
p = <0.0005

NES = 2.72
p = <0.0005

NES = 2.57
p = <0.0005

Figure 3.9. Neural cell type specific 
gene sets enriched within RNA 
Group 1 versus controls. 3/7 neural 
cell type specific gene sets are enriched 
in RNA Group 1 tumours when 
compared against controls. Ranked by 
Nested Enrichment Score (NES), these 
represent astrocytic, microglial, and 
endothelial signatures. 
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NES = 3.06
p = <0.0005

NES = 2.64
p = <0.0005

NES = 2.64
p = <0.0005

NES = 1.68
p = <0.0005

Figure 3.10. Neural cell type specific gene sets enriched within RNA Group 2 
versus controls. 4/7 neural cell type specific gene sets are enriched within RNA 
Group 2 tumours when compared against controls. Ranked by Nested Enrichment 
Score (NES), these represent endothelial, oligodendroglial precursor (OPC), 
microglial, and astrocytic signatures. 
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NES = 2.74
p = <0.0005

NES = 1.76
p = <0.0005

NES =-3.22
p = <0.0005

NES =-2.32
p = <0.0005

NES =-2.28
p = <0.0005

NES =-1.64
p = <0.0005

Figure 3.11. Neural cell type specific gene set enrichment in the RNA Group 1 versus Group 2 comparison. When 
Group 1 and Group 2 tumours are compared, astrocytic and neuronal specific gene sets are enriched within RNA Group 1 
tumours, while oligodendrocyte lineage (OPC, NFO, MO) and endothelial gene sets are enriched within RNA Group 2 tumours. 
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3.2.5.4 Discussion 
 
Gene Set Enrichment Analysis can be used to analyse custom gene sets in 
addition to pre-built hallmark gene sets. To test the hypothesis that Group 1 and 
Group 2 tumours are composed of different cell types, I decided to assay my 
expression data against custom neural cell type specific gene sets. I observed 
Group 1 tumours were enriched for astrocyte, microglia, and endothelia 
signatures compared to controls while oligodendrocyte lineage and neuronal 
signatures were down-regulated. In Group 2 tumours, endothelia, microglia, 
oligodendrocyte precursor and astrocytic signatures were enriched versus 
controls, with a down-regulation of mature oligodendrocyte, newly formed 
oligodendrocyte, and neuronal signatures. The most striking observations here 
are the enrichment of an astrocytic phenotype in Group 1 tumours and an 
oligodendrocyte precursor phenotype in Group 2 tumours. This is further 
illustrated in the Group 1 versus Group 2 comparison, in which these are the top 
enriched phenotypes for their respective groups. These data suggest that the two 
groups are predominantly composed of different cell types and may indicate that 

Group 1 and 2 tumours are driven by aberrant astrocytes and oligodendrocyte 
precursors, respectively.  
 
The identification of an enriched oligodendrocyte precursor phenotype is 
particularly interesting as DNETs, which make up the bulk of Group 2, are 
composed predominantly of small “oligodendrocyte-like cells”. In large samples, 
these can represent the majority of cells visible on histology, but their identity has 
never been confirmed. The relative down-regulation of mature and newly formed 
oligodendrocyte phenotypes when compared to controls indicates these are not 
normal oligodendrocytes and may represent an active population of precursor 
cells. Furthermore, the lack of mature oligodendrocytes may be attributable to the 
increased Wnt/β-catenin signalling identified by IPA and hallmark GSEA 
analyses. Constitutive Wnt/β-catenin signalling is reported to be sufficient in 
preventing oligodendrocyte precursor differentiation (240,241). This presents the 
possibility that Group 2 tumours represent a focal abnormality of oligodendrocyte 
differentiation.  
 



	

	 140	

The enrichment of an astrocytic phenotype within Group 1 tumours is less clear 
cut, however in ganglioglioma the proliferative glial element is frequently 
astrocytic in nature (96). Interestingly, this element can also be oligodendroglial. 
In the context of these enrichment results, and given the difficulty in diagnosing 
these tumours, these occurrences may represent misdiagnosed oligodendroglia 
enriched Group 2 tumours. Oligodendrocytes and astrocytes have been 
suggested to arise from a common ancestor (242-244). Therefore, the 
enrichment of these two cell types may help explain why Group 1 and Group 2 
tumours have similar molecular profiles that can be difficult to distinguish, in the 
case that tumour initiation occurs soon after differentiation from the common 

precursor. Alternatively, the two tumour groups may possess mutations with 
similar biological activity. For example, BRAF-V600E and FGFR1 duplication, 
which are commonly identified within glioneuronal tumours, act through similar 
pathways (80).   
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3.3 Methylation profiling & DNA-based assays 
 
To investigate their methylation profiles, DNA was extracted from FFPE material 
corresponding to 85 glioneuronal tumours (48 GG, 15 DNET, 22 GNT NOS) and 
6 control cases of pathology-free temporal cortex from patients with hippocampal 
sclerosis. This DNA cohort of 85 tumours was assayed on the Illumina 450k 
BeadChip methylation array. During quality control, 19 cases were eliminated 
from subsequent analyses due to failure of more than 10% of probes to hybridise 
in their respective arrays. This left 34 ganglioglioma, 11 DNET, and 21 GNT 
NOS. One sample was found to be from a repeat surgery in the same patient as 

another sample and was removed. This left 65 tumours (34 GG, 11 DNET, and 
20 GNT NOS) and all controls in the analysis (total n = 71). 
 

3.3.1 Classification using the Heidelberg DKFZ brain 
tumour classification algorithm 
 
The potential for robust classification of brain tumours using Illumina BeadChip 
methylation arrays has recently been highlighted by the development of a number 

of diagnostic classifiers. The most comprehensive of these with regards to brain 
tumours is an algorithm currently under development by researchers at the 
German Cancer Research Centre (DKFZ) in Heidelberg.  This algorithm uses a 
subset (10,000) of the 485,577 probes on the 450k BeadChip array and 
determines the most likely diagnosis using a random forest decision tree 
approach, in which each decision tree is a specific probe or set of probes. The 
authors of this algorithm were kind enough to share their code with Tom Jacques, 
and I was able to establish a diagnostic pipeline for Illumina methylation data 
locally at GOSH. This pipeline is currently in routine use for diagnostic samples. 
Having set up the pipeline, I decided to use it to screen the cohort of tumours for 
which I had 450k BeadChip data (n = 71)(Fig. 3.12). I did this firstly to identify any 
outliers corresponding to known tumour types with defined methylation profiles 
that did not fall within the spectrum of low-grade tumours. Secondly, as the 
database used for comparison is curated based on histology and subjective 
classification I wanted to understand how well, on a biological level, my initial 
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histological classification matched those with the same diagnosis from another 
centre. 
 
After analysis, 28/65 (43%) tumours achieved classifications with confidence 
scores greater than the recommended cut-off of 0.9. The mean confidence score 
for these tumours was 0.97 (range 0.90-0.99). These were 11 ganglioglioma, 5 
DNET, and 12 GNT NOS. 37/65 (57%) tumours (23 GG, 6 DNET, and 8 GNT 
NOS) failed to classify robustly, with an overall mean confidence score of 0.39 
(range 0.05-0.86). All histologically classified DNETs with robust confidence 
statistics were classified as DNET by the algorithm, while only 3/11 histologically 

classified ganglioglioma with robust confidence scores were classified as 
ganglioglioma by the algorithm. The remaining 8 ganglioglioma were classified as 
4 cortical pilocytic astrocytoma, 1 midline pilocytic astrocytoma, 2 posterior fossa 
pilocytic astrocytoma, 1 midline pilocytic astrocytoma, and 1 demoplastic infantile 
ganglioglioma. The 12 GNT NOS with robust confidence scores were classified 
as 5 ganglioglioma, 3 DNETs, 2 pleomorphic xanthoastrocytoma, 1 glioma of 
uncertain malignancy, and 1 MYB/MYBL1 subtype low-grade glioma. The 23 
ganglioglioma which failed to classify were called as 6 control reactive brain 
tissue, 1 control pons, 1 inflammatory control, 4 ganglioglioma, 3 meningiomas, 2 
posterior fossa pilocytic astrocytoma, 2 pleiomorphic xanthoastrocytoma, 1 
MYB/MYBL1 subtype low-grade glioma, 1 hemangioblastoma, 1 mesenchymal 
subtype glioblastoma, and 1 H3K27M positive diffuse midline glioma. The 6 
histologically classified DNETs that failed to classify robustly were called, by the 
algorithm, as 3 DNETs, 2 meningiomas, and 1 rosette forming glioneuronal 
tumour. The 8 GNT NOS that failed to classify robustly were called as 4 
ganglioglioma, 1 DNET, 1 cortical pilocytic astrocytoma, 1 papillary 
craniopharyngioma, and 1 inflammatory control. 6 control temporal cortices were 
also subjected to analysis, all of which failed to classify robustly with a mean 
confidence score of 0.39. Interestingly, these were called as 4 DNETs, 1 
ganglioglioma, and 1 control brain pons. Classification summaries for all DNETs, 

ganglioglioma, GNT NOS, and controls are shown in Tables 3.26, 3.27, 3.28, and 
3.29.
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Sample Histology Classification Score 
GNT23 DNET Meningioma 0.045978653 
GNT59 DNET Meningioma 0.056650631 
GNT84 DNET DNET 0.475012214 
GNT24 DNET DNET 0.503225846 

GNT37 DNET Rosette Forming Glioneuronal 
Tumour 0.548937232 

GNT10 DNET DNET 0.573553051 
GNT33 DNET DNET 0.909288585 
GNT34 DNET DNET 0.99631909 
GNT31 DNET DNET 0.998322079 
GNT38 DNET DNET 0.999944445 
GNT43 DNET DNET 0.999971894 

 
Table 3.26. Summary data for all DNETs assessed using the Heidelberg 
DKFZ brain tumour classification algorithm. 5/11 (45%) DNETs classified 
robustly with a score ≥ 0.9. All of these were classified as DNET. 6/11 (55%) 
failed to classify and were called as 2 DNETs, 2 meningionas, and 1 rosette 
forming glioneuronal tumour. 
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Table 3.27. Summary data for all ganglioglioma assessed using the 
Heidelberg DKFZ brain tumour classification algorithm. 11/34 (32%) 
ganglioglioma classified robustly with a score ≥ 0.9. 3/11 of these classified as 
ganglioglioma. 8/11 were classified as 4 cortical pilocytic astrocytoma, 1 midline 
pilocytic astrocytoma, 2 posterior fossa pilocytic astrocytoma, 1 midline pilocytic 
astrocytoma, and 1 demoplastic infantile ganglioglioma.  23/34 (68%) failed to 
classify and were called as 6 control reactive brain, 1 control pons, 1 
inflammatory control, 4 ganglioglioma, 3 meningioma, 2 posterior fossa pilocytic 
astrocytoma, 2 pleiomorphic xanthoastrocytoma, 1 MYB/MYBL1 subtype low-
grade glioma, 1 hemangioblastoma, 1 mesenchymal subtype glioblastoma, and 1 
H3K27M positive diffuse midline glioma. 

Sample Histology Classification Score 
GNT54 GG GG 0.047045299 
GNT69 GG Hemangioblastoma 0.049453965 
GNT60 GG Control Pons 0.049811813 
GNT09 GG Meningioma 0.05397075 
GNT04 GG Meningioma 0.054447223 
GNT29 GG Control Reactive Brain 0.081083367 
GNT89 GG Pleiomorphic Xanthoastrocytoma 0.082714299 
GNT21 GG GG 0.085434292 
GNT35 GG Meningioma 0.139061487 
GNT03 GG Control Reactive Brain 0.21985255 
GNT76 GG GG 0.220176744 
GNT67 GG MYB Subtype Low-Grade Glioma 0.222076153 
GNT06 GG Control Reactive Brain 0.224348373 
GNT22 GG Control Reactive Brain 0.289905399 
GNT51 GG GG 0.366698054 
GNT12 GG Control Reactive Brain 0.401173614 
GNT05 GG Pleiomorphic Xanthoastrocytoma 0.402522642 
GNT49 GG Posterior Fossa Pilocytic Astrocytoma 0.678608951 
GNT18 GG K27M Diffuse Midline Glioma 0.724316745 
GNT42 GG Control Inflammatory 0.751088822 
GNT08 GG Posterior Fossa Pilocytic Astrocytoma 0.808519122 
GNT13 GG Control Reactive Brain 0.834280483 
GNT57 GG Mesenchymal Glioblastoma 0.859541601 
GNT56 GG Desmoplastic Infantile GG 0.922023246 
GNT27 GG Cortical Pilocytic Astrocytoma 0.932773037 
GNT17 GG Cortical Pilocytic Astrocytoma 0.938436463 
GNT58 GG Posterior Fossa Pilocytic Astrocytoma 0.98044138 
GNT48 GG Posterior Fossa Pilocytic Astrocytoma 0.984452312 
GNT46 GG GG 0.985334585 
GNT94 GG GG 0.996067005 
GNT16 GG Cortical Pilocytic Astrocytoma 0.997732221 
GNT96 GG GG 0.99922388 
GNT36 GG Cortical Pilocytic Astrocytoma 0.999341271 
GNT97 GG Midline Pilocytic Astrocytoma 0.999345414 
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Sample Histology Classification Score 
GNT52 GNT Papillary Craniopharyngioma 0.083933881 
GNT11 GNT Control Inflammatory 0.150992294 
GNT25 GNT DNET 0.451254313 
GNT87 GNT GG 0.588405623 
GNT39 GNT GG 0.687221678 
GNT26 GNT Cortical Pilocytic Astrocytoma 0.793477847 
GNT44 GNT GG 0.822303462 
GNT92 GNT GG 0.864068313 
GNT90 GNT Glioma of Uncertain Malignancy 0.902498383 
GNT40 GNT GG 0.906156822 
GNT95 GNT GG 0.945451464 
GNT79 GNT GG 0.947153975 
GNT47 GNT MYB Subtype Low-Grade Glioma 0.949006874 
GNT64 GNT GG 0.972499202 
GNT02 GNT Pleiomorphic Xanthoastrocytoma 0.978941659 
GNT20 GNT DNET 0.983620418 
GNT81 GNT GG 0.987596671 
GNT14 GNT DNET 0.999252375 
GNT07 GNT DNET 0.999894235 
GNT50 GNT Pleiomorphic Xanthoastrocytoma 0.99999329 

 
Table 3.28. Summary data for all GNT NOS assessed using the Heidelberg 
DKFZ brain tumour classification algorithm. 12/20 (60%) GNT NOS classified 
robustly with a score ≥ 0.9. These were classified as 5 ganglioglioma, 2 DNETs, 
2 pleiomorphic xanthoastrocytoma, and 1 MYB subtype low-grade glioma. 8/20 
(40%) failed to classify and were called as 4 ganglioglioma, 1 DNET, 1 cortical 
pilocytic astrocytoma, 1 inflammatory control, and 1 papillary craniopharyngioma. 
 

Control Histology Classification Score 
C1 HS DNET 0.250008339 
C2 HS DNET 0.319459881 
C3 HS GG 0.335887708 
C4 HS Control Pons 0.372007458 
C5 HS DNET 0.507927242 
C6 HS DNET 0.585101539 

 
Table 3.29. Summary data for all controls assessed using the Heidelberg 
DKFZ brain tumour classification algorithm. 6/6 (100%) of controls failed to 
classify robustly with a score ≥ 0.9. These were classified as 4 DNETs, 1 
ganglioglioma, and 1 control pons. 
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Figure 3.12. Heidelberg DKFZ algorithm classification summary data. 
Summary data for all cases analysed using the Heidelberg algorithm. Red = 
failed to classify at confidence > 0.9, Green = classifies at confidence > 0.9 and 
agrees with histology (N/A for GNT NOS), Yellow = classifies at confidence > 0.9 
but disagrees with histology.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Heidelberg Classification vs Histology

DNET GG GNT NOS

Fail

Pass

Pass - 
disagree /w 
histology

10

20

30

40

No
. C

as
es



	

	 147	

3.3.1.1 Discussion 
 
The opportunity to classify tumours using a classification algorithm developed in 
another institution represented a chance to assay agreement between centres 
and identify outliers. The training set cases used for this algorithm were classified 
using subjective histology by one or more experienced neuropathologists. This 
was also true of the histological classifications for my cohort. Therefore, if there 
was good agreement between centres one would expect the classification 
generated by the algorithm to match our histological classification in a large 
number of cases. Instead I found this was not the case. Only 11/34 ganglioglioma 
and 5/11 DNETs could be classified confidently according to the algorithm. 
Furthermore, only 3/11 confidently scored ganglioglioma were classified with a 
concordant histological classification. All confidently scored DNETs were 
classified with concordant histological classification. Overall, the overwhelming 
majority of cases from these two histological categories could not be classified 
confidently. From this we can infer a number of potential conclusions. Firstly, the 
criteria for assigning cases a diagnosis of ganglioglioma or DNET based on 

histology may be different between Heidelberg and GOSH. This conclusion would 
be in line with previous reports on inter-observer agreement when assessing 
glioneuronal tumours (133). This is also concurrent with contrasting incidence of 
these histological types between surgical series in different countries (32). An 
alternative conclusion is that the subset of probes used by the algorithm may not 
contain those that are able to properly differentiate between glioneuronal tumour 
histological types. As glioneuronal tumours are relatively rare compared to other 
brain tumours, the classifier may be directed more towards the diagnosis of more 
common tumours or those with stronger methylation profiles, such as 
medulloblastoma and glioblastoma. Therefore, the probes used by the algorithm 
are likely to heavily favour these entities and may perform poorly for low-grade 
tumours without known distinguishing genomic features. This may be reflected in 
the successful classification of 12/21 GNT NOS, which were classified as a mix of 
glioneuronal and other low-grade tumours. Interestingly, none of the control 
samples I analysed were classified successfully, despite the presence of control 
profiles for a number of brain regions within the training set. 4/6 of these were 
classified as DNET, 1 was classified as a ganglioglioma, and the remaining 
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control was identified as normal pons. This may reinforce the idea that the 
algorithm is not tuned to recognise suitable probes that distinguish low-grade 
tumours and normal tissues, instead favouring the more distinct methylation 
changes seen in higher grade lesions.  
 
In addition to cases that failed to classify at a sufficiently high confidence level, a 
number of cases that did classify with statistical confidence were assigned 
diagnoses that were discordant to their original histological type. This is 
unsurprising for the GNT NOS portion of my cohort, as by definition these 
tumours could not confidently be assessed by their histology. However, the 

majority of ganglioglioma that reached statistical confidence were also given 
classifications that were discordant with their histology. From a total of 11 
confident diagnoses only 4 corresponded to ganglioglioma. The remaining 7 
corresponded to pilocytic astrocytoma of the posterior fossa, midline, and cortex.  
The identification of a number of ganglioglioma as pilocytic astrocytoma may 
represent that they share similar features in their methylation profiles. This might 
be expected, as pilocytic astrocytoma and ganglioglioma are reported to share 
other features, such as an enrichment for BRAF abnormalities (57,245). The 
discordant classification of these tumours may then be due to a lack of suitable 
probes within the classifier algorithm for distinguishing similar tumour types from 
one another, reflecting a lack of understanding of the molecular background in 
one or both entities. Overall, across the cohort there were no confident 
classifications that suggested the presence of any significant biological outliers, 
although the identification of a handful of low-grade tumours as more malignant 
entities (GNT18 and GNT57) is potentially of concern. In the former case, 
GNT18, which was identified as a K27M mutant glioma, a H3F3A-K27M mutation 
was identified by subsequent assays and likely explains this classification. The 
potential for over-diagnosis may have implications for the clinical utility of 
classification algorithms such as this one. However, it should be noted that at the 
time of writing this tool is still in development and so a full evaluation cannot 

currently be made.  
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3.3.2 Glioneuronal tumours cluster into two broad 
groups on 450k methylation arrays 
 
After classification using the DKFZ algorithm, I used the same cohort of 65 
tumours (34 GG, 11 DNET, and 20 GNT NOS) and 6 controls (n = 71) for 
clustering analysis. 23/65 tumours within my methylation cohort had been 
previously subjected to RNA sequencing, however only 12 of these had 
successfully clustered away from controls in that analysis. As with my RNA 
sequencing data, I decided to use consensus clustering to classify tumours 
based on their biological similarity and blinded to their histological diagnosis. I 
clustered cases according to the 10,000 most variable probes across the cohort. 

The most stable clustering solution, as identified by a downwards inflection on the 
delta area plot, calculated by consensus clustering identified three groups within 
the cohort (Fig. 3.13). These were two groups containing only tumours and one 
group that contained all control cases plus a number of tumours. One tumour 
group contained 19 ganglioglioma, 1 DNET, and 1 GNT NOS (n = 21) while the 
other contained 2 ganglioglioma, 8 DNET, and 6 GNT NOS (n = 16). For 
simplicity, I shall refer to these tumour groups as Methyl Group 1 and Methyl 
Group 2, respectively. The third group consisted of the 6 controls plus 13 
ganglioglioma, 2 DNET, and 13 GNT NOS. To visualise the clustering of these 
groups in 2D space I used principal component analysis as previously described 
(Fig. 3.14). 
 
Due to limitations in the availability of material both FFPE and frozen material for 
individual cases, only 23/65 tumours within my methylation cohort had been 
subjected to RNA sequencing and subsequent consensus clustering. These 
included 6 tumours that had clustered within RNA Group 1 and 6 that had 
clustered within RNA Group 2. The remaining 11/23 tumours had failed 
classification during my RNA expression data consensus clustering and could not 
be separated from controls. Within my methylation clustering analysis, all 6 

tumours that corresponded to RNA Group 1 could not be distinguished from 
controls and could not be classified. However, all 6 tumours corresponding to 
RNA Group 2 clustered as Methyl Group 2. Given the similar cohort and 
experimental design for these two assays, methylation and expression profiling, it 
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seems most likely that they have identified the same two groups independently.  
Summary data for my methylation consensus clustering are shown in tables 3.30 
and 3.31. Combined data showing all cases successfully clustered by RNA 
sequencing and/or methylation data are shown in Table 3.32.  
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Table 3.30. 450K methylation clustering data. Clustering data for all cases that 
successfully classified away from controls by consensus clustering of 450K 
methylation data. Methyl Group 1 contained 19 ganglioglioma, 1 DNET, and 1 
GNT NOS (n = 21). Methyl Group 2 contained 2 ganglioglioma, 8 DNET, and 6 
GNT NOS (n = 16). 6 tumours that had previously clustered with RNA Group 2 in 
previous analyses clustered with Methyl Group 2 in this analysis. In the RNA 
Cluster column, Weak = could not be separated from controls, N/A = sample was 
not part of the RNA sequencing consensus clustering cohort. 

Sample Histology Methyl 
Cluster 

RNA 
Cluster 

GNT01 GG Meth 1 N/A 
GNT03 GG Meth 1 N/A 
GNT05 GG Meth 1 N/A 
GNT06 GG Meth 1 N/A 
GNT08 GG Meth 1 N/A 
GNT09 GG Meth 1 N/A 
GNT11 GNT NOS Meth 1 N/A 
GNT12 GG Meth 1 N/A 
GNT13 GG Meth 1 N/A 
GNT16 GG Meth 1 N/A 
GNT17 GG Meth 1 N/A 
GNT18 GG Meth 1 N/A 
GNT22 GG Meth 1 N/A 
GNT23 DNET Meth 1 N/A 
GNT29 GG Meth 1 N/A 
GNT35 GG Meth 1 N/A 
GNT48 GG Meth 1 N/A 
GNT56 GG Meth 1 N/A 
GNT57 GG Meth 1 N/A 
GNT58 GG Meth 1 N/A 
GNT42 GG Meth 1 Weak 
GNT02 GNT NOS Meth 2 N/A 
GNT07 GNT NOS Meth 2 N/A 
GNT14 GNT NOS Meth 2 N/A 
GNT20 GNT NOS Meth 2 N/A 
GNT25 GNT NOS Meth 2 N/A 
GNT26 GNT NOS Meth 2 N/A 
GNT33 DNET Meth 2 N/A 
GNT34 DNET Meth 2 N/A 
GNT49 GG Meth 2 N/A 
GNT10 DNET Meth 2 RNA 2 
GNT24 DNET Meth 2 RNA 2 
GNT36 GG Meth 2 RNA 2 
GNT37 DNET Meth 2 RNA 2 
GNT38 DNET Meth 2 RNA 2 
GNT43 DNET Meth 2 RNA 2 
GNT31 DNET Meth 2 Weak 
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Sample Histology Methyl 
Cluster 

RNA 
Cluster 

GNT94 GG Weak N/A 
GNT60 GG Weak N/A 
GNT64 GNT NOS Weak N/A 
GNT67 GG Weak N/A 
GNT69 GG Weak N/A 
GNT95 GNT NOS Weak N/A 
GNT79 GNT NOS Weak N/A 
GNT81 GNT NOS Weak N/A 
GNT39 GNT NOS Weak N/A 
GNT96 GG Weak N/A 
GNT46 GG Weak N/A 
GNT92 GNT NOS Weak N/A 
GNT59 DNET Weak N/A 
GNT21 GG Weak RNA 1 
GNT40 GNT NOS Weak RNA 1 
GNT44 GNT NOS Weak RNA 1 
GNT47 GNT NOS Weak RNA 1 
GNT51 GG Weak RNA 1 
GNT52 GNT NOS Weak RNA 1 
GNT04 GG Weak Weak 
GNT76 GG Weak Weak 
GNT27 GG Weak Weak 
GNT84 DNET Weak Weak 
GNT87 GNT NOS Weak Weak 
GNT89 GG Weak Weak 
GNT90 GNT NOS Weak Weak 
GNT50 GNT NOS Weak Weak 
GNT54 GG Weak Weak 

 
Table 3.31. 450K methylation clustering data continued. Clustering data for 
cases that did not successfully cluster away from controls by consensus 
clustering of 450K methylation data. 6 of these cases had previously been 
analysed by consensus clustering of RNA sequencing data and had clustered 
with RNA Group 1. In both the Methyl and RNA Cluster columns Weak = could 
not be separated from controls. In the RNA Cluster column N/A = sample was not 
part of the RNA sequencing consensus clustering cohort. 
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Table 3.32. Combined RNA sequencing and methylation clustering results.  
RNA/Meth column specifies which method each case successfully clustered by.

Sample	 Histology	 RNA/Meth	 Mol.	Group	
GNT21	 GG	 RNA	 RNA	1	
GNT41	 GG	 RNA	 RNA	1	
GNT45	 GG	 RNA	 RNA	1	
GNT51	 GG	 RNA	 RNA	1	
GNT15	 GG	 RNA	 RNA	1	
GNT19	 GNT	NOS	 RNA	 RNA	1	
GNT40	 GNT	NOS	 RNA	 RNA	1	
GNT44	 GNT	NOS	 RNA	 RNA	1	
GNT47	 GNT	NOS	 RNA	 RNA	1	
GNT52	 GNT	NOS	 RNA	 RNA	1	
GNT32	 DNET	 RNA	 RNA	2	
GNT30	 GG	 RNA	 RNA	2	
GNT28	 GNT	NOS	 RNA	 RNA	2	
GNT43	 DNET	 RNA	+	Meth	 RNA	2:	Meth	2	
GNT10	 DNET	 RNA	+	Meth	 RNA	2:	Meth	2	
GNT37	 DNET	 RNA	+	Meth	 RNA	2:	Meth	2	
GNT38	 DNET	 RNA	+	Meth	 RNA	2:	Meth	2	
GNT24	 DNET	 RNA	+	Meth	 RNA	2:	Meth	2	
GNT36	 GG	 RNA	+	Meth	 RNA	2:	Meth	2	
GNT01	 GG	 Meth	 Meth	1	
GNT03	 GG	 Meth	 Meth	1	
GNT05	 GG	 Meth	 Meth	1	
GNT06	 GG	 Meth	 Meth	1	
GNT08	 GG	 Meth	 Meth	1	
GNT09	 GG	 Meth	 Meth	1	
GNT11	 GNT	NOS	 Meth	 Meth	1	
GNT12	 GG	 Meth	 Meth	1	
GNT13	 GG	 Meth	 Meth	1	
GNT16	 GG	 Meth	 Meth	1	
GNT17	 GG	 Meth	 Meth	1	
GNT18	 GG	 Meth	 Meth	1	
GNT22	 GG	 Meth	 Meth	1	
GNT23	 DNET	 Meth	 Meth	1	
GNT29	 GG	 Meth	 Meth	1	
GNT35	 GG	 Meth	 Meth	1	
GNT48	 GG	 Meth	 Meth	1	
GNT56	 GG	 Meth	 Meth	1	
GNT57	 GG	 Meth	 Meth	1	
GNT58	 GG	 Meth	 Meth	1	
GNT42	 GG	 Meth	 Meth	1	
GNT02	 GNT	NOS	 Meth	 Meth	2	
GNT07	 GNT	NOS	 Meth	 Meth	2	
GNT14	 GNT	NOS	 Meth	 Meth	2	
GNT20	 GNT	NOS	 Meth	 Meth	2	
GNT25	 GNT	NOS	 Meth	 Meth	2	
GNT26	 GNT	NOS	 Meth	 Meth	2	
GNT33	 DNET	 Meth	 Meth	2	
GNT34	 DNET	 Meth	 Meth	2	
GNT49	 GG	 Meth	 Meth	2	
GNT31	 DNET	 Meth	 Meth	2	
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Figure 3.13. Consensus clustering of tumours and controls on 450k array data. 65 tumours and 6 controls were clustered 
by consensus clustering into three groups (A). These were two tumour groups and a third group consisting of controls and 
tumours with weak profiles. Tumour group 1 (n = 21) consisted of 20 ganglioglioma and 1 DNET. Tumour group 2 (n = 16) 
consisted of 8 DNET, 6 GNT NOS and 2 ganglioglioma. Histological categories are colour coded below the heatmap: green = 
control, red = GG, blue = DNET, yellow = GNT NOS. The delta area plot (B) shows a downward trend after k = 3, indicating 
little additional variability is explained by subdivision into further groups, suggesting the most robust clustering solution 
represents three groups within the dataset. 
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Figure 3.14. Principal component plot of 450k consensus clustering. Three 
groups were identified by consensus clustering. These were one group of 
controls and tumours with weak profiles (green), and two robust tumour groups. 
Methyl Group 1 (red) and Group 2 (blue) tumours can be clearly distinguished 
from the control group and each other.  
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3.3.2.1 Discussion 
 
Significant advances have been made in classifying brain tumours using 
methylation arrays for profiling (147,165). Therefore, I decided to investigate 
whether such an approach could be taken to classify glioneuronal tumours. 
Utilising the same methodology as I had used for analysing RNA-Seq data, I 
classified tumours using consensus clustering to classify tumours based on the 
similarities of their methylation profiles. From the 85 tumours I started with, 65 
passed quality control. After consensus clustering, I was able to identify two 
tumour groups alongside a third group containing tumours and all controls. 
Methyl Group 1 consisted of 20 ganglioglioma and 1 DNET while Methyl Group 2 
represented 2 ganglioglioma, 8 DNET, and 6 GNT NOS. Cases that had been 
used in this analysis were largely those that could not be used for RNA 
sequencing due to a lack of frozen material. Despite this lack of overlap between 
cohorts, the results of this methylation informed classification mirror those of my 
RNA sequencing based classification. While not absolute, the fact that the 
handful of cases classified by both methods fall into the same groups in either 

test suggests that the two methods are identifying the same biological distinction.  
 
As previously stated regarding my RNA sequencing consensus groups, the 
clustering I have shown indicates that glioneuronal tumours represent multiple 
entities that are only partially consistent with their histological features when 
compared to one another and control temporal cortex. However, to distinguish 
these tumours from other low-grade tumours would require additional 
comparisons to eliminate the possibility that these tumours are variants of these. 
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3.3.3 Molecular classification associates with age at first 
seizure  
 
Having identified two groups by consensus clustering of both RNA sequencing 
expression data and 450K methylation array data, I decided to assess whether 
either group associated with seizure status and postoperative seizure freedom 
(Table 3.33). For simplicity, here I have assumed the groups identified by 
expression and methylation profiling represented the same biological entities 
(e.g. RNA Group 1 is equivalent to Methyl Group 1, and vice versa for RNA and 
Methyl Group 2). In total, seizure follow up data were available for 28 cases that 
had been molecularly classified (14 Group 1, 14 Group 2). Mean follow up 

duration was 19.9 months (range 1.5-63 months). 12/14 (86%) Group 1 tumours 
presented with seizures, compared to 11/14 (79%) Group 2 tumours. Chi-square 
with Fisher’s exact test found no significant difference in seizure freedom at either 
1 year postoperatively or at last follow up. 7/12 (58%) patients with Group 1 
tumours and 5/11 (45%) patients with Group 2 tumours were seizure free at 1 
year postoperatively and at last follow up. However, I observed a large difference 
in the mean age at first seizure between groups that was statistically significant. 
Patients with Group 1 tumours possessed a mean age at first seizure of 30.2 
months (SE = 13.9) compared to 87.5 (SE = 17.3) for those with Group 2 tumours 
(t = -2.6, p = 0.017). There was also a large difference in age at surgery, with a 
mean age of 99.2 months (SE = 14.7) for Group 1 tumours and 141.5 months 
(SE = 15.4) for Group 2 tumours, although this was not statistically significant (t = 
-1.9, p = 0.06). Additionally, I observed no significant difference in seizure 
duration prior to surgery. The mean seizure duration for patients with Group 1 
tumours was 67.2 months (SE = 14.9) compared to 54.6 (SE = 17.4) for those 
with Group 2 tumours (t = 0.5, p = 0.585).  
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Clinical Features Group 1 Group 2 
Gender (n = 28) 8M/6F 7M/7F 

Presented with Seizures (n = 28) 12/14 (86%) 11/14 (79%) 

Age 1st Seizure (n = 20) 30 (5-180) 
(n = 12) 

87 (23-180) 
(n = 8) 

Age Surgery (n = 21) 99 (20-192) 
(n = 13) 

141 (46-188) 
(n = 8) 

Seizure Duration (n = 20) 67 (5-158) 
(n = 12) 

55 (1-165) 
(n = 8) 

Residual Post-op Tumour (n = 20) 7/9 (78%) 6/11 (54%) 
Seizure Free at 1 Year (n = 23) 7/12 (58%) 5/11 (45%) 
Seizure Free at Last Follow Up 

(n = 23) 7/12 (58%) 5/11 (45%) 

 
Table 3.33 Clinical and seizure associations of molecularly classified 
tumours. Summary data representing the seizure and clinical features for 
patients with tumours that could be molecularly classified by either expression or 
methylation profiling. For Age 1st Seizure, Age Surgery, and Seizure Duration, the 
mean and range are given. 
 

3.3.3.1 Discussion 
 
In order to test whether either of the groups identified by my molecular 
classifications were associated with favourable or worse seizure outcome, I 
compared the clinical seizure data for cases where it was available. Neither 
group associated significantly with higher seizure incidence at diagnosis or 
seizure freedom postoperatively. However, I did observe a significant difference 
in the age at which seizures first arise between the two groups. My data suggest 
that those patients with Group 1 tumours are more likely to experience seizures 
at a significantly earlier age than their counterparts with Group 2 tumours. This is 
particularly interesting because it supports the hypothesis that the two groups 
identified by expression and methylation profiling are distinct biological entities 
rather than an arbitrary division of cases by the available data. Additionally, while 
not statistically significant, it is worth noting that Group 2 tumours attained seizure 
freedom in 13% fewer instances than their Group 1 counterparts. It is possible 
that this difference might become more pronounced if more cases with seizure 
follow up were included in the analysis, however in the case of my cohort this 
was not available. 
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3.3.4 Mutation screening by tagged-amplicon deep 
sequencing (TAm-Seq) 
 
The most extensively reported genetic feature in glioneuronal tumours is the 
presence of a BRAF-V600E mutation in varying proportions of cases of different 
histological type. I decided to investigate the presence of this mutation in my 
cohort of tumours, firstly to identify how its incidence in my cohort correlated to 
previous reports, and secondly to highlight whether it was a feature specific to 
either of the two molecular groups identified by consensus clustering.  
 
In total 81 (45 GG, 13 DNET, 23 GNT NOS) tumour samples were submitted for 

analysis by TAm-Seq, using a panel targeting CTNNB1, BRAF, H3.1, H3.3, IDH1, 
and IDH2. Two samples failed to amplify due to PCR inhibition and were 
excluded, leaving 44 GG, 13 DNET, and 22 GNT NOS in the analysis. 35 of 
these were positive for a mutation in at least one gene in one duplicate, of which 
31 were positive in both duplicates (Table 3.34)(Figs 3.15 & 3.16). I identified 31 
samples with a BRAF-V600E mutation, 27 of which were positive in both 
duplicates. The average mutation allele frequency was 17% (range 1-34%). 
When samples were classified according to the molecular groups highlighted by 
consensus clustering, no BRAF-V600E mutations were observed in the Methyl or 
RNA Group 2 tumours that had undergone TAm-Seq analysis (n = 19). However, 
BRAF-V600E mutations were observed in 12/26 (46%) Group 1 tumours (8 
Methyl Group 1, 4 RNA Group 1) interrogated by this method. 19/34 (83%) 
tumours that could not be classified by clustering also possessed this mutation. 
When classified according to histology, no DNETs (n = 13) were observed to 
have BRAF-V600E mutations while 22/44 (50%) of GG and 11/22 (50%) of GNT 
NOS possessed the mutation. Two cases with a BRAF mutation possessed 
additional mutations. One case possessed an additional CTNNB1-G34E mutation 
at 1% allele frequency and was an RNA Group 1 GNT NOS. The second case 
had not been classified molecularly, and was a GNT NOS possessing a H3F3A-

K19K mutation at 52% allele frequency.  
 
Of the 4 remaining samples that I observed with mutations, 2 had H3F3A 
mutations. These were both Methyl Group 1 ganglioglioma, possessing either 
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H3F3A-A26A or H3F3A-K28M at 56% and 30% allele frequency, respectively.  1 
sample had two CTNNB1 mutations, CTNNB1-L46L and CTNNB1-T40T, both at 
2% allele frequency. Finally, one sample was flagged positive for possession of 
both IDH1-R132H and IDH1-R132C mutations at 1% allele frequency. This was a 
Methyl Group 2 DNET. 
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Allele 

Frequency   

Sample Histology Mol. 
Group 

Copies
/μl Mutation Dup 1 Dup 2 Avg Add. Mut 

GNT03 GG M1 207 BRAF-V600E 8% N/A 8% 	
GNT21 GG R1 226 BRAF-V600E 7% 8% 8% 	GNT29 GG M1 163 BRAF-V600E 8% N/A 8% 	GNT35 GG M1 1455 BRAF-V600E 28% 32% 30% 	GNT40 GNT NOS R1 726 BRAF-V600E 23% 25% 24% 	GNT48 GG M1 71 BRAF-V600E 1% 1% 1% 	GNT51 GG R1 2948 BRAF-V600E 23% 25% 24% 	
GNT52 GNT NOS R1 79 BRAF-V600E 7% 6% 7% CTNNB1-

G34E 
GNT16 GG M1 6370 BRAF-V600E 17% 20% 19% 	GNT01 GG M1 6277 BRAF-V600E 26% 23% 25% 	GNT05 GG M1 4400 BRAF-V600E 18% 20% 19% 	GNT17 GG M1 2197 BRAF-V600E 17% 18% 18% 	GNT94 GG U 707 BRAF-V600E 11% 13% 12% 	GNT60 GG U 282 BRAF-V600E 9% 8% 9% 	GNT69 GG U 852 BRAF-V600E 14% 15% 15% 	GNT71 GG U 965 BRAF-V600E 10% 8% 9% 	GNT75 GG U 1384 BRAF-V600E 17% 18% 18% 	GNT76 GG U 343 BRAF-V600E 18% 11% 15% 	GNT27 GG U 1403 BRAF-V600E 19% 20% 20% 	GNT95 GNT NOS U 1149 BRAF-V600E 13% 15% 14% 	GNT81 GNT NOS U 1482 BRAF-V600E 14% 15% 15% 	GNT39 GNT NOS U 5016 BRAF-V600E 33% N/A 33% 	GNT41 GG U 1326 BRAF-V600E 13% 13% 13% 	GNT96 GG U 2519 BRAF-V600E 25% 24% 25% 	GNT87 GNT NOS U 1097 BRAF-V600E 11% 12% 12% 	GNT89 GG U 1299 BRAF-V600E 16% 16% 16% 	GNT50 GNT NOS U 3185 BRAF-V600E 30% 28% 29% 	GNT54 GG U 558 BRAF-V600E 17% N/A 17% 	GNT92 GNT NOS U 1694 BRAF-V600E 18% 19% 19% 	GNT44 GNT NOS U 196 BRAF-V600E 34% 8% 21% 	
GNT73 DNET U 721 CTNNB1-

L46L 1% 2% 2% CTNNB1-
T40T 

GNT13 GG M1 7297 H3F3A-A26A 56% 56% 56% 	
GNT72 GNT NOS U 1711 H3F3A-K19K 52% 52% 52% BRAF-

V600E 
GNT18 GG M1 3047 H3F3A-K28M 36% 24% 30% 	
GNT33 DNET M2 61.5 IDH1-R132H 1% 1% 1% IDH1-

R132C 
 
Table 3.34. Summary results for cases found to be mutation positive by 
TAm-Seq. BRAF mutations were observed in 12/26 (46%) Group 1 tumours and 
19/34 (83%) unclassified tumours that could not be distinguished from controls by 
clustering (Mol. Group U). No BRAF mutations were observed in Group 2 
tumours. 6 tumours possessed mutations other than BRAF-V600E. In Mol. Group 
column M1 = Methyl Group 1, M2 = Methyl Group 2, R1 = RNA Group 1, U = 
unclassified. 
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Figure 3.15. TAm-Seq mutations versus histology. 21/44 (48%) of 
ganglioglioma possessed BRAF mutations. 2 of these had secondary mutations 
and a further two had other mutations in the absence of a BRAF mutation. No 
DNETs possessed a BRAF mutation, although two cases did have other 
mutations (n = 13). 10/22 (45%) of GNT NOS possessed a BRAF mutation, of 
which two had additional mutations. For simplicity, cases with BRAF plus 
additional mutations are colour coded identically to BRAF only cases. 
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Figure 3.16. TAm-Seq mutations versus molecular classification. 12/26 
(46%) of RNA or Methyl Group 1 tumours possessed a BRAF mutation. 1 of 
these had an additional mutation and two possessed other mutations in the 
absence of a BRAF mutation. No RNA or Methyl Group 2 tumours possessed a 
BRAF mutation, although one case had an IDH1 mutation (n = 19). 19/34 (56%) 
of unclassified tumours (those that had not been distinguishable from controls by 
clustering) possessed BRAF mutations. 1 of these had an additional mutation 
and 1 possessed another mutation in the absence of BRAF-V600E. 
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3.3.4.1 Discussion 
 
To test for the most commonly reported mutation in glioneuronal tumours, BRAF-
V600E, I used tagged amplicon sequencing to assay genomic DNA against a 
panel targeting CTNNB1, BRAF, H3.1, H3.3, IDH1, and IDH2. Out of 79 samples 
successfully sequenced, I found 31 possessed a BRAF-V600E mutation in at 
least one duplicate, 27 of which were positive for the mutation in both duplicates. 
Histologically, these represented 21 ganglioglioma and 10 GNT NOS. Strikingly, 
when classified according to their consensus group BRAF-V600E mutations were 
exclusive to Group 1 tumours and were present in 12/26 (46%) of these tumours. 
While no previous publications have addressed mutation status in the context of 
tumours classified by molecular profile, this can be compared to previous reports 
of BRAF mutations in ganglioglioma and DNETs. These studies observed BRAF-
V600E mutations in 18-45% of ganglioglioma and 0-51% of DNETs 
(59,103,124,125). My data are partially in keeping with these reports. The 
majority of Group 1 tumours are ganglioglioma, which have more frequently been 
associated with BRAF mutations. Additionally, the proportion of tumours 

exhibiting the mutation is in line with previous reports. However, in contrast with 
some previous studies, I found no evidence of BRAF in either DNETs or other 
tumours belonging to Group 2. This therefore suggests that BRAF-V600E is a 
distinguishing feature of Group 1 tumours. A large number of tumours that could 
not be classified by molecular profile also possessed a BRAF-V600E mutation. 
These positive cases predominantly represent ganglioglioma and a few GNT 
NOS. It therefore seems likely that these would have fallen within Group 1 had 
their molecular profiles been distinct enough to separate from controls. As such, 
the presence of this mutation may represent an important diagnostic marker to 
isolate these biologically distinct entities from other low-grade glioneuronal 
tumours when other methods are less clear. 
 
Despite the presence of BRAF-V600E mutations in almost half of Group 1 
tumours, the majority of tumours did not possess this mutation. Interestingly, 2 of 
these tumours possessed H3F3A mutations, which have been reported to 
correlate with recurrence in ganglioglioma (100). The remaining 12 Group 1 
tumours possessed no detectable mutations that were targeted in this panel. 
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There are a number of possibilities to explain this. The simplest explanation could 
be that a BRAF mutation is present, but at such a low frequency that it is difficult 
to detect even using a technique with this degree of sensitivity. While the average 
mutation allele frequency in my cohort was 17%, a number of tumours display 
frequencies much lower than this, suggesting that the majority of cells from which 
DNA was extracted did not possess the mutation. BRAF-V600E protein has been 
shown to localize predominantly to the neuronal component of ganglioglioma, 
and presence of the mutation has been associated with the presence of 
dysplastic neurons (101). This may suggest the presence of a proportion of 
dysplastic neurons within Group 1 tumours that bear the mutation. Detection may 

then depend on both the presence of these mutation-bearing cells and their 
relative abundance compared to non-mutant tumour cells and healthy wild type 
cells. Alternatively, tumours with no detectable mutation may be affected by 
abnormalities that were not included within this panel. They may also possess 
similar molecular profiles due to activation of the same downstream pathways as 
BRAF-V600E positive tumours through alternative mechanisms. An example of 
this may be BRAF copy number gain, which may have been a factor in a small 
proportion of tumours in my cohort due to gain of chromosome 7 as described in 
a previous section. 
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3.3.5 FGFR1 copy number assay by qPCR 
 
A few recent publications have highlighted a potential role for FGFR1 alterations 
in DNETs (80,121). The most commonly described alteration is a duplication of 
the tyrosine kinase domain of FGFR1. To assess the presence of this mutation in 
my cohort, I attempted copy number analysis by qPCR against FGFR1 exon 12. 
This exon falls within the region purported to be duplicated. Additionally, I 
assayed FGFR1 exon 3. This exon falls outside of the region purported to be 
duplicated and I hypothesised this would be useful as an internal control within 
FGFR1 to distinguish between a tyrosine kinase or whole gene duplication. In 
total, I carried out qPCR on 29 tumours (17 GG, 9 DNET, 3 GNT NOS) and 7 

controls. 

As a quality control, the 7 control samples were analysed in CopyCaller 
separately from the rest of the cohort in both probes. All were calculated to have 
a predicted absolute copy number of 2 in both targets (CNV ranges 1.56-2.29). 4 
of these were statistically significant at a p-value < 0.05. Here a p-value refers to 
the probability that a sample’s true copy number falls within a copy number bin. 
This is an integer that represents a rounded calculated copy number. 

One tumour sample was removed from the analysis as amplification failed 
against the reference gene, RNAseP, in two of four wells. This left 28 samples in 
the analysis (17 GG, 9 DNET, 2 GNT NOS). For FGFR1 exon 12, 22 samples 
were found to have predicted absolute copy numbers of 2 (CNV ranges 1.51-
2.37), 17 of which were statistically significant at a p-value < 0.05. 3 samples had 
predicted absolute copy numbers of 1 (CNV ranges 0.87-1.41), of which 1 was 
statistically significant at a p-value < 0.05. 4 samples had predicted absolute copy 
numbers ≥ 3 (CNV ranges 2.78-3.94), however none of these were statistically 
significant (p ≥ 0.35) (Table 3.35) (Fig. 3.17). Against FGFR1 exon 3, 1 sample 
failed to amplify against the target in all 4 wells and could not be assessed. Of the 
remaining 27 samples, 9 were observed to have predicted absolute copy 
numbers of 2 (CNV ranges 1.67-2.45). 18 samples had predicted absolute copy 

numbers of 1 (CNV ranges 0.52-1.49). Oddly, 1 control had a predicted absolute 
copy number of 3 (CNV 2.56) (Table 3.36) (Fig. 3.18). For all samples in the 
FGFR1 exon 3 assay, CopyCaller was unable to generate a p-value.  
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Table 3.35. FGFR1 exon 12 qPCR summary data. 22/28 samples possessed 
predicted an absolute copy number of 2, of which 17 were statistically significant 
at a p-value < 0.05. 3 samples possessed a predicted copy number of 1, of which 
1 was statistically significant. 4 samples possessed predicted copy number ≥ 3, 
however neither of these was statistically significant. In Mol. Group R1 = RNA 
Group 1, R2 = RNA Group 2, M1 = Methyl Group 1, M2 = Methyl Group 2. 

Sample Histology Mol. 
Group 

CN 
Calculated 

CN 
Bin Confidence Replicates 

Analysed 
GNT03 GG M1 1.77 2 > 0.99 4 
GNT15 GG R1 1.72 2 > 0.99 4 
GNT21 GG R1 1.81 2 0.99 4 
GNT22 GG M1 1.89 2 N/A 4 
GNT23 DNET M1 1.69 2 N/A 4 
GNT29 GG M1 1.77 2 0.99 3 
GNT35 GG M1 2.78 3 0.65 4 
GNT40 GNT NOS R1 1.67 2 > 0.99 4 
GNT42 GG M1 1.82 2 0.99 4 
GNT45 GG R1 1.81 2 > 0.99 4 
GNT47 GNT NOS R1 1.15 1 N/A 4 
GNT51 GG R1 1.54 2 > 0.99 4 
GNT10 DNET R2M2 2.27 2 0.75 4 
GNT24 DNET R2M2 1.82 2 > 0.99 4 
GNT30 GG R2 3.94 ≥ 4 < 0.50 4 
GNT31 DNET M2 1.52 2 > 0.99 4 
GNT33 DNET M2 1.41 1 < 0.50 4 
GNT34 DNET M2 0.87 1 > 0.99 4 
GNT36 GG R2M2 1.96 2 0.98 4 
GNT37 DNET M2 2.37 2 0.90 4 
GNT38 DNET R2M2 1.73 2 > 0.99 4 
GNT43 DNET R2M2 2.08 2 > 0.99 4 
GNT49 GG M2 1.51 2 > 0.99 4 

C3 HS Control 1.97 2 0.98 4 
C1 HS Control 1.90 2 0.99 4 
C2 HS Control 2.15 2 0.89 4 
C7 HS Control 3.83 ≥ 4 < 0.50 3 
C4 HS Control 2.00 2 0.96 4 
C4 HS Control 2.00 2 > 0.99 4 
C4 HS Control 2.00 2 N/A 4 
C4 HS Control 2.00 2 0.96 4 
C6 HS Control 2.06 2 > 0.99 4 
C5 HS Control 2.21 2 N/A 4 

GNT04 GG N/A 2.04 2 > 0.99 4 
GNT60 GG N/A 2.99 3 < 0.50 3 
GNT69 GG N/A 2.03 2 0.91 4 
GNT76 GG N/A 1.82 2 > 0.99 4 
GNT89 GG N/A 2.23 2 0.98 4 
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Table 3.36. FGFR1 exon 3 qPCR summary data. 1 sample failed to amplify 
against the target in all 4 wells and could not be assessed. 9/27 remaining 
samples possessed a predicted absolute copy number of 2. 18/27 samples 
possessed a predicted copy number of 1. 1 control in this assay possessed a 
predicted copy number of 3. CopyCaller was unable to generate a p-value for 
copy number binning of any sample in this assay. In Mol. Group R1 = RNA Group 
1, R2 = RNA Group 2, M1 = Methyl Group 1, M2 = Methyl Group 2. 
 

Sample Histology Mol. 
Group 

CN 
Calculated 

CN 
Bin Confidence Replicates 

Analysed 
GNT03 GG M1 1.74 2 N/A 4 
GNT15 GG R1 1.67 2 N/A 4 
GNT21 GG R1 1.2 1 N/A 3 
GNT22 GG M1 0.84 1 N/A 4 
GNT23 DNET M1 1 1 N/A 4 
GNT29 GG M1 1.3 1 N/A 4 
GNT35 GG M1 2.45 2 N/A 4 
GNT40 GNT NOS R1 1.79 2 N/A 4 
GNT42 GG M1 1.77 2 N/A 4 
GNT45 GG R1 1.22 1 N/A 4 
GNT47 GNT NOS R1 1.22 1 N/A 4 
GNT51 GG R1 1.22 1 N/A 4 
GNT10 DNET R2M2 1.16 1 N/A 4 
GNT24 DNET R2M2 0.83 1 N/A 4 
GNT30 GG R2 2.1 2 N/A 3 
GNT31 DNET M2 0.99 1 N/A 4 
GNT33 DNET M2 0.92 1 N/A 4 
GNT34 DNET M2 0.52 1 N/A 4 
GNT36 GG R2M2 1.97 2 N/A 4 
GNT37 DNET M2 1.99 2 N/A 4 
GNT38 DNET R2M2 1.3 1 N/A 4 
GNT43 DNET R2M2 1.49 1 N/A 4 
GNT49 GG M2 1.37 1 N/A 4 

C3 HS Control 1.9 2 N/A 4 
C1 HS Control 2.29 2 N/A 4 
C2 HS Control 1.82 2 N/A 4 
C7 HS Control 2.56 3 N/A 3 
C4 HS Control 2 2 N/A 4 
C4 HS Control 2 2 N/A 4 
C4 HS Control 2 2 N/A 4 
C4 HS Control 2 2 N/A 4 
C6 HS Control 1.56 2 N/A 4 
C5 HS Control 1.96 2 N/A 4 

GNT04 GG N/A 0.91 1 N/A 4 
GNT69 GG N/A 1.24 1 N/A 4 
GNT76 GG N/A 1.33 1 N/A 4 
GNT89 GG N/A 1.74 2 N/A 4 
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Figure 3.17. Calculated copy number plot of cases assayed for status of FGFR1 exon 12 by qPCR. Bar plot of the calculated copy 
numbers for all samples assayed against copy number status of FGFR1 exon 12. Cases are grouped and colour coded according to 
molecular classification. Unclassified = cases that could not be separated from controls during classification.  
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Figure 3.18. Calculated copy number plot of cases assayed for status of FGFR1 exon 3 by qPCR. Bar plot of the calculated copy 
numbers for all samples assayed against copy number status of FGFR1 exon 3. Cases are grouped and colour coded according to 
molecular classification. Unclassified = cases that could not be separated from controls during classification.
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3.3.5.1 Discussion 
 
FGFR1 has been reported to be mutated in a proportion of DNETs, most 
commonly by duplication of the tyrosine kinase domain (80). To test the status of 
FGFR1 in my cohort of tumours, I first used qPCR to assay copy number in a 
subset of tumours from my cohort. When assaying exon 12, part of the region 
reported to be duplicated, I observed copy number changes in only 7/28 cases 
analysed. These were 3 losses and 4 gains. 2 losses and 1 gain were observed 
in Group 2 tumours, while the remaining loss and gains were observed in 1 
Group 1 GNT NOS, 1 Group 1 ganglioglioma, 1 unclassified ganglioglioma, and 1 
control. This absence of gains in DNETs runs contrary to the previous report by 
Qaddoumi et al. However, the presence of copy number gains in a control 
indicates the method I used here was flawed in this instance. Additionally, when I 
assayed the same samples against exon 3, which is not reported to be abnormal 
in these tumours, I observed a range of copy number abnormalities across the 
cohort. In this instance only 9/27 cases analysed were observed to have a copy 
number of 2. 18 samples had losses and 1 sample, a control, had a gain. This is 

strikingly inconsistent with the literature and further suggests a technical failure of 
the methodology I used. qPCR is prone to inaccuracies and false copy number 
estimations, although this may largely due to variability of DNA concentration and 
quality (246,247). However, differing amplification efficiencies of the reference 
and target probes can also have a large impact on accuracy. In one study, a 4% 
difference in PCR efficiency was shown to be responsible for error rates up to 
400% when using the Ct method used in my assay (248). Importantly, the DNA I 
used for this experiment was derived from FFPE and may therefore have been 
badly degraded and inappropriate for direct use with qPCR without additional 
steps taken to purify and improve quality. In particular, fragmentation and cross-
linkage introduced by formalin fixation and long term storage can reduce the 
availability of amplifiable sequence in extracted DNA (249). Finally, the starting 
concentrations of DNA used may have varied significantly. When confirming 
concentration after dilution to 5 ng/μl, I used only a NanoDrop 1000 
spectrophotometer in the absence of additional quality control methods. The 
specifications for this indicate a reproducibility range of ±2 ng/μl per 
measurement, which represents ±40% variability relative to a target of 5 ng/μl. 
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Despite taking three measurements per sample to attempt to counteract this, a 
large amount of variability in DNA starting concentrations may have persisted and 
influenced subsequent results. 
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3.3.6 Mutation screening by target capture DNA 
sequencing 
 
I was unable to confidently assay the status of FGFR1 within my cohort by qPCR. 
Therefore, I decided to use target capture DNA sequencing on a panel of genes 
including FGFR1 and 77 other genes recurrently altered or clinically actionable in 
paediatric cancers. For the full list of targets included within this gene panel see 
appendix. Sequencing was carried out by Elisa Izquierdo Delgado at the Institute 
of Cancer Research, London. In total, I submitted 37 samples for sequencing (24 
GG, 8 DNET, 5 GNT NOS). Of these, 2 could not be sequenced due to poor 
quality DNA (1 GG, 1 GNT NOS). Of the remaining 35 samples, 5 failed to 

achieve sequencing at a satisfactory depth of 100x coverage. Mutations could be 
manually called for these 5 but should not be interpreted as robust.  
 
Of the 35 samples sequenced, 33 were positive for a mutation (Table 3.37) (Figs. 
3.19 & 3.20). 16 samples were positive for BRAF-V600E. Three of these were 
samples with extremely low depth, which were manually called. 11 of these had 
previously been identified as possessing a BRAF-V600E mutation by Tam-Seq in 
at least one duplicate. 4 of the remaining BRAF-V600E positive cases had 
previously undergone TAm-Seq with no BRAF mutation detected. The remaining 
case had not undergone TAm-Seq. Histologically these represented 15 
ganglioglioma and 1 GNT NOS. When classified by molecular group, these were 
13 Group 1 tumours (8 Methyl Group 1, 5 RNA Group 1) and 5 tumours that had 
not been classified molecularly. 10 samples were positive for FGFR1 mutations, 
of which 7 were tandem duplications, 2 were substitutions, and 1 was an 
inversion of exon 18. The two substitutions were A334T and L567E. These 
FGFR1 mutant samples represented 8 DNET and 2 GNT NOS. When classified 
by molecular group, these were 1 Methyl Group 1 tumour, 4 Methyl Group 2 
tumours, and 5 RNA/Methyl Group 2 tumours (samples that had undergone both 
clustering assays). No samples possessed BRAF and FGFR1 mutations 

simultaneously. 
 
Additional mutations were present in a number of cases with either BRAF or 
FGFR1 mutations. Among BRAF-V600E mutant tumours, there were 2 ASXl1 
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(R235W & S1428P), 1 MLL2-I5232V, 1 FGFR2-Q779R, 1 ARID1A-P98S, 1 
ARID1B-Q717K, 1 H3F3A-K27M, 1 TP53-R379C, 1 ATM-R2461C, 1 CTNNB1-
A39V mutants and 1 CDKN2A/B heterozygous deletion. Among FGFR1 mutant 
tumours there were 1 MAP2K2-S127L, 1 ATM-R1039L and 1 MLL2-R3596W2 
mutants, in addition to 1 AKT1-E117 deletion and 1 dual TP53-R282Q + N235S 
mutant. Among tumours without BRAF or FGFR1 mutations, 7 possessed other 
mutations. These were 1 HRAS-A134V, 1 ARID1A-P158S, 1 ARID1B-H92L, 1 
HIST1H3B-M121T, 1 ATM-V2696L, 1 APC-E1209K, and 1 WT1-G60R mutants 
in addition to 1 NF1-L565 frameshift and 1 ACVR1-V435 deletion. One tumour 
showed amplification of both MYCN and CDK4. These 7 tumours represented 7 

ganglioglioma and 1 GNT NOS. These corresponded to 4 Group 1 (3 Methyl 
Group 1, 1 RNA Group 1) and 2 Group 2 (1 RNA Group 2, 1 RNA plus Methyl 
Group 2) tumours. 
 
The remaining 2 samples with no detected mutation were 2 Methyl Group 1 
ganglioglioma, one of which had achieved very low sequencing depth.  
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Table 3.37. Target capture sequencing panel summary. Summary data for  35 
samples sequenced by target capture panel.  13/20 (65%) Group 1 tumours 
possessed BRAF-V600E mutations (8 Methyl Group 1, 5 RNA Group 1) while 
9/12 (75%) Group 2 tumours possessed FGFR1 mutations (4 Methyl Group 2, 5 
RNA plus Methyl Group 2). FGFR1 mutations in Group 2 tumours were 6 tandem 
duplications, 2 substitutions, and 1 inversion. 3/3 (100%) of unclassified tumours 
possessed BRAF V600E mutations. 9/16 (56%).In “Group” column R1 = RNA 
Group 1, R2 = RNA Group 2, M1 = Methyl Group 1, M2 = Methyl Group 2. 

Sample Depth Histology Group BRAF/FGFR1 Additional mutations 
GNT03 682 GG M1 BRAF-V600E (12%) ARID1B-Q717K (49%) 
GNT15 432 GG R1 BRAF-V600E (12%)  GNT22 37 GG M1 BRAF-V600E (15%) CTNNB1-A39V (10%) 
GNT89 813 GG N/A BRAF-V600E (19%) MLL2-I5232V (51%) 
GNT16 698 GG M1 BRAF-V600E (20%) ASXL1-R235W (42%) 
GNT21 264 GG R1 BRAF-V600E (22%)  GNT51 677 GG R1 BRAF-V600E (24%) ASXL1-S1428P (51%) 
GNT40 1051 GNT NOS R1 BRAF-V600E (25%)  GNT17 518 GG M1 BRAF-V600E (26%)  

GNT35 557 GG M1 BRAF-V600E (32%) 
FGFR2-Q779A (46%), 
CDNK2A/B Del, ATM-

R2461C (20%) 
GNT04 499 GG N/A BRAF-V600E (34%) ARID1A-P98S (6%) 
GNT29 20 GG M1 BRAF-V600E (50%)  GNT76 723 GG N/A BRAF-V600E (9%) TP53-R379C (43%) 

GNT45 14 GG R1 BRAF-V600E (MANUAL) 
10/20 (50%)  

GNT18 708 GG M1 BRAF-V600E (MANUAL) 
9/1019 (1%) H3F3A-K27M (29%) 

GNT09 185 GG M1 BRAF-V600E (MANUAL) 
9/209 (4%)  

GNT37 953 DNET R2M2 FGFR1-A334T (32%)  GNT31 258 DNET M2 FGFR-.L567E (36%) ATM-R1039L (9%) 
GNT07 711 GNT NOS M2 FGFR1 tandem duplication  GNT23 414 DNET M1 FGFR1 tandem duplication MLL2-R3596W (43%) 
GNT33 410 DNET M2 FGFR1 tandem duplication  GNT10 714 DNET R2M2 FGFR1 tandem duplication  
GNT43 1153 DNET R2M2 FGFR1 tandem duplication TP53-R282Q (47%), 

N235S (44%) 
GNT38 1021 DNET R2M2 FGFR1 tandem duplication AKT1-E117 Del (37%) 
GNT14 173 GNT NOS M2 FGFR1 tandem duplication  GNT24 488 DNET R2M2 FGFR1 e18 Inversion MAP2K2-S127L (46%) 

GNT36 1568 GG R2M2 N/A 
HRAS-A134V (48%), 
APC-E1209K (44%), 

WT1-G60R (38%) 

GNT13 974 GG M1 N/A NF1-L585 Frameshift 
(54%) 

GNT49 791 GG M2 N/A ARID1A-158S (72%), 
ACVR1-V435 Del (42%) 

GNT11 7 GG M1 N/A  GNT08 1251 GG M1 N/A ARID1B-H92L (38%) 
GNT42 607 GG M1 N/A HIST1H3B-M121T (47%) 
GNT30 39 GG R2 N/A MYCN + CDK4 Amplified 
GNT47 712 GNT NOS R1 N/A ATM-V2696L (48%) 
GNT12 436 GG M1 N/A  
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Figure 3.19. Target capture sequencing panel versus histology. 15/23 (65%) 
of ganglioglioma possessed BRAF mutations. 15/23 (65%) ganglioglioma 
possessed other mutations, of which 6 did not have a BRAF mutation. All DNETs 
possessed an FGFR1 mutation, of which 5 had additional mutations. 2 GNT NOS 
possessed FGFR1 mutations, while 1 possessed a BRAF mutation and 1 
possessed an ATM mutation. 
 
 

 
Figure 3.20. Target capture sequencing panel versus molecular 
classification. 13/20 (65%) of Group 1 tumours possessed BRAF-V600E 
mutations while 1 possessed an FGFR1 mutation. 10/20 (50%) of Group 1 
tumours possessed other mutations, of which 6 were BRAF mutated. 9/12 (75%) 
of Group 2 tumours possessed FGFR1 mutations. 7/12 (58%) of Group 2 
tumours possessed other mutations, of which 4 were FGFR1 mutated. All 
tumours without molecular classification possessed a BRAF mutation, of which 3 
possessed other mutations.  
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3.3.6.1 Discussion 
 
Due to the failure of qPCR in robustly assessing the status of FGFR1 in my 
cohort, I decided to use target capture DNA sequencing on a gene panel 
covering FGFR1 and 77 other genes that were either recurrently altered or 
clinically actionable in paediatric cancers. Out of 35 samples successfully 
sequenced, I found that 16 were positive for BRAF-V600E mutations while 10 
were positive for FGFR1 mutations. 11 BRAF-V600E mutations identified were in 
samples previously identified to possess the mutation by TAm-Seq. 4 of the 
remaining BRAF-V600E positive cases had previously been assayed as negative 
for a mutation by TAm-Seq. This variation between methods is likely due to the 

low allele frequencies observed in both methods, which is particularly prominent 
in the TAm-Seq data, and suggests multiple analyses should be carried out to 
ensure detection of mutations with low frequencies. This may also suggest that 
the true number of samples possessing a BRAF-V600E mutation is higher than 
shown by my data due to some incidences remaining undetected. The mutation 
allele frequency detected by target capture sequencing was marginally higher, 
although this may be due to the influence of low copy depth in samples that were 
called manually by this method. Interestingly in samples with multiple mutations, 
for example GNT03, the allele frequency of these mutations was often markedly 
different. This example case possessed a BRAF-V600E mutation with an allele 
frequency of 12%, as well as ARID1B-Q717K at a frequency of 49%. The 
presence of variable mutation frequencies within the same sample is curious, and 
it should be noted that, as germline DNA was not available for analysis in any 
case assayed, a number of these non-recurrent mutations most likely represent 
private SNPs as opposed to pathogenic changes. However, it may also suggest a 
polyclonal evolution in these tumours if these mutation frequencies are an 
accurate representation of the proportion of cells bearing each abnormality. In 
this case a proportion of tumours may develop due to the combined contributions 
of multiple tumour precursor clones, each bearing a distinct mutation (reviewed in 

(250)). 
 
Strikingly, I observed FGFR1 mutations in all DNETs (n = 8) assayed. These 
DNETs all belonged to Group 2 by consensus classification, of which 9/12 (75%) 
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possessed a mutant FGFR1. The two previous reports regarding FGFR1 
abnormalities in DNETs identified a mutation in 82% and 58% of cases (80,121). 
Therefore, the results of my assay represent the highest reported rate of FGFR1 
mutations within DNETs. Additionally, the proportion of Group 1 tumours 
possessing an FGFR1 mutation is on par with these previous reports. However, 
the difference in size between my cohort and those of previous reports should be 
noted. One Group 1 sample possessed an FGFR1 mutation, and represented a 
DNET histologically. Due to the absence of this mutation in any other Group 2 
tumours assayed, this case may represent a tumour with a molecular profile that 
was borderline between the two groups and was subsequently erroneously 

classified. Regardless, the heavy presence of FGFR1 mutations in Group 2 
tumours seems to suggest this may be the driving mutation underlying these 
tumours in the absence of any other mutation that could be recurrently identified 
across the cohort. Furthermore, the recapitulation of BRAF-V600E status and 
additional identification of FGFR1 mutations in opposing tumour groups indicates 
that these may be useful as biomarkers to assist in distinguishing these cases 
diagnostically. However, FGFR1 status may not serve to adequately distinguish 
Group 2 tumours from other predominantly oligodendroglial tumours, of which 
40% are reported to possess an FGFR1 mutation (80). 
 
Overall, I assayed 35 tumours for mutations by this method. Of these, I was able 
to detect abnormalities in all but 2 cases. These data therefore represent a 
strikingly high proportion, higher than the published literature, of glioneuronal 
tumours that can be explained in terms of their underlying mutations. BRAF and 
FGFR1 are both activators of the MAPK-ERK pathway and are likely the driving 
mutations in tumours possessing abnormalities in these genes. In cases lacking 
either of these mutations, a number possess mutations with potentially similar 
activity.  First, one case possessed a mutation in HRAS, an upstream component 
of the MAPK-ERK pathway. Another case possessed an NF1 frameshift 
mutation. Loss of NF1 is associated with increased MAPK-ERK activation 

(251,252). One case possessed an ACVR1 mutation, a gene that may activate 
MAPK-ERK through activation of TGF-β (253,254). One case possessed a 
mutation in ATM. The product of this gene suppresses MAPK-ERK, thus loss 
could potentially increase MAPK-ERK activity (255). Finally, the remaining three 
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tumours lacking BRAF or FGFR1 mutations possessed abnormalities in ARID1B, 

HISTH3B, MYCN, and CDK4. Of these, ARID1B and CDK4 have potential 
connections to the MAPK-ERK pathway. ARID1B is mutated in a number of 
cancers, and interacts with SMARC proteins (202). SMARC proteins form part of 
the SWI/SNF complex, which is a downstream target of MAPK-ERK (256). CDK4 

forms part of a complex that is post-translationally regulated by MAPK-ERK 
(257). 
 
Despite the detection of mutations in a large number of cases both by TAm-Seq 
and target capture DNA sequencing, these results should be interpreted carefully 

due to the potential for sequencing errors. Mutagenic DNA damage has the 
potential to introduce sequencing errors and confound variant detection in cancer 
genomics through false positives, particularly those with low allele frequency 
(258). Therefore, a number of mutations detected in my cohort could potentially 
represent false positives. Additionally, as previously mentioned, a number of the 
non-recurrent variants identified within my cohort may represent private SNPs 
that could not be filtered out due to a lack of germline DNA. However, in the case 
of the key mutations I have identified, involving BRAF and FGFR1, detection 
seems robust, due to their frequency compared to other mutations and their 
alignment with other factors from my investigation. 
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3.3.7 Identification of differentially methylated probes 
and gene sets 
 
Having identified two tumour groups within the methylation data by consensus 
clustering, I decided to test for differentially methylated probes. Subsequently I 
carried out an enrichment assay for GO and KEGG pathways and functions 
represented by genes the differentially methylated probes mapped to. I achieved 
this by using the “dmpFinder” function in the minfi R package and missMethyl R 
package to analyse Methyl Group 1 versus control, Methyl Group 2 versus 
control, and Methyl Group 1 versus Group 2 comparisons. Here, N refers to the 
number of genes differentially methylated within a gene set.  

 

3.3.7.1 Methyl Group 1 versus Control 
 
Differential methylation analysis identified 73846 probes that were differentially 
methylated between Methyl Group 1 tumours and controls at a p-value < 0.05. 
After false discovery adjustment at a q-value of 0.1, 40219 probes remained 
significant. When assayed for gene set enrichment, 1681 GO processes were 

enriched at a p-value < 0.05, of which 615 remained significant at a q-value of 0.1 
(Table 3.38). Ranked by q-value, the top 5 of these were “plasma membrane 
part” (n = 1665, p < 0.0005), “plasma membrane” (n = 2996, p < 0.0005), “cell 
periphery” (n = 3054, p < 0.0005), “signalling” (n = 3644, p < 0.0005), and “cell 
surface receptor signalling pathway” (n = 1680, p < 0.0005). 296 KEGG pathways 
were enriched at a p-value < 0.05, all of which remained significant at a q-value 
of 0.1 (Table 3.39). Ranked by q-value, the top 5 of these were “metabolic 
pathways” (n = 658, p < 0.0005), “pathways in cancer” (n = 281, p < 0.0005), 
“PI3K-Akt signalling pathway” (n = 219, p < 0.0005), “cytokine-cytokine receptor 
interaction” (n = 159, p < 0.0005), and “Rap1 signalling pathway” (n = 162, p < 
0.0005).  
 

3.3.7.2 Methyl Group 2 versus Control 
 
Differential methylation analysis identified 71898 probes that were differentially 
methylated between Methyl Group 2 tumours and controls at a p-value < 0.05. 
After false discovery adjustment at a q-value of 0.1, 37453 probes remained 
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significant. When assayed for gene set enrichment, 1155 GO processes were 
enriched at a p-value < 0.05, of which 247 remained significant at a q-value of 0.1 
(Table 3.40). Ranked by q-value, the top 5 of these were “regulation of signalling” 
(n = 1879, p < 0.0005), “single organism signalling” (n = 3486, p < 0.0005), 
“signalling” (n = 3490, p < 0.0005), “regulation of cell communication” (n = 1847, 
p < 0.0005), and “cell communication” (n = 3499, p < 0.0005). 298 KEGG 
pathways were enriched at a p-value < 0.05, all of which remained significant at a 
q-value of 0.1 (Table 3.41). Ranked by q-value, the top 5 of these were 
“metabolic pathways” (n = 671, p < 0.0005), “pathways in cancer” (n = 279, p < 
0.0005), “PI3K-Akt signalling pathway” (n = 233, p < 0.0005), “focal adhesion” (n 

= 154, p < 0.0005), and “Ras signalling pathway” (n = 162, p < 0.0005). 
 

3.3.7.3 Methyl Group 1 versus Group 2 
 
Differential methylation analysis identified 114702 probes that were differentially 
methylated between Methyl Group 1 and Group 2 tumours at a p-value < 0.05. 
After false discovery adjustment at a q-value of 0.1, 108022 probes remained 
significant.  When assayed for gene set enrichment, 1635 GO processes were 

enriched at a p-value < 0.05, of which 764 remained significant at a q-value of 0.1 
(Table 3.42). Raked by q-value, the top 5 of these were “positive regulation of 
biological process” (n = 4496, p < 0.0005), “intracellular” (n = 11786, p < 0.0005), 
“intracellular part” (n = 11520, p < 0.0005), “intracellular membrane-bounded 
organelle” (n = 9228, p < 0.0005), and “positive regulation of cellular process” (n 
= 4062, p < 0.0005). 300 KEGG pathways were enriched at a p-value < 0.05, all 
of which remained significant at a q-value of 0.1 (Table 3.43). Ranked by q-value, 
the top 5 of these were “metabolic pathways” (n = 1054, p < 0.0005), “pathways 
in cancer” (n = 372, p < 0.0005), “PI3K-Akt signalling pathway” (n = 296, p < 
0.0005), “HTLV-I infection” (n = 238, p < 0.0005), and “neuroactive ligand-
receptor interaction” (n = 235, p < 0.0005).  
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Table 3.38. Top 40 differentially methylated GO terms in the Methyl Group 1 
versus control comparison. Ont = Ontological category, CC = cell component, 
BP = biological process. N = size of gene set. DE = number of differentially 
methylated genes within the gene set.  

GO ID Term Ont N DE P.DE FDR 
GO:0044459 plasma membrane part CC 2388 1665 <0.0005 <0.0005 
GO:0005886 plasma membrane CC 4567 2996 <0.0005 <0.0005 
GO:0071944 cell periphery CC 4667 3054 <0.0005 <0.0005 
GO:0023052 signalling BP 5586 3644 <0.0005 <0.0005 
GO:0007166 cell surface receptor signalling pathway BP 2422 1680 <0.0005 <0.0005 
GO:0007155 cell adhesion BP 1601 1146 <0.0005 <0.0005 
GO:0044700 single organism signalling BP 5579 3638 <0.0005 <0.0005 
GO:0022610 biological adhesion BP 1606 1148 <0.0005 <0.0005 
GO:0007154 cell communication BP 5606 3650 <0.0005 <0.0005 
GO:0007165 signal transduction BP 5158 3356 <0.0005 <0.0005 
GO:0001775 cell activation BP 807 589 <0.0005 <0.0005 
GO:0006955 immune response BP 1357 911 <0.0005 <0.0005 

GO:0005887 integral component of plasma 
membrane CC 1490 1031 <0.0005 <0.0005 

GO:0016337 single organismal cell-cell adhesion BP 665 498 <0.0005 <0.0005 
GO:0048583 regulation of response to stimulus BP 3278 2211 <0.0005 <0.0005 
GO:0044707 single-multicellular organism process BP 5471 3615 <0.0005 <0.0005 

GO:0031226 intrinsic component of plasma 
membrane CC 1549 1067 <0.0005 <0.0005 

GO:0098602 single organism cell adhesion BP 716 532 <0.0005 <0.0005 
GO:0002376 immune system process BP 2161 1436 <0.0005 <0.0005 
GO:0050896 response to stimulus BP 7477 4740 <0.0005 <0.0005 

GO:0051239 regulation of multicellular organismal 
process BP 2460 1700 <0.0005 <0.0005 

GO:0009605 response to external stimulus BP 1852 1259 <0.0005 <0.0005 
GO:0045321 leukocyte activation BP 652 476 <0.0005 <0.0005 
GO:0048731 system development BP 3948 2666 <0.0005 <0.0005 
GO:0023051 regulation of signalling BP 2825 1934 <0.0005 <0.0005 
GO:0016021 integral component of membrane CC 4807 3028 <0.0005 <0.0005 
GO:0048518 positive regulation of biological process BP 4780 3168 <0.0005 <0.0005 
GO:0031224 intrinsic component of membrane CC 4924 3100 <0.0005 <0.0005 
GO:0071593 lymphocyte aggregation BP 400 304 <0.0005 <0.0005 
GO:0070486 leukocyte aggregation BP 407 309 <0.0005 <0.0005 
GO:0042110 T cell activation BP 399 303 <0.0005 <0.0005 
GO:0070489 T cell aggregation BP 399 303 <0.0005 <0.0005 
GO:0040011 locomotion BP 1426 1013 <0.0005 <0.0005 
GO:0010646 regulation of cell communication BP 2776 1898 <0.0005 <0.0005 
GO:0007399 nervous system development BP 1995 1420 <0.0005 <0.0005 
GO:0046649 lymphocyte activation BP 553 407 <0.0005 <0.0005 
GO:0051716 cellular response to stimulus BP 6244 3993 <0.0005 <0.0005 
GO:0007275 multicellular organism development BP 4479 2988 <0.0005 <0.0005 
GO:0002682 regulation of immune system process BP 1185 809 <0.0005 <0.0005 
GO:0044425 membrane part CC 5960 3744 <0.0005 <0.0005 
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Table 3.39. Top 40 differentially methylated KEGG pathways in the Methyl 
Group 1 versus control comparison. N = size of gene set. DE = number of 
differentially methylated genes within the gene set.  

KEGG ID Pathway N DE P.DE FDR 
path:hsa01100 Metabolic pathways 1164 658 <0.0005 <0.0005 
path:hsa05200 Pathways in cancer 386 281 <0.0005 <0.0005 
path:hsa04151 PI3K-Akt signalling pathway 314 219 <0.0005 <0.0005 
path:hsa04060 Cytokine-cytokine receptor interaction 233 159 <0.0005 <0.0005 
path:hsa04015 Rap1 signalling pathway 208 162 <0.0005 <0.0005 
path:hsa04010 MAPK signalling pathway 244 173 <0.0005 <0.0005 
path:hsa05202 Transcriptional misregulation in cancer 165 132 <0.0005 <0.0005 
path:hsa05166 HTLV-I infection 250 170 <0.0005 <0.0005 
path:hsa04510 Focal adhesion 195 146 <0.0005 <0.0005 
path:hsa04360 Axon guidance 170 136 <0.0005 <0.0005 
path:hsa04014 Ras signalling pathway 219 152 <0.0005 <0.0005 
path:hsa04144 Endocytosis 250 165 <0.0005 <0.0005 
path:hsa04810 Regulation of actin cytoskeleton 204 145 <0.0005 <0.0005 
path:hsa04062 Chemokine signalling pathway 179 127 <0.0005 <0.0005 
path:hsa04080 Neuroactive ligand-receptor interaction 255 157 <0.0005 <0.0005 
path:hsa05205 Proteoglycans in cancer 200 142 <0.0005 <0.0005 
path:hsa05206 MicroRNAs in cancer 279 161 <0.0005 <0.0005 
path:hsa05152 Tuberculosis 156 114 <0.0005 <0.0005 
path:hsa04024 cAMP signalling pathway 192 133 <0.0005 <0.0005 
path:hsa04022 cGMP-PKG signalling pathway 162 119 <0.0005 <0.0005 
path:hsa04020 Calcium signalling pathway 171 123 <0.0005 <0.0005 
path:hsa04921 Oxytocin signalling pathway 156 115 <0.0005 <0.0005 
path:hsa04390 Hippo signalling pathway 150 113 <0.0005 <0.0005 
path:hsa04514 Cell adhesion molecules (CAMs) 133 99 <0.0005 <0.0005 
path:hsa05164 Influenza A 151 105 <0.0005 <0.0005 
path:hsa05161 Hepatitis B 130 97 <0.0005 <0.0005 
path:hsa04630 Jak-STAT signalling pathway 132 93 <0.0005 <0.0005 
path:hsa04728 Dopaminergic synapse 125 95 <0.0005 <0.0005 
path:hsa04621 NOD-like receptor signalling pathway 150 99 <0.0005 <0.0005 
path:hsa04145 Phagosome 137 96 <0.0005 <0.0005 
path:hsa04530 Tight junction 134 97 <0.0005 <0.0005 
path:hsa05162 Measles 115 85 <0.0005 <0.0005 
path:hsa05145 Toxoplasmosis 111 86 <0.0005 <0.0005 
path:hsa04072 Phospholipase D signalling pathway 140 101 <0.0005 <0.0005 
path:hsa04071 Sphingolipid signalling pathway 119 89 <0.0005 <0.0005 
path:hsa05203 Viral carcinogenesis 193 121 <0.0005 <0.0005 

path:hsa04550 Signalling pathways regulating 
pluripotency of stem cells 138 99 <0.0005 <0.0005 

path:hsa05168 Herpes simplex infection 162 106 <0.0005 <0.0005 
path:hsa04611 Platelet activation 121 88 <0.0005 <0.0005 
path:hsa04725 Cholinergic synapse 110 85 <0.0005 <0.0005 
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Table 3.40. Top 40 differentially methylated GO terms in the Methyl Group 2 
versus control comparison. Ont = Ontological category, CC = cell component, 
BP = biological process. N = size of gene set. DE = number of differentially 
methylated genes within the gene set.  

GO ID Term Ont N DE P.DE FDR 
GO:0023051 regulation of signalling BP 2825 1879 <0.0005 <0.0005 
GO:0044700 single organism signalling BP 5579 3486 <0.0005 <0.0005 
GO:0023052 signalling BP 5586 3490 <0.0005 <0.0005 
GO:0010646 regulation of cell communication BP 2776 1847 <0.0005 <0.0005 
GO:0007154 cell communication BP 5606 3499 <0.0005 <0.0005 
GO:0005886 plasma membrane CC 4567 2843 <0.0005 <0.0005 
GO:0071944 cell periphery CC 4667 2901 <0.0005 <0.0005 
GO:0051716 cellular response to stimulus BP 6244 3855 <0.0005 <0.0005 
GO:0007165 signal transduction BP 5158 3209 <0.0005 <0.0005 
GO:0009966 regulation of signal transduction BP 2502 1654 <0.0005 <0.0005 
GO:0048583 regulation of response to stimulus BP 3278 2107 <0.0005 <0.0005 
GO:0016020 membrane CC 8229 4945 <0.0005 <0.0005 
GO:0007166 cell surface receptor signalling pathway BP 2422 1584 <0.0005 <0.0005 
GO:0050896 response to stimulus BP 7477 4527 <0.0005 <0.0005 
GO:0048468 cell development BP 1746 1194 <0.0005 <0.0005 
GO:0048856 anatomical structure development BP 5015 3184 <0.0005 <0.0005 
GO:0044459 plasma membrane part CC 2388 1533 <0.0005 <0.0005 
GO:0030054 cell junction CC 1294 891 <0.0005 <0.0005 
GO:0007275 multicellular organism development BP 4479 2861 <0.0005 <0.0005 
GO:0048731 system development BP 3948 2543 <0.0005 <0.0005 
GO:0035556 intracellular signal transduction BP 2427 1578 <0.0005 <0.0005 
GO:0044763 single-organism cellular process BP 10811 6470 <0.0005 <0.0005 
GO:0044699 single-organism process BP 11943 7107 <0.0005 <0.0005 

GO:0051056 regulation of small GTPase mediated 
signal transduction BP 258 203 <0.0005 <0.0005 

GO:0048869 cellular developmental process BP 3640 2339 <0.0005 <0.0005 
GO:0048518 positive regulation of biological process BP 4780 3021 <0.0005 <0.0005 
GO:0048522 positive regulation of cellular process BP 4316 2746 <0.0005 <0.0005 
GO:0044767 single-organism developmental process BP 5271 3322 <0.0005 <0.0005 

GO:1902531 regulation of intracellular signal 
transduction BP 1559 1030 <0.0005 <0.0005 

GO:0007399 nervous system development BP 1995 1353 <0.0005 <0.0005 
GO:0065009 regulation of molecular function BP 2619 1689 <0.0005 <0.0005 
GO:0032502 developmental process BP 5366 3377 <0.0005 <0.0005 
GO:0009653 anatomical structure morphogenesis BP 2403 1596 <0.0005 <0.0005 
GO:0044456 synapse part CC 539 397 <0.0005 <0.0005 
GO:0043087 regulation of GTPase activity BP 625 448 <0.0005 <0.0005 
GO:0045202 synapse CC 677 492 <0.0005 <0.0005 
GO:0051179 localization BP 5351 3321 <0.0005 <0.0005 
GO:0022008 neurogenesis BP 1332 927 <0.0005 <0.0005 
GO:0030154 cell differentiation BP 3326 2142 <0.0005 <0.0005 

GO:0051239 regulation of multicellular organismal 
process BP 2460 1603 <0.0005 <0.0005 
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Table 3.41. Top 40 differentially methylated KEGG pathways in the Methyl 
Group 2 versus control comparison. N = size of gene set. DE = number of 
differentially methylated genes within the gene set.  

KEGG ID Pathway N DE P.DE FDR 
path:hsa01100 Metabolic pathways 1164 671 <0.0005 <0.0005 
path:hsa05200 Pathways in cancer 386 279 <0.0005 <0.0005 
path:hsa04151 PI3K-Akt signalling pathway 314 233 <0.0005 <0.0005 
path:hsa04510 Focal adhesion 195 154 <0.0005 <0.0005 
path:hsa04014 Ras signalling pathway 219 162 <0.0005 <0.0005 
path:hsa04010 MAPK signalling pathway 244 172 <0.0005 <0.0005 
path:hsa04015 Rap1 signalling pathway 208 155 <0.0005 <0.0005 
path:hsa04810 Regulation of actin cytoskeleton 204 150 <0.0005 <0.0005 
path:hsa05166 HTLV-I infection 250 169 <0.0005 <0.0005 
path:hsa04360 Axon guidance 170 136 <0.0005 <0.0005 
path:hsa04024 cAMP signalling pathway 192 141 <0.0005 <0.0005 

path:hsa04080 Neuroactive ligand-receptor 
interaction 255 154 <0.0005 <0.0005 

path:hsa04020 Calcium signalling pathway 171 125 <0.0005 <0.0005 
path:hsa04072 Phospholipase D signalling pathway 140 109 <0.0005 <0.0005 
path:hsa04022 cGMP-PKG signalling pathway 162 118 <0.0005 <0.0005 
path:hsa05206 MicroRNAs in cancer 279 154 <0.0005 <0.0005 
path:hsa04144 Endocytosis 250 154 <0.0005 <0.0005 
path:hsa05205 Proteoglycans in cancer 200 132 <0.0005 <0.0005 
path:hsa04740 Olfactory transduction 357 141 <0.0005 <0.0005 
path:hsa04921 Oxytocin signalling pathway 156 111 <0.0005 <0.0005 

path:hsa04261 Adrenergic signalling in 
cardiomyocytes 144 104 <0.0005 <0.0005 

path:hsa05202 Transcriptional misregulation in cancer 165 114 <0.0005 <0.0005 
path:hsa05203 Viral carcinogenesis 193 122 <0.0005 <0.0005 
path:hsa04062 Chemokine signalling pathway 179 112 <0.0005 <0.0005 
path:hsa04728 Dopaminergic synapse 125 93 <0.0005 <0.0005 
path:hsa04060 Cytokine-cytokine receptor interaction 233 123 <0.0005 <0.0005 
path:hsa05224 Breast cancer 143 103 <0.0005 <0.0005 
path:hsa04152 AMPK signalling pathway 120 91 <0.0005 <0.0005 
path:hsa04725 Cholinergic synapse 110 86 <0.0005 <0.0005 
path:hsa04390 Hippo signalling pathway 150 105 <0.0005 <0.0005 
path:hsa05169 Epstein-Barr virus infection 193 119 <0.0005 <0.0005 
path:hsa04724 Glutamatergic synapse 113 85 <0.0005 <0.0005 
path:hsa04611 Platelet activation 121 86 <0.0005 <0.0005 
path:hsa04071 Sphingolipid signalling pathway 119 85 <0.0005 <0.0005 
path:hsa05164 Influenza A 151 96 <0.0005 <0.0005 
path:hsa04310 Wnt signalling pathway 138 95 <0.0005 <0.0005 
path:hsa04270 Vascular smooth muscle contraction 117 82 <0.0005 <0.0005 
path:hsa04910 Insulin signalling pathway 134 90 <0.0005 <0.0005 
path:hsa04530 Tight junction 134 90 <0.0005 <0.0005 
path:hsa05168 Herpes simplex infection 162 99 <0.0005 <0.0005 
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Table 3.42. Top 40 differentially methylated GO terms in the Methyl Group 1 
versus Group 2 comparison. Ont = Ontological category, CC = cell component, 
BP = biological process. N = size of gene set. DE = number of differentially 
methylated genes within the gene set.  

GO ID Term Ont N DE P.DE FDR 
GO:0048518 positive regulation of biological process BP 4780 4496 <0.0005 <0.0005 
GO:0005622 intracellular CC 12885 11786 <0.0005 <0.0005 
GO:0044424 intracellular part CC 12592 11520 <0.0005 <0.0005 
GO:0043231 intracellular membrane-bounded organelle CC 10020 9228 <0.0005 <0.0005 
GO:0048522 positive regulation of cellular process BP 4316 4062 <0.0005 <0.0005 
GO:0005515 protein binding MF 8321 7693 <0.0005 <0.0005 
GO:0005737 cytoplasm CC 9860 9076 <0.0005 <0.0005 
GO:0043227 membrane-bounded organelle CC 11101 10184 <0.0005 <0.0005 
GO:0043229 intracellular organelle CC 10999 10088 <0.0005 <0.0005 
GO:0005488 binding MF 12225 11166 <0.0005 <0.0005 
GO:0044444 cytoplasmic part CC 7446 6881 <0.0005 <0.0005 
GO:0044260 cellular macromolecule metabolic process BP 7593 7014 <0.0005 <0.0005 
GO:0043226 organelle CC 11965 10928 <0.0005 <0.0005 
GO:0044237 cellular metabolic process BP 9251 8498 <0.0005 <0.0005 
GO:0043170 macromolecule metabolic process BP 8207 7559 <0.0005 <0.0005 
GO:0008152 metabolic process BP 9986 9146 <0.0005 <0.0005 
GO:0071704 organic substance metabolic process BP 9651 8844 <0.0005 <0.0005 
GO:0010467 gene expression BP 4855 4522 <0.0005 <0.0005 
GO:0044238 primary metabolic process BP 9230 8463 <0.0005 <0.0005 

GO:0010604 positive regulation of macromolecule 
metabolic process BP 2621 2476 <0.0005 <0.0005 

GO:0080090 regulation of primary metabolic process BP 5269 4891 <0.0005 <0.0005 
GO:0019222 regulation of metabolic process BP 5608 5198 <0.0005 <0.0005 

GO:0044271 cellular nitrogen compound biosynthetic 
process BP 4493 4188 <0.0005 <0.0005 

GO:0060255 regulation of macromolecule metabolic 
process BP 5288 4908 <0.0005 <0.0005 

GO:0031323 regulation of cellular metabolic process BP 5310 4927 <0.0005 <0.0005 
GO:0006807 nitrogen compound metabolic process BP 6301 5829 <0.0005 <0.0005 

GO:0034645 cellular macromolecule biosynthetic 
process BP 4521 4214 <0.0005 <0.0005 

GO:0007275 multicellular organism development BP 4479 4172 <0.0005 <0.0005 
GO:0048731 system development BP 3948 3688 <0.0005 <0.0005 

GO:0034641 cellular nitrogen compound metabolic 
process BP 5882 5449 <0.0005 <0.0005 

GO:0051171 regulation of nitrogen compound metabolic 
process BP 4000 3737 <0.0005 <0.0005 

GO:0023051 regulation of signalling BP 2825 2660 <0.0005 <0.0005 
GO:0044249 cellular biosynthetic process BP 5549 5143 <0.0005 <0.0005 
GO:0048856 anatomical structure development BP 5015 4657 <0.0005 <0.0005 
GO:0032502 developmental process BP 5366 4975 <0.0005 <0.0005 
GO:0009058 biosynthetic process BP 5728 5304 <0.0005 <0.0005 
GO:0016043 cellular component organization BP 5532 5135 <0.0005 <0.0005 
GO:1901576 organic substance biosynthetic process BP 5640 5224 <0.0005 <0.0005 
GO:0009893 positive regulation of metabolic process BP 2792 2628 <0.0005 <0.0005 
GO:0044767 single-organism developmental process BP 5271 4888 <0.0005 <0.0005 
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Table 3.43. Top 40 differentially methylated KEGG pathways in the Methyl 
Group 1 versus Group 2 comparison. N = size of gene set. DE = number of 
differentially methylated genes within the gene set.  

KEGG ID Pathway N DE P.DE FDR 
path:hsa01100 Metabolic pathways 1164 1054 <0.0005 <0.0005 
path:hsa05200 Pathways in cancer 386 372 <0.0005 <0.0005 
path:hsa04151 PI3K-Akt signalling pathway 314 296 <0.0005 <0.0005 
path:hsa05166 HTLV-I infection 250 238 <0.0005 <0.0005 
path:hsa04080 Neuroactive ligand-receptor interaction 255 235 <0.0005 <0.0005 
path:hsa04144 Endocytosis 250 234 <0.0005 <0.0005 
path:hsa04010 MAPK signalling pathway 244 228 <0.0005 <0.0005 
path:hsa04015 Rap1 signalling pathway 208 201 <0.0005 <0.0005 
path:hsa04810 Regulation of actin cytoskeleton 204 196 <0.0005 <0.0005 
path:hsa05205 Proteoglycans in cancer 200 191 <0.0005 <0.0005 
path:hsa04510 Focal adhesion 195 187 <0.0005 <0.0005 
path:hsa05016 Huntington's disease 179 173 <0.0005 <0.0005 
path:hsa04014 Ras signalling pathway 219 203 <0.0005 <0.0005 
path:hsa04020 Calcium signalling pathway 171 165 <0.0005 <0.0005 
path:hsa05206 MicroRNAs in cancer 279 232 <0.0005 <0.0005 
path:hsa04390 Hippo signalling pathway 150 148 <0.0005 <0.0005 
path:hsa04060 Cytokine-cytokine receptor interaction 233 202 <0.0005 <0.0005 
path:hsa04360 Axon guidance 170 163 <0.0005 <0.0005 
path:hsa05202 Transcriptional misregulation in cancer 165 158 <0.0005 <0.0005 
path:hsa05169 Epstein-Barr virus infection 193 178 <0.0005 <0.0005 
path:hsa05203 Viral carcinogenesis 193 177 <0.0005 <0.0005 
path:hsa05224 Breast cancer 143 140 <0.0005 <0.0005 
path:hsa04024 cAMP signalling pathway 192 176 <0.0005 <0.0005 
path:hsa04022 cGMP-PKG signalling pathway 162 153 <0.0005 <0.0005 
path:hsa05010 Alzheimer's disease 159 150 <0.0005 <0.0005 
path:hsa00230 Purine metabolism 164 153 <0.0005 <0.0005 
path:hsa05168 Herpes simplex infection 162 151 <0.0005 <0.0005 
path:hsa04932 Non-alcoholic fatty liver disease (NAFLD) 143 136 <0.0005 <0.0005 
path:hsa04150 mTOR signalling pathway 150 142 <0.0005 <0.0005 
path:hsa04072 Phospholipase D signalling pathway 140 134 <0.0005 <0.0005 

path:hsa04550 Signalling pathways regulating 
pluripotency of stem cells 138 132 <0.0005 <0.0005 

path:hsa04514 Cell adhesion molecules (CAMs) 133 127 <0.0005 <0.0005 
path:hsa04921 Oxytocin signalling pathway 156 145 <0.0005 <0.0005 
path:hsa04120 Ubiquitin mediated proteolysis 129 124 <0.0005 <0.0005 
path:hsa04621 NOD-like receptor signalling pathway 150 136 <0.0005 <0.0005 
path:hsa05034 Alcoholism 164 146 <0.0005 <0.0005 
path:hsa04062 Chemokine signalling pathway 179 155 <0.0005 <0.0005 
path:hsa05164 Influenza A 151 137 <0.0005 <0.0005 
path:hsa04310 Wnt signalling pathway 138 129 <0.0005 <0.0005 

path:hsa04141 Protein processing in endoplasmic 
reticulum 159 143 <0.0005 <0.0005 
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3.3.7.4 Discussion 
 
I used missMethyl to analyse gene set enrichment within probes that were 
differentially methylated between Methyl Groups 1 and 2. The results of this 
highlighted a number of pathways of interest that had previously been identified 
during my in silico analysis of RNA sequencing data. Focusing primarily on 
enriched KEGG pathways in all comparisons, these results seem to recapitulate 
and confirm my previous findings. In the Methyl Group 1 versus Control 
comparison I observed enrichment for PI3K/AKT, MAPK, Ras, and Jak/STAT 
signalling pathways. In the Methyl Group 2 versus Control comparison, 
PI3K/AKT, Ras, MAPK, and Wnt signalling pathways were enriched. Finally, in 
the Methyl Group 1 versus Methyl Group 2 comparison PI3K/AKT, MAPK, Ras, 
mTOR, and Wnt signalling pathways were differentially methylated. In contrast 
with my previous analyses, I observed neither p53 nor PTEN signalling as being 
differentially methylated.  
 
The enrichments reported by this analysis are of crucial importance because they 

recapitulate the results of earlier expression based GSEA and IPA analyses. As 
discussed previously, there is only a small overlap between methylation and RNA 
sequencing cohorts due to limitations in the available FFPE and frozen materials. 
As a result, the possibility exists that the expression and methylation clustering 
results may have represented groups that were not necessarily the same, or 
were clustered according to different factors. The identification of strikingly similar 
pathways within the methylation dataset strengthens the evidence that these 
groupings represent the same clustering solution and identification of groups 
between both analyses. Furthermore, these results support and clarify the 
importance of pathways identified as enriched in my expression data, due to the 
role of methylation in regulating expression. It could also be argued that the 
results of this methylation based gene set enrichment analysis are more reliable 
than those based on expression data due to the larger cohort used in the 
analysis. While the difference in cohort sizes is not extreme, the methylation 
cohort should be better able to account for biological variability. Additionally, one 
could consider the technology used to generate methylation data to be more 
robust as there is a significant amount of unavoidable technical variation in many 
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steps of the RNA sequencing workflow, particularly during the alignment and 
differential expression detection stages. 
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3.3.8 Copy number estimation from 450k data 
 
Copy number estimation can be derived as a useful by-product of Illumina 450k 
BeadChip arrays. As chromosomal abnormalities have previously been reported 
in glioneuronal tumours, I decided to screen my cohort for broad copy number 
variations that may associate with histology or molecular class. To achieve this, I 
used the R package conumee. In total, I analysed 65 tumour samples against 6 
controls. Across the entire cohort, I identified 17 (26%) tumour samples as having 
copy number abnormalities above or below the +/- 0.15 logR ratio threshold I had 
chosen based on previous examples in the literature (Fig. 3.12). Histologically, 
these represented 9 ganglioglioma, 3 DNET, and 5 GNT NOS. When classified 

according to their RNA or methyl groups, there were 7 Group 1 tumours, 4 Group 
2 tumours, and 6 tumours that could not robustly be separated from controls by 
consensus clustering (unclassified). I observed copy number abnormalities in all 
chromosomes except chromosomes 3 and 16. I observed losses in 
chromosomes 1, 2, 4, 8, 9, 10, 11, 12, 13, 14, 17, 19, and 22. I observed gains in 
chromosomes 1, 5, 6, 7, 8, 10, 11, 12, 15, 18, 19, 20, and 21. The most common 
alterations across the cohort were gain of chromosome 7 (n = 7) and loss of 
chromosome 13 (n = 6). I also observed loss of chromosome 22 in 4 cases. No 
copy number change was significantly associated with molecular class, histology, 
BRAF-V600E or FGFR1 mutation status.  
 
The conumee package includes a list of probes corresponding to the genomic 
coordinates of a number of genes important in cancer. These allow gene level 
interrogation of copy number status. Due to the increased noise at this resolution, 
it was impractical to set a hard cut-off threshold for many samples and so I 
inspected profiles manually to estimate copy number alterations using a soft 
threshold of +/- 0.8. I observed 18 (28%) tumours with potential gains or losses in 
specific genes. (Fig. 3.13) Histologically, these represented 13 ganglioglioma, 1 
DNET and 4 GNT NOS. By molecular classification, this corresponded to 8 

Group 1, 1 Group 2, and 9 unclassified tumours. I observed gains in MYCN, 

EGFR, CDK6, MET, CDKN2A, PTEN, KRAS, and CCNE1. Losses were present 
in CDK6, PTEN, TP53, and NF1. The most common alterations were gain of 
MYCN (n = 10) and gain of CDK6 (n = 8). Histologically, 8/10 tumours with 
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MYCN gain were ganglioglioma, 2/10 were GNT NOS. 6/8 tumours with CDK6 
gain were ganglioglioma, 2/8 were GNT NOS. 4/10 MYCN gains occurred in 
Group 1, 1/10 in Group 2, and 6/10 in unclassified tumours. 3/8 CDK6 gains 
occurred in Group 1 tumours and 5/8 in unclassified tumours. Interestingly, all 8 
CDK6 gains occurred in tumours with BRAF mutations.  
 
I attempted to validate the MYCN status of tumours with potential gains using 
fluorescent in-situ hybridization in 5 cases with the cleanest signal on their copy 
number plots (GNT04, GNT60, GNT67, GNT22, and GNT46). One case (GNT22) 
failed to hybridise twice, due to bacterial contamination, and could not be 

assessed. The remaining 4 possessed areas of tissue that failed to hybridise but 
could be analysed to a limited extent. No evidence of widespread MYCN 
amplification was observed in any of these. However, in 3 cases gain of signal 
was noted. In these cases, a proportion of cells appeared to show gain of one to 
two MYCN/AFF3 probe signals. Due to the difficulties encountered with this 
method, and limited pathological tissue available, I did not attempt to validate 
CDK6 in cases where methylation data indicated copy number gains.  
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Figure 3.21. Chromosomal copy number summary. Summary data for cases found to have chromosomal copy number abnormalities 
on 450k methylation data. Green = gain, Red = loss, Yellow = partial loss (short arm). BRAF/FGFR1 green = wild type, red = mutant, grey 
= untested. Mol. Class M1 = Methyl Group 1, M2 = Methyl Group 2, R1 = RNA Group 1, R2 = RNA Group 2, U = unclassified (clustered 
with controls). 
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Figure 3.22. Gene level copy number summary. Summary data for cases found to have gene level copy number abnormalities on 450k 
methylation data. Green = gain, Red = loss. BRAF/FGFR1 green = wild type, red = mutant, grey = untested. Mol. Class M1 = Methyl 
Group 1, M2 = Methyl Group 2, R1 = RNA Group 1, R2 = RNA Group 2, U = unclassified (clustered with controls). 
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3.3.8.1 Discussion 
 
Copy number at the chromosome and gene levels can be indirectly inferred from 
methylation array data as a by-product. I used conumee to test for copy number 
abnormalities at both of these levels that were specific to either consensus group. 
Despite observing copy number abnormalities in all chromosomes except 
chromosomes 3 and 16, none of these corresponded with consensus group, 
histology, or the presence of BRAF-V600E or FGFR1 mutations. Furthermore, I 
was only able to detect chromosomal abnormalities in 17/65 (26%) and the 
observed aberrations were largely not recurrent within the cohort, which suggests 
large-scale chromosomal aberrations do not play a major role in glioneuronal 
tumours. This is in line with previous reports on genetic abnormalities at this level 
within glioneuronal tumours. Thom et al. found that in a series of 73 DNETs only 
17 possessed abnormalities (118).  In that study, the most common abnormality 
was loss of heterozygosity for 1p/19q in 10 cases, although as this is considered 
a diagnostic feature of oligodendroglioma these cases likely did not represent 
glioneuronal tumours. Association with histological subtype or location was also 

not observed. My results are also in partial agreement with a study by Prabowo et 

al. of 114 glioneuronal tumours (107). This study reported a wide variety of 
chromosomal copy number changes, the most common of which were gains in 
chromosome 5, 7, and 6 in 18%, 23%, and 6% of cases respectively. These 
changes were not associated with histology or clinical characteristics. In my 
cohort, the most common alteration was gain of chromosome 7, occurring in 7/65 
(11%) cases. However, I observed gains of chromsomes 5 and 6 in only 3/65 
(5%) and 1/65 (2%) cases respectively. Additionally, I observed loss of 
chromosome 13 in 6/65 (9%) cases, which was not reported by Prabowo et al.  
 
The gain of chromosome 7 as the most common copy number change is 
particularly interesting. BRAF is located at 7q34 and, if these results are robust, 
should be gained along with the rest of the chromosome. BRAF copy number 
gains have recently been reported in a cohort of 64 DNETs, of which 33% 
possessed a gain of BRAF (126). However, in contrast with Kakkar et al., within 
my cohort gain of chromosome 7 was not mutually exclusive from the presence 
of a BRAF-V600E mutation and was observed in both ganglioglioma and DNET. 
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4/7 incidences of gain of chromosome 7 corresponded to cases without detected 
BRAF-V600E mutations, of which 2 occurred in ganglioglioma, 1 in DNETs, and 1 
in GNT NOS. The 3 remaining chromosome 7 gains were in a ganglioglioma and 
GNT NOS, both BRAF-V600E positive, and 1 DNET of unknown BRAF 
phenotype. The potential effect of BRAF copy number gain in these tumours is 
unclear. However, an increased copy number is likely to result in increased BRAF 
activity. If this is the case, presence of increased BRAF copy number may help 
explain why a proportion of tumours lacking an activating BRAF-V600E mutation 
display similar molecular profiles. 
 

To my knowledge, no gene level copy number analysis has been performed 
using this methodology in a large cohort of glioneuronal tumours. Therefore, it is 
difficult to compare these results to previous literature. The most common finding 
in this assay was gain of MYCN in 10/65 (15%) cases, followed by gain of CDK6 
in 8/65 (12%) cases. There was a slight association for both MYCN and CDK6 
with ganglioglioma histology, representing 8/10 and 6/8 cases with these gains 
respectively. However, given the low frequency of these gains relative to the 
overall cohort it is questionable how important a role such an abnormality, if 
genuine, would present. Additionally, when I attempted to validate gain of MYCN 
in a few exemplar cases by FISH, I was unable to replicate these results. This 
may suggest that these abnormalities identified here are not robust. This 
conclusion is supported by the absence of evidence from any other of my results 
suggesting a role for MYCN. The identification of cell cycle related pathways in 
my in silico analyses may support the result for CDK6, however one could argue 
that cell cycle pathways are almost always identified in tumour studies and 
should not confer confidence for this specific abnormality in this instance. It 
should be also be noted that the DNA used for methylation arrays was derived 
from FFPE samples, and may therefore be degraded and unsuitable for analysis 
at such a high resolution. This is reflected in the greatly increased amounts of 
noise that can be seen in copy number profiles at the gene level, which may have 

distorted the appearance of true copy number for all genes studied. 
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3.4 Immunohistochemistry 
	

3.4.1 Identification of diagnostic markers by 
immunohistochemistry 
 
Having found a number of differentially expressed genes between the two tumour 
groups within my cohort, I attempted to identify an immunohistochemical marker 
that could distinguish between tumour types. Taking into account the cellular 
phenotypes I observed by GSEA, I selected four targets that could distinguish 
oligodendrocytic and astrocytic lineages. These were FGFR3, CCND1, CSPG4, 
and PDGFRα. FGFR3 is associated with astrocytic precursor cells while CCND1, 
CSPG4 and PDGFRα are associated with oligodendrocyte precursor cells 
(221,259-261). Table 3.44 details expression data for each of these.  

 
 
 
 
 
 
 
 
 
 
 
 

Additionally, I decided to assay the activity of the mTOR and Wnt/β-catenin 
pathways. mTOR has previously been observed to be up-regulated in 
ganglioglioma versus control and DNET (184). Wnt/β-catenin was suggested by 
my IPA and Gene Set Enrichment Analysis results to be differentially activated 
between tumour groups (Tables 3.19, 3,21, and 3.24).  
 
 
 
 
 
 
 
 
 

Marker Mol. 
Group 

Log Fold 
Change p-value q-value 

FGFR3 R1 2.596413284 2.06E-19 8.63E-16 
CCND1 R2 2.348217081 1.96E-11 5.71E-09 
CSPG4 R2 2.442664576 2.94E-16 4.39E-13 

PDGFRα R2 2.567197496 1.04E-10 2.39E-08 
Table 3.44. Expression data for cellular phenotype candidate 
markers. In Mol. Group, R1 = up-regulated in RNA Group 1, R2 = 
up-regulated in RNA Group 2. Log Fold Change = log2 fold change 
between tumour groups. 
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3.4.1.1 FGFR3 
 
FGFR3 is thought to be expressed by astrocyte precursor cells in the developing 
CNS, and highlights cells that are distinct from PDGFRα oligodendrocyte 
precursors (259). Furthermore, it is ranked highly within astrocytes in a previous 
report detailing neural cell type specific expression (172). Therefore, I 
hypothesised it may be useful for distinguishing the astrocytic population 
predicted by GSEA to be enriched within RNA Group 1 tumours (Fig. 3.23). 
Interestingly, in RNA Group 1 tumours immunoreactivity was relatively weak in 
tumour cells, with the exception of one case that displayed moderate 
immunoreactivity within the neuropil around clusters of glial cells. In all other RNA 

Group 1 cases immunoreactivity was weak and restricted to a small proportion of 
glial cells. Conversely, in RNA Group 2 tumours, immunoreactivity was absent in 
the majority of tumour cells but weak to moderate in a proportion of reactive 
astrocytes. Additionally, one case displayed moderate immunoreactivity in the 
mucoid matrix of the specific glioneuronal element, although this may have 
represented non-specific reactivity. Overall, differences in immunoreactivity 
between the two tumour groups were subtle and inconsistent, and did not 
correlate with the differential expression predicted by RNA sequencing.  
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Figure 3.23. Immunohistochemistry against FGFR3 in glioneuronal tumours. FGFR3 immunoreactivity in RNA Group 1 (A-D) and 
Group 2 (E-H) tumours. In RNA Group 1, with the exception of one case (A), weak immunoreactivity was restricted to a small proportion of 
glial cells. In the exceptional case, strong immunoreactivity was present in the neuropil around glial clusters. In RNA Group 2 tumours, 
moderate immunoreactivity was observed in reactive astrocytes and their processes. Magnification 40x. Scale bars 100 μm. 
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3.4.1.2 CCND1 
 
CCND1 is expressed in oligodendrocyte precursor cells but is lost rapidly during 
oligodendrocyte differentiation (221). Additionally, a previous report indicates 
CCND1 can be useful for distinguishing oligodendroglial tumours from 
oligoastrocytic and astrocytic tumours (262). Because of this, I hypothesised it 
would highlight the oligodendrocyte precursor population predicted by GSEA to 
be enriched within RNA Group 2 tumours (Fig. 3.24). CCND1 
immunohistochemistry was carried out by UCL Advanced Diagnostics. In RNA 
Group 1 tumours, I observed weak to moderate immunoreactivity in a small 
proportion of glial tumour cells (Table 3.45). Frequency of immunoreactivity was 
estimated by eye and represented ~10% of cells. In RNA Group 2 tumours, I 
observed strong immunoreactivity in the majority of tumour cells in all cases. 
Immunoreactivity was particularly strong in oligodendrocyte-like cells and the 
specific glioneuronal element, for cases in which these were present. Frequency 
of immunoreactivity ranged from ~60% to ~90%. In both groups, 
immunoreactivity was exclusive to the glial population. 

 
Sample Histology Mol. Group Frequency Intensity 
GNT21 GG R1 10% weak 
GNT45 GG R1 10% weak 
GNT51 GG R1 10% weak 
GNT40 GNT NOS R1 10% moderate 
GNT43 DNET R2M2 90% strong 
GNT10 DNET R2M2 80% strong 
GNT37 DNET R2M2 90% strong 
GNT28 GNT NOS R2 60% strong 

 
Table 3.45. Frequency and intensity of immunoreactivity for CCND1 in RNA 
Group 1 and Group 2 tumours. In RNA Group 1 tumours weak to moderate 
immunoreactivity was observed in ~10% of tumour cells. In RNA Group 2 
tumours, strong immunoreactivity was observed in 60-90% of tumour cells. In 
Mol. Group R1 = RNA Group 1, R2 = RNA Group 2, M2 = Methyl Group 2. 
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Figure 3.24. Immunohistochemistry against CCND1 in glioneuronal tumours. CCND1 immunoreactivity in RNA Group 1 (A-D) and 
Group 2 (E-H) tumours. In RNA Group 1, weak to moderate immunoreactivity was present in a small proportion of glial tumour cells 
(~10%). RNA Group 2 tumours displayed strong immunoreactivity in the majority of tumour cells, particularly those with an 
oligodendrocyte-like appearance. Magnification 40x. Scale bars 100 μm. 
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3.4.1.3 CSPG4 
 
Like CCND1, CSPG4 is expressed in oligodendrocyte precursor cells and is lost 
following oligodendrocyte differentiation (260). Additionally, along with PDGFRα it 
was one of the top ranked markers for oligodendrocyte precursors in a previous 
study on cell type specific expression (172). Therefore, I hypothesised that this 
would accurately distinguish the oligodendrocyte precursor population identified 
within RNA Group 2 tumours (Fig. 3.25). In RNA Group 1 tumours 
immunoreactivity was restricted to the neuropil and neuronal component, 
highlighting a number of dysplastic neurons with moderate cytoplasmic 
immunoreactivity. In contrast, three RNA Group 2 tumours displayed strong 
immunoreactivity in the neuropil and glial component, particularly in 
oligodendrocyte-like cells. Similar to RNA Group 1 tumours, neurons also 
displayed moderate immunoreactivity. The remaining case displayed weak 
immunoreactivity within the oligodendrocyte-like cells and moderate 
immunoreactivity within the neuropil. Overall, there was a striking difference in 
immunoreactivity between tumour groups, in agreement with the RNA 

sequencing prediction.  
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Figure 3.25. Immunohistochemistry against CSPG4 in glioneuronal tumours. CSPG4 immunoreactivity in RNA Group 1 (A-D) and 
Group 2 (E-H) tumours. In RNA Group 1, weak to moderate immunoreactivity was present within the neuropil and neuronal component, 
including dysplastic and normal neurons. RNA Group 2 tumours displayed strong immunoreactivity within the neuropil, with the exception 
of one case (G). Two cases in Group 2 also displayed membranous immunoreactivity within the majority of glial tumour cells (E, H). In 
addition, one case displayed immunoreactivity in the cell body (F). Magnification 40x. Scale bars 100 μm. 
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3.4.1.4 PDGFRα 
 
PDGFRα is another marker specific to oligodendrocyte precursors whose 

expression is rapidly lost following oligodendrocyte differentiation (261,263). 

Similar to CCND1 and CSPG4, I hypothesised it would be able to distinguish an 

oligodendrocyte precursor population and thus differentiate tumour groups (Fig. 

3.26). PDGFRα immunohistochemistry was carried out by UCL Advanced 

Diagnostics. In RNA Group 1 tumours, PDGFRα immunoreactivity was restricted 

to the neuronal component in all cases, in which moderate cytoplasmic 

immunoreactivity could be observed. Conversely, in RNA Group 2 tumours I was 

able to observe strong immunoreactivity manifested as a rim of cytoplasmic 

staining in the majority of oligodendrocyte-like cells in all but one case, in addition 

to moderate to strong neuronal immunoreactivity. Higher magnification examples 

of this rim of cytoplasmic immunoreactivity and its presence/absence in each 

tumour group are shown in Figure 3.27. The observed difference in 

immunoreactivity between tumour groups was consistent with the predicted 

activity from RNA sequencing.  
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Figure 3.26. Immunohistochemistry against PDGFRα in glioneuronal tumours. PDGFRα immunoreactivity in RNA Group 1 (A-D) 
and Group 2 (E-H) tumours. In RNA Group 1, moderate immunoreactivity was restricted to the cytoplasm of the neuronal component in all 
cases. RNA Group 2 tumours, in addition to moderate to strong cytoplasmic neuronal immunoreactivity, displayed membranous 
immunoreactivity in the majority of oligodendrocyte-like cells in all but one case (G). Magnification 40x. Scale bars 100 μm. 



	

	

205	
	

205	
	

A B

Figure 3.27. Immunohistochemistry against PDGFRα in exemplar glioneuronal tumours. PDGFRα immunoreactivity in exemplar 
RNA Group 1 (A) and Group 2 (B) tumours showing detail of the membranous immunoreactivity observed in Group 2 tumours (arrows). 
Magnification 60x. Scale bars 100 μm. 



	

	 206	

3.4.1.5 β-Catenin 
 
The Wnt/β-catenin signalling pathway was identified as being differentially 

enriched across tumour groups by a number of in silico assays I carried out 

(Tables 3.19, 3.21, and 3.24). However, these assays did not agree on the 

direction of this enrichment. Additionally, in a handful of cases I identified 

CTNNB1 mutations (Tables 3.33 & 3.36). Therefore, to assess the activity of this 

pathway within both groups I decided to perform immunohistochemistry against 

β-catenin in both groups and compare the amount of nuclear localisation (Fig. 

3.28). Interestingly, I was unable to observe any significant difference in nuclear 

β-catenin between RNA Group 1 and RNA Group 2 tumours. In both groups, I 

was unable to observe any overt immunoreactivity located within the nucleus in 

the majority of tumour cells. A very small proportion of neurons may have 

possessed nuclear β-catenin, however I felt that I could not conclusively rule that 

this appearance was not due to thickness of the section. Non-nuclear 

immunoreactivity was slightly stronger in RNA Group 2 tumours, with moderate 

immunoreactivity in the neuropil of 3/4 cases and only weak immunoreactivity in 

all RNA Group 1 tumours. Taken together, I was unable to confirm the differential 

Wnt/β-catenin activation predicted by my earlier in silico analyses.  
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Figure 3.28. Immunohistochemistry against β-catenin in glioneuronal tumours. β-catenin immunoreactivity in RNA Group 1 (A-D) 
and Group 2 (E-H) tumours. No clear difference could be observed in nuclear immunoreactivity between RNA Group 1 and Group 2 
tumours. Non-nuclear immunoreactivity was moderate in the neuropil of 3 RNA Group 2 tumours (E, G, H) but weak in all RNA Group 1 
tumours assayed. Magnification 40x. Scale bars 100 μm. 
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3.4.1.6 mTOR 
 
mTOR is another pathway that my in silico analyses identified as being 
differentially regulated between tumour groups. Furthermore, it is highly 
connected to PI3K/AKT and EIF2, two pathways that were also identified as 
being differentially regulated (264). Additionally, mTOR activity was previously 
reported to be increased in ganglioglioma versus DNET and controls (184). I 
decided to assess mTOR activation in my cohort by performing 
immunohistochemistry against phospho-S6 ribosomal protein (pS6) and 
phospho-4E-binding protein 1 (p4EBP1), both of which are downstream markers 
of mTOR activation. Neither pS6 nor p4EBP1 displayed overt differences in 
immunoreactivity across tumour groups (Figs. 3.29 & 3.30). pS6 immunoreactivity 
was of greater intensity than that of p4EBP1 across all tumours and distinguished 
a subpopulation of cells possessing a microglial appearance, in addition to 
highlighting vascular structures. Weak cytoplasmic immunoreactivity for p4EBP1 
was present within the majority of cases from each group. In both groups, 
infrequent glial cells displayed moderate immunoreactivity. Taken together, these 

assays were unable to confirm the mTOR activity predicted by my in silico 
analyses.  
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Figure 3.29. Immunohistochemistry against phospho-S6 in glioneuronal tumours. No clear difference in immunoreactivity could be 
observed between RNA Group 1 (A-D) and Group 2 (E-H) tumours. In both tumour groups, immunohistochemistry highlighted a 
subpopulation of cells with a microglial appearance. Magnification 40x. Scale bars 100 μm. 
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Figure 3.30. Immunohistochemistry against phospho-4EBP1 in glioneuronal tumours. Weak immunoreactivity was present in 
tumours from RNA Group 1 (A-D) and Group 2 (E-H). In both groups, infrequent glial cells displayed moderate immunoreactivity. 
Magnification 40x. Scale bars 100 μm. 
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3.4.1.7 Discussion 
 
To ensure that my molecular classification is useful prospectively, I decided to 
identify simple, easily implementable, and inexpensive immunohistochemical 
markers that could distinguish the molecular groups from one another. I tested a 
number of targets associated with the oligodendrocytic and astrocytic phenotypes 
I had observed within the cohort, plus the Wnt/β-catenin and mTOR pathways 
suggested to be differentially regulated by my analyses and previous studies 
respectively. The first of these was FGFR3, which was up-regulated within Group 
1 tumours in my RNA sequencing data and is associated in the literature with 
astrocytes and their precursors (172,259). I found that this was expressed weakly 
in glial cells of Group 1 tumours, with the exception of one case with strong focal 
immunoreactivity of processes, and in Group 2 tumours highlighted astrocytes in 
a reactive pattern. The lack of an overt difference in overall immunoreactivity 
seems to run contrary to the expression data, although it is important to note that 
mRNA levels seen in expression studies do not necessarily correlate with protein 
abundance (265,266). Additionally, while only weak immunoreactivity in a 

population of glial cells was observed in Group 1 tumours, this pattern was not 
present in Group 2 tumours. Therefore, while there were no clear overall 
differences in the abundance of immunoreactivity between the two groups, there 
was a difference in pattern. The FGFR3 immunoreactive glia in Group 1 tumours 
do not resemble reactive astrocytes, and this raises the question of their identity, 
with the possibility that these cells represent a subpopulation of astrocyte 
precursors. However, as a diagnostic marker the differences observed here are 
too subtle to validate the use of FGFR3 as a robust classification tool.  
 
The second molecule I investigated as a potential diagnostic marker was 
CCND1. This had been shown to be up-regulated in Group 2 tumours by my RNA 
sequencing data, and is associated with the oligodendrocyte precursor 
expression phenotype I had observed (221). I observed a striking difference in 
both frequency and intensity of immunoreactivity, in which the minority of tumour 
cells in Group 1 tumours were weakly to moderately immunoreactive, while the 
majority of cells in Group 2 tumours were strongly immunoreactive. This is 
consistent with my expression data and the oligodendrocyte precursor expression 
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phenotype identified by gene set enrichment analysis. Strong immunoreactivity 
for CCND1 alongside PDGFRα in tumour cells has previously been observed in 
glioneuronal tumours, specifically DNET (267). However, to my knowledge mine 
is the first study to classify tumours according to their biology and note such a 
large difference in expression. Out of all the targets I investigated, CCND1 shows 
the largest difference in immunoreactivity and seems promising as a robust, 
independent diagnostic marker for distinguishing glioneuronal tumour groups. 
However, it may be of limited use for distinguishing Group 2 tumours from other 
oligodendroglial tumours, as widespread expression is frequently observed in a 
range of these (268). For this purpose other indicators that are less frequently 

observed in glioneuronal tumours, such as co-deletion of 1p/19q, may be useful 
(32,269).  
 
CSPG4 is another oligodendrocyte precursor associated molecule that was 
differentially expressed between the two tumour groups within my cohort 
(172,260). I observed immunoreactivity predominantly in the neuronal component 
and neuropil within Group 1 tumours, and extensive immunoreactivity in the 
neuropil in the majority of Group 2 tumours. Additionally, in Group 2 tumours the 
majority of glial cells were immunoreactive in 3/4 cases. As with CCND1, 
immunoreactivity for CSPG4 has previously been observed within DNETs, which 
make up the majority of Group 2 (270). Therefore, this result is consistent with 
previous literature. Concerningly, the cellular location for this immunoreactivity 
was not consistent, being present in the cytoplasm, cell membrane, and nucleus 
across these tumours. This does not seem to represent non-specific reactivity, as 
in all cases immunoreactivity was well circumscribed to its respective cellular 
location. As cells are three-dimensional objects, one possibility is that the 
thickness or orientation of the sections from the two cases with apparent 
cytoplasmic immunoreactivity is responsible for this appearance, however this 
would not explain the apparent nuclear immunoreactivity in one case. Overall 
though, there is a clear difference in the level of immunoreactivity present 

between the two tumour groups, which is concordant with my expression data. 
However, due to the noted variability this target may not represent a reliable 
diagnostic marker. An additional potential concern with this target is the 
immunoreactivity of neurons across both tumour groups. At the time of writing I 
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have been unable to find any information in the literature that can explain this 
neuronal CSPG4 immunoreactivity. Therefore, I cannot rule out the possibility of 
off-target reactions.  
 
PDGFRα was the third oligodendrocyte precursor specific molecule I tested by 
immunohistochemistry (261,263). For this molecule, I observed strong 
immunoreactivity in a cytoplasmic rim in Group 2 tumours in the majority of 
oligodendrocyte-like tumour cells, while moderate cytoplasmic immunoreactivity 
was visible in the neuronal component of both tumour groups. These distinct 
patterns of immunoreactivity clearly differentiated tumour groups from one 

another, although due to the location of reactivity this was less strikingly visible 
than CCND1. Moreover, taken together with the extensive CCND1 
immunoreactivity I observed in Group 2 tumours, the immunoreactivity of the 
majority of oligodendrocyte-like cells further reinforces my hypothesis that these 
cells represent an oligodendrocyte precursor population. Additionally, the 
absence of immunoreactivity in the corresponding glial component of Group 1 
tumours indicates these are unlikely to represent oligodendrocyte precursor cells, 
and may belong to a separate distinct lineage. The immunoreactivity of neurons 
in both tumour groups seems odd at first, given the reported nature of PDGFRα 
as an oligodendrocyte precursor marker. However, a proportion of PDGFRα 
positive precursor cells have also been observed to generate small numbers of 
neurons (263). Overall, clear differences in the pattern immunoreactivity between 
tumour groups suggest this molecule may be useful as a diagnostic marker. In 
particular, use of this molecule in conjunction with CCND1 is recommended, as 
the two are biologically related and may complement one another.  
 
The WNT/β-catenin pathway was suggested by a number of my analyses to be 
differentially regulated between tumour groups. However, when I carried out 
immunohistochemistry against β-catenin to assess nuclear accumulation in 
tumour groups I was unable to identify a difference. Within tumours from both 

groups, immunoreactivity was predominantly cytoplasmic and I was unable to 
confidently identify any nuclear localisation. This does not necessarily indicate 
the absence of a difference in pathway activity, as only a small amount of protein 
is required within the nucleus to trigger activation. Despite the lack of a difference 
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in nuclear β-catenin, there was a slight difference in the overall abundance of the 
protein across the two groups. While weak immunoreactivity was observed the 
neuropil in Group 1 tumours, moderate immunoreactivity could be seen in Group 
2 tumours, particularly in the processes of those cases possessing a specific 
glioneuronal element. While not reflective of canonical Wnt/β-catenin activity, β-
catenin also functions at the cell membrane to influence cell-cell adhesion and 
the cytoskeleton (271,272). These functions may then be relevant to the distinct 
structure of the specific glioneuronal element. However, as a diagnostic marker 
β-catenin seems redundant as the clearest difference I could observe was 
restricted to a histological feature that is striking in itself and currently used for 

histological diagnosis.  
 
The mTOR pathway has previously been suggested to be differentially regulated 
across glioneuronal tumours (110,184). Specifically, the literature suggests up-
regulation in ganglioglioma versus normal cortex and DNET. However, I 
observed no overt differences in the pattern or intensity of immunoreactivity 
between Group 1 and Group 2 tumours (composed predominantly of 
ganglioglioma and DNET, respectively) for either pS6 or p4EBP1. As such, this 
pathway does not lend itself well to a role as a diagnostic aid. In both groups 
p4EBP1 was weakly present in a fraction of cells, while pS6 seemed to 
distinguish a population of microglial cells. Therefore, my results partially 
contradict those of previous investigations suggesting differential activity of this 
pathway between glioneuronal tumour types. The mTOR activity I observed in 
microglial cells is in keeping with previous studies suggesting a role for the 
pathway in microglia activation and proliferation (273). This may suggest the 
increase in mTOR activity in these tumours relative to normal cortex is at least in 
part due to an inflammatory response. This activity may be mediated by the 
tumour or could alternatively represent an immune response to the tumour. In 
contrast to the abundance of immunoreactivity I observed in microglial cells, I 
noted relatively little immunoreactivity for both pS6 and p4EBP1 in tumour cells 

within each group. This may further suggest the increase in mTOR activity is 
solely inflammatory and does not necessarily translate into tumour growth. 
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Three of the markers I assayed displayed potential utility for distinguishing 
between molecular groups. These were CCND1, CSPG4, and PDGFRA. All of 
these markers demonstrated good concordance with molecular classification and 
generally recapitulated the outcome of my expression data analyses. The 
development of these markers may be particularly useful in assessing those 
tumours within the GNT NOS histological classification, which are represented in 
both molecular groups. The use of mutation screening and molecular profiling 
may also allow segregation of these histologically difficult tumours, but each 
technique has its pitfalls. In the case of mutation screening, my data suggest 
mutations may not be identified within all tumours, which may possess these at 

very low allele frequencies and thus elude detection. Additionally, molecular 
profiling may be prohibitively expensive and the appropriate material may be 
difficult to acquire.  With further validation in larger cohorts of tumours, these 
markers may represent a fast, simple, and economic method by which tumours 
can be assigned to their respective molecular groups.  
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4. Conclusions 
	

4.1 Results summary 
	

• When assessed histologically, a large proportion of glioneuronal tumours 

possess features that are atypical relative to current WHO diagnostic 
criteria. Additionally, a subset of tumours possess non-diagnostic histology 
that is not conducive to robust diagnosis (GNT NOS). 

• Seizures arise at a significantly earlier age in the GNT NOS group than in 

ganglioglioma or DNET. 

• When factors purported to be associated with seizure outcome were 

tested at 1 year and last follow up, the presence of residual tumour on 
postoperative MRI was the only factor that associated with seizure 
outcome. This association was present at 1 year but lost at last follow up. 

• Glioneuronal tumours cluster into two groups according to their expression 

and methylation profiles when an unsupervised class discovery approach 
is applied to RNA sequencing and 450k methylation array data. For cases 
where both types of data were available, the two classification methods 
were concordant with one another. 

• The two molecular groups identified by expression and methylation 
profiling do not associate with a difference in postoperative seizure 

freedom. However, patients with Group 1 tumours experience seizures at 
a younger age than those with Group 2 tumours.  

• TAm-Seq and target capture DNA sequencing identified an enrichment for 
BRAF-V600E mutations within Group 1 tumours. Target capture DNA 
sequencing also identified an enrichment within Group 2 tumours for 

FGFR1 mutations, the most common of which was a tandem duplication. 

• Assessment of RNA sequencing and 450k methylation array data by 
pathway analysis tools highlights a number of pathways and regulators 
enriched within the identified tumour groups. Within both groups up-
regulated P53, mTOR, PI3K, Ras, and JAK/STAT3 signalling was 

identified versus controls. Between groups, pathways including PTEN, 
mTOR, PI3K, MAPK, Ras, TGF-β, and Wnt/β-catenin were identified as 
being differentially enriched. 
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• Gene set enrichment analysis identified an enrichment for an astrocyte 

specific expression phenotype within Group 1 tumours. In Group 2 
tumours, an oligodendrocyte precursor expression phenotype was 
identified. 

• Cyclin-D1, CSPG4, and PFGFRα display differing expression patterns 

between Group 1 and Group 2 tumours. The clearest difference is seen in 
Cyclin-D1, for which the majority of tumour cells are strongly 
immunoreactive in Group 2 tumours compared to moderate 
immunoreactivity in a minority of cells in Group 1 tumours. 

 
This is the first comprehensive genomic study of a large cohort of glioneuronal 
tumours without prior bias arising from histological classification. The evidence I 
have presented here suggests that the current histological classification of 
glioneuronal tumours is insufficient and does not reflect their underlying biology. I 
have shown that these tumours can be classified according to their expression 
and methylation profiles in a manner that reflects biological similarity and have 
identified a number of defining features, including gene networks, pathways, and 
phenotypes, in each of the identified tumour groups. These features grant insight 
into the development of glioneuronal tumours and knowledge of their activity may 
assist in the development of novel treatment strategies. Finally, I have used these 
data to identify and assess a number of immunohistochemical markers to 

prospectively allow convenient and economic classification for future 
investigations.
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4.2 Impact of this study on future investigations 
 
The current histological classification of glioneuronal tumours relies on the 
assessment of poorly defined features by subjective expert opinion. Here I have 
presented expression and methylation data that suggest the histological 
classification is only partially consistent with the underlying biology of these 
tumours (Fig. 5.1). In terms of clinical outcome, I was unable to observe a 
difference between the two tumour groups in my classification, and therefore one 
could argue that diagnostic classification is academic. However, in order to 
develop novel treatment strategies and improve patient outcome we must first 
understand the development of these tumours and the biology that drives them. 
In order to achieve this, we must first be able to construct robust cohorts of 
tumours where we can be confident that we have labelled entities correctly. This 
principle is well demonstrated in the molecular classification of medulloblastoma 
subtypes (145). To my knowledge no study has previously addressed this issue 
in glioneuronal tumours. The novel classification strategy I have presented, if 
adopted widely, should facilitate developments in our understanding of the 

biology of these tumours, which have thus far proved frustratingly enigmatic, in 
future studies. I have presented a number of insights into the biology of these 
tumours through my identification of differentially regulated pathways, networks, 
and phenotypes. It is my hope that this novel classification will allow myself and 
others to add to these insights in future investigations.  
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Figure 4.1. Molecular classification of glioneuronal tumours. Glioneuronal 
tumours can be classified into two groups according to their underlying molecular 
profiles. These groups are only partially consistent with the existing histological 
classification, and each possesses distinctive characteristics. Most notably, 
Group 1 tumours are enriched for BRAF mutations and an astrocytic expression 
phenotype, while Group 2 are enriched for FGFR1 and an oligodendroglial 
precursor expression phenotype. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



	

	 220	

4.3 Glioneuronal tumours as developmental 
lesions 
 
Due to the prevalence of young children and infants in glioneuronal tumour series 
and the benign nature of these tumours, one could question whether they 
represent a cancer or a developmental malformation. Within my tumour cohort, 
there was an interesting association between younger age and the GNT NOS 
histological class. This was a group that was defined by possessing 
uninformative histology, lacking features that would allow confident identification 
as either ganglioglioma or DNET. When classified, these tumours did not 

associate exclusively with either molecular group, but were spread across both. 
Additionally, they possessed the expression and methylation patterns of their 
respective groups. This opens up the possibility that these represent less mature 
forms of each group, and that the structural features observed in more mature 
tumours are the result of prolonged tumour development.  
 
Each group possessed a distinct cellular phenotype, astrocytic in Group 1 and 
oligodendrocyte precursor in Group 2. These tumours could then represent an 
abnormality of cortical development, an idea supported by their benign nature, 
with similar pathway activity occurring in different glial precursors. 
Oligodendrocyte and astrocyte precursors are closely related, both originating 
from radial glia (274). This may explain why, when compared against controls, 
their enriched pathways are broadly similar. Additionally, the mutations that 
define each group, BRAF-V600E and FGFR1 tandem duplication, are both 
activating mutations with similar downstream targets. FGFRs are capable of 
activating Ras/MAPK and PI3K/AKT pathways, while BRAF itself forms part of 
the Ras/MAPK pathway (190,275,276).  
 
Taken together, this suggests a model whereby a single pathway is activated at 
different positions in the cascade in different cell types, resulting in two similar yet 

distinct tumours. The relative rarity of these tumours may suggest that these 
changes must be acquired within a defined period during cortical development, 
potentially occurring in a subset of oligodendrocyte and astrocyte committed 
progeny of radial glia during migration from the subventricular zone. This clonal 
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origin could then explain why glioneuronal tumours are relatively well 
circumscribed, and in some cases nodular. Furthermore, it may explain why they 
almost always appear in the cortex but not always in the same lobe.  
 
An alternative hypothesis worth noting is that the mutation itself may define the 
development of the tumour. BRAF-V600E activity has previously been associated 
with astrocyte hyperproliferation and FGFR1 activity is associated with inhibition 
of oligodendrocyte precursor differentiation (277,278). Should the mutation be 
driving tumour development, this may explain why Group 1 tumours, enriched for 
BRAF-V600E mutations, display an astrocytic expression phenotype, while 

Group 2 tumours display an oligodendrocyte precursor enrichment alongside 
frequent FGFR1 mutations.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.2. Model for the development of glioneuronal tumours. During 
corticogenesis astrocyte and oligodendrocyte precursors derived from radial glia 
acquire a BRAF or FGFR1 mutation, respectively. 
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4.4 Further investigations and glioneuronal 
tumours in the context of other low-grade CNS 
tumours 
 
A number of low-grade tumours possess properties and features similar to 
glioneuronal tumours. For example, Group 1 tumours are defined by BRAF-
V600E mutations, and BRAF abnormalities are commonly observed in pilocytic 
astrocytoma and pleomorphic xanthoastrocytoma (59,279). In the case of Group 
2 tumours, enriched for FGFR1 mutations, similar abnormalities have been 
observed in a broad spectrum of low-grade oligodendroglial tumours (80).Taken 

together, these data suggest a broad range of low-grade tumours with similar 
biological backgrounds. While my study has been able to distinguish two 
biologically distinct groups of glioneuronal tumour within the histological spectrum 
of GG, DNET, and GNT NOS, it does not extend to these other low-grade 
entities. Therefore, the obvious next step in this work should be to incorporate the 
molecular groups identified here within a larger cohort of low-grade epilepsy 
associated tumours. Within such a cohort, it would be interesting to test whether 
the groups identified here retain their distinction from other tumour entities. It may 
also be possible that tumours with similar molecular features, as listed above, 
partially overlap with these groups. Finally, such a study may be able to assess 
how and why tumours with aberrations in similar pathways develop into a range 
of distinct tumour types.   
 
In addition to assessing glioneuronal tumours as part of a larger cohort of low-
grade tumours, a question remains regarding those tumours for which I was 
unable to identify a mutation. The most likely explanation for these cases is that 
the mutation was present at a low enough allele frequency that it could not be 
detected reliably. However, in the absence of a positively identified molecular 
event in this proportion of tumours, the possibility remains that these may 
represent a further separate group of tumours. It may be interesting to perform 

further mutation screening assays on these tumours. Repeats of the methods 
used in this study could increase the chances of identifying low frequency 
mutations, while alternate methods may target genes that were not assayed by 
the TAm-seq and target capture panel assays I have used. 
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4.5 Limitations of this study 
 
To my knowledge, this study represents the first large-scale genomic 
investigation of glioneuronal tumours without the influence of prior histological 
diagnosis. While the results of this study have implications for future 
interrogations of glioneuronal tumours, there are a number of key limitations that 
must be acknowledged.  
 
Firstly, while this study represents a large cohort of relatively rare entities, 
compared to other tumour cohorts that have undertaken a class discovery 

approach it is comparatively small. This has implications specifically for the 
accuracy of the approach. With a relatively small cohort it can be difficult to 
achieve the resolution necessary to distinguish groups with high similarity. 
Therefore, some tumours included in both the methylation and expression based 
clustering experiments may have classified differently than they would in a larger 
cohort. This may explain the observation of an FGFR1 mutation within a Group 1 
tumour during my target capture DNA sequencing assay.  
 
While the majority of tumours I tested by various methods possessed mutations, 
the methods used to test for abnormalities were not unsupervised and were only 
capable of detecting anomalies in a pre-defined set of genes. Therefore, I cannot 
rule out the involvement of genes that were not targeted by my TAm-Seq and 
target capture DNA sequencing assays. This may explain why a small proportion 
of tumours assayed by each method possessed no apparent mutation. 
 
With regards to cases positively identified as carrying mutations by target capture 
DNA sequencing, this method is currently under development and has not been 
fully validated. With the exception of BRAF-V600E, which was also assayed by 
TAm-Seq, we have not carried out validation of detected mutations by alternative 
methods. However, the detected mutations are predominantly in keeping with 

expected observations in the context of the literature available for these tumours. 
 
Finally, A number of tools can be used to assay RNA sequencing data for the 
presence of fusion genes. However, this was not possible with my data due to the 
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relatively low sequencing depth (15 million reads) per sample in my study. This 
resolution allows analyses such as consensus clustering and differential 
expression analysis, but a significantly higher sequencing depth (75+ million) is 
recommended for fusion gene detection. Therefore, I cannot rule out the 
contribution of potential fusion genes to glioneuronal tumours or the groups and 
insights identified by this study. However, a previous study that undertook fusion 
gene detection in low-grade tumours detected anomalies in only a small fraction 
of glioneuronal tumours (80).  
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