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Summary 

Glial cells provide protection and support of neurons in the central nervous system 

and tumors arising from these cells or their progenitors are termed gliomas. Gliomas 

are classified and graded based on histopathological features, molecular 

characteristics, and clinical behavior according the World Health Organization 

classification. The glioma types selected for this thesis were pilocytic astrocytoma 

(PA), the most common brain tumor in children, and glioblastoma, isocitrate 

dehydrogenase (IDH)-wildtype, the most common malignant brain tumor in adults. 

The aim of this thesis was to analyze glioma data using novel molecular techniques 

and bioinformatic methods with a focus on integrative proteogenomic approaches. 

For this purpose, proteogenomics was applied to integrate RNA sequencing and 

mass spectrometry-based proteomic profiling data from a cohort of 62 primary PA 

samples. In addition, a cohort of 70 IDH-wildtype glioblastomas was analyzed 

focusing on the non-coding genes available from a microarray-based gene 

expression dataset combined with a subsequent proteogenomic study. Similarity 

network fusion analysis revealed two PA subgroups that were validated in three non-

overlapping cohorts. Interestingly, Group 1 patients were significantly younger than 

Group 2 patients and displayed a worse progression-free survival. Additional pathway 

analysis of these two subgroups revealed that Group 1 was enriched for immune 

response pathways, such as interferon signaling, while Group 2 showed enrichment 

for action potential and neurotransmitter signaling pathways. When analyzing the 

glioblastoma gene expression data, HOTAIRM1 was identified as a candidate long 

non-coding RNA whose up-regulation was significantly associated with shorter 

survival of glioblastoma patients. Integrated proteogenomic analyses of glioblastoma 

cell lines with stable or transient knockdown of HOTAIRM1 revealed impaired 

mitochondrial function, and determination of reactive oxygen species (ROS) levels 

confirmed increased ROS levels upon HOTAIRM1 knock-down. Finally, HOTAIRM1 

was determined as part of the HOTAIRM1/hsa-miR-17-5p/TGM2 axis which was 

linked to shorter patient survival. In summary, the research work summarized in this 

thesis conclusively demonstrates that analyzing high-throughput data using 

integrative approaches focusing on the proteogenome or the lncRNAome provide 

important novel biological insights into the pathogenesis of the most common low-

grade and high-grade glioma types.  
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Zusammenfassung  
 

Gliale Zellen schützen und unterstützen physiologischer Weise die Nervenzellen im 

zentralen Nervensystem (ZNS). ZNS-Tumoren, die aus glialen Zellen oder ihren 

Vorläuferzellen entstehen, werden Gliome genannt. Gliome werden basierend auf 

ihren histopathologischen Merkmalen, molekularen Biomarkern und ihrem klinischem 

Verhalten gemäß der Klassifikation der Weltgesundheitsorganisation für ZNS-

Tumoren klassifiziert und gradiert. Die in dieser Arbeit untersuchten Gliomtypen 

waren pilozytische Astrozytome (PA), die häufigsten Hirntumoren im Kindesalter, und 

Glioblastome, Isocitratdehydrogenase (IDH)-Wildtyp, die häufigsten und zugleich 

bösartigsten Hirntumoren bei Erwachsenen. Das Ziel dieser Arbeit war es, 

molekulare Hochdurchsatzdaten mithilfe neuartiger bioinformatischer Methoden und 

einem Schwerpunkt auf integrativen proteogenomischen Ansätzen zu analysieren, 

um daraus neue Erkenntnisse zur Pathogenese dieser häufigen Gliome abzuleiten. 

Zu diesem Zweck wurden proteogenomische Verfahren angewendet, um RNA-

Sequenzierungsdaten und Massenspektrometrie-basierte proteomische 

Profilierungsdaten einer Kohorte von 62 primären PA-Proben zu integrieren. Darüber 

hinaus wurde eine Kohorte von 70 IDH-Wildtyp-Glioblastomen analysiert, wobei der 

Schwerpunkt auf Expresssionsdaten zu nicht-kodierenden RNAs lag, die aus einem 

Microarray-basierten Datensatz stammten und in Kombination mit Proteomdaten in 

einer proteogenomischen Analyse untersucht wurden. Die integrative 

bioinformatische Analyse mittels Similarity Network Fusion ergab zwei PA-

Untergruppen, die in drei nicht überlappenden Patientenkohorten validiert wurden. 

Interessanterweise waren die Patienten der Gruppe 1 signifikant jünger als die 

Patienten der Gruppe 2 und zeigten ein kürzeres progressionsfreies Überleben. Eine 

Signalweganalyse dieser beiden PA-Untergruppen ergab, dass Gruppe 1 eine 

Anreicherung von Signaturen der Immunantwort wie dem Interferon-Signalweg 

aufwies, während Gruppe 2 eine Anreicherung von Aktionspotential- und 

Neurotransmitter-Signalwegen zeigte. Bei der Analyse der Glioblastom-

Genexpressionsdaten wurde HOTAIRM1 als Kandidat für eine lange nicht-

kodierende RNA identifiziert, deren Hochregulierung signifikant mit einem kürzeren 

Überleben von Glioblastompatienten assoziiert war. Proteogenomische Analysen von 

Glioblastomzelllinien mit stabilem oder transientem Knock-down von HOTAIRM1 

zeigten eine beeinträchtigte Mitochondrienfunktion in den Knoch-down-Zellen und die 
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Bestimmung der Spiegel reaktiver  Sauerstoffspezies (ROS) bestätigte erhöhte ROS-

Spiegel nach dem Knock-down von HOTAIRM1. Letztendlich konnte HOTAIRM1 als 

Teil der HOTAIRM1/hsa-miR-17-5p/TGM2-Achse identifiziert werden, deren 

Aktivierung sich als prognostisch ungünstiger Faktor in Glioblastompatienten 

herausstellte. Zusammenfassend zeigen die in dieser Dissertation erbrachten 

Forschungsarbeiten, dass die Analyse von Hochdurchsatzdaten mithilfe integrativer 

Ansätze, die sich auf das Proteogenom oder das lncRNAom konzentrieren, wichtige 

neue biologische Erkenntnisse über die Pathogenese der häufigsten niedrig- und 

hochgradigen Gliomtypen liefern konnte. 
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1. Introduction 

1.1. Introduction to gliomas 

Glial cells provide protection and support for neurons in the central nervous system 

(CNS). A diverse group of tumors originating from glial cells are called gliomas, and 

account for approximately 80% of malignant brain tumors in adults (1). Behavior, 

aggressiveness and prognosis vary widely in these tumors and make their 

classification and management complex and challenging.  

The World Health Organization (WHO) classification of CNS tumors categorizes 

gliomas according to histopathological features, molecular characteristics, and 

clinical behavior. In the most recent WHO classification, there is an emphasis on the 

addition of molecular markers to supplement histology of these tumors for a more 

accurate diagnosis (2). Although surgical resection is the primary curative option, 

higher grade tumors tend to be infiltrative, making surgical resection difficult and 

leading to high rates of recurrences (3). 

Although gliomas are a heterogeneous group of tumors, encompassing diffuse 

astrocytic and oligodendroglial tumors, other astrocytic tumors, ependymal tumors, 

and other gliomas (2), this thesis will focus on the extremes of the glioma spectrum, 

specifically pilocytic astrocytoma (PA) and glioblastoma (GB) isocitrate 

dehydrogenase (IDH)-wildtype. These gliomas were selected based on the fact that 

PA is the most common brain tumor in pediatrics, whereas GB IDH-wildtype is the 

most common malignant brain tumor in adults (4, 5). 

1.2. Pilocytic astrocytoma 

1.2.1 Incidence  

Pilocytic astrocytoma, previously known as cystic cerebellar astrocytoma or juvenile 

pilocytic astrocytoma (6), is a CNS WHO grade 1, astrocytic tumor (4, 7). This tumor 

entity constitutes the most common solid brain tumor in children accounting for 

18.7% of all tumors in this age group (4). The incidence rate of PAs in the United 

States of America is 0.95 per 100,000 for pediatric patients. The incidence rate peaks 

between ages of one to four years of life and decreases with advancing age where it 

decreases to only 0.08 per 100,000 (4, 5, 7).  
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Figure 1.2.1: Incidence rate of pilocytic astrocytomas.  
Pilocytic astrocytomas are observed from infancy to adulthood. The incidence is highest from 

birth until four years of age and is generally much higher in childhood (<19 years of age) 

compared to adults and becomes uncommon with increased age (8).  

1.2.2 Survival  

The five-year overall survival is greater than 96% and the 10-year overall survival 

exceeds 95% for patients under 19 years of age (5). Unfortunately, the overall 

survival is only 70% for infants diagnosed with PA under <1 year of age (5). In 

addition, it has been shown in multiple studies that outcome of adult patients is 

inferior compared to the pediatric cohorts (9-12).  
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Figure 1.2.2: Survival rates of pilocytic astrocytomas.  
Pediatric PA patients have an excellent overall survival, which is estimated to be greater than 
95% at then years. However, the ten year progression-free survival is estimated to be less 
than 70% (13, 14). 

On the other hand, incompletely resected PAs tend to recur and progression-free 

survival is more dismal compared to overall survival. In published cohorts, the 

progression-free survival ranges between 70% (13, 14) and 44% (8). Management of 

recurrent disease involves long-term treatment approaches or sequential treatment 

strategies (8, 15). 

1.2.3 Location  

Pilocytic astrocytomas can be located across the CNS from the optic nerve to the 

brainstem and spinal cord (16, 17). Predominantly, PA can be found in optic pathway, 

thalamus and basal ganglia, cerebral hemispheres, fourth ventricle, cerebellum, 

brainstem and spine (7, 18). Importantly, an association between age and tumor 

location was established. Specifically, PAs tend to be located in the cerebellum, 

spine and optic pathway in younger patients (18). Interestingly, Younes et al (2020) 

revealed that the cell-of-origin for cerebellar PA (19), which is the most common 

tumor location (6, 20), is found within the ventricular zone using an in silico analysis. 

Their findings suggest that a developmental pathway has been hijacked for PA 
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formation (19). In a different study, deconvolution at the single cell level showed that 

PA cells follow a developmental differentiation hierarchy from oligodendrocyte 

precursor-like cells to mature astrocyte-like cells (21). These findings were confirmed 

by a study that combined single-cell RNA (scRNA) and bulk RNA sequencing, which 

implicated oligodendrocyte progenitor cells as the cell-of-origin (22). In addition, they 

revealed that PA and oligodendrocyte progenitor cells have overexpression of cell 

surface genes in common such as GPR17 and TRPM8. Taken together, these 

findings conclusively showed that tumors are formed from progenitor cells and not 

mature astrocytes (8). 

1.2.4 Characteristics  

In general, PA is a slowly growing, well-circumscribed tumor, which often presents as 

cystic lesion with one or more mural tumor nodules (6, 16, 20). The term pilocytic 

refers to cells that have hair-like, bipolar processes (6, 16, 20).  

 

Figure 1.2.3: Pilocytic astrocytoma histology.  
Representative images of pediatric pilocytic astrocytoma (PA) histochemistry stained with 
hematoxylin and eosin to show classical biphasic histology of PA with fibrillar and microcystic 
areas (a) as well as formation of eosinophilic processes called Rosenthal fibers (b) (images 
kindly provided by Dr. David Pauck). 

The tumors tend to be discrete and displace the surrounding brain instead of being 

invasive. In contrast, PAs affecting the optic nerve are known to show a more 

invasive growth pattern (17). Microscopically, PAs constitute a tumor with low to 

moderate cellularity with some typical features such as Rosenthal fibers, eosinophilic 

granular bodies and a relatively high degree of vascularization (2, 7, 8, 16, 17). 

However, presence of Rosenthal fibers is not required for the neuropathological 

diagnosis of PAs also because these Rosenthal fibers are not exclusively observed in 
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this entity (2, 7). As a slow growing tumor, PAs tend to have a low mitotic index, 

around 4%, and, if much higher, then an alternate diagnosis should be considered 

(16). The diagnosis is relatively straightforward when PAs present with classical 

features (16).  

To improve the diagnostic workup for tumors of the CNS, Capper and colleagues 

have devised a bioinformatic tool, which takes advantage of high-resolution DNA 

methylation profiling (23). This algorithm can accurately distinguish molecular entities 

and discriminates PAs on the basis of location (supratentorial, posterior fossa and 

midline, version 11b4). When Métais et al (2023) performed their study looking into 

spinal PAs, they generated a t-distributed stochastic neighbor embedding (t-SNE) 

plot of astrocytic tumor and control tissues (24).  

 

Figure 1.2.4: DNA methylation based classification of glial tumors.  
Métais et al (2023) aimed to compare spinal pilocytic astrocytomas (PA) to PAs in other 
locations with epigenetics using the algorithm from MolecularNeuropathology.org. a tSNE 
plot distinguishes astrocytic tumors and control tissues based on the epigenetic profile. 
Pilocytic astrocytomas (purple and dark blue) cluster closely with control reactive tissue and 
spinal PA cluster with diffuse leptomeningeal glioneuronal tumours (DLGNT). b Spinal PAs 
cluster closely to DLGNT spinal tumors, but form a distinct cluster in the tSNE plot. 
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Interestingly and not pertinent to their results, PAs from the posterior fossa, 

supratentorial and midline location all clustered around the “control tissue, reactive 

brain”. According to the documentation 

(https://www.molecularneuropathology.org/mnp/classifiers/1), “control tissue, reactive  

brain” is a recurrently observed methylation profile of unclear status which constitutes 

histopathologically assigned low-grade tumors such as gangliogliomas or PAs 

possibly due to low tumor content. This might suggest that the algorithm cannot 

appropriately segregate PAs into distinct subgroups and that epigenetics alone may 

not be sufficient to fully appreciate the biological heterogeneity of PAs. 

1.2.5 Stardard-of-care  

The standard-of-care for PAs is a watch-and-wait strategy or surgery alone in 

progressive or symptomatic tumors, due to the fact that tumors are well-

circumscribed in which case gross total resection is often achievable for PAs, and, 

therefore, additional therapy is not required (17, 20, 25). To relieve symptoms such 

as epileptic seizures, hydrocephalus and raised intracranial pressure surgery is 

performed (20). However, some tumors, particularly those located in the optic nerve 

or brainstem, cannot be fully resected and tend to recur (16, 18). The average 

recurrence rate is double in adult patients compared to children (12). Importantly, the 

extent of resection is significantly correlated with progression of PAs (26, 27). In 

some cases, PAs could be considered a chronic lifelong disease with multiple 

potential recurrences, specifically in children (8, 21). When gross total resection is not 

possible, chemotherapy and radiotherapy (depending on age) can be administered to 

the patient (8, 16, 17). For chemotherapy, standards include use of carboplatin and 

vincristine as combination therapy or vinblastine monotherapy (8, 20, 28), and 

temozolomide being the most common drug employed in adults (20).  

 

1.3. Genetics of pilocytic astrocytoma 

1.3.1 MAPK signaling in pilocytic astrocytomas 

Pilocytic astrocytoma is slow growing and is classified as a WHO 1 tumor. As such, it 

is not surprising that, in a pan-cancer study, PA was found to have the lowest overall 

mutation rate compared to other tumors (29). However, nearly 100% of alterations 

https://www.molecularneuropathology.org/mnp/classifiers/1
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observed in PA are centered on the mitogen activated protein kinase (MAPK) 

pathway (8, 14, 17, 21). These alterations will have one of two functions: 1) de-

repress RAS signaling or 2) cause hyper-activation of the extracellular signal-

regulated kinase (ERK) and the MAPK/ERK kinase (MEK) signaling which leads to 

cell growth and survival (8, 30). The most common alterations are a fusion between 

KIAA1549 and B-Raf proto-oncogene, serine/threonine kinase (BRAF), followed by 

mutations in BRAF or Neurofibromin 1 (NF1) (8, 15, 16, 30). Interestingly, Reitman 

and colleagues were able to show that MAPK signaling is heterogeneously activated 

across the tumor suggesting that combination therapy might be required to treat PAs 

effectively (21). This is important since MAPK activation can lead to oncogene-

induced senescence, a process where growth arrest occurs due to a tumor-

suppressive mechanism in response to oncogene activation (13, 30). 
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Figure 1.3.1: Pan-cancer mutational landscape.  
Number of somatic mutations per megabase is shown across a pan-tumor panel. Mean 
number of mutations is highlighted with red bar. Tumors are arranged with the smallest 
number of mutations on the left (pilocytic astrocytoma is highlighted in orange) and highest 
number on the right (adapted from Alexandrov et al (29)). 
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Figure 1.3.2: Schematic overview of mitogen activated protein kinase pathway.  
The mitogen activated protein kinase (MAPK) pathway is schematically illustrated. Receptor 
tyrosine kinases such as FGFR1 or NTRK2 cause pathway activation through RAS, leading 
to an activation of MEK/ERK through BRAF or of mTOR though PI3K/AKT signaling. The 
NF1 protein represses the pathway by binding to RAS (8). 



 

23 
 

 

 

Figure 1.3.3: Genetic alteration spectrum in pilocytic astrocytomas.  
Distribution of alterations in pilocytic astrocytomas. X-axis shows the frequency of genetic 
alterations in percent of tumors identified in this specific cohort. Notably, BRAF fusions 
account for approximately 80% of all alterations (8). 

1.3.2 The relevance of KIAA1549::BRAF fusion in pilocytic astrocytoma 

Over the years, PA studies focused on genomic alterations identified that very few 

alterations could be observed in most cases (31-33). In fact, most copy number 

alterations in PA are centered on the q arm of chromosome 7, specifically 7q34, 

which occurs in up to 70% of all PAs (8, 15, 16). This region, approximately 1.9-2 Mb 

in size, is often part of a tandem duplication containing KIAA1549 and BRAF at either 

ends. BRAF is a serine/threonine–specific protein kinase in the MAPK pathway and 

KIAA1549 is an uncharacterized gene (34, 35). When recombined, a 

KIAA1549::BRAF fusion gene is created. The most common fusions include exons 

15::09, 16::09 and 15::11 of KIAA1549 and BRAF (35, 36). In addition, BRAF has 

been known to fuse to other partners such as FAM131B, CLCN6, and NTRK2 (14-

16). In all fusions observed to date, the kinase domain of BRAF is retained and is 

constitutively active (30, 35). Despite the increasing knowledge about BRAF fusions, 

there is a need for quick and efficient molecular diagnostic tests to detect the full 

spectrum of BRAF fusions (37). 
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Figure 1.3.4: Schematic overview of the most common KIAA1549::BRAF fusion.  
Example of tandem duplication which creates a fusion protein encompassing the N-terminal 
end of KIAA1549 and the C-terminal end of BRAF, and retains the kinase domain of BRAF 
(adapted from Subbiah et al (38)). 

1.3.3 The BRAF V600E mutation in pilocytic astrocytomas 

One of the most common single nucleotide variations (SNV) in PA is BRAF V600E, 

which is observed in about 5-6% of the patients (8, 14, 33). However, it is important 
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to note that in melanoma, this alteration is detected in approximately 50% of patients 

(39, 40). This altered amino acid is located in the kinase domain and is conserved 

through evolution with the exception of Drosophila (34). It is part of a highly 

conserved motif in a region which has been shown to form a loop that anchors the 

phosphates of ATP and is important for ATP catalysis (34). Studies have shown that 

this single mutation results an oncogenic phenotype in cell lines (34), most likely 

caused by an upregulation of downstream ERK through binding of RAS (35). Finally, 

it was shown that mutations in BRAF could induce PA formation in a RCAS/t-va 

mouse model (41). 

 

 

Figure 1.3.5: Schematic overview of the BRAF gene.  
The BRAF gene contains 18 exons, an N-terminal RAS binding domain and a C-terminal 
kinase domain. The most commonly altered amino acid V600 is highlighted (modified from 
(37) with information from COSMIC). 

 

1.3.4 The NF1 gene in pilocytic astrocytoma biology 

The NF1 gene contains 60 exons and is ubiquitously expressed, but the highest 

levels have been found in adult neuronal cells (42). Mutations in the tumor 

suppressor gene cause neurofibromatosis type 1, an autosomal dominant disorder, 

which increases the risk of tumors, specifically in the optic pathway amongst other 

disease predispositions (42-44). In PAs, alterations in the NF1 gene are observed in 

6-10% of patients (8, 30). The NF1 protein is a GTPase that downregulates RAS 

signaling by binding to RAS (42). Mutations in NF1 cause a hyper-activation of RAS 

and subsequent activation of MAPK and mTOR, thereby inducing cell growth (28, 43, 

44). 

1.3.5 Additional MAPK altered genes 

In addition to alterations in BRAF and NF1, other MAPK pathway alterations have 

been observed in KRAS, NTRK2, and FGFR1/2 (8, 14). To date, three main RAS 

genes have been characterized: KRAS, HRAS and NRAS. In addition to regulating 
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metabolism, RAS signals upstream of BRAF and PI3K/AKT to control expression of 

MEK/ERK and mTOR, respectively (8, 45). Interestingly, no alterations have been 

observed in HRAS or NRAS, suggesting that KRAS is the key player in PA 

tumorigenesis (30). NTRK2 is a transmembrane tyrosine kinase and plays an 

important role in neuronal development (46). Fusions involving the NTRK2 gene have 

been found in multiple other cancers, such as neuroblastoma, colon cancer, and 

melanoma (14, 46). Fusions of NTRK2 involve the N-terminal of a partner gene and 

the C-terminal kinase domain (14, 46). The FGFR1 and FGFR2 proteins are 

fibroblast growth factor receptors and transmembrane tyrosine kinases (15, 47). 

Previous studies demonstrated that FGFR1 has an internal tandem duplication (ITD) 

in the kinase domain or a N-terminal fusion partner (14, 16, 47). One example is 

FGFR1-TACC1 where the C-terminal part of TACC1, which contains a coiled-coil 

domain, is retained as part of the fusion (48). This alteration facilitates the localization 

of the fusion protein to the mitotic spindle, which in turn promotes aneuploidy and 

tumorigenesis (48). Additionally, this fusion is capable of activating the MAPK 

pathway (8, 48). 

1.3.6 Targeted therapy approaches for pilocytic astrocytoma patients 

Due to the fact that MAPK signaling is active in PAs, targeted therapies have focused 

on this pathway. Initial studies with the BRAF inhibitor PLX4720 showed a decrease 

in MEK phosphorylation for BRAF V600E expressing cell lines, but an opposite effect 

in KIAA1549::BRAF expressing lines, where phosphorylation of MEK increased 

significantly (49). Another example of BRAF as a molecular target is the study by 

Nobre et al., where they retrospectively looked at PA patients with BRAF V600E 

mutations treated with either dabrafenib or vemurafenib (50). In this case, there was 

a significant decrease in tumor size with treatment. However, 17 patients that 

stopped treatment experienced rapid tumor regrowth (50). 

There are a number of prospective clinical trials targeting the MAPK pathway, 

specifically for NF1 or BRAF-altered low-grade gliomas, which include PAs (8). A 

clinical trial evaluating treatment efficiency of sorafinib, a multikinase inhibitor 

targeting RAF1 amongst other kinases, was terminated due to the inefficacy of 

treatment (NCT01338857). Other trials using dabrafenib (BRAF V600 inhibitor) and 

trametinib (MEK inhibitor) have been more promising. These trials evaluated these 

targeted agents either as a monotherapy or in combination, or the combination of 
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therapeutics compared to carboplatin and vincristine standard therapy 

(NCT01677741 (51), NCT02124772 (52), NCT03975829, NCT02684058). In 

NCT01677741, dabrafenib was administered to patients with BRAF V600E altered 

tumors. In total, 13 or 41% of the patients in the trial cohort were diagnosed with PA. 

Dabrafenib was found to be well tolerated by the patients and showed a manageable 

safety profile for greater than two years (51). The most common reason in this study 

for terminating treatment was physician and/or parent decision (42%), likely 

stemming from the fact that standard treatment is administered for 12-24 months. 

Adverse effects were only mentioned in 8% of the cases as the reason the 

termination of treatment (51). In this study, the disease control rate was 88% showing 

that dabrafenib is well tolerated in pediatric patients, has a distinct clinical benefit and 

should be evaluated in a larger population (51). In a second prospective study, 

trametinib monotherapy or trametinib in combination with dabrafenib was tested 

against BRAF V600E-mutant low-grade gliomas (52). Trametinib and dabrafenib 

combination therapy has been approved for treatment of BRAF V600E-mutant solid 

tumors, such as melanoma, in patients ≥ 6 years of age and, in addition, has shown 

clinical activity in adult gliomas (52). In this study, the mean duration of response was 

33.6 months with a progression-free survival of 16.4 months for trametinib treatment 

and 36.9 months in the combined treatment group (52). However, there were 22% of 

patients which terminated treatment due to toxicity in the combined therapy 

compared to 54% in the monotherapy arm. Overall, this study shows that combined 

BRAF V600E inhibitor and MEK inhibitor treatment is more effective than MEK 

inhibition alone in BRAF V600E-mutant pediatric low-grade gliomas (52). 

Additionally, selumetinib (MEK inhibitor) or randomized trials in comparison to 

carboplatin and vincristine therapy are currently conducted (NCT01089101 (28), 

NCT03871257). In NCT01089101, patients were stratified according to the alteration 

type with stratum 1 containing the BRAF-altered PA patients and stratum 3 NF1-

mutated low-grade glioma patients (stratum 2 and 4 were not discussed in this 

manuscript) (28). Approximately half of patients (56%) in stratum 1 completed the 

entire treatment regimen with 14/25 patients having tumor progression (28). The two-

year progression-free survival was 70%, however, when separated into type of BRAF 

alteration, BRAF V600E-mutant patients had worse progression-free survival 

compared to BRAF-KIAA1549 patients (28). Importantly, the toxicity was manageable 
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with rare serious adverse effects. Patients that achieved 1-49% tumor shrinkage had 

“stable disease” and this is considered clinically beneficial since the majority of 

patients do not succumb to PA (28). 

Finally, there have been mTOR inhibitor trials using everolimus (also known as 

RAD001) or temsirolimus in combination with erlotinib (EGFR inhibitor) which have 

been completed (NCT00112736, NCT01158651, NCT00782626). In one everolimus 

study (NCT001158651), one patient (4.4%) died, while six patients (26.1%) suffered 

from serious adverse events or disease-related morbidity such as blindness, anemia 

and seizures. However, the proportion of participants responding to treatment was 

68% where response was considered promising if there was a 25% response rate 

after 48 weeks. In a second study with everolimus (NCT00782626), although 26% of 

patients suffered from serious adverse events, 91.3% of patients had stable disease 

and only 8.7 % of patients had a partial response to treatment. In the third study, 

where temsirolimus was evaluated in combination with erlotinib (NCT00112736), only 

14% of suffered from serious adverse events. However, in this study, only 17% of 

patients had stable disease, 8% of patients had only a partial response to treatment, 

but 75% of patients presented with progressive disease. 

1.4. Proteogenomics 

1.4.1 Proteogenomic approach in cancer research  

The term “proteogenomic” first appeared in 2001, according to pubmed 

(https://pubmed.ncbi.nlm.nih.gov/). This review was focused on the biological 

principles of chemotherapy (53). The term next appeared in a human research 

publication three years later (54). In this study, the authors used western blotting, 

mass spectrometry and genetic profiling on a number of cell lines and serum from 

patients with prostate cancer with the intent of finding new antigens that have 

therapeutic, diagnostic or prognostic value. The mass spectrometry was only 

performed on a single band, which showed differences using western blotting and not 

the entire proteome. It took an additional ten years before proteogenomics was 

performed on the entire proteome in cancer, although they only focused on single 

nucleotide polymorphims (SNPs) of genes and proteins located on chromosome 9 

(55). 

https://pubmed.ncbi.nlm.nih.gov/
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More recent publications take advantage of multiple layers of –omics data, which 

includes transcriptomics (RNA and miRNA expression), genomics (mutations and 

DNA copy-number profiling), epigenetics (DNA methylation and histone 

modifications), proteomics (phospho-proteomics, glycosylation and acetylation), 

lipidomics and metabolomics (56-63). Many of these publications were conducted 

within the context of the Clinical Proteomic Tumor Analysis Consortium (CPTAC). 

Sample preparation is commonly performed using cryo-pulverization and subsequent 

sample distribution into the required number of sample tubes for each analytical 

platform. This approach assures that there will be reduced variation between layers 

of data. However, even using this method of sample preparation, the mean 

correlation between protein and RNA expression was only 0.35 (58) which is in-line 

with other studies (64, 65).In all these examples, proteogenomics was a multi-

dimensional analysis which was not integrative, sometimes creating groups for each 

layer of data analyzed. 

1.4.2 Similarity Network Fusion  

Data integration processes need to take into account two major key points: First of 

all, the fact that current studies include few samples in relation to large number of 

data points (up to 935,000 probes for methylation data). Secondly, there could be 

differences in scale and noise in each dataset (66). The easiest way to avoid these 

issues would be to analyze each layer separately and then combine the data, 

however, this type of analysis often leads to inconsistent conclusions (61, 66). 

Importantly, many methods to analyze bioinformatic data is to reduce the noise by 

preselecting a set of genes/probes/proteins before performing such analyses as 

“consensus clustering” (67) or “K-means clustering” (68). However, pre-selection 

leads to a biased analysis. 

The advantage of using Similarity Network Fusion (SNF) is that this method 

integrates information at the sample level instead of measurement level (66). 

Similarity network fusion constructs a sample-similarity network for each layer of data 

and, then, integrates the networks into a fused similarity network using a non-linear 

combination method (66). This is a particularly useful tool since the data could 

consist of a small number of samples, the heterogeneity in data types is limited to a 

single similarity network layer and, importantly, pre-selection is not used. 
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Figure 1.4.1: Application examples of Similarity Network Fusion analyses.  
a. Representative images of single layer analyses of mRNA expression and DNA methylation 
for the same patients (66). b. A similarity matrix is constructed for each of the layers. c. 
Conversion of similarity matrix to a similarity network. d. Iterations of the fused similarity 
network are performed to determine the most stable network e. Final network visualization 
constitutes the last step of the approach. 
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In the first test of SNF, the authors tested previously published data from The Cancer 

Genome Atlas (glioblastoma, breast invasive carcinoma, kidney renal clear cell 

carcinoma, lung squamous cell carcinoma and colon adenocarcinoma) (66). In their 

hands, SNF of mRNA expression, DNA methylation and miRNA expression data 

identified clinically relevant subgroups for each of the diseases by decreasing 

experimental noise which is randomly distributed, but the biological signal is 

consistently recognized when multiple data layers are evaluated. 

Others have used this technique which can lead to better understanding of novel 

pathways or better classification of a disease (62, 69, 70). Interestingly, Forget et al 

were able to consistently classify medulloblastoma into the four subgroups with a 

relatively small number of samples (62). Their study not only led to the discovery that 

SRC is a major driver of Group 4 medulloblastomas, but also to the first Group 4 

mouse model (62, 71).  

1.5. Glioblastoma 

1.5.1 Incidence  

Glioblastoma IDH-wildtype, referred to as glioblastoma (GB) in this thesis, belongs to 

the adult-type diffuse glioma group and accounts for 50% of all malignant brain 

tumors (2, 4, 72). Glioblastoma occurs more frequently in older adults, with a peak 

incidence between 45 and 75 years of age and a median age of 65 years (4). 

1.5.2 Survival  

Patients with glioblastoma have a dismal prognosis. The 1-year survival rate is only 

42.7%, and there is a dramatic drop to 6.9% and 4.3% for the 5-year and 10-year 

survival rates, respectively (4, 73).  

1.5.3 Location  

Glioblastoma is frequently observed in the cerebrum (frontal, temporal, parietal, and 

occipital lobes) and only rarely located in the cerebellum. Symptomatically, 

glioblastoma presents with signs of increased intracranial pressure and about one-

third of patients experience epileptic seizures. Other neurological symptoms include 

paralysis, sensory disturbances, visual disturbances, speech impairments, dizziness, 

memory impairments, or personality changes, depending on the tumor's location (and 

perilesional edema) (2). 
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1.5.4 Characteristics  

Relevant histopathological features for diagnosis include necrosis, pathological 

microvascular proliferation and a high mitotic activity, leading to classification in the 

CNS WHO Grade 4, the highest grade in the WHO classification for central nervous 

system tumors (2).  

The histopathology of glioblastoma is extremely variable, reflected in the old name 

"glioblastoma multiforme" (7). In the 5th edition of the WHO Classification of CNS 

Tumors, it is now clearly defined that glioblastoma do not harbor IDH mutations (2). 

The previously used distinction between "primary glioblastoma" (de novo arising and 

IDH-wildtype) and "secondary glioblastoma" (arising from a less malignant precursor 

lesion and thus almost always showing an IDH mutation) is now obsolete; the latter 

group is now defined as astrocytoma, IDH-wildtype (CNS WHO Grade 4). 

Gliosarcoma and giant cell glioblastoma are rare histological variants of GB (74). For 

clinical purposes, they are considered variants of IDH-wildtype GB, but genetic data 

enabling definitive classification are still sparse.  

Most GB arise sporadically, although specific SNV have been associated with an 

increased risk (2, 72). Some of the alterations affect the promoter of TERT, the TP53 

and PTEN genes and amplifications of the EGFR gene (2, 75). Rarely, GB arises 

within the context of an inherited tumor predisposition syndrome, such as the very 

rare Li-Fraumeni syndrome or inherited deficiency of the DNA mismatch repair 

system. Ionizing radiation is the only exogenous risk factor for the development of 

glioblastoma, such as radiation therapy of the CNS in children with acute leukemia 

(72). 

1.5.5 Standard of care 

Current treatment of GB is multifaceted, initially consisting of surgical resection, 

preferably macroscopically complete ("gross total"), followed by radiotherapy and 

concurrent and adjuvant chemotherapy with the oral alkylating agent temozolomide 

(72). Additional administration of lomustine is also possible and offers survival 

advantages compared to monotherapy with temozolomide for the subgroup of 

patients whose tumors demonstrate methylation of the O6-methylguanine-DNA 

methyltransferase (MGMT) gene promoter (76).  
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Despite this multimodal therapeutic approach, the overall survival of GB patients has 

only marginally improved over the past three decades, and the prognosis remains 

grim despite advances in treatment. A younger age at diagnosis and good general 

condition independently represent favorable prognostic factors, as does methylation 

of the MGMT promoter. A problem in GB treatment is that the tumor cells develop 

resistance to available treatment modalities quickly, resulting in local tumor 

recurrence (77, 78). 

1.6. Long non-coding RNA 

1.6.1 Classification  

By definition, long non-coding RNAs are transcripts that are longer than 200 base 

pairs and do not code for proteins (79). There are seven classes of lncRNAs which 

include intergenic, intronic, bidirectional, enhancer, promoter-associated, sense and 

antisense lncRNAs (77). The largest category of lncRNAs consists of long intergenic 

non-coding RNAs which are situated in the intergenic regions of the genome and do 

not overlap with any other genes, coding or non-coding. Long non-coding RNAs 

which are located within a gene, but do not overlap with exonic regions are termed 

intronic lncRNAs. Bidirectional lncRNAs are transcribed from regions opposite coding 

genes, typically within 1 kb of promoters, and frequently share the same promoter. 

Additionally, lncRNAs transcribed from the enhancer or promoter regions of a gene 

are designated as enhancer and promoter-associated lncRNAs, respectively. Finally, 

lncRNAs transcribed from the opposite sense or antisense strand of coding genes 

are termed sense lncRNAs or antisense lncRNAs, respectively (77, 80). 

1.6.2 Detection  

In the past, microarrays and tiling-arrays have been used to study a limited number of 

previously identified lncRNAs (81, 82), however RNA sequencing is now considered 

the gold standard for identifying lncRNAs. RNA sequencing can identify both known 

and unknown transcripts as approximately 75% of the genome is transcribed of which 

less than 2% encompasses coding genes (80). The preferred RNA sequencing 

method is to perform sequencing on ribosome depleted total RNA (83). Although the 

majority, but not all, lncRNAs contain a poly-A tail, polyadenylated RNA sequencing 

would not provide a complete analysis of the lncRNAome (84). 
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1.6.3 Long non-coding RNA in cancer  

Due to their significant involvement in gene regulation, lncRNAs are frequently 

implicated in the pathogenesis of various diseases and noteworthy examples of 

potential oncogenic lncRNAs are reported in the literature (85). First, HOX transcript 

antisense RNA (HOTAIR) (86) promotes proliferation and migration in cervical cancer 

(87), contributes to chemoresistance in colorectal cancer (88), and correlates with 

metastasis and poor survival in breast cancer (89). Another potent oncogenic lncRNA 

implicated in tumorigenesis is the nuclear paraspeckle assembly transcript 1 

(NEAT1) (90), which is commonly upregulated and correlated with unfavorable 

prognosis (91) in multiple cancer types such as hepatocellular carcinoma (92), non-

small cell lung cancer (93), cholangiocarcinoma (94), and breast cancer (95, 96). 

NEAT1 is associated with a number of oncogenic processes including cell 

proliferation, invasion, tumorigenesis, and metastasis (92-96). Finally, several 

lncRNAs have been investigated in GB including the following: maternally expressed 

3 (MEG3) modulates proliferation through interactions with TP53 and MDM2 proteins 

(97); colorectal neoplasia differentially expressed (CRNDE) regulates glioma cell 

growth via mTOR signaling (98); and HOXA11 antisense RNA (HOXA11-AS) which 

promotes glioma cell growth and metastasis by targeting the miR-130a-5p/high 

mobility group box 2 (HMGB2) axis (99). 

1.7. Aims of this thesis 

This thesis aimed to unravel previously understudied molecular questions in the most 

common brain tumors in children (PA) and adults (GB), namely  

1- Is there biological heterogeneity in PA that has, to date, not been observed? and 

2- Can a poorly understood molecular data type, specifically the lncRNA 

transcriptome, be informative in describing the difference between GB patients with 

shorter versus longer survival?  

In the first manuscript, the aim was to use proteogenomics to integrate RNA 

sequencing and proteomic data of overlapping PA tissue samples to potentially 

observe heterogeneity in this disease. Simply segregating samples was not 

considered a promising observation as other groups have successfully segregated 

PA into groups using different techniques. It was important that the grouping was 
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stable and could be applied to additional datasets. Following segregation of samples, 

clinical and biological heterogeneity should be studied. 

In the second manuscript, the aim was to discern genes which were differentially 

expressed between short-term and long-term surviving patients with GB. As such 

analyses had already been performed on the coding genes, the microarray data was 

re-examined with a focus on long non-coding RNAs as biomarkers to distinguish the 

two groups. As a biomarker, the candidate must show a difference in survival in 

several data sets and show that the expression is directly linked with at least one 

oncogenic phenotype. 

Combined, these studies show that there is much value in analyzing data using non-

traditional approaches such as integrative analyses of the proteogenome or the 

lncRNAome.  
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2. Manuscripts 

 

2.1. Manuscript 1: Integrative multi-omics reveals two biologically 

distinct groups of pilocytic astrocytoma 
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2.2. Manuscript 2: The long non-coding RNA HOTAIRM1 promotes 

aggressiveness and radiotherapy resistance in glioblastoma 
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3. Discussion 

The work summarized in the first paper of this thesis was aimed at elucidating 

biological and clinical differences in PAs (2). The approach undertaken was to utilize 

tumors from all age groups, instead of restricting the cohort to either pediatric or adult 

tumors (21, 24, 31-33, 100-104). In addition and the first of its kind for PA, SNF, a 

multi-layer approach, was used to analyze these tumors as single layer analyses did 

not provide consistent clustering and allowed for the study of additional cohorts (21, 

66, 100-104). 

Indeed, two distinct groups were observed using SNF of the RNA sequencing 

transcriptome and the proteome, and, using a small number of genes or proteins 

(100 in total for each layer of data) based on the SNF groups, these groups were not 

only extended to samples with just a single layer of data, but to three additional 

datasets: 1- proteomic data (63), 2- RNA sequencing data (14) and 3- microarray 

transcriptome data (13), showing the robustness of this technique. Although 

epigenetic information was available for this cohort, addition of this layer to the SNF 

destroyed the grouping observed with just transcriptome and proteome layers. This is 

in keeping with previous studies that could not show biological heterogeneity using 

only epigenetic information (21, 100, 101, 104). 

When analyzing the clinical data, trends were consistently observed between 

datasets. However, since the original dataset comprised only 62 samples, a 

combined analytic approach of all four datasets was undertaken to reveal 

associations with the clinical data. In fact, when combining the data we observed that 

supratentorial tumors were predominantly from Group 1. When supratentorial and 

infratentorial were further divided into optic pathway, supratentorial, posterior fossa 

and brainstem, supratentorial tumors were still predominantly from Group 1, even 

after removing samples in the optic pathway.  

Next, age of diagnosis was assessed between the two groups. Interestingly, Group 1 

had a significantly younger mean age (approximately 7 years of age) but was not 

exclusively composed of pediatric patients as there were 3 patients above age of 40. 

In Group 2, patients tended to be older with the majority of adult patients found in this 
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group, but the average age was still only approximately 12 years of age, showing that 

this group contained many pediatric patients as well. 

Interestingly, neither gender nor type of alterations differed significantly between PA 

groups. As PA is a MAPK driven tumor (8, 14, 17, 21), all samples with mutation or 

fusion information showed an alteration in the MAPK pathway. However, except for a 

non-significant trend in BRAF fusions, the alterations were evenly distributed 

between Group 1 and 2, pointing to a different mechanism for differentiating these 

groups and confirming that neither of these groups would benefit more from MAPK 

inhibiters compared to the other group. 

Finally, as PAs have a low mortality rate and these tumors tend to recur (2, 5, 8), 

progression-free survival was analyzed. Group 1 patients, younger and with tumors 

predominantly found in the supratentorial, had a worse progression-free survival. This 

is interesting since it has been previously reported that adults have a worse survival 

compared to pediatric patients (9-11). Notably, when performing a hazard ratio 

analysis, only the PA group factor was statistically significant, suggesting that these 

groups are indeed an important segregation for PA. 

To elucidate the biological heterogeneity between the two PA groups, Protein/RNA 

ratios, Ingenuity Pathway Analysis (IPA) and GeneSet Enrichment Analysis (GSEA) 

were performed. First, the Protein/RNA ratios generated for each group showed that 

Group1 was driven by the transcriptome, whereas Group 2 was driven by the 

proteome, which was important to understanding the pathway analyses. Specifically, 

when looking at the IPA using a stringent cutoff (fold change ±2, q value <0.05), the 

top terms in the transcriptome analysis were focused on the immune system for 

Group 1. Conversely, only a few terms were present for Group 2 and these were not 

connected to each other. The opposite was true for the proteome analysis where 

Group1 had few terms and Group 2 had terms which were themed, in this instance 

around mitochondrion biosynthetic pathways. 

These data were corroborated in the GSEA and focused on the immune response in 

the initial analysis, since two independent datasets verified these results. In addition, 

deconvolution algorithms ESTIMATE and CIBERSOT showed a significant immune 

related or T-cell signaling in the RNA sequencing transcriptome data (105, 106). This 

phenotype was not observed in the microarray data, which could be due to the limited 
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resolution of microarray data in comparison to RNA sequencing. Finally, using 

multiplex immune fluorescence analysis of PA samples, a strong trend of anti-

PD1+/anti-CD8+ cells was present in Group 2, suggesting an exhausted immune 

population that was not present in Group 1. This would also suggest that Group 1 

has an active immune population, but a larger cohort must be tested to prove this. 

On the other hand, Group 2 results were not highlighted in the publication since a 

proteome validation dataset was not included initially. The gene sets which were 

enriched in Group 2, which included terms for “Cellular Respiration” and “TCA 

metabolism”, are in line with the IPA analysis and suggested that Group 2 PAs have 

an increase in energy compared to Group 1. It would be interesting to test 

mitochondria inhibitors in Group 2 PAs as there has been some data suggesting that 

these might be useful in a cancer setting (107). 

As shown in the appendix (section 4), high-throughput drug screening on non-

overlapping primary cell cultures was performed. Pediatric PAs were considered as a 

single entity since these samples were not transcriptionally profiled and groups could 

not be attributed. Therefore, a further study of adult and pediatric samples which are 

grouped would be an asset to the field of PAs. To date, very few cell lines have been 

developed for PAs, in part due to oncogene-induced senescence which prevents 

cells from propagating (8, 108). Selt et al have overcome this limitation by forcing 

cells to grow using a SV40-TAg lentivirus (108). It would be of great interest to profile 

these cell lines, group them and process them using the high-throughput drug 

screening available at the Heinrich Heine University core facility to determine if there 

are pharmacological differences which could be exploited between the two groups. 

In summary, although this work is not the first to stratify PAs (21, 66, 100-104), the 

analysis performed in this thesis describes subdividing PAs into two groups that have 

been consistently applied to three validation datasets, which is novel for the field of 

PAs. It will be important to explore the immune profile of Group 1 samples in a larger 

cohort and potentially the use of mitochondria inhibitors in Group 2. Although PAs are 

not an aggressive tumor, these data may help physicians provide stratification for this 

disease and, in the future, the best possible treatment. 

The work summarized in the second manuscript was aimed at identifying a biomarker 

which would distinguish short- versus long-term survivors of GB. The initial analysis 
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used to identify HOTAIRM1 used microarray data generated by the German Glioma 

Network included several hundred lncRNAs, however, if this analysis had been 

performed with RNA sequencing data, the number of lncRNAs could have been 

closer to 100,000 lncRNAs (109). Nevertheless, HOTAIRM1 clearly showed an 

increase in expression in the more aggressive short-term samples. Although this 

study is a bit older and the glioblastoma samples consisted of both IDH-mutant and -

wildtype samples, there was distinct survival benefit observed in the IDH-wildtype GB 

patients. Additionally, the high HOTAIRM1 expression correlated with decreased 

survival in two additional datasets (110, 111). 

Although this publication was not the first to show that HOTAIRM1 was associated 

with an aggressive behavior, other publications did not focus on the function of 

HOTAIRM1 (112-114). A number of cell lines were used to phenotype HOTAIRM1 

knockdowns, specifically U251MG, LN-229, LN-18 and T98G were used in transient 

knockdown experiments and LN-229, LN-18, SF126 and U87MG were used for 

stable knockdown experiments. LN-229 and LN-18 were the only cell lines used in 

both the transient and stable experiments. HOTAIRM1 could not be overexpressed in 

U251MG and T98G and, therefore, additional cell lines were added to the overall 

study. Since there are numerous GB cell lines, the focus when adding new cell lines 

to the study was the ability to grow in vivo. However, neither SF126 nor U87MG 

would grow in vivo in when implanted in mice and, therefore, only one mouse model, 

LN-229, was included in the publication. 

After observing a decrease in cell viability, invasion and colony formation, an attempt 

to describe the mechanism of HOTAIRM1 was undertaken. Transient knockdowns of 

U251MG, LN-229 and T98G were profiled using RNA sequencing and proteomics. 

As seen in manuscript 1, using both RNA sequencing and proteomics is imperative to 

get a complete overview when using pathway analyses. However, in this case, the 

focus was on RNA sequencing and proteomic overlapping pathways in an effort to 

reduce the potential, available pathways. Indeed, this approach left us with four 

clusters in the GSEA, two of which involved mitochondria and was validated in 

experiments using superoxide indicators, anti-oxidant treatments and irradiation.   

To determine additional factors implicated in the HOTAIRM1 mode of action, the 

proteomics data were re-analyzed with a focus on potential HOTAIRM1 partners. The 

top candidate was transmembrane protein 87A (TMEM87A) but this gene did not 
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show any significance when looking at survival. In an attempt to link the list of 

proteins to HOTAIRM1, potential microRNA binding sites were determined for 

HOTAIRM1 and the 12 proteins which were differentially regulated when HOTAIRM1 

was knockdown. Using only microRNAs overlapping with HOTAIRM1 and 

microRNA/protein pairs which were negatively correlated in the TCGA dataset (110), 

Transglutaminase 2 (TGM2) was the top candidate (8 out of the top 10 pairs), though 

it was only the 5th on the list of differentially expressed proteins. Not only did TGM2 

and the top microRNA, has-miR-17-5p, show a similar survival as HOTAIRM1, TGM2 

can be located in the mitochondria as well and is known to be involved in 

mitochondria respiration (115, 116). 

In summary, utilizing long non-coding RNA to determine biomarkers of short survival 

in glioblastoma has led to the discovery that the HOTAIRM1/hsa-miR-17-5p/TGM2 

axis is an important factor for shortened survival. In fact, this process can be 

repeated for any number of studies, especially if RNA sequencing was used to 

generate expression data. 

As a broader perspective on the key studies conducted during my thesis, the 

integration of proteomics and genomics, known as proteogenomics, represents a 

promising approach in the diagnosis and treatment of brain tumor patients (117). In 

this last part of the discussion, I will focus on how proteogenomics may revolutionize 

the care of brain tumor patients by offering enhanced diagnostic accuracy and 

personalized treatment strategies (63, 118). 

One of the key advantages of proteogenomics lies in its ability to provide a 

comprehensive view of the molecular landscape of brain tumors. By analyzing 

genomic alterations in combination with the corresponding protein expression 

profiles, clinician-scientists gain a more nuanced understanding of the underlying 

biology driving tumor development and progression. This holistic approach enables 

the identification of novel biomarkers that can aid in early detection, classification, 

and prognostication of brain tumors (119). 

In the realm of diagnostics, proteogenomic analysis holds the potential to overcome 

some of the limitations of traditional histopathological methods (61, 120). Brain 

tumors are notorious for their heterogeneity, both within individual tumors 

(intratumoral heterogeneity) and across different patients (intertumoral heterogeneity) 

(2). Proteogenomics offers a more precise classification of tumors by capturing the 
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dynamic interplay between genetic mutations and protein expression patterns, 

allowing for tailored therapeutic interventions. In addition, proteogenomic profiling 

can uncover targetable molecular aberrations that may otherwise not be detected, 

thereby expanding the repertoire of therapeutic options available to patients (119). 

In the era of precision medicine, proteogenomics is paving the way for personalized 

treatment strategies in children and adults with brain tumors. By stratifying patients 

based on their molecular profiles, clinician-scientists can match individuals with the 

most effective therapies while minimizing the risk of side effects. For example, 

identifying specific protein targets or signaling pathways dysregulated in a patient's 

tumor can guide the selection of immunotherapies or targeted therapies tailored to 

their molecular profile (121). Moreover, proteogenomic insights can inform the design 

of clinical trials, facilitating the development of novel therapeutics and accelerating 

the translation of research findings into clinical practice. 

Monitoring of treatment response and disease progression constitutes another 

promising application of proteogenomics in brain tumor management. By tracking 

changes in the proteomic landscape over time, clinicians can determine treatment 

efficacy and detect early signs of recurrence or resistance. This real-time monitoring 

enables timely and individualized adjustments to treatment regimens, which will 

ideally maximize the therapeutic benefit, minimize harmful side effects and improve 

patient outcomes (122). 

However, several challenges must be addressed to fully realize the potential of 

proteogenomics in the clinical setting. These challenges include standardizing 

protocols for sample collection and analysis, integrating multi-omics data from 

diverse platforms, and ensuring the scalability and affordability of proteogenomic 

technologies. Furthermore, robust bioinformatics tools and computational algorithms 

are required to interpret complex proteogenomic datasets and extract clinically 

relevant insights (122). 

In conclusion, proteogenomics holds tremendous promise for transforming the 

diagnosis and treatment of brain tumor patients, which is urgently required for high-

grade glioma patients in particular. By integrating genomic and proteomic 

information, this approach offers a more comprehensive understanding of 

tumorigenesis and opens novel avenues for personalized medicine. As technology 

continues to advance and our understanding of the molecular basis of brain tumors 
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grows more profound, proteogenomics will play an increasingly pivotal role in 

improving patient care and outcomes.  
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4. Appendix 

Until now, PA is known as a low-grade, single pathway disease with low 

heterogeneity (7, 8). Using similarity network fusion to perform a proteogenomic 

analysis of PA, we have shown that PA can be segregated into two groups and these 

groups can be identified in validation cohorts using a 100 gene expression signature. 

Although not tested in this thesis, the top expressing genes based on p-value might 

represent promising biomarkers for segregating PAs. Elastin microfibril interfacer 2 

(EMILIN2) is located in the extracellular matrix and is closely associated with immune 

infiltration (123). Inositol 1,4,5-triphosphate receptor associated 1 (IRAG1, also 

known as MRVI1) is a substrate of cGMP-dependent kinase-1 (PKG1) and is 

involved in calcium release (124). These genes are in line with the IPA and GSEA 

findings seen in our manuscript as these results showed a clear immune response for 

Group 1 and action potential/ion transmembrane activity for Group 2. 
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Figure 3.1: Potential biomarkers for Group 1 and 2 PAs.  

Box plots showing top genes for each group based on p-value, y-axis shows log2 expression 

and x-axis shows PA groups. 

 

In addition to this, we also performed high-throughput drug screening on non-

overlapping primary cell cultures. Although these were all pediatric samples, we were 

unable to group these PAs since there was no expression data. Instead, we 
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compared the results of the drug screening with those of glioblastoma and 

medulloblastoma samples. We identified R788 disodium hexahydrate as a 

compound, which was more active in the benign PAs. 

 

Figure 3.2: Drug screening of patient derived primary cultures  
a. Dose response curves of R788 disodium hexahydrate for pilocytic astrocytoma (PA), 
glioblastoma (GB) and medulloblastoma (MB). Y-axis shows cell viability as a percentage of 
the untreated cells and x-axis shows log10 concentration in nanomole. b. Dot plot of 
quantified area under the curve values for each tumor type. Fisher’s exact test was used to 
compare the drug response of PA versus GB and MB cultures. Y-axis shows area under the 
curve measurement (0=sensitive and 1=resistant) and the x-axis shows the different tumor 
entities (courtesy of the High-thoughput Drug Screening core facility). 

 

 

Figure 3.3: Western blot analysis of SYK.  
a. Western blot analysis of 5 Group 1, 5 Group 2 and 3 Control samples immunoblotted with 
anti-SYK antibody (above) and the loading control anti-beta-tubulin (TUBB, below). Size in 
kilo Daltons is shown on the left. b. SYK expression is displayed as ratio of SYK over beta-
tubulin (y-axis). Group 1 has significantly more SYK compared to Group 2 or Control (x-axis) 
(courtesy of the Molecular Proteomics Laboratory core facility). 
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We were then able to show that SYK is increased in Group 1 PAs compared to 

Group 2 and to control fetal brain tissue. SYK expression is increased upon JAK1 

and TLR3 signaling, which leads to an increase in type 1 interferon genes (125, 126). 

These results are in line with our bioinformatics pathway analysis. Unfortunately, with 

the addition of new samples, there was no longer a significant difference between 

PAs and the more aggressive glioblastoma and medulloblastoma. There is still the 

possibility that Group 1 would be more sensitive to SYK inhibitors compared to Group 

2. Unfortunately, we did not have the means to distinguish the primary cultures into 

groups up to now. 

 

Figure 3.4: Updated drug screening of patient-derived primary cultures 
Dose response curves of R788 disodium hexahydrate for PA, glioblastoma (GB) and 
medulloblastoma (MB). Y-axis shows cell viability as a percentage of the untreated cells and 
x-axis shows log10 concentration in nanomole (courtesy of the High-thoughput Drug 
Screening core facility). 
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