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Abstract 
Background: Gliomas are the most common primary malignant 
tumors of the central nervous system, encompassing a heterogeneous 
group of subtypes with varying clinical outcomes. Despite advances in 
the molecular understanding of glioma biology, therapeutic options—
especially for higher-grade gliomas—remain limited, and survival 
outcomes have not been significantly improved. While environmental 
factors play a minor role in glioma development, germline genetics have 
emerged as an important contributor toward glioma susceptibility. 
Nevertheless, the biological mechanisms and complete spectrum of 
genetic risk factors require further investigation. 

Aim: The aim of this thesis was to further contribute to the knowledge 
of genetic susceptibility to glioma through three studies: a functional 
study to understand the biological mechanism behind an established risk 
variant in the LRIG1 gene (Paper I), a genome-wide association study 
(GWAS) of common genetic variation investigating risk for pediatric 
glioma (Paper II), and a study investigating rare germline variants in 
adult glioma patients from a regional cohort (Paper III).  

Methods: In Paper I, CRISPR-Cas9 was used to generate isogenic 
HEK293 with and without a known risk allele (rs11706832, A/C). 
Transcriptome profiling and metabolomics were performed to 
investigate the functional impact of the allele in the cell lines. In Paper 
II, a meta-GWAS was performed, including over 4,069 pediatric gliomas 
and 8,778 controls from Sweden, Denmark, and the United States. 
Germline genotyping was performed using single nucleotide 
polymorphism (SNP) arrays on blood-derived DNA. Transcriptome-wide 
association studies (TWAS) and a colocalization analysis were performed 
using publicly available expression quantitative trait locus data. In Paper 
III, whole-genome sequencing was performed on blood samples from 113 
adult glioma patients from a regional cohort from northern Sweden.  

Results: In Paper I, no direct effect from the risk allele on LRIG1 
expression or splicing was found. However, altered expression of 
mitochondrial genes was observed, possibly due to dysregulation of 
SLC25A26. A global pattern of dysregulated innate immunity was 
observed and validated using bulk gene-expression data from the Cancer 
Genome Atlas low-grade gliomas. In Paper II, a genome-wide significant 
risk locus for childhood pediatric gliomas was identified at 9p21.3 
(CDKN2B-AS1 locus, lead SNP rs573687, odds ratio = 1.27, p = 6.97e-
10). TWAS and colocalization results linked this risk to a reduced 
expression of tumor suppressor CDKN2B. In Paper III, 17.6% of the 
adult glioma patients had pathogenic or likely pathogenic variants in 
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established predisposition genes, primarily in DNA repair genes. 
Additionally, gene-wise burden tests suggested enrichment for rare 
germline variants in TP53 and in two genes not previously linked to 
glioma predisposition, CREBBP and DNMT3A. 

Conclusion: Collectively, the results from this thesis demonstrate that 
genetic predisposition to glioma involves multiple genetic factors and 
must be studied using a wide range of methodologies, including methods 
to capture rare germline mutations and common genetic variation. These 
results highlight the importance of both rare and common germline 
variants in glioma predisposition, underscoring the potential of 
integrating germline genetics into future risk stratification and research 
efforts.  
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Enkel sammanfattning på svenska 
Gliom är den vanligaste formen av elakartade hjärntumörer bland både 
vuxna och barn. Trots att detta är en relativt ovanlig sjukdom står den 
fortfarande för många cancerorsakade dödsfall, då den ofta är 
svårbehandlad. Aggressiva former av gliom, såsom glioblastom, har en 
mycket dålig prognos. Orsakerna till varför gliom uppstår är inte 
klarlagda och till skillnad från många andra cancerformer så spelar 
miljöfaktorer en mindre roll. Däremot har man sett att genetiska 
faktorer kan bidra till en ökad risk. 

I den här avhandlingen undersöks flera aspekter av genetisk 
predisposition för gliom. I en experimentell studie har vi med hjälp av 
genmodifierade cellinjer undersökt effekten av en specifik riskvariant i 
LRIG1-regionen. Resultaten visade att varianten inte påverkar uttrycket 
av LRIG1-genen, men istället har en möjlig effekt på en angränsad gen 
och nedströmseffekter på mitokondriellt genuttryck, samt på gener 
involverade i immunförsvaret. Vi har också genomfört den hittills största 
genetiska populationsstudien av gliom hos barn där vi identifierar en 
tydlig riskregion på kromosomarm 9p21.3. Denna region är särskilt 
kopplad till låggradiga astrocytom och våra resultat pekar mot en 
påverkan på tumörsuppressorgenen CDKN2B. Slutligen har vi 
analyserat förekomsten av sällsynta potentiellt skadliga genvarianter hos 
vuxna gliompatienter. Här fann vi att nästan var femte patient bar på en 
sällsynt variant i någon av de studerade generna, varav ett flertal kända 
cancergener. 

Tillsammans visar resultaten att både vanliga och sällsynta genetiska 
variationer kan påverka risken att utveckla gliom, sannolikt genom ett 
flertal biologiska mekanismer. Genom att kombinera funktionella 
studier med befolkningsbaserade studier och helgenomdata ger denna 
avhandling en bredare förståelse för sjukdomens komplexa genetiska 
orsaker, vilket i förlängningen kan bidra till bättre riskbedömningar och 
eventuellt utvecklingen av nya behandlingar.  
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Background 

Glioma Overview 

Definition and General Epidemiology 
Gliomas are a heterogeneous group of brain tumors, believed to arise 
from the central nervous system (CNS)’s supportive glial cells, including 
astrocytes and oligodendrocytes. Although rare (with an incidence of 5–
6 per 100,000), gliomas are the most common malignant primary CNS 
tumors in adults1. In children, approximately half of pediatric CNS 
tumors are gliomas, predominantly of lower grades. As such, gliomas are 
a relatively common tumor entity in children2. Overall, the term glioma 
represents a broad spectrum of tumor entities with distinct molecular 
backgrounds and clinical outcomes.  

At one end of the spectrum, low-grade gliomas (LGGs), consisting of 
World Health Organisation (WHO) grades 1–2 classified gliomas, 
usually develop relatively slowly and are less aggressive. Grade 1 gliomas 
tend to be well-circumscribed and more amenable to surgical resection. 
These tumors also have more favorable clinical outcomes than tumors of 
higher grades. For example, pilocytic astrocytoma, a grade 1 astrocytoma 
and the most common glioma among pediatric cases2, can often be 
treated successfully with surgery alone3. 

On the other end of the spectrum, gliomas of higher grades (WHO 
grades 3–4) are known for their aggressive progression and poor 
prognosis. Glioblastomas in particular have a very unfavorable outcome: 
Patients have a median survival of only 12–15 months, despite 
multimodal therapy4. 

Gliomas account for roughly 26% of all primary brain tumors. Diffuse 
gliomas, characterized by infiltrative spread into surrounding tissue, are 
by far the most common malignant tumor entity among all CNS tumors1. 
High-grade gliomas (HGGs; grades 3–4) are more common within the 
older population, whereas LGGs (grades 1–2) are more commonly found 
in children and young adults, as shown in Figure 1.  

Efforts to investigate environmental causes of the development of glioma 
have found that ionizing radiation contributes to glioma development. 
However, the number of cases attributable to this risk factor is small; 
thus, occurrences of gliomas do not seem to depend much on 
environmental causes5. Genetic causes are a better-established risk 
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factor for glioma, and results from a number of studies have contributed 
to glioma risk now being associated with germline genetics. A familial 
aggregation of gliomas has been identified6, and a number of cancer-
predisposition syndromes are associated with glioma risk. Genome-wide 
association studies (GWASs) of common variation in the human genome 
have shown that several single nucleotide polymorphisms (SNPs) 
contribute to glioma risk.  

Treatment of gliomas still largely relies on regimens developed decades 
ago7. Although new treatments are being studied, the prognosis for 
patients with HGGs remains poor. An improved understanding of glioma 
etiology may aid the discovery of new targeted therapies, as has been 
shown to be successful in other cancers. For example, it has been shown 
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that PARP inhibitors are beneficial to breast cancer patients with a 
BRCA1/2 germline variant8.  

Treatment Regimens for and Clinical Management of 
Gliomas 
Treatment of gliomas is dictated by tumor grade, location, and patient 
age and condition. For LGGs, the foundation of therapy is surgery; in 
some cases, a surgical resection of the tumor alone is potentially 
curative, especially in pediatric patients, where grade 1 pilocytic 
astrocytomas are accessible and constrained from healthy brain tissue.9 
When complete resection of the tumor is not possible, adjuvant 
treatment consisting of radiotherapy and chemotherapy is usually 
considered. 

In contrast, treatment of HGGs, particularly glioblastomas, requires a 
different approach consisting of several treatment strategies. Although 
surgery is crucial for these patients as well, a total resection of these 
infiltrative tumors is often impossible, and adjuvant therapy is always 
required. The current standard of care for glioblastomas relies on the 
Stupp regimen7, which consists of surgery followed by radiotherapy 
combined with oral administration of temozolomide, an alkylating agent 
that remains the most widely used and effective drug for HGGs. This 
protocol, established over two decades ago, offers an overall survival of 
27% at 2 years for glioblastoma patients10. 

In recent years, tumor-treating fields (TTF) has emerged as a novel, 
noninvasive modality in treatment of glioblastomas and can now be 
considered as a line of therapy alongside surgery, radiotherapy, and 
chemotherapy. TFF applies low-intensity electric fields to the tumor site. 
These electrical fields disrupt the mitosis of tumor cells, eventually 
promoting tumor cell death11,12. Adding the treatment modality of TTF to 
the standard of care for glioblastoma has been shown to increase the 
median overall survival by around 5 months13.  

Another ongoing field of study for glioma therapy—particularly for 
glioblastomas—is immunotherapy. This includes immune checkpoint 
inhibition, adoptive T-cell therapies, tumor vaccines, and oncolytic viral 
therapies14. Although several immunotherapeutic strategies are being 
investigated in clinical trials for glioblastoma, the results have been 
variable thus far, with many trials showing limited survival benefits for 
patients14. These results could be attributed to the immunosuppressive 
tumor microenvironment of gliomas. While gliomas are infiltrated by 
myeloid cells such as microglia and tumor-associated macrophages, T-
cells are infrequent and often functionally exhausted15,16. Single-cell 
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studies have revealed high heterogeneity in the immune landscape of 
gliomas across subtypes and patient age, showing that immune cells are 
skewed to immunosuppressive types17–19.  

The patient group of LGG pediatric patients generally have a good long-
term survival, with a 5-year overall survival above 90%20–23. 
Nevertheless, many of these patients experience lasting health 
challenges throughout life, with long-term effects either stemming from 
the tumor itself or being induced by treatment. Long-term health effects 
vary significantly depending on tumor location, age at diagnosis, and 
treatment modalities used24. Examples of disease-related long-term 
effects include motor deficits, ataxia, cranial nerve dysfunction, and 
seizures; patients may also experience endocrine dysfunction, 
particularly if treated for hypothalamic tumors. Treatment-related long-
term health effects can result from radiotherapy, which is a risk factor 
for vascular complications, secondary tumors, and neurocognitive 
decline.25 Thus, it is notable that, even though the long-term survival of 
these patients is good, their quality of life may be greatly reduced. 

In Sweden, clinical management of glioma patients follows a national 
standardized care pathway (standardiserat vårdförlopp) that exists for 
many cancers. Individuals with suspected brain tumors, based on 
symptoms such as neurological deficits, first-time epileptic seizures, 
cognitive changes, are usually initially evaluated with a computed 
tomography (CT) scan, followed by magnetic resonance imaging (MRI), 
which is the preferred modality. A histopathological diagnosis, obtained 
through biopsy or surgical resection, remains essential for accurate 
tumor classification. Multidisciplinary tumor conferences further guide 
the management of treatments, which typically include surgical 
resection, followed by radiotherapy and chemotherapy according to 
tumor grade, type, molecular profile, and location26. 

Classification of Gliomas 

World Health Organisation Classification 
Although little progress has been made in the past decades with 
therapeutic options for glioma, the classification of gliomas has recently 
been refined. The WHO provides an international standard on the 
classification of CNS tumors. The most recent version of this 
classification—the fifth edition, published in 2021 (CNS5)27— 
emphasizes integration of molecular aspects (building on the 2016 
edition), alongside traditional histology and pathology. Classification 
based on layering histopathological and molecular data to form an 
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integrated diagnosis is now recommended for all CNS tumors, including 
glioma28,29. The WHO classification system of gliomas is intended to 
improve diagnostic accuracy and enable the stratification of patients into 
clinically relevant groups.  

One key difference in CNS5 is that diffuse gliomas are now broadly 
categorized into adult and pediatric types. Adult-type diffuse gliomas are 
largely defined by IDH-mutation status and 1p/19q codeletion, and are 
categorized into three groups: (1) astrocytoma, IDH-mutant; (2) 
oligodendroglioma, IDH-mutant and 1p/19q co-deleted; and (3) 
glioblastoma, IDH-wildtype. According to CNS5, astrocytoma, IDH-
mutant is regarded as a single type and is given a grade of 2, 3, or 4, 
depending on histologic and molecular features. Oligodendrogliomas 
remain graded as CNS WHO 2 or 3, based on mitoses measures and 
necrosis. In CNS5, glioblastoma is defined as IDH-wildtype grade 4 or 
IDH-wildtype diffuse astrocytoma based on certain molecular markers 
(TERTp, EGFR amplification, gain of chromosome 7, and loss of 
chromosome 10), even if the histopathology deviates from the 
glioblastoma type28–30. A graphic overview of the classification of adult-
type diffuse gliomas is provided in Figure 2. 

Pediatric gliomas have distinct molecular features and clinical behavior. 
Pediatric diffuse gliomas are subdivided into low- and high-grade 
groups. Here, the high-grade entities are infiltrative, in contrast to 
circumscribed low-grade pediatric gliomas such as pilocytic astrocytoma. 
Diffusively infiltrative pediatric gliomas of high grades, such as diffuse 
midline glioma, have a poor prognosis. 
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Key Molecular Markers of Gliomas 
Earlier versions of glioma classification relied heavily on the histological 
features of the tumors. While histology is still a key component in tumor 
classification, histology alone has been demonstrated to be insufficient in 
stratifying CNS tumors, as tumors with similar histological features may 
still have significantly different clinical implications—especially among 
HGGs. Molecular pathology has increasingly been shown to refine the 
tumor types in clinically relevant patient groups, and the current 
classification relies heavily on molecular markers to complement 
histopathological classification. Below are some key molecular markers 
that are used to differentiate gliomas. 

IDH1/IDH2 mutation 
Somatic mutations in genes coding for isocitrate dehydrogenases (IDH1 
or IDH2) are one of the most important clinically significant markers. 
Here, the most common mutation, which results in an amino acid 
change from arginine 132 to histidine in IDH1, distorts the normal 
enzymatic function and leads to the added ability of catalyzing alpha-
ketoglutarate to 2-hydroxyglutarate (2HG)31. Accumulation of 2HG leads 
to the inhibition of demethylases, causing hypermethylation of histones 
and DNA and blocking cells with this mutation from differentiating32. 
The presence or absence of these mutations in IDH1/2 alone entails a 
fundamental division of different tumor entities. This mutation is 
frequently found in grade 2 and 3 gliomas. Overall, IDH mutation is 
associated with a favorable prognosis and slower disease progression.  

Figure 2: Classification of adult-type diffuse gliomas: a schematic 
overview of CNS5. 
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TP53 and ATRX mutation 
Mutations in TP53 and ATRX are common in IDH-mutant astrocytomas 
but are typically not seen in oligodendrogliomas. As such, alterations in 
these genes can be used to distinguish between ambiguous cases of 
astrocytomas. Mutations or loss of expression of ATRX are frequently 
seen in IDH-mutated grade 2–3 astrocytomas33 and leads to an 
alteration of telomere maintenance in astrocytomas34. 

1p/19q co-deletion 
Complete deletion of chromosome arms 1p and 19q is required for an 
oligodendroglioma diagnosis (not seen in astrocytomas), coupled with 
an IDH mutation. 

TERT promoter mutation 
Mutations in the TERT (telomerase reverse transcriptase) promoter  
(TERTp) are one of three molecular criteria that facilitate the 
classification of grade 4 IDH-wildtype astrocytomas to glioblastoma. 
These mutations activate the promoter, which in turn leads to abnormal 
telomere maintenance35. However, TERTp is also commonly seen in 
oligodendrogliomas; thus, the combination of both TERTp and IDH-
mutation is classified as oligodendroglioma. TERTp is seldom seen in 
IDH-mutant astrocytomas. 

EGFR alterations 
Alterations of the receptor tyrosine kinase EGFR (epidermal growth 
factor receptor) gene, such as amplification or mutation to EGFRvIII 
(caused by the deletion of exons 2–7, leading to a constitutively active 
protein), are another of the three required molecular markers to upgrade 
IDH-wildtype astrocytomas to glioblastoma. EGFR alterations are seen 
in approximately 50% of gliomas36 and promote tumorigenesis through 
the activation of downstream pathways such as RAS/MAPK/ERK, 
JAK/STAT, and PI3K/AKT37. 

Chromosome 7 gain/chromosome 10 loss 
The simultaneous gain of chromosome 7 and loss of chromosome 10 is 
the third of the molecular markers required to upgrade IDH-wildtype 
astrocytoma to glioblastoma.  

CDKN2A/B deletion 
Homozygous deletion of both the CDKN2A and CDKN2B tumor-
suppressor genes is common in HGGs and in IDH-mutant astrocytomas, 
and leads to a strong negative prognosis. As such, the presence of this 
alteration results in a grade 4 classification. 



   

 
8 

MGMT promoter methylation 
Other than alterations in the tumor genome, gliomas are further defined 
by epigenetic changes, such as DNA methylation. The most important 
epigenetic marker is methylation of the MGMT (methylguanine–DNA 
methyltransferase) promoter. Methylation of the MGMT promoter 
silences the expression of MGMT. Although not significant for glioma 
classification, this marker is of great clinical importance, as MGMT 
silencing reduces a tumor’s ability to repair DNA damage and thus 
renders it more susceptible to chemotherapy (and probably also to 
ionizing radiation) through tumor-alkylating agents such as 
temozolomide38.  

Methylation Profiling and Epigenetic Signatures 

DNA methylation is a molecular process in which a methyl group is 
added to a nucleotide without further changing the sequence. In 
humans, this mostly happens at cytosine bases, followed by guanine 
bases (the so-called CpG site). Methylation has been recognized as an 
important molecular factor; it has implications for chromatin structure, 
as well as the suppression of gene expression through the methylation of 
promoters. The importance of DNA methylation has been further 
elucidated by recent methylation-based classifiers of CNS tumors, which 
have been demonstrated to classify tumor entities with high precision 
based on methylation patterns in the tumor genome alone39. Therefore, 
epigenetic profiling of gliomas has become widely used in subtyping 
tumor entities. 

Other epigenetic signatures, such as histone modifications, often 
resulting from mutations in H3F3A, are frequent in pediatric gliomas 
but less frequent in adults. Here, the H3F3Ap.K27M mutation defines a 
subgroup of grade 4 gliomas within pediatric patients40. 

 

Risk Factors and Glioma Predisposition 

Environmental Risk 
Compared with many other cancers, whose incidence can often be 
explained by environmental factors (e.g., smoking tobacco products is 
linked to lung cancer), environmental contributions to glioma are not as 
pronounced. At most, environmental factors can be said to contribute 
marginally to glioma incidence5. The only well-established 
environmental risk factor is exposure to ionizing radiation, where high 
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dosage exposure has been shown to lead to a relative risk of 2–3 of 
developing glioma41,42. 

Large-scale epidemiological studies, including the Glioma International 
Case-Control (GICC) study43, have repeatedly found that a history of 
allergies, along with asthma and eczema, is associated with a reduced 
risk of glioma, with about 30% lower risk for individuals with respiratory 
allergies44. These findings are consistent across studies with various 
study designs and cohorts45–48. This reverse association provides an 
interesting path for further research on gliomas, as it implies that 
immunological factors are an important contributor to risk49.  

Metabolomic Markers 
Although there is little evidence of environmental factors behind glioma 
development, gliomas have been associated with changes in small 
molecules—that is, metabolites—in the blood prior to diagnosis. In a 
nested case-control study on the metabolites in serum from 110 
glioblastoma cases and matched controls, elevated serum concentrations 
of alpha and gamma tocopherols were detected in pre-diagnostic serum 
samples50. Another study identified 43 metabolites with different pre-
diagnostic levels in glioma cases years before diagnosis51. Moreover, a 
panel of 15 metabolites in pre-diagnostic plasma were identified in a 
Swedish cohort as early as 8 years before diagnosis, where the elevated 
metabolites in future glioma patients were strongly related to oxidative 
metabolism, among other pathways52. Furthermore, a large nested case-
control study using matched cases and controls from the Northern 
Sweden Health and Disease Study (NSHDS) and the European 
Prospective Investigation into Cancer and Nutrition (EPIC) cohorts 
showed that changes in plasma metabolite profiles could be detected up 
to 8 years prior to glioma diagnosis53. Here, a panel of 20 metabolites 
were shown to robustly separate future cases from controls, including 
metabolites in the TCA cycle and the Warburg effect (in which tumor 
cells reprogram to favor glycolysis under aerobic conditions)53.  

In all, findings from metabolomic studies further support the idea that 
systemic changes that contribute to the development of glioma can begin 
long before clinical onset. This may reflect the early tumor development 
of gliomas years before diagnosis54; it could also point to underlying 
genetic or environmental risks mediating metabolite changes. 

Genetic Predisposition 
Several cancer predisposition syndromes are known to increase the risk 
for gliomas and other CNS tumors. For example, brain tumors are 
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common among families with Li–Fraumeni syndrome, which is caused by 
protein-disruptive heterozygous variants in TP5355. In a study analyzing 
475 tumors from 91 families with germline variants in TP53, 12% of the 
tumors were located in the brain56. Another syndrome associated with 
CNS tumors is neurofibromatosis type 1 and 2 (NF1/2)57. The CNS tumors 
most commonly associated with individuals with NF1 are low-grade 
astrocytomas originating from the optic nerves—a tumor entity more 
common in pediatric patients58. 

A study conducted in northern Sweden analyzed the first-degree 
relatives of patients diagnosed between 1985 and 1993 (1,890 relatives 
and 297 probands) and found a standardized incidence ratio of 3.12 for 
individuals with first-degree relatives with astrocytoma. The study 
further found that the increased risk was more pronounced in first-
degree relatives of patients with an earlier diagnosis (<58 years)59. 
Another study performed in the United States compared 462 adults with 
glioma and 443 matched controls and found the odds ratio for having a 
first-degree relative with a CNS tumor to be 2.3. Less than 1% of the 
cases had known cancer predisposition syndromes, showing that familial 
risk is mainly attributable to other heritable factors60. 

With array technologies and the development of next-generation 
sequencing (NGS), it has become possible to conduct large molecular 
epidemiological studies, investigating the entire genome for changes that 
increase the risk of glioma. These studies include GWASs; more recently, 
several whole-genome sequencing (WGS) or whole-exome sequencing 
(WES) approaches have also been applied61–66. Some of these studies are 
summarized in Table 1. 

While the familial aggregation of gliomas highlights possible genetic 
predisposition, most gliomas are non-familial and cannot be explained 
by the inheritance of penetrant variants. Several GWAS67–70 studies have 
found common SNPs to be associated with glioma risk. These 
polymorphisms typically occur in at least one in hundred individuals and 
generally reside in non-coding regions of the genome, often in proximity 
to well-known cancer-predisposition genes (CPGs). These SNPs, which 
have been found in 25 loci in the genome to date, further explain a part 
of the genetic predisposition to gliomas.  

A study utilizing genome-wide complex trait analysis on a total of 3,373 
cases and 4,571 controls from three GWAS datasets, while considering 
the aggregate effects of common SNPs across the genome, estimated that 
around 25% of the variation in glioma risk can be attributed to common 
SNPs71. Another study investigating glioma risk using polygenic risk 
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scores on the GICC cohort (10,346 cases and 14,687 controls) modeled 
the joint effect of more than one million common variants to stratify 
groups for glioma risk. This model found that the overall lifetime risk 
reached 1.18% for the highest 95th percentile of the model72. Even though 
a substantial proportion of glioma heritability can be explained through 
common genetic variation, many of the genetic variants contributing to 
this heritability remain undefined. 

It has further been shown that specific risk loci can be mapped to 
distinct molecular subtypes and groupings of gliomas. One study, 
dividing gliomas on three markers – IDH mutation, TERTp mutation, 
and 1p/19q codeletion – found the CCDC26 risk locus shows a specificity 
for triple-positive oligodendrogliomas (IDH- and TERTp mutations, and 
1p/19q codeletion) and the TERT, CDKN2B–AS1, TP53, and RTEL1 loci 
show specificity to TERT-only gliomas73. A meta-analysis consisting of a 
total of 5,103 cases and 10,915 controls showed that the 25 germline risk 
loci are associated with distinct molecular classes of glioma. The main 
patterns found in the study were as follows: (1) The TERT and TP53 risk 
loci increased the risk across all glioma subtypes; (2) SNPs in loci around 
CDKN2B-AS1, EGFR, and RTEL1 showed specificity for IDH-wildtype 
gliomas; and (3) variants in loci including CCDC26, LRIG1, PHLDB1, 
ETFA, MAML2, and ZBTB16 were mainly associated with IDH-mutated 
gliomas74. Another study found that performing a GWAS stratified for 
molecular subtypes of glioma uncovered additional loci: SNPs in 
D2HGDH were associated with IDH-mutated glioma, and an SNP in 
FAM20C was associated with triple-positive gliomas75. 

While large-scale GWASs have identified numerous risk loci for glioma, 
these associations provide little information on which SNPs in a locus 
are causal and what their downstream effects may be. Hits from GWASs 
predominately lie in non-coding parts of the genome and are often found 
in DNase I-hypersensitive sites, where chromatin is more accessible76. 
Furthermore, about 43% of GWAS hits colocalize with known expression 
quantitative trait loci (eQTLs)77, indicating that many of these SNPs 
regulate gene expression. Nevertheless, the risk mechanism for most 
GWAS hits is not known.  

Efforts have been made to study the functionalities of glioma GWAS risk 
loci. For example, the SNP at the 8q24.2 locus, located in an intron of 
CCDC26, lies within a brain specific enhancer. It has been suggested that 
this SNP disrupts the binding motif of OCT2/4, affecting its interaction 
with the promoter of the MYC oncogene and thereby leading to 
increased expression of MYC78. Another functional study on the 11q23.3 
locus (near PHLDB1) found several functional SNPs that were in linkage 
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disequilibrium (LD) to the glioma-associated SNP rs498872. It was 
found that a particular SNP residing in an enhancer element physically 
interacts with the promoter of DDX679. A study performed on the 
20q13.33 locus (near RTEL1) identified a functional SNP in LD residing 
in an enhancer element. Disrupting this SNP altered the expression of 
several nearby genes, including STMN3, RTEL1, and GMEB280. A recent 
study mapped the enhancer connectome in glioma cells and found that 
several glioma-risk SNPs may promote tumor progression through 
enhancer-mediated regulatory interactions. As an example, the knockout 
of an enhancer element in an intronic region of RTEL1 harboring a risk 
SNP did not affect the expression of RTEL1 but reduced the expression 
of the enhancer target SOX1881. 

Rare Deleterious Germline Variants 
GWASs are fundamentally designed to investigate common genetic 
variations and their association to disease, given the restrictions of array 
technologies targeting common SNPs in the human genome. Rare 
variants are typically not represented by SNP arrays; furthermore, the 
statistical power to detect the associations of rare variants is lower due to 
the lower incidence of such variants in the population. 

Over 100 CPGs have been identified to date82. Among them are well-
studied tumor-suppressor genes such as BRCA1 and TP53, in which 
deleterious mutations lead to an increased risk of cancer. CPGs also 
encompass genes in which gain-of-function variants lead to an increased 
risk, such as RET, MET, KIT, and ALK82. For example, in breast cancer, 
rare damaging coding variants in genes such as BRCA1/2, CHEK2, 
PALB2, and ATM have been shown to contribute significantly to 
susceptibility83. This finding underscores the importance of investigating 
rare variants in cancer in order to fully understand genetic susceptibility. 

With the advent of NGS technologies, it has become possible to study 
rare potentially deleterious variants in the human genome and associate 
them with disease. This approach is guided by a different assumption: 
While rare deleterious variants occur less frequently, their effects can be 
assumed to be higher84. A number of studies have utilized WGS and 
WES technologies on glioma patients, and the results from these studies 
show that considering rare germline variants further helps to explain the 
inheritable component of glioma that is not captured through GWASs.  

WES of familial gliomas found rare variants in POT1, a member of the 
telomere shelterin complex. These variants were found to co-segregate 
with the disease in two families and were also found in an additional 
family from a validation cohort61. Another study performed WES on 
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glioma patients from 61 families in Germany, finding that predicted 
deleterious variants in the DNA proofreading genes POLE or POLD1 
occurred in 10/61 (16%) of the families. POLD1 was found in two 
patients with oligodendroglioma and POLE variants were found in two 
glioblastoma patients, both with spinal metastasis65. A large study 
performing WGS on 304 families likewise found rare deleterious 
variants in POLE and POLD1, as well as in ATM, BRIP1, MLH1, NBN, 
and PMS2. The study also found deleterious variants in novel genes not 
previously associated with glioma or cancer predisposition, with variants 
in HERC2 being found to be enriched compared with the controls63. 

Other recent studies have also investigated the role of rare germline 
variants among pediatric patients with CNS tumors, including glioma. 
One study examining a cohort of 51 pediatric CNS tumor patients from 
the Western Balkans (including 15 HGGs and 8 LGGs) found that 27% of 
the patients carried rare germline variants in the CPGs CHEK2, ELP1, 
MLH1, MSH2, NF1, NF2, and TP5364. Another study investigating rare 
germline variants in CPGs in 280 children with astrocytoma (grades 2–
4) diagnosed in California found 33 variants predicted to be deleterious 
in 11.1% of the patients. These variants were largely found in genes 
involved in DNA repair, including FANCA, FANCE, ATM, BLM, BRCA1, 
BRCA2, NBN, POLE, PTEN, RECQL4, and TP53. A gene variant burden 
analysis found that rare variants in TP53 occurred more frequently in 
pediatric patients diagnosed with glioblastoma than in publicly available 
controls62. 
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Table 1: Overview of studies of genetic predisposition for 
glioma 
 

Year Author Study 
design 

Sample size 
(cases/controls) 

Glioma 
type Genes/loci 

Common genetic variation (SNPs) 

2009 Shete et 
al.68 GWAS 1,878/3,670 All adult TERT, CCDC26, 6, CDKN2A-

CDKN2B, RTEL1, PHLDB1 

2009 Wrensch et 
al.70 GWAS 692/3,992	

Adult 
high 

grade 
CDKN2B, RTEL1 

2011 Sanson et 
al.85 GWAS 2,269/2,500 All adult EGFR 

2011 Stacey et 
al.69 Targeted 1,395/45,937 All adult TP53 

2012 Rajaraman 
et al.86 GWAS 1,856/4,955 All adult RTEL1, TERT, CDKN2B-AS1, 

EGFR, CCDC26, PHLDB1 

2015 Kinnersley 
et al.87 GWAS 4,147/7,435 

GBM, 
non-GBM 

adult 
POLR3B, VTI1A, ZBTB16, 

ETFA 

2017 Melin et 
al.67 GWAS 12,496/18,190 

GBM, 
non-GBM 

adult 

New loci: RAVER2, MDM4, 
AKT3, IDH1, LRIG1,OBFC1, 

MAML2, AKAP6, MPG, LMF1, 
HEATR3, SLC16A8 

Rare variants 

2014 Bainbridge 
et al.61 WES 55 families Familial POT1 

2020 Muskens et 
al.62 WES 280 Pediatric 

ACD, ATM, BLM, BRCA1, 
BRCA2, BUB1B, CASP9, 

CDKN2A, CHEK2, DHCR7, 
FANCA, FANCE, GJB2, MLH1, 

NBN, NF1, PMS2, POLE, 
PTCH1, PTEN, RECQL4, TP53, 

WT1 

2021 Bu et al.88 WES 99/0 Sporadic 
AR, RECQL4, ALK, CFTR, 

BRCA1, BRCA2, PALB2, ATM, 
EXT2, MSH3, POLH, PTCH1, 
SETD2, SLX4, APC, CHEK2, 
BLM, FANCA, MSH2, MSH6 

2023 Choi et al.63 WGS 203/189 Familial 

BRIP1, PMS2, POLE, BAP1, 
POT1, HERC2, TRPC4AP, 
KIAA1549, CASC4, CASC5, 
MYO7A, DCAF8L2, IGSF9, 
SLC4A7, ZC3H7B, IP6K1, 

LRRK2, MAST4 

2023 Jovanovic 
et al.64 WES 51/0 Pediatric ALK/APC, CHEK2, ELP1, 

MLH1, MSH2, NF1, NF2, TP53 

2023 Weber et 
al.65 WES 61 families Familial POLE, POLD1 

2023 McDonald 
et al.89 WES 152/0 Sporadic 

BRCA2, MUTYH, CHEK2, 
BRCA1, NF1, ATM, MSH2, 

MSH3 

2024 Nurminen 
et al.66 WES 19 families Familial GALNT13, MYO10, AR 

2025 Mateos et 
al.90 WES/WGS 252/0 Pediatric 

PALB2, BRCA2, CHEK2, 
BRCA1, BRIP1, FANCD2, 
FANCE, FANCM, MSH2, 

PMS2, SLX4, LZTR1, FGFR2, 
HOXB13, SDHA 
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Technological Advances 
This section highlights some of the technologies that have made it 
possible to advance in cancer research in general and in glioma research 
in particular. The key technologies described below have been made 
widely available to researchers in the past decades and were essential to 
this thesis. 

Next-Generation Sequencing 
One of the most ubiquitous innovations in molecular biology in recent 
decades, NGS consists of a broad range of technologies. Of these, 
sequencing by synthesis (SBS) is one of the more prevalent technologies, 
allowing for high-throughput sequencing of the entire human genome 
and transcriptome. WGS has made it possible for researchers to 
investigate the whole genome—somatic or germline—in an individual or 
tumor, which has greatly contributed to the field of cancer biology. 
Furthermore, RNA sequencing (RNA-seq), which depends on the same 
underlying technology, has made it possible to study changes in 
expression patterns in individual tumors. Both WGS and RNA-seq were 
used in this thesis. 

Array technologies 
Despite the advances that have been made in sequencing, SNP arrays 
remain an important tool in molecular epidemiology, allowing 
researchers to assess the common variations in a population efficiently 
and more cheaply than NGS technologies allow. As a cornerstone in 
GWASs, SNP arrays were used in Paper II in this thesis. 

Metabolomics 
Complementing genomic approaches, high-throughput technologies 
detecting small molecules and metabolites has given rise to the field of 
metabolomics. Liquid- or gas-based chromatography, paired with mass 
spectrometry, has made it possible to study the collective impact of up to 
thousands of metabolites present in biological materials. While genomic 
methodologies detect germline, or somatic static DNA variation, 
metabolomic can capture downstream functional effects which may 
reflect both genetic and environmental influences. Just as the genomic-
based methods, metabolomics has also been used in paper I. 

Population-Based Resources and Open Databases 
Access to accumulated material from glioma patients, as provided in 
various biobanks, registries, and collaborative datasets, was a central 
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component enabling the research in this thesis. Even though gliomas are 
rare, with a low incidence rate compared with many other cancers, a 
considerable amount of material has been made available to researchers 
through the great efforts of national biobanks. Resources and biobanks 
in Sweden such as the Uppsala–Umeå Comprehensive Cancer 
Consortium (U-CAN) project91 played a key role in providing tissue for 
this thesis. 

Aims of This Thesis 
Current understanding of the etiology of gliomas remains incomplete, 
and germline genetic predisposition may only account for a small 
fraction of gliomas. Nevertheless, identifying and studying the genetic 
contribution to glioma risk can provide valuable insights into why 
gliomas start to develop. The three papers that constitute this thesis 
differ in their methodology and approach, ranging from functional 
studies to population-based observational studies. By investigating 
common and rare variants in both adult and pediatric gliomas, this 
research aims to broaden the current understanding of genetic 
predisposition to glioma. 

The specific aims of this thesis are as follows: 

1. To functionally characterize an LGG risk SNP in the 
LRIG1 locus using CRISPR-edited cell lines, with the goal of 
understanding the downstream transcriptional and metabolic 
effects and how these may play a role in gliomagenesis (Paper I); 

2. To identify the contribution of common genetic 
variation to pediatric glioma risk by performing the largest 
meta-GWAS to date on pediatric CNS tumors and thereby 
uncovering common variants leading to pediatric glioma 
predisposition (Paper II); 

3. To investigate the contribution of rare germline 
variants in patients with sporadic glioma, further 
expanding the known landscape of germline contribution to 
glioma risk (Paper III). 

Through a variety of methods across the three papers, this thesis 
contributes to the understanding of glioma predisposition. It investigates 
three aspects of genetic predisposition through the three studies, 
including a functional analysis of a known risk SNP, common variation 
in the population, and rare deleterious variants. Taken together, the 
findings of this thesis provide a comprehensive perspective of glioma 
predisposition.  
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Materials and Methods 
This section provides an overview of the key methodologies used in this 
thesis, together with the detailed applications used in the studies. The 
different workflows used throughout Papers I–III are visualized in 
Figure 3. 

Next-Generation Sequencing (Papers I and III) 
NGS is a collective name for the sequencing technologies that make 
high-throughput sequencing possible. Although the current technologies 
are more than a decade old, they represent a transformative 
advancement in molecular biology and genetics and have largely 
reshaped our understanding of the course of tumor biology, gliomas 
included. In this thesis, the Illumina sequencing platform was employed 
in two projects (Papers I and III). Illumina sequencing uses SBS, a 
process that involves the synthesis of short reads (DNA fragments) by 
consecutively adding fluorescently labeled nucleotides to a single strand 
of DNA that is hybridized onto a flow cell. Through the addition of each 

Figure 3: General overview of the main workflows in this thesis, the 
NGS workflows for RNA and DNA (Papers I and III), and the GWAS 
workflow (Paper II). 
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nucleotide, a fluorescent read-out is detected, and it is possible to 
identify the added nucleotide with a high level of accuracy—a process 
referred to as base calling. This process makes it possible to sequence the 
entire genome, after DNA extraction and library preparation, resulting in 
an output of numerous short paired-end reads.  

RNA-seq is a process in which mRNA is reversely transcribed into cDNA 
prior to sequencing. This makes it possible to not only sequence the 
bases in the transcriptome but also quantify the number of reads 
stemming from specific genes, thereby enabling measurement of the 
gene expression of all genes across the human genome. In Paper I, 
RNA-seq was used to assess the transcriptional changes in genetically 
modified HEK293T cell lines. The total mRNA was extracted from 32 
clones of HEK293. Sequencing libraries were prepared from 100 ng of 
polyA-selected RNA using a TruSeq stranded mRNA library preparation 
kit. Sequencing was performed using the Illumina NovaSeq platform and 
an S4 flow cell, yielding approximately 60 million 150 bp read pairs for 
each sample. 

In paper III, WGS was used to investigate rare germline variants in 
glioma patients. DNA was extracted from whole blood (n = 113) and 
tumors (n = 73) collected from U-CAN. Libraries were prepared from 
1 µg DNA using a TruSeq polymerase chain reaction (PCR)-free DNA 
sample preparation kit with unique dual indexes and an average insert 
size of 350 bp. For 46 early-onset gliomas, sequencing was performed on 
the Illumina HiSeqX platform, generating 150 bp paired-end reads at a 
coverage of 30´. An additional 73 matched tumor-normal pairs were 
selected and sequenced on NovaSeq 6000, with 30´ coverage for blood 
and 90´ for tumor DNA.  

All sequencing was performed using the SNP&SEQ Technology Platform 
in Uppsala. 

Genotyping through SNP Arrays (Paper II) 
In array technology, fluorescently labeled DNA is hybridized to an array 
containing pre-designed probes, reflecting hundreds of thousands to 
millions of known SNPs in the genome in parallel. A fluorescent signal at 
each probe site in the microarray permits the detection of a specific 
genotype (e.g., AA, AG, or GG) through software. Companies such as 
Illumina (e.g., Infinium arrays) and Thermo Fisher (e.g., Axiom arrays) 
have designed arrays to capture common SNPs based on allele 
frequencies, as well as structures of LD. Furthermore, the status of 
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common SNPs not included on the array itself can be imputed by using 
robust reference haplotypes of the human genome. 

In this thesis, genotyping with SNP arrays was performed in Paper II 
using archived neonatal dried blood spots. The Swedish sample set in 
this study consisted of 352 glioma cases diagnosed before the age of 15, 
identified through the Swedish Cancer Registry. DNA was extracted and 
amplified from blood spots from the Phenylketonuria Screening 
Registry, and genotyping was conducted with the Illumina 
HumanOmni2.5Exome. Controls were previously genotyped with 
OncoArray-500K.  

CRISPR-Cas9 Genome Editing (Paper I) 
CRISPR-CAS9 genome editing is another transformative methodology in 
molecular biology, one that allows for high-precision targeted genomic 
editing. This technology is adapted from the bacterial adaptive immune 
system, which uses RNA to direct the Cas9 nuclease to a specific region 
of DNA. Cas9 induces a double-strand break at the target that can then 
be repaired through homology-directed repair using a template. In this 
methodology, the template is often utilized to introduce specific genetic 
changes in the repaired sequence92.  

CRISPR-Cas9 technology was used in Paper I to introduce a risk allele, 
that has been found to predispose to LGGs in adults67, at a specific 
genomic locus in HEK293T cells (derived from embryonic kidney cells). 
Starting from a HEK293T cell line with a single allele of LRIG1 
(generated by the CRISPR-mediated deletion of one copy), editing at 
rs11706832 was achieved by co-transfection with a plasmid encoding 
Cas9 and a site-specific gRNA, along with a single-stranded 
oligonucleotide with the desired nucleotide conversion (C ® A). Edited 
clones were identified by means of Sanger sequencing, where four clones 
with the A allele and four with the C allele were selected. The genome 
editing procedure and clone generation were performed by GenScript 
(Piscataway, NJ, USA). Four replicates of each clone were isolated and 
cultivated 11 days prior to harvesting. This resulted in 32 samples that 
were subsequently subjected to RNA-seq and gas chromatography-mass 
spectrometry (GC-MS).  

Metabolomics and GC-MS Analysis (Paper I) 
Gas chromatography-mass spectrometry (GC-MS) is a widely used 
technique in metabolomics. With this technique it is possible to detect  
small, volatile metabolites in a biological sample. In GC-MS, compounds 



   

 
20 

are first vaporized and separated while in gas phase, based on their 
volatility, and interaction with a chromatography column. They are then 
identified and quantified based on their mass-to-charge ratio using mass 
spectrometry. In paper I, intracellular metabolites were extracted from 
snap-frozen HEK293T cells and analyzed using GC-MS with an electron 
ionization step (GC-EI-MS).  

Bioinformatics and Statistics 
This section contains an overview of key methods of analysis, 
bioinformatics, and statistics utilized in this thesis.  

NGS Preprocessing (Papers I and III) 
Many bioinformatic pipelines using NGS start with raw sequencing 
format FASTQ files for paired-end reads, as was done in this thesis in 
Paper I (RNA-seq) and Paper III (WGS). Two FASTQ files are given 
per sample, where the DNA fragment is read from both directions. After 
ensuring that the reads are good quality, the raw reads are often 
subjected to alignment to a reference genome (WGS reads, Paper III) 
or transcriptome (RNA-seq reads, Paper I). The read alignment differs 
between RNA-seq reads and WGS: The former must use aligner software 
that is splice-sensitive, taking into account that any read stemming from 
a gene might encompass different exon–exon junctions, depending on 
which transcript it comes from. After alignment, the results are typically 
returned in a BAM format, where each read is marked with the genomic 
position and other details on the alignment.  

RNA-Seq and Differential Expression Analysis (Paper I) 
Starting from the aligned sequencing reads in BAM format, the 
expression of each gene can be quantified by counting the number of 
times a read pair is mapped to a gene. In Paper I, the salmon93 software 
was used to quantify the transcript abundance directly from the raw 
FASTQ files. The reads were also mapped to the reference transcriptome 
using STAR94 for a detailed alignment of the short reads. In addition, the 
aligned reads were used to obtain more detailed information on the 
splicing of the transcriptome, where alignment is necessary to study the 
specific occurrences of exon–exon junctions for each gene. 

Once the gene- or transcript-level expression counts are available, 
normalization of the raw count data is essential before further analysis. 
Normalization of the reads from an RNA-seq experiment must take into 
account factors such as library size, RNA composition, and sample-
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specific biases. Without normalization, comparisons of the expression 
between samples can easily lead to false positives.  

In paper I, the quantified transcript counts were aggregated to the 
gene-level expression. Differential expression analysis (DEA) was then 
carried out using DESeq295, applying standard normalization and 
variance modeling. Genes with expression levels of <10 mapped reads in 
more than half the samples were excluded. Replicates for each clone 
were aggregated, and statistical testing was done using Wald’s test 
comparing cell lines carrying the C or A allele at the risk SNP 
rs11706832. When performing the DEA, it was targeted within 1 Mb of 
LRIG1 and globally, including all available reference genes. For the 
global analysis, multiple testing was accounted for using the Benjamini–
Hochberg (BH) method; genes with an adjusted p value of <0.05 and an 
absolute log2 fold change of >0.5 were considered to be significantly 
differentially expressed. Validation on the IDH-mutated LGG gene-count 
data from TCGA was performed using the same preprocessing, but here 
the expression difference was tested with likelihood-ratio testing across 
all possible genotypes (A/A, A/C, C/C), in addition to Wald’s test. 

For the analysis of alternative splicing, aligned reads were quantified 
using stringtie96, quantifying the read mapping to exon–exon junctions. 
The expression of specific exon–exon junctions was calculated as the 
ratio to the total gene expression for genes within 1 Mb of LRIG1. The 
difference in exon–exon junctions was then investigated between cell 
lines with A and C alleles. 

WGS Analysis, Variant Calling, Annotation, and Burden 
Testing (Paper III) 
In a typical WGS pipeline, once reads from WGS are mapped to the 
reference genome, they are further marked for duplicate reads 
(identifying PCR duplicates) and undergo base quality recalibration. 
Accurate preprocessing is essential, as sequencing artifacts can introduce 
biases in the downstream analysis. 

In Paper III, WGS data from northern Sweden glioma cases were 
aligned to the GRCh38 reference genome using bwa97, and variant 
calling for single nucleotide variants (SNVs) and indels was performed 
with the Genome Analysis Toolkit (GATK) HaplotypeCaller, following 
the GATK best practices workflow98. Joint genotyping was used across all 
samples, and variants were filtered using GATK Variant Quality Score 
Recalibration. Only the variants that passed the quality filters were 
retained for downstream assessment. 
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Following variant calling, variant annotation is a crucial step in order to 
interpret the biological—or even clinical—implications of each variant. 
Any individual will differ from the reference genome at millions of 
positions, with the large majority of these variants being normal genetic 
variations. To identify variants with a possible clinical impact, variants 
are often annotated according to their frequency of appearance in the 
general population (as common variants are unlikely to be deleterious 
for an individual). Variants are then further annotated based on whether 
they are coding or not and on the predicted consequence of a coding 
variant (e.g., synonymous, missense, frameshift, etc.). Many tools and 
databases are now available for performing in-silico prediction of 
deleteriousness on variants, so this information can also be used in the 
annotation step. 

In Paper III, all SNVs and indels were annotated using the Ensembl 
Variant Effect Predictor (VEP) tool99, supplementing the annotation with 
publicly available data from AlphaMissense100, Zoonomia101 constraint 
scores, SpliceAI102 predictions, and Swedish population allele 
frequencies from SweGen103, Combined Annotation-Dependent 
Depletion (CADD)104, and ClinVar105. In addition to calling SNVs and 
indels, larger structural variants (SVs) were called using Delly106 and 
manta107. Only the SVs identified by both callers were retained; these 
were then further harmonized and genotyped across all samples using 
SURVIVOR108. The SVs were annotated using VEP, and only those 
predicted to have a high impact on any of the analyzed genes were 
considered for downstream analysis. For the tumor-normal WGS pairs, 
somatic SNVs and indels were called using GATK Mutect2 and 
Strelka2109, with only consensus variants between the two callers 
retained. Somatic copy number alterations were called with CNVkit110 
and structural variants with Manta. 

Following variant calling and annotation, germline variants were filtered 
based on their rarity in the Swedish population (allele frequency 
(AF) < 0.001 in SweGen) and whether their CADD score was >20 (1% 
top deleterious SNVs in the genome). Variants were further filtered using 
four different strategies: (1) all coding variants; (2) ClinVar-classified 
pathogenic or likely pathogenic (P/LP) variants; (3) predicted 
deleterious variants (based on loss of function (LoF) prediction, CADD 
score > 30, or a positive spliceAI prediction); and (4) putatively 
regulatory variants, defined here as rare variants that overlap predicted 
regulatory elements.  

Gene-level burden tests were then performed using the one-sided 
Fisher’s exact test, comparing rare variant frequency (using one of the 
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four filtering strategies) with the frequency in healthy individuals from 
Västerbotten County, denoted herein as “ACpop.” Genes with p < 0.05 
were considered significant hits, and genes with p < 0.1 were still 
retained for validation. Validation of the findings from gene-wise burden 
tests in the northern Sweden glioma patients was performed by 
downloading processed WES calls for individuals with glioma in 
TCGA111. Burden tests were performed using the same filtering strategies. 
Further validation was then performed using a matched case-control 
burden test on individuals from the UK Biobank WES data, using 
REGENIE112 and adjusting for age, sex, and 10 principal components 
based on the genetic data. 

Genome-Wide Association Study and Meta-Analysis (Paper 
II) 
A standard GWAS workflow typically begins using data from SNP arrays 
(as in Paper II). Once raw intensity data are generated, the genotype 
status on hundreds of thousands to millions of SNPs is inferred through 
software. This step is followed by quality-control (QC) procedures, at 
both the individual level and the SNP level. QC steps involve removing 
samples with excessive incompletion, sex mismatches, and/or evidence 
of cryptic relatedness between individuals. SNPs may then be filtered 
based on the call rate, Hardy–Weinberg equilibrium, and minor allele 
frequencies. Following QC, imputation can be done to impute the 
genotypical status of SNPs not included in the arrays used. This is 
possible if robust haplotype information for the study population is 
available. In this way, the status of additional millions of SNPs can be 
inferred for each individual and used for downstream analysis.  

Association testing is then carried out, typically under an additive 
genetic model, testing each SNP against the disease status (e.g., pediatric 
glioma in Paper II). For binary outcomes, such as diseased versus 
healthy, testing is done using logistic regressions adjusted for possible 
confounders such as sex and population stratification, often inferred by 
means of principal components analysis (PCA). This gives the effect size 
and p value for each tested SNP. Often, SNPs with a small genetic 
distance from each other—that is, in the same haplogroup—have similar 
effect sizes, as these are often inherited together in LD; this makes it 
difficult to conclude which SNP at a given genomic locus is functional or 
underlying for the tested disease. 

In collaborative efforts between different universities and countries, as 
in Paper II, raw genotype data often cannot be shared directly for 
ethical and legal reasons. Nevertheless, increasing the statistical power 
by including data from several institutions can still be done by utilizing 
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the summary statistics from several independently performed GWASs in 
a meta study. A meta-analysis can be performed under a fixed-effect 
model assuming similar effect sizes for SNPs between studies or a 
random-effect model assuming different effects of the SNPs. In Paper 
II, we used both a fixed- and a random-effect model on the summary 
statistics from each GWAS. 

In Paper II, QC of the genotype data was uniformly performed across 
all three cohorts using PLINK 1.9113. Individuals with more than 2% 
missing genotypes, sex mismatches, excessive heterozygosity, and 
cryptic relatedness were filtered out. Outliers were identified and filtered 
using an iterative process of principal components. The SNP-level QC 
excluded variants with a minor allele frequency (MAF) < 0.01, over 2% 
missingness, and deviations from the Hardy–Weinberg equilibrium. 
Phasing and imputation were performed separately for U.S. and 
Scandinavian cohorts, due to regulatory differences. The Swedish and 
Danish cohorts were phased using SHAPEIT4114 and IMPUTE5115, using 
the haplotype reference consortium panel116. Only genotypes with 
MAF > 0.01 and imputation scores > 0.6 were retained.  

Association testing was done separately for each cohort using PLINK2117, 
adjusting for sex and significant principal components for each analyzed 
tumor subtype. A meta-analysis was performed on the results from all 
three cohorts, in two settings: (1) including only cohorts from European 
descent and (2) including all cases and controls of all descents combined. 
The meta-analysis was conducted both under a cohort fixed-effect 
assumption using METAL118 and assuming random-effect differences 
across the cohorts using metafor119. 

Colocalization Analysis Using Quantitative Traits (Paper II) 
Understanding the biological mechanisms behind GWAS hits remains a 
major challenge. Typically, a GWAS may result in several loci that are 
associated with a trait, but no further biological context is given; due to 
LD, it is often not possible to determine which SNP in a locus is 
causative to the trait. One way to complement the results from a GWAS 
is to utilize quantitative traits. Data on the association between a given 
SNP and the quantitative traits of nearby genes are now publicly 
available for various human tissues. One example of such a quantitative 
trait is the expression of nearby genes associated with the SNP status 
(eQTL). This data can be utilized to add one layer of interpretation to the 
GWAS results, by investigating whether the SNPs associated with disease 
also colocalize with the SNPs that regulate gene expression. In doing so, 
the probability of a shared causal SNP between the disease risk and gene 
regulation can be inferred. 
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In paper II, a colocalization analysis at the CDKN2B-AS1 risk locus 
obtained from the meta-analysis was performed. Associations between 
SNP expression for the genes CDKN2B and CDKN2A were downloaded 
for 13 brain tissues (12 from GTEx and one from the CommonMind120 
dorsolateral prefrontal cortex), as well as for blood (from the eQTL 
catalogue)121. Splice-QTL (sQTL) data were also downloaded from GTEx 
v8 to investigate alternative splicing events at nearby genes in the locus. 
Bayesian inference using the coloc package122 was applied to calculate 
the probability of colocalization between traits. A posterior probability of 
≥0.8 was considered significant. We also compared our results from the 
meta-analysis with the summary statistics from adult glioma by 
performing an association analysis on cases and controls from the GICC 
study. The association results from the GICC cohort were then compared 
with the summary statistics from the cross-ancestry meta-analysis for 
pediatric astrocytoma. 

Transcriptome-Wide Association Study (Paper II) 
Another way to utilize quantitative traits such as eQTLs is to test whether 
genetically inferred gene expression can be associated with a disease. 
This approach is known as a transcriptome-wide association study 
(TWAS). Even though gene expression is not directly measured in the 
study individuals, it can be estimated with publicly available eQTL data. 
One way to conceptualize a TWAS is to think of it as imputing the 
expression levels, just as SNPs not directly measured can be imputed 
from public haplotype data.  

In paper II, we applied a TWAS to investigate whether predicted gene 
expression in brain tissues can be associated with pediatric glioma risk. 
Here, we downloaded and used pre-trained SNP-expression models 
based on 13 brain tissues from GTEx v8123, available via PredictDB, and 
conducted the TWAS on summary statistics from the meta-GWAS using 
S-PrediXcan124 individually on all 13 brain tissues. The results from the 
individual-run TWAS were integrated into a single model using S-
MultiXcan125 to account for shared expression similarities across the 
tested brain tissues. Genes with adjusted p values < 0.05 were 
considered to be significantly associated with pediatric glioma risk. 

Accounting for the Testing of Multiple Hypotheses (Papers I–
III) 
All the papers in this thesis were explorative to some extent. In Paper I, 
we investigated all genes in the genome for differential expression, as is 
typical for a DEA; in Paper II, we agnostically tested the entire genome 
for SNPs associated with glioma; finally, in Paper III, we attempted to 
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find novel associations of rare variants across hundreds of genes that 
could be associated with glioma. In short, thousands to millions of 
statistical tests were performed in each study. Having a p value cutoff—
that is, only considering tests with p < 0.05—meant that, out of 100 
statistical tests, we could expect five to be “significant” purely by chance 
(i.e., false positives). This false discovery rate (FDR) is accounted for 
differently in each paper. 

In Paper I, we adjusted the raw p values from the DEA using the BH 
method, in which each p value is directly recalculated in an attempt to 
control the FDR among the significant results. In Paper II, we set a 
static cutoff for genome-wide significance (p < 5e-8). Considering the 
large number of tests carried out in a GWAS, this is a sensible approach, 
since p-value Bonferroni corrections are typically too conservative, not 
accounting for the LD between closely located SNPs126. Applying such 
correction methods thus implies a high risk of filtering out true 
associations. In addition, the p values were further controlled in Paper 
II using methods such as quantile-quantile plots (qq plots) analyzing the 
p-value inflation to obtain a general overview of the risk of false 
positives. Paper III utilized qq plots and p-value inflation; however, no 
further correction on the p values was applied.  

Gene Set Enrichment Analysis (Papers I and II) 
Another problem with explorative analyses—where a number of genes 
may be associated with a trait, for example—is the biological 
interpretability of these results. As stated before, some of these traits will 
even be false positives. One way to overcome this issue and place the 
aggregated results of multiple significant genes within a biological 
context is to perform a gene set enrichment analysis (GSEA). Genes 
involved in well-known biological processes and ontologies have been 
curated over the years, and the key genes in many biological processes 
are known. A GSEA identifies which genes known to be involved in 
certain biological contexts are over-represented in a gene set (e.g., from a 
DEA). In this way, a GSEA can shed some light on the biological 
relevance of the findings from an explorative study. GSEAs were 
performed in Papers I and II. 

Study Subjects and Cohorts 
The studies reported in Papers II and III relied heavily on real patient 
samples and data derived from biobanks, registries, and consortia. This 
section provides an overview of the most important resources used in 
this thesis. 
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The Swedish Pediatric Glioma Cohort (Paper II) 
For the Swedish part of the meta-GWAS in Paper II, we used a national 
cohort of children diagnosed with glioma between 1976 and 2004, 
identified through the Swedish Cancer Registry. Dried neonatal blood 
spot samples were collected from the Swedish Phenylketonuria 
Screening Registry, and histopathological diagnoses were gathered from 
the Swedish Pediatric Brain Tumor Quality Registry. A total of 352 cases 
diagnosed within £15 years were included in Paper II. A total of 874 
Swedish control subjects previously used in the GWAS of adult gliomas 
were used as the controls for this study67.  

To validate our findings in Paper II, we used WGS data derived from 
blood from the Children’s Brain Tumor Network (CBTN)127 and the 
Gabriella Miller Kids First study (BASIC3). 

Uppsala–Umeå Comprehensive Cancer Consortium (Paper 
III) 
Many of the adult glioma samples used in Paper III were obtained 
through U-CAN91, a Swedish project for the collection of biological 
material (e.g., blood and tumor samples) from patients. Many of the 
samples from northern Sweden were collected as part of the U-CAN 
study from patients admitted through Umeå University Hospital. We 
also used data from several patients admitted through Uppsala 
University Hospital. Within U-CAN, blood and tumor samples from 
glioma patients have been gathered since 2010; at Umeå University 
Hospital, local samples have been gathered since 2005.  

Two main and partly overlapping patient groups were retrieved from U-
CAN for Paper III: an early-onset set of patients (n = 46) diagnosed 
between the ages of 18 and 40, and a matched tumor-blood set (n = 73), 
consisting of patients for which sufficient tumor material was available 
for tumor WGS. Six patients were included in both groups, and their 
material was sequenced on two occasions.  

In glioma cases with tumor tissue available, classification following the 
2016 WHO CNS tumor guidelines was performed using histopathology 
and then harmonized with the 2021 CNS5 standard, where possible, 
when the IDH status was available. For instance, three cases initially 
classified as IDH-mutant glioblastoma under CNS4 were reclassified as 
astrocytoma grade 4. For validation, we also obtained preprocessed 
germline WGS data for an additional series of 105 glioblastoma patients 
from Uppsala that were part of U-CAN. 
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External Public Data and Databases 
This section describes the most notable sources of publicly available data 
used in this thesis.  

The Cancer Genome Atlas (Papers I and III)  
TCGA is a resource for cancer researchers that contains molecular and 
clinical data for multiple cancer types128. For paper I, gene count data 
from RNA-seq for 325 IDH-mutated LGGs were downloaded, along with 
germline genotypes of the same individuals. For paper III, WES-
derived variant calls111 for 806 glioma patients were downloaded. 

The Haplotype Reference Consortium (Paper II) 
The Haplotype Reference Consortium116 contains haplotypes of 64,976 
individuals of predominantly European genetic ancestry. In Paper II, a 
subset of 11,227 individuals was used for SNP imputation for the 
Swedish individuals.  

The GTEx Consortium (Papers I and II) 
The Genotype-Tissue Expression (GTEx) consortium129 aims to map 
expression and splicing throughout the entire human transcriptome. 
Thus far, expression data is available for 49 different human tissues, 
sampled from 838 individuals. GTEx has also mapped the expression of 
genes and common SNPs, providing millions of tissue-specific SNP-
expression and SNP-splicing associations.  

Information on eQTL for the risk SNP in Paper I was gathered through 
GTEx. The eQTL data used for both the colocalization analysis and 
TWAS in Paper II originated from GTEx brain tissue samples.  

The Genome Aggregation Database (Paper III) 
The Genome Aggregation Database (gnomAD) is an initiative from the 
Broad Institute that currently contains data on allele frequencies 
aggregated from hundreds of thousands of individuals subjected to WGS 
or WES. It is a ubiquitous resource for both genetic research and clinical 
decisions. In this thesis, gnomAD was used in Paper III as a control 
reference for TCGA variant calls. 

SweGen (Paper III) 
SweGen103 contains WGS-derived allele frequencies for a cross-section of 
1000 Swedish individuals, making aggregated allele frequencies 
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available for researchers. In Paper III, SweGen was used to filter 
common variants in the overall Swedish population. 

ACpop (Paper III) 
ACpop130 contains aggregated allele frequencies for 300 individuals from 
Västerbotten County in northern Sweden, recruited from the 
Västerbotten Intervention Program (VIP). The individuals recruited into 
ACpop met the criteria of having reached the age of 80 without a cancer 
diagnosis, making ACpop a valuable resource for studying potential 
predisposition variants for cancer. In this thesis, ACpop was used in 
Paper III as a healthy reference population in contrast with our 
northern Sweden glioma cohort. 

The UK Biobank (Paper III) 
The UK Biobank131 is a prospective cohort containing disease, health, and 
genetic data for around 500,000 individuals from the UK, recruited 
within the age span of 40–69. This large resource allows researchers to 
perform large-scale epidemiological and genetic studies of disease.  

In this thesis, the UK Biobank was used in Paper III to perform a 
matched case-control study, investigating rare variants for individuals 
diagnosed with glioma. More specifically, WES data for 833 individuals 
of European Ancestry with a glioma diagnosis were obtained from the 
UK Biobank, and 8,315 age-matched cancer-free individuals from the 
Biobank were used as controls. 
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Results and Discussion 

Paper I: Functional Investigation of the LRIG1 
Risk SNP 

Background and Study Rationale 
To date, several risk SNPs have been found to increase the risk of 
developing glioma in adults. While GWASs can give some indication of 
the genes involved for the trait studied, they tell little about the 
mechanism of the given SNPs. For glioma in adults, the SNP rs11706832 
in the second intron of LRIG1 was of particular interest, as this SNP 
leads to an increased risk of developing LGG in adults (OR = 1.15)67. 
LRIG1 is a negative regulator of receptor tyrosine kinases and can act as 
a tumor suppressor for various tumor entities through this 
mechanism132–135. However, publicly available data shows that the SNP 
in LRIG1 is not an eQTL of this risk SNP; rather, the LGG risk SNP 
rs11706832 affects the expression of the neighboring gene SLC25A26. In 
this study, we aimed to clarify the functional role of rs11706832 by 
constructing isogenic cell lines with CRISPR-CAS9 and investigating the 
effects on the transcriptome and metabolome in these cell lines. 

Results 
To investigate the functional effect of the LGG risk SNP rs11706832, we 
employed CRISPR-Cas9 genome editing. gRNAs targeting the genomic 
region around rs11706832 were designed. HEK293T cells were 
transiently transfected with plasmids carrying the gRNAs, cas9, and a 
single-stranded oligodeoxynucleotide carrying the genetic modification 
C to A (HEK293T cells carry the minor risk allele C). The transfected 
cells were cloned, and the status at the LRIG1 risk loci was determined 
through Sanger sequencing. Four successful knock-in clones (non-risk 
allele A), and four negative knock-ins (risk allele C) were isolated and 
used in the study. Four replicates of each cell line were cultivated 
separately, resulting in a total of 32 samples used in the downstream 
analysis.  

A first check of differential expression between the HEK293T cell lines 
was done using real-time quantitative polymerase chain reaction (RT-
qPCR) on LRIG1 and the neighboring SLC25A26 gene, revealing no 
differential expression of either gene. These results were consistent with 
the RNA-seq data, where none of 12 genes in a region of 5 × 106 bp 
around the SNP were shown to be differentially expressed. Furthermore, 
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no splicing effect was seen from the rs11706832 risk allele C carriers in 
LRIG1 or any of the genes in proximity. It was thus observed that there is 
no direct gene regulation effect on nearby genes resulting in differential 
expression and no splicing stemming from the risk SNP. 

Although differential expression for SLC25A26 was not significant (p = 
0.19), we carried on with the hypothesis that possible downstream 
effects from a regulation of SLC25A26 could be noted in our cell lines. As 
SLC25A26 is a transporter protein carrying the methyl-group-donor S-
adenosylmethionine into the mitochondria, we hypothesized that 
regulation of SLC25A26 could affect the methylation of mitochondrial 
DNA and be noted in the expression of mitochondrial mRNA. Out of the 
13 mitochondrial genes detected in our data, 12 were shown to be 
differentially expressed between our cell lines, all with increased 
expression for the cell lines with the risk allele (Figure 4a). It was also 
noted that the expression of mitochondrial genes was reversely 

Figure 4: (a) Differential expression of mitochondrial genes 
between risk (C) and non-risk allele (A) in cell lines. (b) 
Correlation between SLC25A26 and the expression of 
mitochondrial RNA. Figure reproduced from Rosenbaum et 
al., 2023, scientific reports, CC BY 4.0. No changes made 
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associated with the expression of SLC25A26, which was in line with the 
hypothesis that SLC25A26 regulates the mitochondrial genome through 
DNA methylation136,137 (Figure 4b). 

A genome-wide gene-expression analysis revealed 74 differentially 
expressed genes between the cell lines. Gene set enrichment on these 
genes showed that they were involved in a number of biological 
processes related to the innate immune response (TRIM17, TLR3, OAS1, 
CXCL16, SP100, TRIM34, TRIM14, B2M, and IFITM1) and type I 
interferon response (IFITM1, SP100, OAS1, IFI35, IFIT3, IFIT5, 
and IFIT2) being differentially expressed in the modified HEK293T cells.  

To validate our findings from the cell lines, we downloaded data from 
325 IDH1-mutated LGGs from TCGA. In this data, individuals 
homozygous to the risk allele (C/C) had a higher expression of 
SLC25A26, as seen in GTEx, while no differential expression of LRIG1 
was noted. A genome-wide DEA of the TCGA samples, conditioned on 
the status of the LRIG1 risk SNP for these individuals, revealed 40 
differentially expressed genes. Among these genes, OAS1 was also found 

Figure 5: Gene set enrichment p values for differentially 
expressed genes in TCGA (y-axis) and our cell lines (x-axis). 
Ontology terms in red are significant in both the cell lines 
and TCGA data, demonstrating that the same biological 
pathways are conditioned by the risk SNP in both the cell 
lines and real tumors. Figure reproduced from Rosenbaum 
et al., 2023, scientific reports, CC BY 4.0. No changes made 
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to be differentially expressed in our cell lines. Gene set enrichment of 
TCGA significant genes showed that the same terms of biological 
processes related to the innate immune response were enriched (Figure 
5). Furthermore, an analysis of 53 of the genes involved in interferon 
type I response, as seen in the cell lines, revealed that 13 of these genes 
were significantly different after correcting for multiple testing in TCGA. 
These genes were expressed at lower levels for individuals with the C/C 
alleles in the risk loci, compared with A/A individuals.  

Using GC-MS on the cell lines to characterize soluble intracellular 
metabolites, we assessed the levels of 111 metabolites. None of these 
metabolites were found at different levels in our cell lines after 
correction for multiple testing.  

Discussion 
Haploinsufficiency of LRIG1 has been shown to be a potential driver for 
LGGs by affecting tyrosine kinase inhibition capabilities133,135,138. When 
this locus —which is located in the second intron of LRIG1— appeared as 
a genome-wide significant GWAS locus, it was reasonable to hypothesize 
that the functionality of this locus involved dysregulation of LRIG1. 
However, the study showed no differential regulation of LRIG1 in either 
expression or splicing in HEK293T cell lines. This finding was further 
confirmed upon examining the public data available from GTEx and 
TCGA. Thus, this study showed that the increased risk of developing 
LGGs stemming from this locus is not due to LRIG1 dysregulation. 

The solute carrier family-25 member-26 gene SLC25A26, which is 
adjacent to LRIG1, was found by GTEx to be an eQTL of rs11706832, 
with the expression of SLC25A26 being positively associated with the 
risk allele C. Although SLC25A26 expression was not significantly 
different in our modified HEK293T cell lines, the observed trend was 
consistent with the direction suggested by GTEx. An analysis of the 
splicing of SLC25A26 in the cell lines showed no effect on the splicing of 
SLC25A26. Taking into account the biological function of SLC25A26, the 
expression of mitochondrial genes was indeed differentially expressed in 
our cell lines conditioned on the risk allele of rs11706832. We found that 
the expression of several mitochondrial genes was negatively correlated 
with the expression of SLC25A26, particularly in cell lines with the risk 
allele, which aligns with previous reports of SLC25A26 involvement in 
mitochondrial methylation136,137. 

A genome-wide DEA on the cell lines, conditioned on having or not 
having the risk allele, highlighted genes involved in the innate immune 
response, such as the interferon type I induced proteins IFIT2, IFIT3, 
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and IFIT5, and the 2'-5'-oligoadenylate synthetase 1 protein coded 
by OAS1. Validation in IDH1-mutated LGGs in TCGA showed that the 
only overlapping differentially expressed gene was OAS1. However, gene 
set enrichment highlighted the exact same terms of biological pathways 
as in our cell lines, suggesting that the risk allele affects pathways related 
to the innate immune response (Figure 5). While these findings imply 
that the downregulation of interferon response and potentially a less 
active innate immune system may be the downstream effects of the SNP, 
the link between the risk SNP and the innate immune system remains 
unclear. One hypothesis derived from the results of this study is that 
changes in mitochondrial expression, mediated through SLC25A26, 
could be related to immune signaling. Supporting this hypothesis, 
studies have shown that mitochondrial activity is associated with innate 
immunity139–141. 

A major limitation of this study is its use of a non-glial cell line, 
HEK293T, as a model. This cell line was used for technical reasons, as 
we had access to a haploid subclone at the LRIG1 locus133. It is possible 
that the effects observed in this study are cell-line specific and not 
representative of the tumor cells in LGGs. However, we observed a 
strong concordance between GSEA results from our genetically edited 
HEK293T cell lines and bulk RNA expression data from TCGA (Figure 
5). Thus, it is possible that the observed effects may be present in vivo, 
possibly within the tumor microenvironment rather than in the tumor 
cells themselves.  

Paper II: Multi-Ancestry Meta-GWAS of Pediatric 
Gliomas 

Background and Study Rationale 
Genetic susceptibility to gliomas stemming from common genetic 
variations (i.e., SNPs) has been extensively studied in adults. However, 
adult and pediatric gliomas differ significantly in their molecular 
composition, origin, and clinical implications142. Even though low-grade 
astrocytoma is one of the most common tumor entities in children, 
pediatric gliomas are still uncommon; thus, GWAS studies have 
previously been limited to small sample sizes143. We performed a meta-
GWAS on data from the United States, Sweden, and Denmark, 
amounting to a total of 4,069 children with glioma and 8,778 controls.  
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Results 
In this study, we combined GWAS summary statistics from three 
independent pediatric glioma and control cohorts from the United 
States, Sweden, and Denmark. The samples and selection criteria from 
each cohort for the locally performed GWAS were as follows. The U.S. 
(California) study included 3,150 cases and 3,154 matched controls; DNA 
extraction was done on neonatal blood spots, genotyped using the 
Affymetrix Axiom Precision Medicine Diversity Array. The Sweden 
cohort included 352 pediatric glioma cases and 874 controls (where 
these controls were previously used in an adult glioma GWAS)67 (Table 
2); DNA was extracted from neonatal blood spots and genotyped using 
Illumina arrays. The Denmark cohort included 567 glioma cases and 
4,750 controls. The cases from all countries were diagnosed with glioma 
up to 15 years of age.  

Regression analyses were performed separately for each country, using a 
similar methodology. The resulting summary statistics from each GWAS 
were combined in a meta-analysis. The strongest finding from the meta-
analysis involved the 9p21.3 locus within the gene CDKN2B-AS1. At this 
locus, 36 SNPs reached the genome-wide significant threshold 
(p < 5×10⁻⁸) with the strongest association for rs573687, with an odds 
ratio (OR) of 1.27 (95% confidence interval [CI]: 1.18–1.37, p 
= 6.97×10⁻¹⁰). The results at this locus also included the known risk 
SNPs for adult glioma, rs634537 and rs2157719. The SNP mapping to the 
locus exhibited unidirectional effects for astrocytoma risk across all 

Table 2: Overview of patients and controls across all three 
cohorts used for the meta-GWAS 
 Sweden cohort 
Cases 352 
Controls 874 

Denmark cohort 
Cases 567 
Controls 4,750 

U.S. cohort 
Cases 3,150 
Controls 3,154 

Total 
Cases 4,069 
Controls 8,778 
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genetic ancestries included in the meta-study, showing a shared cross-
ancestry risk effect stemming from this locus (Figure 6). 

When the dataset was stratified by WHO grade and tumor type, the 
CDKN2B-AS1 association was particularly seen in pediatric LGGs, driven 
by low-grade astrocytoma. When the dataset was stratified for HGGs and 
glioblastomas, no SNP at the locus reached genome-wide significance. 
When the dataset was stratified for patients of European decent 
(European-Americans from the U.S. cohort, together with the Swedish 
and Danish cohort), the CDKN2B-AS1 association retained its 
significance, and the minor allele frequencies at the locus were 

Figure 6: Manhattan plots with chromosome and chromosome 
position at the x-axis and the p value from the meta-analysis for 
the tested SNP on the y-axis. (a) All gliomas, (b) astrocytomas only, 
and (c) low-grade astrocytomas. Figure adapted from Foss-
Skiftesvik, Li, Rosenbaum et al., 2023, Neuro-Oncology, CC BY-NC 
4.0. Changes: cropped 
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significantly higher in the European sub-cohorts than in patients of non-
European descent from the U.S. cohort. 

The CDKN2B-AS1 association was replicated in a separate case control 
cohort (270 cases and 2,080 controls), where the associations of seven 
SNPs at the locus reached p < 1e-5.  

To evaluate the potential effects of gene regulation, we conducted a 
TWAS on the results from the meta-analyses, using SNP-expression 
models on 13 publicly available human brain tissues. This analysis 
identified a significant association in only one of 18,628 genes tested—
namely, the tumor suppressor CDKN2B, localized in the same locus as 
CDKN2B-AS1. More specifically, the resulting TWAS showed that a 
decreased expression of CDKN2B was associated with childhood 
astrocytoma.  

To further investigate the potential functional mechanism underlying the 
genome-wide significant SNPs at CDKN2B-AS1, we performed a 
colocalization analysis between the SNPs and the eQTLs and sQTLs. The 
colocalization analysis was performed on SNP-expression data available 

Figure 7: (A) Colocalization of pediatric astrocytoma associations with 
associations for the expression of CDKN2B. (B) Regional plots showing 
the p values of eQTL associations (top) and p values from the meta-
analysis (bottom), with colors indicating linkage disequilibrium to the 
lead SNP. Figure reproduced from Foss-Skiftesvik, Li, Rosenbaum et 
al., 2023, Neuro-Oncology, CC BY-NC 4.0.  
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for human brain tissues through GTEx. The results showed that the 
SNPs from our meta-GWAS largely colocalized with SNPs having an 
effect on the expression of CDKN2B, most notably in eQTLs from the 
cerebral cortex (colocalization probability: 0.94) (Figure 7). No 
colocalization of our results with CDKN2A was found in any brain tissue. 
We further investigated the colocalization of our results and the splicing 
of CDKN2B-AS1 using sQTL data from GTEx, determining a probability 
of 0.77 of our results colocalizing with the sQTLs for CDKN2B-AS1 in 
sQTL data from the pituitary gland.  

Discussion 
Although only one risk locus was found to be associated with the 
development of pediatric gliomas (more specifically, low-grade 
astrocytoma), the results of this paper represent an important advance in 
our understanding of genetic predisposition to pediatric glioma, 
highlighting the 9p21.3, CDKNB2-AS1 locus as the first genome-wide 
significant risk locus of astrocytoma in children. 

From a functional perspective, we observed an association between 
downregulation of the nearby tumor-suppressor gene CDKN2B and the 
risk of developing low-grade pediatric glioma, as shown through both a 
TWAS analysis and a colocalization analysis using publicly available 
eQTL data. This finding suggests that CDKN2B is the main affected gene 
in this locus in terms of overall expression. An additional colocalization 
analysis of the CDKN2B-AS1 gene itself suggested that the risk loci also 
colocalize with splicing of CDKN2B-AS1. Interestingly, our results in the 
risk locus colocalize with GWAS data from adult gliomas, with the 
distinction that this locus has a stronger association with HGGs, such as 
glioblastoma, in adult gliomas, although the association is also seen in 
LGGs67. In contrast, the risk locus is not associated with HGGs in 
children. The CDKN2B-AS1 gene itself has been implicated in various 
cancers144, in which it is suggested to act through diverse mechanisms 
such as cis-regulation of CDKN2B and CDKN2A145 or binding to 
microRNA146. 

This study further highlights the difference in predisposition between 
adult and pediatric glioma, where the former has been associated with 
several common risk loci in the genome, whereas this study only found 
one associated locus for pediatric glioma. One possible source of this 
discrepancy is the rarity of pediatric glioma in contrast to adult glioma, 
resulting in higher sample sizes and statistical power for adult glioma. 
Still, the overabundance of common risk SNPs for adult glioma 
compared with pediatric glioma may be due in part to the difference in 
etiology between the two, where the molecular heterogeneity of adult 
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gliomas may reflect a broader and more diverse etiology compared with 
pediatric gliomas.  

Paper III: Rare Germline Variants Contributing to 
Glioma Predisposition 

Background and Study Rationale 
The etiology underlying glioma development remains largely 
unexplained. Several studies have investigated genetic glioma 
predisposition, ranging from GWASs to familial studies of rare variants. 
This study aimed to investigate the occurrences of rare potentially 
pathogenic germline variants among a local cohort of 113 individuals, 
utilizing WGS. 

Results 
The study subjects included 113 glioma patients recruited through the U-
CAN project at the Umeå University Hospital in northern Sweden. The 
samples comprised two partly overlapping patient groups: patients 
diagnosed between 18 and 40 years of age (n = 46) and cases with 
available matched tumor-blood samples (n = 73). The most common 
diagnosis was glioblastoma (30% in <40 years, and 53% in >40 years). 
All patients had been subjected to WGS on blood-derived DNA. 

The genomic scope of this study was focused to include 651 genes, 
including well-known CPGs, genes known for glioma predisposition, and 
commonly somatically mutated genes across all cancers. Variants were 
called in the 651 genes for all 113 individuals. After an initial filtering, a 
total of 20 variants in unique individuals (17.6%) in 19 genes had 
previous records in the ClinVar database describing them as P/LP. The 
identified variants predominately resided in genes related to DNA repair, 
including BRCA1, BARD1, FANCA, RECQL4, ERCC2, and CHEK2. Two 
of the variants also resided in TP53. All P/LP variants are shown in Table 
3. As a comparison, we used the same filtering on variants from the 
ACpop project, consisting of WGS-derived allele frequencies from 300 
healthy individuals from Västerbotten County in northern Sweden. In 
ACpop, we found 22 variants classified as P/LP. Comparing the number 
of alleles with P/LP variants between our patients and ACpop, we found 
that P/LP variants were more common among our patient group (p = 
4.44 × 10-5, Fisher’s exact test). 

We consolidated our findings in a second Swedish cohort consisting of 
105 individuals diagnosed with glioblastoma, where variant calls from 
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WGS were available from our collaborators in Uppsala. Just as in our 
cohort from northern Sweden, we found several P/LP variants in genes 
related to DNA repair, including FANCA, RECQL4, ERCC2, CHEK2, and 
TP53.  

 

In addition to directly filtering rare variants for known pathogenicity 
against ClinVar, we wanted to find potentially novel genes whose rare 
variants could be associated with glioma predisposition. Here, we 
employed gene-wise variant burden tests, comparing—per gene—the 
number of rare coding variants found in our patient cohort with the 
variants found in ACpop under the same filtering criteria. As a first step, 

Table 3: Overview of P/LP variants found in northern 
Sweden glioma patients 

Position (protein) 
ClinVar 
Entry Gene Variant type Diagnosis 

chr1:43338634:G:C 
(p.Arg102Pro) P MPL Missense Glioblastoma (grade 4) 
chr2:214781360:C:CT 
(p.Asp172ArgfsTer10) P BARD1 Frameshift Glioblastoma (grade 4) 
chr3:14148560:A:G  
(.) LP XPC Splice donor 

Oligodendroglioma (grade 
2) 

chr3:48572138:G:A 
(p.Arg2338Ter) P COL7A1 Stop gained Astrocytoma (grade 4) 
chr5:224432:C:T 
(p.Arg75Ter) P/LP SDHA Stop gained Astrocytoma (grade 2) 
chr7:142751919:C:T 
(p.Arg116Cys) P/LP PRSS1 Missense Astrocytoma (grade 2) 
chr8:144513412:G:A 
(p.Gln757Ter) P RECQL4 Stop gained Glioblastoma (grade 4) 
chr8:144515891:C:T 
(.) LP RECQL4 Splice acceptor Astrocytoma (grade 2) 
chr9:97675579:G:A 
(p.Arg228Ter) P XPA Stop gained 

Oligodendroglioma (grade 
2) 

chr10:70598772:C:T 
(p.Gly317Arg) P PRF1 Missense Glioblastoma (grade 4) 
chr11:77156022:T:A 
(p.Ile134Asn) LP MYO7A Missense Astrocytoma (grade 3) 
chr15:38351477:CAGAG:C 
(p.Gly385IlefsTer20) P/LP SPRED1 Frameshift 

Pilocytic astrocytoma 
(grade 1) 

chr16:89815966:T:A 
(p.Lys34Ter) P FANCA Stop gained Astrocytoma (grade 2) 
chr17:7674972:C:T 
(.) P TP53 Splice acceptor Glioblastoma (grade 4) 
chr17:7675139:C:T 
(p.Arg158His) P/LP TP53 Missense  Glioblastoma (grade 4) 
chr17:43093514:C:A 
(p.Glu673Ter) P BRCA1 Stop gained Glioblastoma (grade 4) 
chr17:58709926:GT:G 
(p.Thr259LeufsTer4) P/LP RAD51C Frameshift Glioblastoma (grade 4) 
chr19:45352801:C:G 
(p.Arg616Pro) P ERCC2 Missense Astrocytoma (grade 2) 
chr22:20993977:G:A 
(p.Trp469Ter) P LZTR1 Stop gained Glioblastoma (grade 4) 
chr22:28725338:T:C 
(p.Arg117Gly) P/LP CHEK2 Missense_ Glioblastoma (grade 4) 
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we filtered the variants to include only rare coding variants and found 
that six genes out of the 651 tested (i.e., TP53, ALK, CREBBP, GAS7, 
KMT2A, and POU5F1) had significantly more rare coding variants 
compared with the reference population. When we applied stricter 
filtering criteria, only including variants with potentially high impact, we 
identified significant enrichment for SMAD4. We further found the 
genes PREX2, CACNA1D, DNMT3A, PRSS1, and TP53 to have some 
enrichment of high impact variants, albeit not significant (0.05 < p < 
0.1).  

To validate the findings from the burden analysis, we downloaded 
variant calls from WES data from TCGA (n = 806 gliomas) and 
performed the same gene-wise burden tests against the allele frequencies 
in gnomAD. We found a significant enrichment of rare coding variants in 
TP53, CREBBP, GAS7, NBN, STRN, and DNMT3A. To further 
consolidate our findings, we performed a large-scale association analysis 
on 833 glioma cases from the UK Biobank on matched controls. The only 
significant association from the UK Biobank was for TP53. 

Discussion 
By applying WGS to a regional cohort of patients with glioma of sporadic 
origin, this study found that the occurrences of rare variants further 
explain the genetic predisposition of glioma in adults. More specifically, 
we demonstrated how rare variants were the probable cause of a 
significant portion of the gliomas in the patients included in this study, 
with 17.6% having P/LP variants. Although several other studies have 
highlighted the association of rare deleterious variants with gliomas, 
many of these have mainly focused on gliomas of known familial 
origin61,63,65,66. This study further expands the current understanding of 
genetic predisposition by focusing on sporadic gliomas, showing that the 
presence of rare variants in our cohort greatly exceeded the number of 
rare variants in a healthy reference population.  

It is notable that many of the P/LP variants were found to reside in genes 
involved in DNA repair, including genes such as BRCA1, BARD1, 
FANCA, RECQL4, and CHEK2—a pattern that was validated in another 
cohort of unrelated Swedish patients: In an other set of 105 glioblastoma 
patients from Uppsala, we found that 13 individuals had P/LP variants in 
any of the tested genes, including variants in SDHA, RECQL4, FANCA, 
TP53, ERCC2, CHEK2, and MPL. This finding suggests that a high 
proportion of sporadic gliomas can be attributed to rare deleterious 
variants in genes related to DNA repair. 
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This study also provided a more exploratory analysis looking at the gene-
wise burden of rare variants. The analysis took into account variants that 
were not previously recorded as P/LP but had the potential to affect the 
gene in which they reside based on rarity and other in silico measures of 
deleteriousness. A higher frequency of such variants was found in a total 
of five genes, including TP53. When we validated these findings in two 
independent cohorts, TCGA and the UK Biobank, only TP53 showed 
consistent enrichment across all three datasets. DNMT3A and CREBBP 
showed an increased burden of rare variants in TCGA, but this was not 
replicated in the UK Biobank. Of these two validation datasets, UK 
Biobank provides the most robust data, given that it is harmonized 
between the cases and controls, and furthermore relies on a larger 
number of cases and better matched controls. Since these two genes do 
not validate in UK Biobank, their role in glioma predisposition remains 
unclear.  

No apparent difference in somatic mutations spectra was seen between 
carriers and non-carriers of rare germline P/LP variants in any CPGs. 
This result suggests that the mechanism of predisposition does not 
further dictate the molecular state of the tumors.  

Conclusion 
The principal aim of this thesis was to broaden the current 
understanding of genetic predisposition to glioma. This was done 
through a multifaceted approach across the three papers presented in 
this thesis, highlighting that the genetic predisposition of a 
heterogeneous disease such as glioma requires a wide range of studies. 
Glioma development in adults and children can still be considered 
largely sporadic, despite the findings in this thesis and those of earlier 
studies. This work, however, rests on the premise that even modest 
germline predisposition can illuminate fundamental mechanisms of 
tumor development when carefully examined, broadening our 
understanding of glioma etiology and hopefully providing a basis for 
future clinical insights.  

To recapitulate, the specific aims of this thesis were as follows: 

1. To functionally characterize an LGG risk SNP in the 
LRIG1 locus (Paper I); 
 

2. To identify the contribution of common genetic 
variation to pediatric glioma risk (Paper II); 
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3. To investigate the contribution of rare germline 
variants in patients with sporadic glioma (Paper III). 

Although the three aims were investigated through distinct 
methodological approaches, together they contribute to provide a greater 
picture of glioma predisposition. 

Paper I 
This study fulfilled the first aim of the thesis by providing a functional 
hypothesis for how a common noncoding SNP might influence 
predisposition to one subtype of glioma. 

Paper II 
This study fulfilled the second aim of the thesis by providing the first 
GWAS association with pediatric glioma. 

Paper III 
This study fulfilled the third aim of the thesis by demonstrating that rare 
germline variants play a substantial role in glioma susceptibility and can 
be uncovered even in small sample sizes by utilizing multiple cohorts 
and integrating publicly available data.  

A Unifying Perspective on Glioma Predisposition 
Taken together, the findings of this thesis reveal that the genetic 
predisposition of glioma is polygenic and multifactorial. Paper I linked 
a common noncoding SNP to downstream immunological effects 
through a functional experiment; Paper II identified a risk locus in 
CDKN2B-AS1, colocalizing with lower expression of the tumor 
suppressor CDKN2B, as a driver of pediatric glioma risk; and paper III 
expanded the records of rare variation occurring in adult glioma risk.  

This thesis illustrates the methodological diversity required to study 
cancer predisposition, ranging from functional experiments to 
exploratory population studies. Each study in this thesis provides a 
unique layer of information that builds to a broader understanding. 
While no single genetic variant can largely explain the occurrence of 
glioma, the results from this work contribute to uncovering the complex 
issue of glioma predisposition. 
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Future Directions 
Building on previous work, the results from this thesis show that genetic 
predisposition to glioma is a complex area. This thesis has described the 
contribution of both rare and common variants and how they contribute 
to the risk of developing glioma. Looking forward, several promising 
research directions emerge to further deepen the understanding gained 
herein, which may guide clinical decisions regarding glioma patients in 
the future. 

One of the clearest paths for future work is the need to refine the 
functional implications of the risk loci found in Paper II, as well as the 
implications of the candidate genes found in Paper III. As shown in 
Paper I, the risk association of germline genetics may not exert effects 
directly in terms of regulating the nearest gene, for example. The 
CDKN2B-AS1 locus that was found to be associated with a higher risk of 
pediatric glioma requires further investigation. This study implies that 
the increased risk may come as a result of CDKN2B downregulation. 
However, the analysis was done on publicly available eQTL data from 
deceased adults (GTEx), and further functional studies are required. 
Functional experiments like those performed in Paper I could be one 
way to unveil the mechanism of this locus and provide a deeper 
understanding of the etiology behind pediatric astrocytoma. Likewise, 
the possible connections of CREBBP and DNMT3A to glioma risk must 
be further confirmed with functional studies—possibly through animal 
models in which these genes are knocked out.  

As both common and rare variants have been shown to contribute to the 
overall risk of developing glioma, the prospect of screening for future 
cases of glioma holds promise. Although no single association found in 
this thesis is sufficiently strong to make population-wide genomic 
screening feasible or beneficial, future approaches may make targeted 
risk assessment possible for high-risk individuals. Such efforts could 
integrate common variation, rare variants, and other molecular markers 
associated with glioma, such as blood metabolite levels. For this to be 
possible, large-scale population studies using sophisticated machine 
learning methods may be applied on translational data.  
 
Another research path is how germline factors such as rare variants 
affect individual prognostics and whether this can be used to guide 
future treatment options for patients. This path will require well-planned 
clinical studies. For example, it is known that individuals with a 
mismatch repair deficiency are less likely to respond to temozolomide 
but may benefit from newer immunological treatments147. It could be 
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hypothesized that individuals with germline variants in genes involved in 
the DNA repair pathway may respond differently to treatment. The 
accumulation of more WGS data in projects such as the UK Biobank, 
coupled with clinical data, will make it possible to answer such 
questions. 

Ultimately, the extent to which the findings of this thesis—and similar 
research in the field—can be translated into real clinical benefit for 
patients will depend on the integration of these accumulated insights on 
genetic predisposition with other layers of data. Incorporating additional 
risk markers, such as those from metabolomics, may help to create a 
more complete picture of glioma susceptibility. Such an integrated 
approach might be used for risk assessment and prognostics, and could 
potentially guide more individualized treatment strategies for glioma 
patients in the future.  
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