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Abstract 

Medulloblastoma is the most common malignant pediatric brain tumor. Prior studies have concentrated 
their efforts studying the four molecular subgroups: SHH, Wnt, group 3, and group 4. SHH and Wnt are 
driven by their canonical pathways. Groups 3 and 4 are highly metastatic and associated with aberrations 
in epigenetic regulators. Recent developments in the field have revealed that these subgroups are not as 
homogenous as previously believed. The objective of this study is to investigate the involvement of 
somatic driver gene mutations in these medulloblastoma subgroups. We obtained medulloblastoma data 
from the Catalogue of Somatic Mutations in Cancer (COSMIC), which contains distinct samples that 
were not previously studied in a large cohort. We identified somatic driver gene mutations and the 
signaling pathways affected by these driver genes for medulloblastoma subgroups using bioinformatics 
tools. We have revealed novel infrequent drivers in these subgroups that contribute to our 
understanding of tumor heterogeneity in medulloblastoma. Normally SHH signaling is activated in the 
SHH subgroup, however, we determined gain-of-function mutations in ubiquitin ligase (CUL1) that inhibit 
Gli-mediated transcription. This suggests a potential hindrance in SHH signaling for some patients. For 
group 3, gain-of-function in the inhibitor of proinflammatory cytokines (HIVEP3) suggests an 
immunosuppressive phenotype and thus a more hostile tumor microenvironment. Surprisingly, group 4 
tumors possess mutations that may prompt the activation of Wnt signaling through gain-of-function 
mutations in MUC16 and PCDH9. These infrequent mutations detected in this study could be due to 
subclonal or spatially restricted alterations. The investigation of aberrant driver gene mutations can lead 
to the identification of new drug targets and a greater understanding of human medulloblastoma 
heterogeneity. 

Key words: pediatric brain cancer, infrequent mutations, tumor heterogeneity, bioinformatics, subclonal 
architecture, lysine methyl transferases 

Introduction 
Human embryonal tumors of the central nervous 

system (CNS) are tumors that arise from embryonal 
cells that remain in the brain after birth. CNS tumors 
are the most common solid neoplasms of childhood 
[1,2]. Although survival rates of pediatric brain tumor 
patients have significantly increased over the years, 
brain tumors are still a significant cause of 
cancer-related deaths in children [1–3]. 

Medulloblastoma is the most common malignant 
pediatric brain tumor, with the highest incidents 
reported at ages 3-4 and 8-10 years. Annually, 500 
cases of medulloblastoma are diagnosed in the United 
States, and the 5-year survival rates are about 60% in 
patients with high risk disease [3,4]. In 2016, the WHO 
defined four molecular medulloblastoma subgroups 
based on the transcriptional profile and 
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immunohistochemistry for certain biomarkers: SHH, 
Wnt, group 3, and group 4 [5,6]. The SHH-activated 
subgroup has aberrant activation of the SHH pathway 
and originates from granule neuron precursor cells of 
the developing cerebellum [7]. Activating mutations 
in the Wnt pathway effector beta-catenin 1 (CTNNB1) 
are prevalent in Wnt-activated medulloblastoma and 
arises outside the cerebellum from cells of the lower 
rhombic lip located at the dorsal brainstem during 
early hindbrain development [7]. Group 3 is 
characterized by elevated levels of MYC amplification 
or overexpression and appears to derive from 
cerebellar stem cells [8]. The cells-of-origin of group 4 
medulloblastoma have long been unknown, but a 
recent study suggests that they are progenitors of the 
upper rhombic lip [9]. Current standard treatments 
such as surgery, radiation, and chemotherapy fail in 
more than 20% of patients, and survivors have to deal 
with the long-term side effects of these invasive 
treatments [10]. Recent studies have identified 
subclonal somatic mutations that result in 
intra-tumoral heterogeneity [11]. To complicate 
matters, treatment by targeting apparent clonal 
driving events can give rise to subclones that lack 
these targets from the original molecular subgroup 
[12,13]. This heterogeneity within the same molecular 
subgroup has led to the identification of 12 subtypes 
within the current molecular subgroups [14], 
demonstrating the motivation to better characterize 
these infrequent driving events that contribute to 
subgroup heterogeneity as well as subclonal 
architecture.  

The majority of medulloblastoma cases are 
caused by sporadic mutations with only 13.5% of 
patients associated with germline mutations [15]. 
Germline mutations in MSH2, RAD50, FGFR2, and 
FGFR3 have been reported in pediatric medullo-
blastomas [16,17]. Also, specific hereditary syndromes 
associated with germline mutations in TP53, PTCH, 
APC, and CBP predispose individuals to develop 
medulloblastoma [3]. Syndromes linked with 
germline mutations include Li-Fraumeni syndrome 
for TP53 mutations, Gorlin syndrome for PTCH 
mutations, Turcot syndrome for APC mutations, and 
Rubenstein-Taybi syndrome for CBP mutations 
[18–21]. Thus, although the factors that contribute to 
pediatric brain tumors remain unclear, the early 
incidence of medulloblastoma and low prevalence of 
germline mutations associated with these tumors hint 
at in utero and early life exposures that result in the 
acquisition of somatic mutations [4]. These mutations 
and alterations can be induced by maternal 
endogenous (hormone levels or immune status) or 
maternal, paternal, and childhood exogenous 
(nutritional and chemical exposure) factors [22–24]. 

As an evolutionary process, cancer development 
occurs when cancer cells accumulate somatic 
mutations and epigenetic modifications causing 
phenotypic diversity by natural selection [25]. 
However, not all acquired somatic mutations contri-
bute to tumorigenesis. Based on their consequence for 
cancer development, somatic mutations are 
categorized into driver and passenger mutations. As 
the names imply, driver mutations are those that 
confer growth advantages on cells carrying them and 
have been preserved by selection during cancer 
evolution, whereas passenger mutations confer no 
growth advantage [25]. 

This study focuses on investigating somatic 
driver gene mutations in the four medulloblastoma 
subgroups. We used COSMIC medulloblastoma data, 
which contains samples that have not been analyzed 
before in a large comprehensive study (in 
Supplementary Material: S1 file). We implemented 
several algorithms that interpret mutation patterns, 
functional impact, and occurrence. We used gene set 
enrichment analysis (GSEA) to determine aberrant 
signaling pathways amongst these putative somatic 
driver gene mutations. Our analyses reveal several 
novel infrequent driving events that may contribute 
to subclonal or spatial heterogeneity [11,26]; however, 
data with higher sequence coverage is a necessity. 
Overall, this study unravels the somatic driver gene 
mutations in medulloblastoma subgroups and the 
affected pathways. 

Results 
Sonic hedgehog (SHH) subgroup  

 Twenty-two driver genes were identified in the 
SHH subgroup (S1 Table). The most significantly 
affected pathways based on the GSEA results were 
those involved in the regulation of gene expression, 
cellular biosynthesis, and developmental processes 
(Supplementary Material: S2 File). Most transcription 
regulators and development-involved driver genes 
were characterized by loss-of-function (truncating) 
mutations, indicating that transcription regulation 
and developmental processes were likely inhibited 
(Fig. 1).  

 Although the SHH pathway was not 
significantly enriched (q < 0.05), we identified four 
SHH genes that possess driver gene mutations. 
Pathway repressors PTCH1 (32.3%) and SUFU (4.62%) 
were associated with loss-of-function mutations. 
Infrequent gain-of-function mutations were identified 
in the ubiquitin ligases CUL1 (1.54%) and FBXW7 
(1.54%). These are members of the Skip-Cullin-F-box 
(SCF) complex that completely degrades Gli1 but 
partially degrades Gli2/3 into transcriptional 
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repressors [27–29] (Fig. 2). The activating mutations of 
CUL1 in the SCF complex downstream from other 
SHH pathway members suggests that SHH 
signalizing is suppressed or hindered in these 
patients. These results shed light on infrequent cases 
of SHH pathway inhibition in certain SHH-activated 
medulloblastomas. 

Patients with TP53 somatic mutations in the 
SHH subgroup had two driver gene mutations, none 
of which were involved in the SHH pathway: 
loss-of-function mutations in TP53 (tumor suppressor 
gene) and gain-of-function mutations in DYNC1H1 
(oncogene) (S1 and S2 Tables). Thus, SHH activation 
is not driven by somatic mutations in the somatic 
TP53 mutant subgroup. Significantly enriched GO 
annotations were histone deacetylase regulator 
activity (q = 0.0383) and dynein light intermediate 
chain binding (q = 0.0383) (Supplementary Material: 
S2 File). The dynein chain, DYNC1H1, is involved in 
retrograde transport along microtubules and cell 
division by mediating the G2/M transition of the 
mitotic cycle [30,31]. P53 is known to undergo 
cytoplasmic dynein-dependent nuclear translocation 
in response to DNA damage. The 8-kDa light chain 
(LC8) of dynein binds to p53-binding protein 1 
(53BP1). 53BP1 can potentially act as an adaptor to 
assemble p53 in the dynein complex. Disruption of 
the interaction between LC8 and 53BP1 in vivo 
prevents DNA damage-induced nuclear 
accumulation of p53 [32]. Additionally, truncating p53 
mutations impair nuclear localization and association 
with dynein [33]. In some cases, the somatic driver 
gene mutations in TP53 mutant SHH likely confer 
growth advantage by dysregulating the control of 
cellular mitosis through the missense mutations of the 
dynein coding gene and the loss-of-function of TP53 
(Fig. 2).  

Wingless (Wnt) subgroup  
 Identified driver genes were significantly 

enriched in gene expression and histone modification, 
Wnt signaling and adherens junctions, regulation of 
mitosis and cell cycle transitioning, developmental 
processes, apoptosis, and interferon type I (IFN-I) 
signaling (Supplementary Material: S2 File).  

 Unlike SHH, TP53 gene mutations were 
gain-of-function, rendering TP53 an oncodriver. TP53 
gain-of-function mutations have been associated with 
chronic inflammation, regulation of gene expression, 
and upregulated expression of chromatin regulators 
[34,35]. Upon investigating β-catenin driver gene 
mutations, which were identified in 96.5% of 
Wnt-activated medulloblastoma patients, we found 
33 missense mutations at the 32nd amino acid residue. 
This residue lies within the ubiquitination recognition 

motif of β-catenin and its mutation negatively impacts 
the phosphorylation of adjacent S33. Moreover, we 
found several mutations at S33 and S37 
phosphorylation sites (Supplementary Material: S3 
File) [36]. These mutations indicate that the 
phosphorylation and consequent ubiquitination of 
β-catenin were inhibited, resulting in β-catenin 
accumulation in the nucleus [36]. In addition, a 
gain-of-function mutation in PIK3CA (2.63%) was 
identified, indicating an indirect activation of the 
canonical Wnt pathway by enhancing the activity of 
Akt. Since Akt can phosphorylate and inactivate 
glycogen synthase kinase 3 beta (GSK-3β), the 
canonical Wnt pathway is enhanced due to β-catenin 
not being destabilized and degraded [37,38]. Thus, 
gain-of-function mutations in β-catenin (CTNNB1), 
loss-of-function mutations in the ubiquitin ligase 
FBXW7 (0.87%) that degrades β-catenin, and the 
downstream activation of adherens junctions may 
result in an uncontrolled activation of the canonical 
Wnt pathway and consequent increase in cellular 
proliferation and growth (Fig. 3) [39,40]. On the other 
hand, the non-canonical planar cell polarity Wnt 
pathway activates JNK cascades [41]. The identified 
loss-of-function mutations in the negative regulator of 
JNK pathway, FBXW7, also signify Wnt/JNK 
pathway activation [42]. Furthermore, the activation 
of the PI3K-Akt-mTORC1 pathway has been shown to 
activate the Wnt pathway [43,44]. Thus, activating 
driver gene mutations in PIK3CA identified in 
Wnt-activated medulloblastoma and the inactivating 
mutations in the negative regulator, FBXW7, 
presumably indicate an increased activation of the 
Wnt pathway and a consequent increase in growth 
and survival of the tumor (Fig. 4, S1 Table) [42]. Thus, 
Wnt activation seems to be driven by somatic 
mutations in the majority of cases. 

 IFN-I signaling was enriched in GSEA. 
However, gain-of-function mutations in the negative 
regulator, CTNNB1, and loss-of-function mutations in 
the transcriptional coactivator CREBBP (3.51%) (Fig. 
1) render the signaling inactive [45,46]. Interferon-α 
(IFN-α), a type I interferon, can inhibit the activation 
of β-catenin and the canonical Wnt pathway. This 
induces apoptosis and inhibits proliferation in 
cancerous cells [47]. Therefore, the inhibition of type I 
interferons activates the Wnt pathway.  

Other driver mutations noted in the Wnt- 
subgroup were within the enriched TNF-α signaling 
pathway, which included loss-of-function in EPHA7 
(2.6%) and gain-of-function in CSNK2B (3.5%). EPHA7 
was identified with loss-of-function frameshift 
insertions upstream of its catalytic domain. EPHA7 
encodes the EphA7 protein, which is a transmem-
brane receptor for ephrin A5. The EphA7-ephrinA5 
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complex was shown to recruit tumor necrosis factor 
receptor 1 (TNFR1) to form a multiprotein complex 
and induce extrinsic apoptotic signaling cascades [48]. 
The identified loss-of-function variant in EPHA7 may 
protect against apoptosis-mediated cell death. 
CSNK2B, which is part of the TNF-α/NF-κB signaling 
pathway in Wnt (Fig. 1), was identified with missense 
mutations in our sample. CSNK2B expresses the 

regulatory beta subunit of casein kinase 2 (CK2) 
[49–51] - a negative regulator of caspase activity and 
involved in phosphorylating several substrates that 
regulate the cell cycle [52]. Cell survival is enhanced 
by both CSNK2B gain-of-function mutations and loss 
of function mutation in EPHA7 through the inhibition 
of apoptosis. 

 

 
Figure 1. Enriched pathways in molecular medulloblastoma subgroups. This figure demonstrates the enriched pathways in the molecular medulloblastoma subgroups 
(SHH-activated, Wnt-activated, group 3, and group 4). Green indicates gain-of-function mutations and red suggests loss-of-function. The darker the color, the higher the 
percentage in the sample. An asterisk "*" is used to indicate the enriched pathways (q < 0.05) per subgroup as specified by the GSEA methods.  
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Figure 2. Affected pathways in SHH-activated medulloblastoma. 
Loss-of-function mutations in PTCH1 and SUFU result in activation of the SHH 
pathway. The SCF complex partially degrades Gli2/Gli3 into transcriptional repressor 
forms and completely degrades Gli1 when sequestered by SUFU. Shh ligand binds to 
PTCH1 and releases its inhibition of SMO. SMO activation decreases SUFU 
sequestration, allowing Gli family transcription factors to localize to the nucleus to 
promote downstream SHH transcriptional events. Gain-of-function mutations in 
CUL1 of the SCF complex may promote the ubiquitination of Gli transcription factors 
and result in transcriptional inhibition of downstream SHH activity. In the somatic 
TP53 mutant, TP53 loss-of-function and DYNC1H1 gain-of-function promote 
proliferation of cancer cells. 

 

Group 3 
 The only enriched GO annotations in group 3 

were the catalytic complex (q = 0.00337) and MLL3/4 
methyltransferase complex (q = 0.0134). Genes annot-
ated with the catalytic complex included enzymes for 
hydrolysis, metabolism, histone modification, ATP-
ase, and polymerases. This complex also included 
genes involved in the histone methyltransferase 
complex (MLL3/4) (Supplementary Material: S2 File). 
Mutations in MLL3/4 methyltransferase complex 
genes, KMT2D (6.58%) and histone demethylase, 
KDM6A (3.95%), were mostly inactivating indicating 
the alteration of histone methylation at H3K4 and 
H3K27 sites (S2 Table). By investigating individual 
driver genes we identified novel gain-of-function 
mutations in HIVEP3 (3.95%), which inhibits 
NFκB-mediated and JNK/SAPK- 
mediated responses such as apoptosis and 
pro-inflammatory cytokine gene expression (S2 and 
S3 Tables) [53,54]. 

Group 4 
 The most significantly enriched GO annotations 

were histone modification, posttranslational modific-

ation, and growth (Supplementary Material: S2 File). 
The majority of driver genes involved in histone and 
posttranslational modification were characterized by 
loss-of-function mutations that likely result in 
decreased expression of some gene and altered 
posttranslational modifications. Genes associated 
with growth, however, were mostly characterized by 
gain-of-function mutations that likely increase 
growth. 

 Our list of group 4 mutations included novel 
infrequent driver genes involved in the Wnt and SHH 
pathways. Wnt pathway-related driver genes were 
the Wnt activator MUC16 (2.48%) and the 
calcium-dependent cell adhesion molecule PCDH9 
(2.48%) [55,56]. The SHH-related driver gene is the 
repressor of the canonical hedgehog signaling - 
PTCHD4 (2.48%) [57]. All three driver genes were 
characterized by gain-of-function mutations, which 
may activate the Wnt pathway and inactivate the 
SHH pathway (Fig. 5, S2 and S3 Tables). It is worth 
mentioning, however, that the coding DNA sequence 
for MUC16 is large; thus, the functional significance of 
these mutations may be uncertain as they could have 
accumulated by chance [58]. 

KMT2D: A Shared Driver Gene Mutation in 
Medulloblastoma 

We identified the tumor suppressor gene, 
KMT2D, as a common medulloblastoma driver gene 
in all medulloblastoma subgroups (Fig. 1 and fig. 6, S2 
Table). KMT2D was recently identified as one of the 
frequently mutated genes in lymphoma, medullobla-
stoma, gastric cancer, and Kabuki syndrome [59]. 
KMT2D targets histone H3 lysine 4 (H3K4), whose 
methylations act as a gene activation marker [59]. 
Specifically, group 3 and 4 medulloblastomas had a 
significant enrichment of the pathways that control 
epigenetic modification, which corroborate with 
previous findings [60].  

Patient Demographic and Distribution of 
Driver Gene Mutations in Medulloblastoma 

Our findings for each subgroup are summarized 
in the patient demographic table (S4 Table) and the 
somatic mutation oncoplots (Fig. 7). In the Wnt 
subgroup, all tumors possessed somatic driver 
mutations as identified by our analysis (e.g. CTNNB1). 
Sixty-six percent of SHH-activated medulloblastoma 
had distinguishable somatic driver mutations. Less 
than half of the tumors in groups 3 and 4 had somatic 
driver gene mutations. The oncoplots of Fig. 7 show 
that the percentage of shared driver genes amongst 
the cohort is underwhelming: only 30% of 
SHH-activated tumors, less than 11% of group 3, and 
less than 12% of group 4 tumors have shared driver 
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mutations (in the form of PTCH1, SMARCA4, and 
KDM6A, respectively). This reiterates the value of 
studying these low frequency driving events that 
contribute to the inter-tumor heterogeneity observed 
in medulloblastoma as these are tractable driving 
events for future therapy development. 

Discussion  
Despite being embryonic and early childhood 

tumors, medulloblastomas are rarely driven by 
germline mutations. Embryonic somatic mutations 
and epigenetic alterations commonly occur during 
development and contribute to clonal diversity [61]. 
Accumulation of these mutations – especially in genes 
that regulate cell proliferation, the cell cycle, and 
epigenetic machinery – can contribute to disease and 
result in the clonal expansion of neoplasia [24,61,62]. 
With different bioinformatics approaches, we 
identified putative somatic driver gene mutations in a 
medulloblastoma sequencing cohort of 384 samples 
(Fig. 7 and S4 Table). Our cohort, derived mainly from 
the COSMIC database, has distinct medulloblastoma 
samples that have not been evaluated in a 
comprehensive study (as depicted by the Venn 
diagrams in S1). These samples curated in COSMIC 
have been classified into subgroups by datamining 
the original features from smaller medulloblastoma 
studies [58,63,72,73,64–71]. In addition to somatic 
driver mutations identified previously, our analysis 
reveals low frequency somatic driver mutations and 
describes medulloblastoma inter-tumor heterogen-
eity. The residual disease could be due to subclonal 
diversity that manifests in these low frequency 
driving events. Using this comprehensive medullo-
blastoma cohort, we decode these somatic driver gene 
mutations. 

Our results of the SHH subgroup pinpointed 
cases of somatic mutations that antagonize the SHH 
pathway. CUL1, a member of the SCF complex that 
may inhibit Gli family transcription in the SHH 
pathway, was identified with a missense mutation in 
1.54% of patients. Here we found that the missense 
mutation in CUL1 was independent of the variants of 
PTCH1, SUFU, and SMO that activate the SHH 
pathway. If this is a bona fide activating mutation in 
CUL1, this would suggest cases of SHH signaling 
hindrance may be present within the SHH molecular 
subgroup. Another study reported a higher frequency 
of FBXW7 variants (6.87%) but these variants included 
nonsense and splice site mutations [59]. While in our 
study gain-of-function mutations of FBXW7 was 
identified in SHH medulloblastoma, other data 
suggest FBXW7 loss-of-function mutations. The 
ubiquitin-proteasome system can drive tumor 
development by elevated degradation of tumor 

suppressors or impaired destruction of oncoproteins 
[74]. Most SCF-FBW7 substrates are proto-oncogenes 
that can create chromosomal instability when not 
degraded [75,76]. As an example, FBXW7 degrades a 
master transcription factor regulator of stem cell 
development, SOX9 [77]. Gain-of-function mutations 
of FBXW7 may prevent SOX9 from promoting 
migration, metastasis, and resistance to treatment. 
The function of these missense mutations in FBXW7 is 
controversial and is worth further investigation. 

Proliferation inducing somatic mutations that 
directly or indirectly activate the Wnt pathway were 
present in our Wnt-activated medulloblastoma 
samples. Previous reports have shown that the 
interaction between PI3K/Akt and Wnt pathway is 
crucial for tumor survival [78]. Here, we demonstrate 
that Wnt pathway activation was enabled specifically 
by activating PIK3CA mutations in addition to 
β-catenin mutations. We found driver gene mutations 
in PIK3CA not only occur in Wnt, but also in SHH and 
group 4 subgroups. Furthermore, the upregulated 
expression of IFN-I could be an antiviral response 
induced by cytomegalovirus (CMV) and this is a rare 
event in the Wnt subgroup [79]. However, our results 
showed that IFN-I signaling is significantly inhibited 
by somatic driver gene mutations, indicating a 
potential immune evasion [80,81]. 

 

 
Figure 3. The consequences of driver gene mutations in canonical Wnt 
signaling. Canonical Wnt activation results in CTTNB1 accumulation by inhibiting 
the destruction complex through phosphorylation of GSK3β. Activation of Akt from 
the PIK3CA/Akt pathway also enhances the phosphorylation of GSK3β, which in turn 
inhibits the phosphorylation and proteosomal degradation of CTNNB1. This permits 
CTNNB1 to enter the nucleus and activate transcription of Wnt responsive genes. 
FBXW7 loss-of-function mutations may enhance Wnt activation through CTNNB1 
accumulation.  
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Figure 4. “20/20” rule classification of driver genes in medulloblastoma subgroups. The percent of patient tumors affected by candidate driver gene mutations 
alongside the methodology q value that determined the candidate driver. The “20/20” rule classification of driver genes into tumor suppressors (TSG), oncogenes (OG), or not 
classified (NC) is represented as red, green, or yellow colored boxes for the percent of patients affected column. A column of q values is displayed for the methods that identified 
candidate driver gene mutations. Brownish-yellow to red boxes represent significant driver gene mutations (q < 0.1 for OncodriveCLUST, q < 0.05 for others) identified by the 
method. Blue boxes represent q values that were not available or not significant. Rows of purple boxes represent candidate driver genes identified by the “20/20” rule only found 
in three or more patient tumors. 
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Figure 5. Affected pathways in group 4 medulloblastoma. The SHH pathway 
is inactivated and Wnt pathway is activated for group 4. Gain-of-function mutations in 
MUC16 can result in activation of the Wnt pathway by enhancing the transcriptional 
activity of CTNNB1. PCDH9 gain-of-function mutations can activate GSK3β and 
suppress Akt, however, the effect was unable to suppress the Wnt/β-catenin 
signaling. In the SHH pathway, gain-of-function in PTCHD4 leads to greater inhibition 
of SMO that can result in repressed transcription of SHH response genes. 

 
Components of the TNF-α signaling pathway, 

EPHA7 and CSNK2B, are putative drug targets for the 
Wnt subgroup. EPHA7, an Eph/ephrin gene family 
member, was identified with loss-of-function frame-
shift mutations that potentially alter the intracyto-
plasmic domain containing the catalytic and sterile 
alpha motif (SAM) domains. Eph/ephrin gene 
families regulate cerebellar development during 
embryogenesis and were implicated in regulating 
apoptosis after birth [48,82]. Thus, the frameshift 
insertion upstream of the EPHA7 catalytic domain 
may protect against caspase-mediated death by 
causing a failure in the recruitment of TNFR1 by the 
EphA7-ephrinA5 complex [45]. CK2, expressed by 
CSNK2B, is a negative regulator of caspase activity 
and phosphorylates many substrates in the cell cycle 
[52]. Inhibition of CK2 phosphorylation events result 
in the sensitization of TRAIL-induced apoptosis 
[83,84], and its activation increases cell survival 
through the NF-κB pathway [85–89]. This corrobo-
rates an anti-apoptotic role for CK2 and indicates that 
gain-of-function of CK2 through missense CSNK2B 
mutations likely promotes cell survival. Northcott et 
al. also observed EPHA7 mutations in 8% and 
CSNK2B mutations in 14% of Wnt; however, EPHA7 
was not determined as a loss-of-function driver gene 
mutation in this study [60]. Both EphA7 and CK2 can 

be potential drug targets in the Wnt-activated 
subgroup. 

 We have identified a novel molecular 
mechanism that could explain group 3 metastatic 
potential and uncovered limitations of group 4 
classification. Novel and infrequent driving gain-of- 
function mutations were identified in the inhibitor of 
pro-inflammatory cytokines, HIVEP3 in group 3 (S2 
and S3 Tables). These activating mutations 
corroborate with a previous report showing an 
immunosuppressive phenotype, whereby mouse 
myeloid-derived suppressor cells infiltrated 
patient-derived group 3 medulloblastoma xenografts 
[10]. Although this HIVEP3 mutation is not very 
common (3.95%), this could indicate that in addition 
to aberrant regulation of epigenetic modification, the 
aggressiveness in this subgroup may also be driven 
by immune suppression in certain cases or subclones. 
In addition to the altered regulation of epigenetic 
modification, groups 4 had infrequent driving 
mutations that may result in Wnt pathway activation 
(MUC16 and PCDH9) but SHH pathway inhibition 
(PTCHD4). PCDH9 was shown to activate GSK3β and 
suppress Akt and ERKs activity, but unlike other 
protocadherins was unable to suppress the 
Wnt/β-catenin signaling [90]. A protocadherin that 
was unable to inhibit Wnt/β-catenin signaling but 
actually activates it was PCDH11Y [91,92]. Thus, 
whether PCDH9 only lacks the ability to inhibit the 
Wnt/β-catenin signaling or has an activating effect 
remains to be investigated. PCDH9 has not been 
reported as a driver in medulloblastoma before, 
whereas PTCHD4 and MUC16 mutations have been 
previously mentioned but not in the context of driver 
gene mutations [60]. Although transcriptional 
profiling and immunohistochemistry may be 
sufficient to accurately subgroup medulloblastoma 
patients, the intra-subgroup heterogeneity observed 
at the level of somatic driving events and the 
infrequent driving events in certain subgroups urge 
the need for further studies with deep sequencing. 

 Due to the limitations of sequencing coverage 
from tumors [11], variants that were confidently 
identified are major clonal events or mutations shared 
within the same tumor. Although these clonal driving 
events exist, there is still a striking heterogeneity of 
driver mutations within the same subgroup, 
especially in group 3 and 4 tumors. Roughly 20% of 
group 3 and 4 tumors cannot be assigned a single 
shared driving event, suggesting that the currently 
defined medulloblastoma subgroups are not able to 
capture the heterogeneous molecular substructure 
[60]. Additionally, these genetic alterations could be 
restricted to subclones at certain regions within the 
tumor [26]. Through a deep sequencing study of 
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Wnt-activated medulloblastoma, the primary Wnt 
molecular subgroup also had secondary SHH 
activation within the subclones [11]. Further 
complicating this picture is the heterogeneity of the 
epigenetic landscape. A total of 12 DNA methylation 
subtypes associated with distinct genetic alterations 

were proposed to refine this molecular substructure 
[60,93]. There are some patients that do not have 
driving events associated with these DNA 
methylation subtypes for group 3 and 4 tumors 
warranting further investigation [60].  

 

 
Figure 6. Protein domain graphs of KMT2D and TP53. Protein domain graphs (PDGs) of KMT2D in medulloblastoma subgroups, and TP53 in Wnt and somatic TP53 
mutant SHH medulloblastoma. Mutations on the PDG are color-coded based on the variant classification of the mutation: bright red for frameshift deletions/insertions, dark red 
for nonsense mutations, pink for splice-site mutations, blue for nonstop mutations, green for missense mutations, and light green for in-frame deletions/insertions. Although 
certain mutations like TP53 in Wnt have only missense mutations, they were less than 20%, which rendered TP53 unclassified. 
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Figure 7. Oncoplots of somatic driver genes in each subgroup. Panels a), b), c) and d) are oncoplots of the putative somatic driver mutations for SHH-activated, 
Wnt-activated, group 3, and group 4 medulloblastoma, respectively. The gene names are the somatic driver mutations found to be significant in each subgroup from the analysis. 
The percentages on the left represent the percentage of patients with the somatic driver gene mutated. Each column represents a patient in the cohort, and each mutation type 
for a patient is represented by the colors in the legend. 

 
In summary, revealing the infrequent somatic 

driving events will describe the genetic architecture of 
pediatric brain tumors leading to a deeper 
understanding of the molecular mechanisms driving 
these tumors. This study of low frequency driver 
genes suggests the need for single cell approaches in 
medulloblastoma to identify subclones in the primary 
tumor that are contributing to tumor heterogeneity 
and residual diseases. These driver gene mutations 
may serve as novel therapeutic targets. In the future, 
to fully characterize these mutationally “quiet” 
tumors [94] we must further investigate cancer 
evolution, epigenetic regulation through histone 
modifiers, structural variation, non-coding RNA, and 
other regulatory mechanisms. By understanding this 
dysregulated landscape of events in the tumor, we can 
aide in the development of therapy for the treatment 
of these devastating diseases that relapse in children. 

Materials and Methods 
Retrieving COSMIC data and formatting 

Medulloblastoma somatic coding mutations 

were retrieved from the COSMIC complete coding 
mutation database (v79) [95]. Formatting, data 
handling, and analysis were performed in the 
statistical coding environment of R [96]. Ensembl gene 
IDs as well as Entrez gene IDs were added to the 
COSMIC coding mutations and duplicated associated 
gene names (such as MLL2 and KMT2D) were 
corrected using the BioMart-Ensembl database 
version 86 [97]. Using COSMIC mutation IDs, variant 
call format (VCF) information from the COSMIC 
server was retrieved for the medulloblastoma 
samples. The GRCh38/hg38 coordinates VCF files 
were annotated with the genetic variant annotator 
ANNOVAR for variant classification and functional 
score prediction [98]. The respective ANNOVAR 
outputs were then appended to the original COSMIC 
coding mutations through the COSMIC mutation IDs 
to create a master file containing both COSMIC data 
and ANNOVAR annotations. The master file attached 
in the supporting information (Supplementary 
Material: S3 File) were used for subsequent analysis 
through algorithms and packages listed below. 
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Mutation annotation format (MAF) files necessary for 
the maftools, and SomInAClust packages in R were 
constructed from the information in the master file. 
All tools were run in default mode using instructions 
provided by the developer. Unknown or unlisted CDS 
mutations with no VCF information nor variant 
classifications were discarded in the analysis to 
determine candidate driver genes (DGs) of the 
medulloblastoma samples.  

COSMIC data downloaded from the medullobl-
astoma samples contained histological classifications 
of the samples and did not include the current 
molecular subgroups, such as the groups 3 and 4 
subgroups found in medulloblastoma. Due to 
COSMIC being a literature-curated database, clinical 
data was mined from the original studies and was 
used to identify the COSMIC data with the current 
molecular subgroup schema [58,63,72,73,64–71]. The 
“Sample.name” in the COSMIC data is the sample 
identifier used in the referenced studies which had the 
molecular subgroup classifications of the data. The 
molecular subgroup classifications corresponding to 
the matching “Sample.name” were combined with the 
prior medulloblastoma samples classified as Wnt or 
SHH subgroup by COSMIC. These molecular 
classifications appear in the “Molecular.Subgroup” 
column of S2 Table. The COSMIC mutation data had 
only 94 tumor samples that were classified as either 
Wnt or SHH from the total 937 medulloblastoma 
tumor samples. Using the classifications from the 
original studies yielded 114 Wnt, 73 SHH, 76 group 3, 
and 121 group 4 tumor samples as shown in the 
clinical file of this study. The SHH subgroup was 
further divided into eight samples with somatic TP53 
mutations and 65 wildtype SHH samples. The 
remaining 553 samples were classified only by their 
histology or were not specified, and thus were 
discarded from the analysis.  

Overview of putative driver genes by somatic 
mutation analysis 

Multiple open source software packages in R 
available through platforms such as Bioconductor 
were used to determine the putative driver genes of 
the medulloblastoma samples from the COSMIC 
mutation data. SomInAClust, OncodriveFM, and 
OncodriveCLUST were used to analyze the somatic 
mutation data through mutation frequency, mutation 
pattern, functional impact, and other measures 
described by the authors of each package. Each 
package was used on the somatic mutation data for 
tumors from each medulloblastoma subgroup 
separately to determine candidate driver genes. In 
addition to these packages, all protein affecting 
mutations were classified by the “20/20” rule for the 

medulloblastoma subgroups. Candidate driver genes 
also included mutations that were classified by the 
“20/20” rule and were determined to affect at least 
three tumor samples for each embryonal brain tumor 
subgroup. The SHH wildtype, group 3, and group 4 
medulloblastoma subgroups had these candidate 
drivers determined by the “20/20” rule alone. 
Eighty-four unique candidate driver genes were 
found in both primary histologies of the embryonal 
brain tumors, and the q values of candidate driver 
genes for each subgroup detected by each method is 
shown in the supplemental heatmap of all techniques 
(Supplementary Material: S4 File), as well as Fig. 6. 

SomInAClust 
SomInAClust is an R package that uses a 

mutation pattern and frequency based approach to 
scoring nonsynonymous mutations as tumor 
suppressor genes (TSGs) or oncogenes (OGs) [99]. The 
SomInAClust package used was updated to use the 
COSMIC v79 database MAF for its scoring protocol. 
The necessary TCGA equivalent MAF fields 
(Hugo_Symbol, Start Position, Variant_Classification, 
Tumor_Sample_Barcode, c_position_WU, amino_ 
acid_change_WU) were constructed from the 
COSMIC master files of the medulloblastoma 
samples. As we were not working with TCGA data, 
the Tumor_Sample_Barcode field was simply the 
COSMIC ID_Tumour. ID_Tumour was used as it was 
the unique identifier for the tumor samples since each 
patient may have multiple tumor samples 
characterized in a study. Driver genes were selected 
on a q ≤ 0.05 cutoff and a TSG/OG score ≥ 20 as 
recommended by the authors [99].  

OncodriveFM  
OncodriveFM uses protein functional impact of 

the mutations using scores from three established 
methods (SIFT, PolyPhen2, and Mutation Assessor) to 
determine driver gene variants [100]. The 
accumulation of high functional impact variants 
across the tumor sample is the indicator for candidate 
driver genes by OncodriveFM. SIFT, PolyPhen2, and 
Mutation Assessor scores were assigned through 
ANNOVAR annotations of the VCF data. Missing 
SIFT, PolyPhen2, and Mutation Assessor scores were 
adjusted using an optimization from the authors: 1, 0, 
and, -2 were given to silent mutations and 0, 1, and 3.5 
for nonsense or frameshift mutations respectively. 
Driver genes were significant only with a q ≤ 0.05 
cutoff as recommended by the authors. 

OncodriveCLUST 
OncodriveCLUST identifies genes whose 

mutations are clustered in specific positions of the 
encoded protein against a baseline of synonymous/ 
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coding silent mutations [101]. This clustering is 
especially common within oncogenic mutations [102]. 
The maftools package was used to implement the 
OncodriveCLUST algorithm in our somatic mutation 
data for medulloblastoma subgroups [103]. An FDR 
cutoff of q ≤ 0.1 with the minimum mutations set to 3 
and the z-score p-value method was used to identify 
candidate driver genes by the OncodriveCLUST 
algorithm. 

SomInAClust classification and the “20/20” 
rule role assignment  

The driver genes found were assigned a 
subgroup level classification as either an oncogene 
(OG), tumor suppressor gene (TSG), or were not 
classified (NC). This classification of the driver genes 
resulted from the SomInAClust algorithm. Drivers 
determined by the other packages were classified by 
the “20/20” rule role assignment [102]. Genes were 
classified as oncogenes if > 20% of the recorded 
mutations in a gene are at recurrent positions and 
were activating. Similarly, genes were classified as 
tumor suppressors if > 20% of the recorded mutations 
were truncating or inactivating. The activating 
mutations for a gene were defined as missense 
mutations at the same amino acid or identical 
in-frame insertions or deletions. Inactivating 
mutations included nonsense mutations, frameshift 
insertions, frameshift deletions, splice-site mutations, 
or nonstop mutations. When a gene had > 20% 
oncogenic mutations but > 5% truncating mutations, 
it was classified as a tumor suppressor gene because 
well-studied oncogenes rarely harbor truncating or 
inactivating mutations. Calculations of the TSG and 
OG ratios were performed by coding in R. The 
“20/20” rule classification is shown in S2 Table for 
each candidate driver gene, and the amount for each 
type of mutation is displayed in S1 Table. It goes 
without saying that all of these classification results 
were also supplemented by individual study of the 
protein domains that were affected by the mutations 
as well as pathway analysis.  

Pathway analysis for subgroups 
To determine the significantly affected 

pathways, list-based gene set enrichment analysis 
(GSEA) was performed on the set of driver genes 
determined from the somatic analysis for each 
embryonal brain tumor subgroup. ToppGene and 
gProfiler were both used to implement the GSEA to 
determine enriched GO annotations as well as 
pathways [104,105]. For ToppGene, GO annotations 
and pathways included those that met the q ≤ 0.05 
FDR Bonferroni cutoff [58,106]. The pathway data 
used consisted of BioCarta, REACTOME, KEGG, GO 

classifications, and other pathway databases provided 
by ToppGene. gProfiler was used to furnish similar 
KEGG pathway and GO annotations, with enriched 
pathways selected by the native g:SCS method when 
q ≤ 0.05. After the significant gene sets were 
determined by ToppGene and gProfiler, the 
percentage of patient tumors affected by each 
enriched gene set was calculated. This total gene set 
percentage was used to sort enriched gene sets by 
their impact on the tumor subgroups. Some of the 
significant gene sets were merged into broader 
classifications to illustrate trends in the data. The 
entire quantified enriched classification file with 
original classifications including all q values for each 
subgroup is in the Supplementary Material: S2 File. 

Protein domain graphs 
Protein domain graphs (PDGs) of the selected 

driver genes were drawn using the Lollipop plot 
mutation diagram generator in maftools [107]. This 
program uses Pfam API and UniProt REST API to 
build its PDGs. Mutations on the PDG are color-coded 
based on the cBioPortal variant classification of the 
mutation, and the height of the stem is a measure of 
the number of mutations at the amino acid position 
for a PDG. 
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