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ABSTRACT

Medulloblastoma (MB) is a chiefly pediatric cancer of the cerebellum that has been studied
extensively using genomic, epigenomic, and transcriptomic data. It comprises at least four
molecularly distinct subgroups: WNT, SHH, Group 3, and Group 4. Despite the detailed
characterization of MB, many disease-driving events remain to be elucidated and
therapeutic targets to be nominated. In this thesis, we describe three studies that contribute
to a better understanding of this devastating disease:
First, we describe a study that aims to fully describe the genomic landscape in the largest
medulloblastoma cohort to date, using 491 sequenced MB tumors and 1,256 epigenetically
analyzed cases. This work describes subgroup-specific driver alterations including
previously unappreciated actionable targets; and, based on epigenetic data, identifies
further heterogeneity within Group 3 and Group 4 tumors.
Second, we focus on the proteomes and phospho-proteomes of 45 medulloblastoma
samples. We identified distinct pathways associated with two subsets of SHH tumors that
showed robustly distinct proteomes, but similar transcriptomes, and found post-
translational modifications of MYC that are associated with poor outcomes in Group 3
tumors. We also found kinases associated with subtypes and showed that inhibiting
PRKDC sensitizes MYC-driven cells to radiation. This study shows that proteomics
enables a more comprehensive, functional readout, providing a foundation for future
therapeutic strategies.
Third, we characterize the metabolomic space of MB on largely the same 45 tumors as
used in the proteome-focused study. Here, we present preliminary insights from derived
from integrative network and other analyses. We find that MB consensus subgroups are
preserved in metabolic space, and that certain classes of metabolites are elevated in MYC-
activated MB. We also show that, similar to other cancers, a previously described gain-of-
function mutation in IDHJ may cause elevated 2-hydroxyglutarate levels in MB.
The work described in this thesis significantly enhances previous knowledge of
medulloblastoma and its subgroups, and provides insights that may aid in the development
of medulloblastoma therapies in the near future.

Thesis Supervisor: Ernest Fraenkel
Title: Professor of Biological Engineering
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Chapter I:
Introduction

This chapter introduces medulloblastoma as well as any major types of molecular data that

were used in our studies. At the end, I give a brief overview of the contents of the following

chapters.

1. Medulloblastoma

Medulloblastoma (MB) is a cancer of the cerebellum that predominantly affects infants

and children but is also occasionally diagnosed in adults. It is considered a rare disease

with an incidence rate of only approximately 0.74 cases per 100,000 people per year

accounts, and overall accounting for about 10% of childhood brain tumors (Archer et al.,

2017; Skowron et al., 2015). MB occurs slightly more frequently in men than women (1.5:1

ratio male:female). In the majority of cases, medulloblastoma is associated with a relatively

good prognosis: the overall survival rate is approximately 80% but varies significantly (20-

95%) depending on factors such as metastatic status, patient age, and molecular disease

signature. Even though the overall prognosis is on average very promising, survivors

generally suffer from long-term side effects, leaving them often unable to live independent

lives. This is in part due to the standard treatment, which generally involves maximal

surgical resection, craniospinal irradiation, and chemotherapy. For patients younger than

three years of age, radiotherapy is deferred and chemotherapy is applied until the patient is

three years old (Lassaletta and Ramaswamy, 2016). Radiotherapy, as well as aggressive

chemotherapy, can have detrimental effects on the developing brain, causing severe

developmental, neurological, and psychosocial deficits. While this cancer has been studied

extensively, targeted therapies that are routinely and successfully used in the clinic are still

lacking.
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Medulloblastoma was first described as a separate type of neoplasms of the brain in 1925

(Bailey, 1925). Despite little progress towards a better management and understanding of

this tumor over the following decades, it was discovered that MB, much like many other

cancers, is not a single disease, but rather a collection of diseases with similar localization,

but varying cellular presentation. Pathologists distinguish between MB tumors of classic,

desmoplastic (or desmoplastic-nodular), large-cell-anaplastic, and medulloblastoma with

extensive nodularity (MBEN) cellular organization. Stratification based on these classes

remains a routine step in diagnosing medulloblastoma in the clinic to this day even though

various more robust molecular classification strategies were first suggested more than 10

years (Kool et al., 2008; Thompson et al., 2006) and the research community agrees on a

consensus of four molecularly distinct subgroups since 2012 (Taylor et al., 2012).

However, even though a lot is known about the molecular details of these diseases,

subgroup-specific treatments are still largely limited to adjustments of irradiation

protocols. Chemotherapeutic agents targeted at individual subgroups are lacking (with

exception to SHH pathway inhibitors; SMO inhibitors in particular) and, although there

are certain subgroup-markers available that could be used in the clinic, tumor stratification

is still largely based on clinical features, tumor histology, and associated patient risk

assessment.

1.1. A Brief History of Medulloblastoma Subgroups

Before the currently used consensus subgroups of medulloblastoma were defined, at least

four different stratification systems based on molecular data were proposed in the literature

(Cho et al., 2011; Kool et al., 2008; Northcott et al., 201la; Thompson et al., 2006). Since

these studies suggested largely similar subgroups with overall minor differences, general

agreement was found in four high-level consensus subgroups (Taylor et al., 2012): WNT,

SHH, Group 3, and Group 4. These groups were largely defined based on shared genomic

aberrations and similarities in transcriptional signatures and DNA Methylation patterns,

but also showed some overlap with histological definitions and clinical features (Figure 1).
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Most strikingly, WNT and SHH subgroups were described as distinct entities across all

four studies (yet varying names). Both these groups were named after the pathways

believed to drive these tumors (WNT signaling and SHH signaling, respectively). Group 3

and Group 4 remained without a descriptive name due to a lack of knowledge about what

drives these more heterogeneous subgroups.

Since these four subgroups were defined in 2012, these labels have become the gold-

standard in medulloblastoma research. However, some of the finer-grained groups

described in the pre-consensus studies remain relevant. For example, Cho, et al. performed

clustering analyses on transcriptomic data from 194 primary MB tumors which suggested

that medulloblastoma consists of six groups (cl-c6) (Cho et al., 2011). While the

definitions of c3 and c6 overlap with the SHH and WNT subgroups, respectively, the

remaining groups are summarized into two subtypes in the current consensus: cl and c5

into Group 3, and c2 and c4 into Group 4. These differences are likely to play an important

role in the functional aspects of these different kinds of tumors. For example, it is known

that group c 1 describes the most aggressive Group 3 tumors, while c5 appears to label

Group 3 tumors that share some similarities with Group 4. Similarly, Groups 3 and 4 were

split across as three clusters of samples in another one of the pre-consensus studies (Kool

et al., 2008), lending further support for more similarity between these two groups

compared to WNT and SHH, but also heterogeneity within the spectrum Group 3/4 tumors.

In 2016, the molecular definition of MB subgroups was finally included in the World

Health Organization's (WHO) definition of medulloblastoma (Louis et al., 2016). Until

then, the WHO classified MB tumors solely base on histological presentation, despite the

wide acceptance of the more robust consensus subgroups. While the histology-based

classes remain in the active WHO vocabulary (classic, desmoplastic/nodular, with

extensive nodularity (MBEN), large cell/anaplastic (LCA)), they now also offer an

additional genetically defined classification which is based on the consensus subgroups:

WNT-activated, SHH-activated, and non-WNT/non-SHH. SHH-activated contains TP53

wild-type and TP53 mutant as subclasses; non-WNT/non-SHH contains Group 3 and
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Group 4 as subclasses. This update has been a critical step towards an application of the

molecular classification in the clinic as molecular techniques and profiling methods

become more routinely available and affordable across the world.

In more recent years, work on larger sample cohorts confirmed the heterogeneity within

medulloblastoma groups that previous studies described. For example, Schwalbe et al.

(2017) performed DNA methylation profiling on a discovery cohort of 428 tumors as well

as on a validation cohort of276 tumors and found two groups within each of SHH, Group 3,

and Group 4. While their SHH groups largely split by age (infant vs non-infant), Group 3

and Group 4 were classified based on ten-year survival data and consequently suggested

low- and high-risk groups in each (Schwalbe et al., 2017). As expected considering

previous work, the high-risk patients frequently harbored MYC (Group 3) or MYCN

(Group 4) amplifications. Another study used an even larger cohort (763 MB samples) and

found 12 overall medulloblastoma groups based on DNA methylation and transcriptomics

data (Cavalli et al., 2017): 2 within WNT, 4 within SHH, 3 within Group 3, and 3 within

Group 4. While this demonstrates that increased sample numbers enable the possibility for

a more fine-grained split of groups that with potentially limited clinical utility, there is

certainly value in describing and understanding the heterogeneity of this type of tumor as

it may elucidate more therapeutic targets. Strikingly, across all large-scale studies

published thus far, the current consensus grouping remains accurate and relevant.

Researchers believe that the difference in medulloblastoma subgroups is partly caused by

differences in cells of origin between subgroups (Hatten and Roussel, 2011), a hypothesis

that is supported by a recent study (Wang et al., 2015) in which the authors found

agreement in the molecular signatures of primary tumors and their metastases. Where

known, the cells of origin were proposed by mapping transcriptional profiles of primary

tumors to expression signatures of specific cell types in developing mouse cerebella. WNT

tumors are thought to originate from lower rhombic lip progenitor cells and SHH and

Group 3 from different kinds of Cerebellar Granule Neuron Precursors (CGNPs). The

cellular origin of Group 4 tumors remains unclear.
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A general trend across subgroups is that recurrent mutations across patients are very rare

(generally <10%), with few exceptions. Focal copy number alterations and chromosomal

aberrations are more common with a preference in some subgroups over others. More

devastating chromosomal changes, as seen frequently in Group 3 medulloblastomas, are

believed to be caused by chromothripsis events. Below, we provide a more detailed

description of each MB subgroups and currently known subtypes within those groups. We

also present information about clinical trends, the common genomic alterations, and other

relevant subgroup-specific details. A summary of these facts can be found in Figure 1.

WNT S]III Group 3 Group 4

Predominant age groups
% of MBs
Sex ratio (M:F)
Five-year survival
Metastases at diagnosis
Histology (in order by freq.)

Proposed cell of origin

Common broad CNAs

Common focal CNAs

Common mutations

Expression signature

Further grouped based on...

children, adults
10%
1:1

95%
5%

Classic

Lower Rhombic Lip
Progenitor Cells

Monosomy 6

CTNNBI, DDX3X
SMARCA4

WNT-activated

infants, children
25%
2:1
50%
40%

Classic, desmopl./nodular. Classic, LCA
LCA, MBEN
CGNPs of the EGL and CGNPs of the EGL;
cochlear nuclea; neural Prominin 1, lineage
stem cells of the SVZ neural stem cells
Loss of chr. 9q, 10q, 17p il7q; Gains of 1q, 7, 18;

Loss of chr. 8. 10. 11, 1
:Gains of MYCNI GL2 Gains of MYC, OTX2

PTCHJ, TER T (promoter) SMARCA4, KJT2D
SMO, TP53, SUFU,
DDX3X
SHH-activated MYC-signaling, retinal,

and GABAergic
MYC-activation/risk

children, adults
35%
3:1

75%
35%

Classic

il7q; Gains of 7q, 18q;
Loss of 8p, Ip, X
Gains of SNCAIP, MYCN,
CDK6
KDM6A, KMT'2C

Neuronal and
glutamatergic
MYCN-ampl.risk

Figure I-1. Overview of clinical, genomic, and transcriptomic features for each consensus

subgroup of medulloblastoma. This figure was inspired by and compiled based on information

from Northcott et al. (2012b) and Ramaswamy and Taylor (2017). Abbreviations: M, male; F,

female; freq., frequency; desmopl., desmoplastic; LCA, large-cell anaplastic; MBEN,

medulloblastoma with extensive nodularity; CGNP, cerebellar granule neuron precursors; EGL,

external granule layer; SVZ, sub-ventricular zone; CNA, copy number alteration; chr.,

chromosome; i I 7q, iso-chromosome I7q.
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1.2. WNT

With only about 10% of cases, WNT is the rarest subgroup and male and female patients

are affected in approximately equal numbers. WNT tumors mostly occur in pediatric and

adult patients and are very uncommon in patients under five years of age. Metastases in

these tumors are seen rarely (5%), which is, in part, why this subgroup has the best

prognosis (95% of patients will survive) compared to other medulloblastomas. Monosomy

of chromosome 6 as well as somatic mutations in beta-catenin (CTNNBJ) and the DEAD-

box helicase DDX3X are very reliable markers for WNT subgroup tumors and contribute

to the WNT gene expression signature. WNT/beta-catenin signaling plays an important

role in embryonal development, including axes-patterning and cell migration, and is

involved in regulating neuronal maturation and synapse formation. The pathway is

activated by WNT ligands that bind to Frizzled receptors which use CTNNBI to send

signals to the nucleus. In WNT medulloblastomas, mutations in CTNNB] promote

stabilization and nuclear localization of beta catenin. DDX3X mutations commonly affect

the DEAD-motif (Asp-Glu-Ala-Asp) and are believed to alter the RNA binding capacity

and preferences of the protein rather than disabling it. It has been proposed that WNT

tumors may also have a better prognosis in part due to the lack of a functioning blood brain

barrier, allowing chemotherapeutics to more readily diffuse into the cancerous tissue

(Phoenix et al., 2016).

1.3. SHH

Sonic hedgehog (SHH) tumors account for approximately a third of medulloblastoma cases

and show a slight predominance in male patients (1.5:1 ratio male:female). Curiously, the

age distribution is bimodal, with similar numbers of cases diagnosed in infants and adults,

but very few in children. Metastases are seen in up to 20% of patients. This subgroup shows

a SHH signaling transcriptomic signature due to frequent mutations in negative regulators

of this pathway. This includes common somatic and germline mutations in PTCH1 or

SUFU, as well as focal gains of MYCN and GLI2. Additionally, somatic single nucleotide
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variations (SNVs) are frequently seen in TERT (promoter region), KMT2D, and SMO.

Diverse cytogenetic aberrations are more common than in the WNT subgroup. The most

frequent chromosomal alterations include, but are not restricted to, deletions on 9q, l0q,

and l7p. Tumors are believed to form due to an overstimulation of the GLI2 transcription

factor by SHH glycoproteins and overexpression of GL12 targets, leading to an

uncontrolled proliferation of granule cells. The activation of the PI3K/mTOR pathway due

to mutations in PI3K and PTEN is an alternative way of GLI2 stimulation observed in some

tumors.

The WHO's most recent central nervous system tumor classification update divides SHH

into two groups based on TP53 mutation status. This distinction is made as TP53 mutant

SHH patients have a significantly lower rate of five-year survival (40%) than their wild-

type counterparts (80%). Due to its role in DNA damage checkpoint control and repair, as

well as apoptosis, TP53 status needs to be taken into account when radiotherapy is

considered. This particularly applies to patients with Li-Fraumeni Syndrome, a hereditary

autosomal disease caused by a germline mutation in TP53, that predisposes patients to

developing cancers (Archer et al., 2017; Tchelebi et al., 2014). Recent studies based on

large cohorts of MB tumors also found heterogeneity within SHH. While some of this

heterogeneity was explained by differences in patient ages (Schwalbe et al., 2017), others,

including our work (Chapter III and Archer et al., 2018) found clusters of SHH samples

that showed differences that appear to be more functional in nature (Cavalli et al., 2017).

1.4. Group 3

With about 25% of medulloblastomas, Group 3 tumors are slightly less frequent than SHH

tumors. They are about twice as commonly seen in men than in women and are most

common in infants and young children. Group 3 MBs have the worst prognosis compared

to other subgroups with, on average, only about 50% of patients surviving the disease,

partly due to the high frequency of metastases (40% of cases). While the consensus

stratifcation system defines the Group 3 subgroup as a single disease, different expression-
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and (epi-)genomics-based analyses suggest clinically relevant heterogeneity within

Group 3 tumors (Cavalli et al., 2017; Schwalbe et al., 2017), including the cl-c6

stratification system proposed by researchers at the Broad Institute (Cho et al., 2011) that

found Group 3 tumors split into group of tumors with photo-receptor gene expression

signature (c5) as well as a MYC-activated group (cl). It is believed that focal MYC

amplifications are responsible for MYC activation in these tumors; however, this does not

help explain all cl cases in this study. This split is of particular clinical interest as cl

patients have the worst prognosis (20%) compared to c5 (70%) as well as all other

subgroups. Focal CNAs are very common in Group 3 tumors, including, frequent loss of

chromosome 17q (often accompanied by a gain in 17p) and gains in 1q. Mutations are

commonly found in SMARCA4 and KMT2D. A stabilizing MYC-PVT] fusion was found

in some of these tumors giving rise to another possible explanation for sustained MYC

activation. Amplifications of the OTX2 transcription factor are also common and generally

mutually exclusive with MYC amplifications. A common feature of c5 tumors are

GABAergic (or GABA-modulating) effects. GABA (gamma-aminobutyric acid) is an

important neurotransmitter that inhibits neuronal excitability in the mature central nervous

system, but was also proposed to have an excitatory role in the developing brain and only

take on its inhibitory role after the brain has fully developed. Tumors classified as c5 also

share some gene expression similarities with Group 4 medulloblastomas.

1.5. Group 4

Group 4 medulloblastomas affect male patients up to three times as often as female patients

and are usually found in children. It is the most common subgroup, affecting about 35% of

patients. While metastases are almost as frequent (up to 35%) as in Group 3, the overall

survival rates are much better (75%). The most common cytogenetic alterations in these

tumors are the occurrence of isochromosome 17q, an abnormal chromosome with two

identical chromosome arms fused at the centromere, and loss of chromosome X in 80% of

female patients. SNVs are rare in this subgroup. KDM6A, a histone 3 lysine 27 demethylase

is the most commonly mutated gene. SNCAIP, MYCN, and CDK6 are found to be
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recurrently amplified, however in only a relatively low fraction of samples (<10%). Similar

to Group 3 medulloblastomas, previous studies report heterogeneity within this subgroup.

Cho et al. (2011) described two groups within Group 4: c2 and c4. Tumors of type c2 show

a neuron-like and glutamatergic expression signature, while c4 tumors are more vaguely

defined to have a mixed neuronal expression signature. While these two subtypes are very

similar on the transcriptomic level, systematic differences can be seen at the DNA level.

Specifically, c4 showed overall more genetic lesions than c2. This includes frequent MYCN

gains as well as chromosomal aberrations not seen in c2, but associated with other MB

subgroups.

1.6. Clinical Management of Medulloblastoma

Despite a detailed understanding of the molecular characteristics of medulloblastoma and

the inclusion of molecular subgroups in the WHO's definition of the disease, clinical risk

stratification and treatment selection still mainly relies only on clinical features such as

metastatic status, patient age, tumor histology, and, at times, the presence of specific known

genomic lesions (e.g. MYC amplification or TP53 mutation status). Unfortunately, this not

only affects medulloblastoma patients directly, but also the outcome of clinical trials that

evaluate new drugs as the selection of the wrong patients may cause a trial of an otherwise

promising drug to fail. A recent meeting of medulloblastoma experts aimed to address this

issue by deciding on a set of guidelines towards patient risk stratification as well as

suggestions towards the design of future clinical trials (Ramaswamy et al., 2016). Amongst

other measures, the group suggested that all next-generation clinical trials determine the

molecular subgroup of the tumors as well as the prospective collection of tumor tissue,

blood and cerebrospinal fluid (CSF) samples. Assuring tissue sample availability will not

only allow for subtyping and enable the identification of gernline lesions in the patients;

it will also inform help inform and provide a basis for future studies. The risk stratification

guidelines divide childhood MB patients into four risk groups based on survival: low risk

(>90% survival), standard risk (75-90%), high risk (50-75%), and very high risk (<50%).

These calls were made based on a set of large-scale studies that included molecular data as
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well as information about patient outcomes and provide a resource for clinicians to

determine childhood MB patient risk. However due to limitations of the scope of these

studies, infant and adult patients were not considered in this classification and need to be

assessed in other ways (Ramaswamy et al., 2016).

While risk-stratification is on the front-line of clinical medulloblastoma management, the

research field still seeks subgroup-focused therapeutics. Currently, patients considered

low-risk, particularly WNT patients, are given a less aggressive therapeutic intervention

(e.g. reduced radiation dose, avoiding neurotoxic drugs), with the aim of limiting

neurological damage. For SHH tumors, many agents are currently being investigated since

the SHH pathway is well understood and relevant in many other cancers. Compounds of

interest are, for example, smoothened (SMO) receptor competitors, anti-SMO class

inhibitors, and GLIl/GLI2-targeting agents, and cMET-targeting multi-kinase inhibitors.

Unfortunately, even though some of these drugs seemed promising, the tumors under

investigation generally mutate and evaded these targeted therapies (Liu et al., 2017).

Targeted therapies focused on Group 3 and, especially, Group 4 have yet to be developed,

mainly because little is known about the molecular mechanisms that drive these diseases.

Since activation of MYC - which itself is known to be challenging to target and even

considered "undruggable" by some experts - is a prominent feature of Group 3 tumors,

researchers have tried to inhibit MYC indirectly using small molecule drugs using, for

example, BET-bromodornain inhibitors or CDK-inhibitors (Cook Sangar et al., 2017;

Hanaford et al., 2016) to target upstream regulatory factors. Another avenue that has been

explored is to act on the common PVT1-MYC fusion transcripts which are thought to

stabilize MYC (Liu et al., 2017) but are only found in a small number of patients. Other

drug candidates aim to induce neuronal differentiation in MB cells and target molecules

such as histone deacetylases (specifically HDAC2, as shown by a recent study (Ecker et

al., 2015)), which block REST-dependent (repressor element 1-silencing transcription

factor) repression of neurogenesis and retinoic acid which, by downregulating the

transcription factor OTX2 (frequently overexpressed in non-SHH MB tumors), represses
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neuronal differentiation in MB cells (Samkari et al., 2015). The development of Group 4

drugs is particularly challenging as the disease-driving mechanism remains a mystery and

no confirmed animal models are available. Research so far has been focused on targeting

signaling affected by frequent alterations, including MYCN, histone de-acetylases

(HDACs), aurora kinase A, as well as CDK6, but with limited success (Liu et al., 2017).

2. Systems Biology and Relevant Omics Data Types

2.1. Omics Data Types Used in this Thesis

What follows is a brief overview of each of the major data types that played a role in the

studies described here as well as how they have been used in the context medulloblastoma

patient samples. The goal of this chapter is by no means to offer a comprehensive review

of these types of data, but rather provide a quick primer to help understand their utility in

the context of the work described here.

2.1.1. Genomics

Genomics generally refers to studying the sequence of the entire genome (whole genome

sequencing or WGS) or, in some cases, the exome (exorne sequencing), i.e. those parts of

the genome that will become part of expressed genes. Sequencing approaches,

technologies, and instrumentation have advanced tremendously over the past twenty years

from a labor- and time-consuming costly experiment to a comparably cheap and fast

routine task. The main goal of sequencing approaches is to comprehensively measure the

genomic variation in cells or tissues of interest. This includes focal (affecting single or few

genes) and broad (chromosome regions, arms or entire chromosomes) copy number

changes, as well as nucleotide-level alterations such as insertions, deletions, or single

nucleotide variations (SNVs). Calling variants is by definition a comparative endeavor,

meaning that a reference sequence is needed to determine which parts of a sequence are

altered. This is either done using a standardized reference genome (usually the hgl9 or

21



hg38 standard for human samples), or a healthy genome from a source similar to the sample

that is being analyzed (e.g. comparing a tumor sample to a sample of healthy tissue from

the same individual).

The genome of medulloblastoma tumors has been studied extensively over the past ten to

fifteen years, starting with small cohorts (Jones et al., 2012; Northcott et al., 2012b; Parsons

et al., 2011; Pugh et al., 2012; Robinson et al., 2012), and now extending to massive cohorts

of almost 500 samples with WGS data (Chapter II and Northcott et al., 2017), largely

achieved by pooling the data from previously published data sets. These studies have

provided detailed insights into the overall mutational landscape and cytogenetic changes

of medulloblastoma and its subgroups; and, while they did bring to light some driver

events, they failed to fully explain all cases. This is in part due to the low mutational burden

of this pediatric cancer, where only a handful of mutations are found in more than 10% of

patients. Nonetheless, genomics provides a baseline of information about the samples in

most current medulloblastoma studies as knowledge of a sample's genomic lesions can

explain many curiosities found in other, related data types (e.g. expression changes can be

tied back to mutations or copy number alterations). As studies large-cohort studies have

demonstrated increased sample numbers allow for more statistical power and allow for

nominating more driver events (Northcott et al., 2017).

2.1.2. Epigenomics

Epigenomics is very wide term, but generally refers to the genome-wide measurement of

specific types of biochemical modifications to the genome or to genome-organizational

structures such as histone proteins. Sometimes even genome-wide measurements of

conformational structures such as DNA-DNA interactions are included in the definition of

epigenomics. In the context of the work presented here, epigenomics will mostly refer to

the global measurement of DNA methylation using so-called DNA methylation arrays (or

chips) or bisulfite sequencing. DNA methylation is a chemical modification to the cytosine

residue of nucleotides. In mammals, it is mostly found in the context of CpG-dinucleotides

and is a primary method for the regulation and heritable silencing of DNA sequences (Ooi
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et al., 2009). Histone modifications are considered highly flexible and are assigned many

roles which mainly depend on which histone is modified, and the type of modification.

Depending on these parameters, histone modifications activate, enhance, or repress

transcriptional activity. By contrast, DNA methylation is considered to be stable, but

evidence also shows dynamic capabilities as well (Bergman and Cedar, 2013). Hyper- as

well as hypo-methylation have been described in a variety of cancers and, along with other

epigenetic changes, are considered a universal feature of tumorigenesis (Ehrlich, 2002;

Shen and Laird, 2013).

Currently, the most reliable strategy to call the molecular subgroup of medulloblastoma

tumors is based on data from DNA methylation profiling along with a classifier that in its

latest version not only stratifies MBs, but also other tumors of the central nervous system

(Capper et al., 2018). This stratification strategy has evolved from early large-scale

epigenomics studies (Hovestadt et al., 2013, 2014) that showed the promise of this type of

data to reliably and (compared to other assays) relatively simply and cheaply assign MB

tumors to their consensus subgroups. Aside from their use towards subgrouping

medulloblastomas, these and other epigenomics studies of MB have highlighted certain

genes that may play a role in disease progression through a variety of mechanisms (Roussel

and Stripay, 2018).

2.1.3. Transcriptomics

Transcriptomics refers to the global measurement of all transcribed pieces of DNA into

mRNA (and other types of RNA). Early transcriptomics methods used probe-based

microarrays to capture the abundance of a predefined set of transcripts. However,

nowadays, RNA sequencing (RNAseq), which aims to measure all and not just a selected

set of transcripts, is more commonplace. RNAseq also allows to infer sequence variations

and fusion transcripts which array-based technologies were not suitable for. As the cost of

sequencing-based data collection experiments have dropped significantly over the past

decade and the overall dynamic range and utility of RNAseq are superior over the array-
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based counterpart, RNAseq has largely replaced microarrays in experimental settings

where a deep survey of a sample's transcriptome is needed.

The era of using large-scale assays to understand medulloblastoma began in 2002 with

Pomeroy, et al. who used microarray gene expression data of a cohort of 99 MB patient

samples to predict patient outcome (Pomeroy et al., 2002). As collecting transcriptomic

data became more commonplace in the following years, it was the primary data type used

to group samples in early pre-consensus MB subgrouping studies (Cho et al., 2011; Kool

et al., 2008; Northcott et al., 201 Ia; Thompson et al., 2006). Soon after, mRNA biomarkers

were used in the first method proposed to routinely call MB subgroups (Northcott et al.,

2012c). Transcriptomic analyses helped gain functional insights into medulloblastoma and

aided in elucidating the consequences of genomic alterations. However, even though

transcriptomics is often used to make conclusion about the activity of cellular signaling

cascades, it is important to keep in mind that proteins, not RNAs, are the primary actors in

cellular signaling and that the differential abundances at the transcript level do not

necessarily correspond to differential protein levels or activity. In fact, due to mechanisms

of post-transcriptional processing and translational regulation, protein levels correlate only

poorly with those of their transcripts, particularly in the brain (Bauernfeind and Babbitt,

2017; Moritz et al., 2019). Nonetheless, if taken for what they are, transcriptomic assays

can be immensely helpful in understanding changes in transcriptional regulation or

differences in transcript abundances under various conditions.

2.1.4. Proteomics and Omics of Post-Translational Modifications

Proteomics describes the comprehensive measurement of the abundances of all proteins in

a sample. Measurements of specific types of post-translational modifications (PTMs) to

proteins' amino acid sequences on a global scale is termed based on the type of PTM. For

example, phosphoproteomics globally measures phosphorylations of amino acids that

phosphate groups can be attached to: serine (one-letter-code S), threonine (T), and tyrosine

(Y); acetylomics refers to measuring acetylated lysine (K) residues. Generally, proteomic

measurements (as well as those of PTMs) are performed using mass spectrometry ("mass
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spec"). In short, mass spec requires a sample's proteins to be broken into short peptides

(usually done using trypsin, a popular restriction enzyme) before these can be labeled and

fed into the mass spectrometer. The instrument then fragments these peptides and measures

their mass-to-charge ratio (m/z) along the time axis of the experiment (referred to as

retention time). These measurements are then computationally assembled to peptide and

protein sequences, taking into account the combinatorial space of masses and charges of

amino acid sequences that will produce certain peptide fragments. "Shotgun"-type

approaches, also called untargeted mass spectrometry, which aim to measure the

abundances of all proteins in a sample, are most commonly used for global protein and

PTM measurements. In contrast, "targeted" mass spec experiments are used to investigate

specific proteins or peptides of interest. While the mass spectrometry part of proteomics

and PTM-focused omics experiments is largely the same, these assays differ in sample

preparation (e.g. antibody-based enrichment for phosphorylated residues) and downstream

computational assembly of peptides (search space restricted to PTMs of interest). In order

to allow for relative abundance comparisons between different conditions in an experiment

(or different individuals in a cohort), the samples are most commonly labeled using stable

isotopes with one of three standard techniques: SILAC (stable isotope labeling by amino

acids in cell culture), iTRAQ (isobaric tags for relative or absolute quantitation), or TMT

(tandem mass tags). These methods mainly vary in sample preparation and in their

limitations of their multiplexing capabilities.

Few studies involving global proteomic data of medulloblastoma patient samples have

been published thus far (Archer et al., 2018; Forget et al., 2018; Rivero-Hinojosa et al.,

2018). Rivero-Hinojosa, et al. measured proteomic data of 41 medulloblastoma samples

using SILAC and were the first to suggest that the medulloblastoma consensus subgroups

are preserved at the protein level (Rivero-Hinojosa et al., 2018). This was confirmed by

the other proteomic studies mentioned below. Forget and colleagues also used a SILAC

approach to study the proteomes and phospho-proteomes of 41 MB samples across all

subgroups (different samples than in the above study). They discover divergent
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phosphoproteomic profiles and zoom in on aberrant ERBB4-SRC signaling in Group 4

tumors. Moreover, they show that overexpression of activated SRC induces Group 4-like

tumors in developing murine cerebella (Forget et al., 2018). Finally, Archer, et al. measured

proteomics, phosphoproteomics, and acetylomics using a TMT-approach and primarily

focused on Group 3 and SHH medulloblastoma (Archer et al., 2018). This study can also

be found in Chapter III.

2.1.5. Metabolomics

Metabolomics seeks to measure all small molecules, or metabolites, in a biological sample.

This includes lipids, amino acids, sugars, fatty acids, nucleotides, and any other products,

or by-products of metabolism. To measure metabolites on a global scale, mass

spectrometry is most commonly employed as it is superior over other, similar methods,

such as nuclear magnetic resonance (NMR), both with respect to coverage and dynamic

range (Marshall and Powers, 2017). As with proteomics mass spectrometry, metabolomics

mass spec can be split into targeted and untargeted experiments. Targeted experiments aim

to identify a pre-defined set of molecules, while untargeted ones will measure as many

molecules as possible. It is estimated that the number of metabolites likely to exist naturally

are in the hundred-thousands (Moco et al., 2007), while a current high-quality untargeted

metabolomics experiment with deep coverage will measure the masses of only

approximately ten to twenty-thousand molecular entities, many of which will be highly

correlating rn/z peaks that originate from the same set of molecules. The identification of

what molecules these measurements actually correspond remains an ongoing challenge.

This is in part due to the massive combinatorial search space of possible bonds between

common elements and their isotopes (H, C, N, 0, P, and S) as well as a variable number of

charges from the ionization step of the experiment (Watson, 2013). In addition, the inherent

inability of mass-based experiments to distinguish between isomers (metabolite with the

same sum formula and mass, but different conformation) and isobars (different molecules

with the same mass) makes the task of uniquely assigning a molecule to an m/z

measurement even more challenging. Metabolites provide the fuel to as well as the
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products of most, if not all, molecular processes happing in a cell, including transcription,

translation, cellular signaling, and, of course, respiration. Therefore, the metabolome can

be used to better understand dysregulations in many of these processes, which is why

metabolites are commonly used in diagnostic tests or as the target of therapeutics.

To our knowledge, there are currently no metabolomic studies available in the literature

that focus on medulloblastoma patient samples and aim to understand MB and its

subgroups. Chapter IV presents our unpublished, preliminary work describing the

metabolomic space of the same samples that were used in our proteomic study described

in Chapter III (Archer et al., 2018).

2.2. Systems Biology and Omics Data Integration

Systems biology is a highly interdisciplinary field that aims to understand complex

biological systems in a holistic way, taking into account and connecting a wide variety of

measured or estimated data points describing the system. This is in contrast to more

traditional approaches that focus at one aspect of biology at a time, neglecting the inherent

relationships between all the parts of a biological system. The systems approach towards

understanding biology can easily be mapped to trying to understand other complex

systems. For example, when trying to understand how an electronic device, such a

computer, works, simply knowing the parts that make up this device is not enough.

Studying and knowing how electricity is used to send signals, how information is stored,

or what types of operations towards a stream of information are possible does not provide

enough context to fully understand the device. One can only understand the full system by

taking into account how each of these parts interact with and influence each other.

Data integration, or, in other words, the combined use of different types of data plays an

important role in systems biology. Generally, systems biology approaches will aim to

model the relationships of molecules in a way that closely resembles their biology (or what

we know of their biology). For example, a model of transcription factor (TF) protein levels

and its target transcript levels will need to take into account the genomic context in the
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relationship of the two. That is, binding sites of the TF on the DNA and the relationship of

these sites to the target genes. As is commonly done across all kinds of models of different

systems, parts that are not immediately relevant, that do not affect the system in a major

way, or are simply not known will be neglected. This is generally done to keep the model

itself simple, allow for easier downstream interpretation, or out of necessity (missing data).

Interaction graphs of proteins and metabolites that are commonly used to combine these

data sets are an example of a starkly simplified model, as details about the binding interface

between the molecules as well as the type of interaction (amongst many other details) are

general not considered in such models. Another way in which systems approaches help

take better advantage of the data at hand is the consideration of many signals at once. While

strongly pronounced patterns are easy to spot in a data set, smaller-scale changes that are

consistently found across a large number of features can easily be overlooked. Integrative

systems biology approaches are powerful in that they can discover such trends by

leveraging the relationships of data points that otherwise may be considered completely

independent.

3. Overview of Thesis Contents

The overarching goal of this thesis was to gain a better functional understanding of

medulloblastoma and its subtypes by integrating a variety of different types of large-scale

molecular ("omics") data sets. To achieve this goal, we used a range of systems biology

approaches to analyze data types that have previously been studied in great detail (genome,

transcriptome, DNA methylome), or to integrate such data sets with types of molecular

features that are directly involved in cellular signaling (proteins, post-translational

modifications, and metabolites) and have not been explored to a great extent in the context

of medulloblastoma. The following paragraphs briefly summarize the various aspects of

this thesis.
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Chapter II describes a large scale (epi)genomics study focusing on the somatic landscape

of 491 sequenced medulloblastoma tumors and the molecular heterogeneity of 1,256 MB

samples with data from epigenomic assays (Northcott et al., 2017). The study highlights

previously unappreciated driver mutations across all four consensus subgroups, and

demonstrates the power of large cohorts by identifying eight subtypes within the spectrum

of Group 3/4 tumors. In addition, two driver events affecting PRDM6 and KBTBD4 are

discussed in more detail.

Chapter III details our work that aimed to gain functional insights into medulloblastoma

by focusing on the proteomes and phospho-proteomes of 45 primary medulloblastoma

samples. The majority of these samples was also included in the above study by Northcott,

et al. and had therefore additional patient-matched data types available (genome,

transcriptome, DNA methylome). We describe two distinct groups within SHH and

Group 3 medulloblastoma that are highly robust in our proteomic data sets despite the small

number of samples, yet difficult (or impossible) to recapitulate using other types of data

and larger cohorts. We highlight MYC phosphorylation as a potential driving mechanism

for MYC activation in MYC-driven Group 3 tumors and show a radio-sensitizing effect of

PRKDC inhibition in cell lines representing these tumors. Our kinome analysis also

nominated other potential upstream kinases for differential phosphopeptides.

Chapter IV talks about ongoing work on medulloblastoma metabolomics data sets on

largely the same set of samples used in the proteomics-focused study described in

Chap ter III (Archer et al., 2018). In this chapter we show that the medulloblastoma

consensus groups are largely preserved in the space of metabolites and highlight certain

disease subgroup-associated metabolites and pathways. The work described here integrates

metabolites, proteins, and genomic lesions.

Finally, Appendix A describes two pieces of software that initially were created to aid in

our own analysis process, but are now available to the public. The first one, called

"Medulloblastoma Data Explorer", is a web-tool for interactively browsing the data sets
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used in our proteomics-focused study (Chapter III). The second one is a Cytoscape plugin

entitled "Highlighter". It was built to find and highlight nodes through custom annotations.

The work described here stems from a huge collaborative effort including many fantastic

researchers from a diverse set of universities and institutes. Where applicable, studies

include a full author list. A complete list of author affiliations was omitted but can be found

in the original publications.
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Chapter II:
The whole-genome landscape of
medulloblastoma subtypes

This work was published as Northcott, et al. 2017, Nature 547, 311-317.

1. Abstract

Current therapies for medulloblastoma (MB), a highly malignant childhood brain tumor,

impose debilitating effects on the developing child, warranting deployment of molecularly

targeted treatments with reduced toxicities. Prior studies failed to disclose the full spectrum

of driver genes and molecular processes operative in MB subgroups. Herein, we detail the

somatic landscape across 491 sequenced MBs and molecular heterogeneity amongst 1,256

epigenetically analyzed cases, identifying subgroup-specific driver alterations including

previously unappreciated actionable targets. Driver mutations explained the majority of

Group 3 and Group 4 patients, remarkably enhancing previous knowledge. Novel

molecular subtypes were differentially enriched for specific driver events, including

hotspot in-frame insertions targeting KBTBD4 and 'enhancer hijacking' driving PRDM6

activation. Thus, application of integrative genomics to an unprecedented cohort of clinical

samples derived from a single childhood cancer entity disclosed a series of new cancer

genes and biologically relevant subtype diversity that represent attractive therapeutic

targets for treating MB patients.
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3. Introduction

Next-generation sequencing (NGS) studies have tremendously advanced understanding of

the genes, pathways, and molecular processes underlying the majority of commonly

diagnosed human cancers. These efforts have identified core sets of 'driver' genes that are

frequently mutated across a wide spectrum of different cancer entities (Kandoth et al.,

2013; Tamborero et al., 2013). Although the genetic underpinnings of some cancers were

largely resolved during the first wave of NGS studies, especially for comparatively simple

malignancies driven by deregulation of a single pathway (Jones et al., 2013; Lee et al.,

2012), others remain enigmatic and require further interrogation with sufficient power to

overcome confounding molecular heterogeneity and diversity.

MB (WHO Grade IV) is a highly malignant childhood brain tumor that has been the subject

of a number of NGS studies conducted through the International Cancer Genome

Consortium (ICGC) (Jones et al., 2012; Kool et al., 2014; Northcott et al., 2014; Rausch et

al., 2012a), the Pediatric Cancer Genome Project (PCGP) (Robinson et al., 2012), and the

Medulloblastoma Advanced Genomics Consortium (MAGIC) (Morrissy et al., 2016;

Northcott et al., 2012b). Consensus molecular subgroups of MB, namely WNT, SHH,

Group 3, and Group 4, exhibit distinctive transcriptional and epigenetic signatures that

define clinically relevant patient subsets (Northcott et al., 2012a; Taylor et al., 2012). WNT

and SHH subgroup MBs are primarily driven by mutations leading to constitutive

activation of the Wingless and Sonic Hedgehog signaling pathways, respectively. In

contrast, the genetics and biology underlying Group 3 and Group 4 MB remains less clear

(Northcott et al., 2012a). Targeted therapies for MB are scarce yet desperately needed,

warranting intensive investigation into the full range of genetic lesions and molecular

heterogeneity contributing to MB subgroups, especially as it relates to poorly characterized

Group 3 and Group 4 disease. Herein, we report the genomic landscape across a series of

491 previously untreated MBs. Our comprehensive and integrative approach to this

multilayered dataset provides considerable new biological insight into each of the core

subgroups, including the identification of novel subgroup-specific driver genes, epigenetic
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subtypes, and candidate targets for therapy. This dataset provides a rich resource for the

cancer genomics community and will serve as the foundation of ongoing and future

candidate-driven functional studies focused on resolving MB etiology.

4. Results

4.1. Patient Cohorts & Genomic Datasets

Patient-matched tumor and non-tumor (blood) Illumina DNA sequences were collected

from a total of 579 untreated patients diagnosed with MB that were sequenced at one of

four participating institutions (see Methods). After eliminating samples with poor quality

sequencing data (based on QC measures), samples sequenced more than once (i.e. duplicate

cases analyzed at different sequencing sites or sequencing of patient-matched

primary/relapse pairs), samples lacking molecular subgroup annotation, and cases with

clear molecular evidence for misdiagnosis, we amassed a final cohort of 491 diagnostic

MBs with matched normal for further analysis, including standardized sequence alignment

and filtering, as well as harmonized single nucleotide variant (SNV), indel, and structural

variant (SV) calling (Figure 1). Germline and somatic alterations were annotated primarily

from whole genomes (n=390; n=190 published (Jones et al., 2012; Kool et al., 2014;

Robinson et al., 2012) and 200 unpublished) while the remaining were derived from

published whole exomes (n=101) (Jones et al., 2012; Pugh et al., 2012). Patient ages ranged

from 1 month to 50 years (median age = 8 years; Supplementary Table 1). Verification of

MB diagnosis and subgroup status was established using a molecular classification

approach (see Methods) based on DNA methylation arrays (Hovestadt et al., 2013).

Illumina 450k methylation array data was generated for 1,256 MBs, including 396/491

(80.7%) of the NGS cohort. Transcriptome data was acquired through RNA sequencing

(RNA-seq; n=164) and Affymetrix expression arrays (n=392). Chromatin

immunoprecipitation (ChIP) sequencing data was generated for multiple chromatin marks

(H3K27ac, CTCF) on a subset of the cohort (Supplementary Table 1). Short-read
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sequencing data have been deposited at the European Genome-Phenome Archive (EGA,

http://www.ebi.ac.uk/ega/) hosted by the EBI, under accession number

EGAS00001001953. Mutations, SVs, and supporting epigenetic and transcriptional data

can be freely explored online through multiple data portals (see Data Availability).

Medulloblastoma

WNT SHH Group 3 Group 4

Genome Epigenome TranscriptomeSomaticoma

Somatic s - 491 Methylation ExpressionSNVs/indels: subtypes: n = 1,256 signatures: 392

Structural Chromatin Fusion
variants: n = 361 marks: fl 28 transcripts: n = 164

Mutational n 385signatures:

Figure 11-1: Summary of MB genomic datasets. Graphical summary of genomic, epigenomic,

and transcriptomic MB datasets analyzed in the study.
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4.2. Mutational Signatures Operative in MB

Mutational signatures have been extensively catalogued across a broad spectrum of

cancerous tissues, and for many of these, underlying exogenous and endogenous processes

have been described. A seminal pan-cancer analysis that included 100 MBs (not split by

subgroup) revealed three predominant signatures active in MB: signatures 1, 5, and 8

(Alexandrov et al., 2013a). Herein, we analyzed a total of 440,459 somatic mutations

across 385 molecularly subgrouped MB genomes (5/390 WGS cases were excluded due to

QC issues) and detected twenty-four signatures with a mutation contribution of >5% in at

least one sample (Extended Data Figure la). Signature 1, associated with patient age at

diagnosis, was the most common signature in all subgroups (Extended Data Figures 1 a,b).

Signature 3, which was not previously detected in MB (Alexandrov et al., 2013a) and has

been linked with underlying BRCA]/BRCA2 mutations in breast, aggressive prostate, and

pancreatic cancers (Alexandrov et al., 2013a; Decker et al., 2016), was unexpectedly

observed in the majority of Group 3 and Group 4 patients, and a subset of SHH patients.

Additional subgroup-enriched signatures included signatures 18 (Group 3; P=4.7e-5) and

5 (Group 4; P=l.Oe-l 1), the latter being positively correlated with patient age (Extended

Data Figures la-e).

Five MBs were identified as potential outliers with respect to mutation burden, harboring

>5,000 somatic mutations/genome compared to the median of 698 mutations/genome

observed for the entire cohort (Extended Data Figures 1 f,g). ICGC_MB62 (SHH) harbored

>25,000 mutations and was the only MB we considered a bonafide hypermutator amongst

the cohort (Extended Data Figures lf-h). The majority of somatic mutations in this patient

were C>A and C>T substitutions, known to be distinct peaks in signature 10 and consistent

with altered activity of the replication factor polymerase Pol C, encoded by POLE, which

we determined to be somatically mutated (Getz et al., 2013; Muzny et al., 2012). Similarly,

ICGCMB265, exhibited a disproportionally high mutation load ascribed to signature 6

(Extended Data Figures 1 fg), the latter reported to be associated with mismatch repair

deficiencies and explained by the somatic MLH] mutation we identified in this patient.
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subgroup-specificity (Figures 2a-c; Extended Data Figures 3a,b; Supplementary Table 2).

Most recurrently mutated genes contributed to fewer than ten patients each (<5%),

revealing a long 'tail' of low-frequency gene alterations that may play unappreciated yet

critical roles during MB pathogenesis. SVs generating fusion transcripts involving known

MB driver genes were detected by integrating patient-matched SV breakpoints with

transcriptome sequencing data, including rare events recurrently targeting GLJ2, PTEN,

and PVT] (Extended Data Figure 4; Supplementary Table 2). Pathogenic germline variants

affecting known MB predisposition genes including PTCH], SUFU, and TP53 were

predominantly restricted to SHH subgroup patients and are extensively detailed in a

parallel study investigating >1,000 MB germlines (Waszak et al., 2018) (Supplementary

Table 2).

To discriminate potential drivers from passengers, we annotated our dataset using

MutSigCV (Lawrence et al., 2013), GenomeMuSiC (Dees et al., 2012), and IntOGen

(Gonzalez-Perez et al., 2013) significance algorithms (Figure 2d; Supplementary Table 2).

Overlapping the output derived from these analyses identified a core set of high confidence

somatic drivers detected by all three algorithms (n=21 genes). However, no single

significance algorithm demonstrated superior sensitivity compared to the others, and many

bona fide cancer genes failed detection by one or more methods, substantiating our

approach of unifying results from all three pipelines (Figure 2e). Most candidate driver

gene mutations were expressed, although often exhibiting variable expression of the mutant

allele (i.e. PTCH] and DDX3X mutations in SHH patients; Extended Data Figure 5a).

Likewise, the majority of putative driver gene variants appeared to be clonal (i.e. estimated

cellular fraction ~1.0; see Methods), with some exceptions, most notably DDX3X

mutations in WNT patients (Extended Data Figure 5b).

Consistent with our prior studies (Northcott et al., 2009; Parsons et al., 2011), genetic

events targeting histone modifiers, especially those regulating lysine methylation and/or

acetylation were found across subgroups and contributed to a considerable proportion of

38



cases (Extended Data Figures 5c,d), further corroborating that deregulation of the

epigenetic machinery is fundamental to MB development.

4.3.1. WN T MB

All thirty-six WNT subgroup MBs sequenced in this study were confidently assigned at

least one or more driver genes (Extended Data Figure 6a). Somatic CTNNB] mutations,

the hallmark feature of WNT-driven MB, were found in 86% of patients. Three CTNNB]

wild-type MBs harbored pathogenic APC germline variants, explaining the WNT pathway

activation seen in these patients and underscoring the need to perform genetic testing for

APC carrier status, i.e. Turcot Syndrome (Mori et al., 1994), when WNT MB is suspected

despite failure to detect mutant CTNNB]. Monosomy 6, a signature chromosomal alteration

characteristic of WNT patients, was confirmed in 83% of cases (Extended Data Figures 6a,

7a-c), demonstrating that neither CTNNBJ mutation nor chromosome 6 loss are universally

present in all WNT MB patients. The latter has direct clinical ramifications given that

positivity for either of these two features is now routinely used to clinically assign patients

to this subgroup, an approach that will currently miss ~10-15% of bonafide WNT MB

patients.

Additional WNT subgroup-associated mutations included somatic variants targeting

clinically actionable CSNK2B (14%), EPHA7 (8%), and components of the SWI/SNF

nucleosome-remodeling complex (SM4RCA4, ARIDlA, and ARID2; 33%; Extended Data

Figures 6a, c, d). Given the epigenetic antagonism known to exist between SWI/SNF and

the polycomb repressive complex, PRC2 (Wilson et al., 2010), inhibitors of PRC2 are now

being evaluated for SWI/SNF mutant pediatric cancers in clinical trials (NCT02601937)

and based on our findings here, could represent a rational targeted therapy for treating

WNT MB.

4.3.2. SHH MB

Building upon our previous work (Kool et al., 2014), we reliably assigned at least one

driver gene to >95% of SHH MB patients and revealed multiple novel insights extending
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beyond genetic events targeting the canonical SHH signaling pathway (Extended Data

Figure 6b). Isocitrate dehydrogenase 1 (IDHJ) mutations represent a hallmark genetic

event in adult glioma patients exhibiting a distinct hypermethylation phenotype (i.e. glioma

CpG island methylator phenotype, G-CIMP) (Ceccarelli et al., 2016; Noushmehr et al.,

2010). We identified six IDHJ R132C mutations (five SHH, one WNT), consistent with a

recent case report (Snuderl et al., 2015) (Extended Data Figure 6e). IDHJ mutant SHHs

were determined to be CIMP+ (Extended Data Figures 6fg), confirming that these

mutations lead to epigenetic consequences reminiscent to those reported in other IDH1/2

mutant cancers.
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subgroups (q=2.2e-3; Extended Data Figure 6h). Genes encoding HATs, namely CREBBP,

KA T6B, and EP300, as well as HAT complex regulatory components BRPFJ and KANSLJ,

all exhibit recurrent, mostly SHH subgroup-restricted mutations in our series (19% of SHH

patients). The mechanism(s) by which deregulation of HAT activity cooperate with

constitutively active SHH signaling remain poorly defined, warranting further studies to

determine whether this epigenetic pathway can be exploited therapeutically.

4.3.3. Group 3 and Group 4 MBs

Re-analysis of NGS data derived from prior studies (n=173) (Jones et al., 2012; Pugh et

al., 2012; Robinson et al., 2012) indicated that less than one third of Group 3 (32%) and

Group 4 (30%) cases could be explained by at least one probable driver event (Figure 3c),

consistent with the individual estimates reported in those publications. In the considerably

larger, more integrated dataset analyzed here, we confidently assigned potential driver

events to 76% and 82% of Group 3 and Group 4, respectively, more than doubling the

proportion of explained cases per subgroup (Figures 3a-c). As expected (Northcott et al.,

2012b), MYC amplifications were restricted to Group 3 patients (17%), whereas MYCN

amplifications were found at a comparable frequency in both Group 3 (5%) and Group 4

(6%) (Figures 3a,b). Likewise, SVs leading to aberrant induction of GFJ1 or GFI1B

(Northcott et al., 2014) were mutually exclusive and distributed in both subgroups (Figures

3a, b, d). Mutual exclusivity analysis disclosed that the most prominent candidate driver

events were largely non-overlapping and very few cooperating events were identified

(Figures 3d and data not shown).

Pathway analysis of recurrent genetic events revealed significant over-representation of

genes involved in the Notch and TGFP signaling pathways in Group 3, and chromatin

modification in Group 4 (Extended Data Figure 5c). Aberrant Notch signaling has been

repeatedly suggested in the MB literature (Fan et al., 2004; Garzia et al., 2009), however,

this is to our knowledge the first report documenting Notch pathway mutations in MB

patient samples. A role for deregulated TGFP signaling in Group 3 has been suggested in
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our previous genomic/epigenomic studies (Lin et al., 2016; Northcott et al., 2012b);

although functional studies further substantiating these observations are still lacking.
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Figure 11-4: Molecular features of methylation subtypes. (a) t-SNE plot depicting novel

methylation subtypes detected in Group 3 and Group 4 (n=740 samples). (b) Methylation subtypes

proportionally summarized according to consensus Group 3 and Group 4 subgroup definitions. (c)

Oncoprint summaries of driver genetic events according to methylation subtype.

4.4. Epigenetic Refinement of MB Substructure

The molecular composition and boundaries defining Group 3 and Group 4 MB subgroups

are not as clearly demarcated as their WNT and SHH counterparts. Notable similarities

between Group 3 and Group 4 have been discussed, including ambiguous cases that exhibit

features characteristic of either subgroup (Cho et al., 2011; Kool et al., 2008; Northcott et
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al., 2011 a). To refine the inter- and intra-subgroup heterogeneity underlying MB

subgroups, we sought to investigate molecular substructure in a series of 1,256 MBs

profiled by Illumina 450k methylation array (Extended Data Figure 8a). Unsupervised

clustering by t-SNE uncovered striking heterogeneity across the cohort, especially in non-

WNT subgroups. Restricting our analysis to Group 3 and Group 4 (n=740) separated the

parental subgroups into up to eight subtypes (Figures 4a,b). Iterative down-sampling

performed on the same dataset verified that molecular substructure appears to stabilize

once >500 samples are included in the analysis (Extended Data Figure 8b), exemplifying

the power afforded by the high sample number included here.

Integration of methylation subtypes with sample-matched genomic and transcriptomic data

revealed marked enrichment of probable driver events in specific subtypes (Figure 4c;

Extended Data Figures 8c-e). For example, somatic events targeting known MB drivers

GF1B (subtype I) and MYC (subtype II), as well as chromatin-modifying genes KDM6A

and ZMYM3 (both subtype VIII), all demonstrated striking subtype-specificity. Broad

copy-number alterations were likewise differentially distributed among subtypes

(Extended Data Figure 8c). Analysis of case-matched gene expression array data (n=248)

confirmed discriminatory transcriptional features associated with these subtypes, including

aberrant expression of MYC and GFII family oncogenes (Extended Data Figures 8d,e).

4.5. Hotspot Insertions Target KBTBD4

Recurrent, in-frame insertions targeting KBTBD4 in Group 3 and Group 4 were among the

most compelling single-gene discoveries in this large dataset. Of twenty somatic KBTBD4

variants we identified, eighteen (90%) were determined to be in-frame insertions clustered

across just six amino acids within the KBTBD4 Kelch domain (Figure 5a). Strikingly, the

predominant insertion inferred in Group 3, R313>PRR differed from that observed in

Group 4, P31 1>PP. Overlaying KBTBD4 mutation status with methylation subtype

assignments revealed two tightly clustered mutation groups within subtypes II (210%) and
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VII (14%) (Figure 5b), ranking KBTBD4 as the most prevalent candidate driver identified

in these subtypes.

KBTBD4 encodes a Kelch-BTB-BACK domain protein belonging to a large family of

cullin-RING ubiquitin ligase (CRL) adaptors that facilitate ubiquitination of target

substrates (Canning et al., 2013). Homology modeling of the KBTBD4 Kelch domain with

known structures derived from other family members (n=12) verified that the MB-specific

insertions observed here are unlikely to disrupt the overall structure of the Kelch domain

but rather converge on the known substrate-binding interface described for other family

members (Figure 5c).

4.6. Enhancer Hijacking Activates PRDM6

We previously identified GFI and GFI1B as novel MB oncogenes recurrently activated

by 'enhancer hijacking' in Group 3 and Group 4 (Northcott et al., 2014). Expanding upon

this prior work, we recently developed Cis Expression Alteration Mapping (CESAM), an

approach for systematically inferring 'enhancer hijacking' events genome-wide by

integrating gene expression and SV data which we interpret in the context of topologically-

associated domains (TADs) and enhancer annotations (Weischenfeldt et al., 2017).

Application of CESAM to MB (n=164) confidently identified GF1B amongst the most

highly significant candidate genes subject to enhancer hijacking, substantiating the

robustness of our method (Extended Data Figure 9a). The top-ranking gene uncovered by

CESAM, however, was PRDM6 (chr5q23), encoding a poorly characterized SET-domain

containing protein. Notably, PRDM6 maps -600kb downstream of SNCAIP, a gene known

to be targeted by highly recurrent, stereotypical tandem duplications uniquely restricted to

Group 4 MB patients (Northcott et al., 2012b) (Figure 6a). In the context of Group 4

patients harboring SNCAIP-associated SVs analyzed here, PRDM6 expression was

markedly up-regulated (>20-fold), considerably more than any other gene mapping within

the proximal TADs including SNCAIP (Figure 6b; Extended Data Figure 9b).
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Utilizing our recently published MB enhancer data (Lin et al., 2016) and SV breakpoints

to identify putative promoter-enhancer juxtaposition as a consequence of SV, we identified

a significant enrichment of SVs associated with rearrangements linking PRDM6 to Group 4

enhancer elements (P <0.0001, Permutation Test). The SNCAIP locus overlaps a strong

Group 4-specific super-enhancer (SE) (Figure 6c). Importantly, SVs observed in PRDM6-

activated Group 4s converge on the SNCAIP SE, consistent with enhancer hijacking

(Figure 6c). Integrative analysis of CTCF chromatin data revealed notable clustering of SV

breakpoints proximal to CTCF-binding sites associated with the TAD-boundary separating
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the SNCAIP and PRDM6 loci (Figure 6c). Collectively, these data suggest that SVs

targeting the SNCAIP locus disrupt the local chromatin environment to promote de novo

interactions between the SNCAIP SE and gene promoters in the neighboring TAD, thus

leading to aberrant gene induction, most notably PRDM6 (Figure 6d).

5. Discussion

Our highly integrative genomic analysis of the pediatric brain tumor MB has enabled

discovery of new cancer genes and actionable pathways, effectively assigning candidate

drivers to the majority of tumors across molecular subgroups. The sizable increase in power

over prior studies has allowed us to more effectively deal with the intrinsic heterogeneity

characteristic of MB, splitting the entity into molecularly distinct consensus subgroups and

subtypes within them, summarizing the disease as a collection of several diseases rather

than a single entity.

At the level of individual genes, novel candidate drivers were discovered in each of the

consensus subgroups. Hotspot insertions targeting KBTBD4 were not featured in prior MB

NGS studies, likely owing to inferior cohort sizes and insensitive indel-calling pipelines.

KBTBD4 insertions were highly specific for discrete patient subtypes that were devoid of

other obvious oncogenic driver events, suggesting these mutations are functional.

Likewise, PRDM6 - a presumed histone methyltransferase (Davis et al., 2006) not

previously implicated in MB - was identified as the probable target of SNCAIP-associated

enhancer hijacking in Group 4, now representing the most prevalent driver alteration in

this subgroup. Studies further detailing the normal, physiological cellular functions of

KBTBD4 and PRDM6 and how somatic alterations of these genes specifically contribute

to MB pathogenesis are essential and will be required to determine their potential

'actionability' in affected patients.
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Figure 11-6: Enhancer hijacking activates PRDM6 in Group 4 MB. (a) Summary of SVs

targeting the SNCAIP locus in Group 4. (b) Group 4 MB expression boxplots of genes mapping

proximal to SNCAIP-associated SVs. (c) Summary of annotated chromatin interactions (Hi-C),

TADs (brown bars), CTCF ChIA-PET, and CTCF binding orientation (red and blue arrow-heads),

as well as SNCAIP-associated SVs, CTCF ChIP-seq peaks, Group 4-specific SEs, H3K27ac ChIP-

seq peaks, and RNA-seq data derived from a subset of Group 4 MBs, stratified according to

underlying SNCAIP SV status. (d) Proposed model depicting inferred molecular basis of

SNCAIP/PRDM6-associated enhancer hijacking.
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The relatively recent recognition of consensus MB subgroups has rapidly changed the way

MB is studied in the research setting and how it is diagnosed and treated in the clinic (Louis

et al., 2016). Still, considerable molecular and clinical heterogeneity has been demonstrated

(Northcott et al., 2012b; Shih et al., 2014), suggesting that currently defined MB subgroups

are likely an oversimplification of true molecular substructure. Methylation analysis of

>1,250 MBs discovered novel tumor subtypes enriched for specific genetic and

transcriptional signatures, especially those underlying Group 3 and Group 4. Definitive de-

convolution of these subtypes will enable a better understanding of MB developmental

origins, creating a path towards efficient modeling of each individual subtype in the correct

cellular context using subtype-relevant genetic perturbations. Moreover, by redefining

molecular substructure as we have described here, new avenues for improved risk-

stratification tailored to treat individual patient subtypes according to their genotype are

likely to emerge.

In conclusion, this study embodies an unparalleled resource of high-resolution genetic,

epigenetic, and transcriptional data for the childhood brain tumor MB. Our data underscore

the heterogeneous, complex nature of disease subgroups and the utility of continued efforts

to divulge the full spectrum of molecular mechanisms underlying MB etiology. We

anticipate that the findings reported here, combined with the future exploration and mining

of this large genomics resource, will undoubtedly advance treatments and outlook for

children and families affected by this devastating malignancy.

6. Additional Resources

Additional resources, such as Supplementar Figures and Tables, can be found alongside

the published manuscript on the Nature Magazine website.
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7. Data Availability

Short-read sequencing and microarray data have been deposited at the European Genome-

Phenome Archive (EGA, http://www.ebi.ac.uk/ega/) hosted by the EBI, under accession

number EGAS00001001953. Genetic, epigenetic, and transcriptional data can be freely

explored using the PeCan, R2, and PedcBio Data Portals using the links listed below.

PeCan: http://pecan.stjude.org/proteinpaint/study/BT.MB...Pfister%20pan-MB

R2: https://hgserverl.amc.nl/cgi-bin/r2/main.cgi?&dscope=MB500

PedcBio: http://pedcbioportal.org/study.do?cancerstudyid=medullopa_01
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Extended Data Figure 11-2: Genome-wide summary of somatic SNVs. (a) Precision-recall

curves for different Binomial p-value cut-offs. Minimal and maximal precision values are shown

in color, mean precision is shown as dotted line. P-value cut-offs for 200 bp window sizes are

indicated. (b) Manhattan plot showing the -log1 0 test statistic of 200 bp genomic windows plotted

against their respective chromosomal positions. Red line indicates the genome-wide significance

threshold (P = 10-25). High confidence regions are shown in red; regions likely representing false

positives are shown in blue. (c) Summary of TERT promoter mutations observed in the series.
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detected in MB. (f) Quantification of methylcytosine beta-values detected in IDH]-mutant vs.

wild-type SHH-MB. (g) Unsupervised HCL of SHH-MB methylation data, confirming CIMP in

IDHJ-mutated SHH-MBs. (h) Summary of histone acetyltransferase complex (GO:0000123)

mutations observed in SHH patients.
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Extended Data Figure 11-8: t-SNE clustering of Group 3 and Group 4 methylation data. (a)

t-SNE plot of DNA methylation array data for 1,256 analyzed MBs. (b) t-SNE clustering of

iteratively down-sampled Group 3 and Group 4 methylation data. (c) Genome-wide copy-number
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subtypes (n=2 19). (e) Expression heatmap showing transcriptional diversity among novel MB

subtypes (n=248).
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10. Materials and Methods

10.1. Patient consent

ICGC samples: All patient material was collected after receiving informed consent

according to ICGC guidelines and as approved by the institutional review board of

contributing centers.

Broad and MAGIC samples: Informed consent was provided by families of

medulloblastoma patients treated at Children's Hospital Boston (Boston, MA), The

Hospital for Sick Children (Toronto, Canada), and institutions contributing to the

Children's Oncology Group/Cooperative Human Tissue Network, under approval and

oversight by their respective internal review boards.

St. Jude samples: Human tumor and matched blood samples were obtained with informed

consent through an institutional review board approved protocol at St Jude Children's

Research Hospital (Memphis, TN).

10.2. Barn to FASTQ and alignment

NGS data was collected from four primary sources: ICGC PedBrain (Jones et al., 2012;

Kool et al., 2014; Northcott et al., 2014), PCGP (Robinson et al., 2012), MAGIC, and the

Broad Institute (Pugh et al., 2012). To ensure all samples were processed with the same

analysis pipelines, sequences that were not available as FASTQ files were unaligned using

the SamToFASTQ tool from Picard (http://broadinstitute.github.io/picard). To avoid

biases in the insert size estimation of the realignment the Bam files were name sorted prior

to the unalignment. The subsequent alignments were done according to the standards

defined for ICGC PanCancer (Stein et al., 2015). All reads were aligned against the phase

II reference of the 1000 Genomes Project including decoy sequences d5

(ftp://ftp. 1 000genomes.ebi.ac.uk/vol 1/ftp/technical/reference/phase2 referenceassembly

sequence/hs37d5.fa.gz) using bwa mem (version 0.7.8 using standard values except for
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invoking -T 0) (Li et al., 2009). The raw Barn files were sorted and duplicates were marked

using biobambam (version 0.0.148). Sequencing coverage was calculated using custom

scripts (Jones et al., 2012). For annotations we chose the latest compatible GENCODE

version 19 (http://www.gencodegenes.org/releases/19.html).

10.3. Variant calling

Somatic variant calling (SNVs, Indels, SVs and CNVs) was done using the DKFZ/EMBL

core pipelines in accordance with ICGC PanCancer (Stein et al., 2015). The workflow is

available on the Dockstore webpage: https://dockstore.org/, search pcawg-dkfz-workflow.

10.3.1. SNVs

SNVs were called using the DKFZ samtools-based (Li et al., 2009) calling pipeline as

described (Jones et al., 2012, 2013) using the ICGC PanCancer version. In short, variants

were first called in the tumor sample and then queried in the control sample. The raw calls

were then annotated using multiple publicly available tracks such as 1000 Genome

variants, dbSNP, repeats and other elements. The functional impact of the mutations was

annotated using Annovar (Wang et al., 2010) and the variants were assessed for their

confidence and split into somatic and non-somatic calls. Due to the poor coverage of the

TERT promoter region, variants were called with relaxed stringency manually using

custom scripts.

10.3.2. Indels

Raw calls for Indels were obtained from Platypus, version 0.7.4 (Rimmer et al., 2014).

Annotation and confidence assessment was done similar to SNV processing.

10.3.3. SNV/Indel integration

SNVs and Indels were integrated using custom scripts. Variant frequencies were calculated

for the whole cohort and for each subgroup individually. In order to increase the already

high specificity of the workflows (Alioto et al., 2015), we manually checked all functional

variants (non-synonymous, stop-gain, stop-loss and splice-site SNVs and in-frame, frame-
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shift and splice-site Indels), in genes that had at least three hits in the cohort. For manual

curation, we used a custom script to take screenshots for each variant and then scored the

confidence randomly at least three times for each call.

10.3.4. SVs

SVs were inferred using DELLY (Rausch et al., 2012b) following a standardized method

across all samples (matched tumor/normal pairs) and using the cancer genome analysis

workflow of ICGC PanCancer (https://dcc.icgc.org/pcawg). Briefly, the same workflow

was employed to predict SVs in a set of 1105 germline samples from healthy individuals

belonging to phase I of the 1000 Genomes Project (1000GP; http://1000genomes.org).

Predicted SVs in the MB samples were considered somatic if they were detected in <1%

of the 1000GP samples. Furthermore, identified somatic SVs were additionally required to

be absent in all remaining MB germline samples from this study and absent in a set of

germline samples derived from different tumor entities sequenced as part of ICGC. To

exclude false positive predictions caused by low-quality mapping reads, only high-

confidence calls were considered by applying additional filtering, specifically requiring at

least 4 supporting sequencing read pairs with a minimum mapping quality of 20, and an

SV size between I00bp and 500Mb.

10.3.5. CNVs

Copy number status was estimated using ACEseq (allele-specific copy number estimation

from sequencing; manuscript in preparation). The method uses both, a coverage ratio of

tumor and control over genome windows and the B-allele frequency (BAF). It produces

copy number calls as well as estimates for tumor ploidy and tumor cell content. During

pre-processing of the data, allele frequencies were obtained for all single nucleotide

polymorphism (SNP) positions recorded in dbSNP version 135 (Sherry, 2001). To improve

sensitivity with regards to imbalanced and balanced regions, SNP positions in the control

were phased with impute2 (Howie et al., 2009). Additionally, the coverage for 10 kb

windows with sufficient mapping quality and read density was recorded and subsequently

corrected for GC-content and replication timing to remove coverage changes introduced
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by these biases. The genome was segmented using the PSCBS package in R (Olshen et al.,

2011) whilst incorporating SV breakpoints defined by DELLY. Segments were clustered

using k-means clustering according to their coverage ratio and BAF value and neighboring

segments that fell into the same cluster were joined. Focal segments (<1 Mb) were stitched

to the more similar neighbor.

10.3.6. Focal CNVs

To reliably call focal CNVs in genes of interest, we extracted overlapping breakpoints from

the raw SV calls. To increase specificity, the events were then visualized using custom

plotting scripts. Events <10 Mb were considered to be focal.

10.3.7. Chromosomal aberrations

Chromosome arm-level gains, losses, and loss of heterozygosity (LOH) were manually

annotated using coverage plots from ACEseq that include b-allele frequency plots for LOH

detection.

10.3.8. Clonality analysis of small mutations

To asses the clonality of somatic small mutations (SNVs and Indels) in high quality WGS

cases, Tumor purity as well as the copy number status for somatic mutations was estimated

using ACEseq (Kleinheinz et al., 2017) and the clonality was calculated (observed allele

frequency / estimated purity * local copy number). A clonality of>1 corresponds to at least

one allele being mutated after local copy number and purity correction. Since we could not

confidently differentiate between clonal and subclonal events in hyperploid (n>3)

genomes, we restricted our analysis to samples with estimated ploidies of n <3.

10.3.9. Expression analysis of mutated alleles

Expression of the main variants displayed in the oncoprints for samples with available

RNA-seq data was determined and the frequency of the expressed allele was estimated.

Specifically, variants were examined using samtools mpileup and then plotted as a fraction

of the total expression observed for the respective gene. Since the representation of indels

in the RNA BAM files, aligned using STAR (Dobin et al., 2013), was different than that
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used for DNA alignments (aligned using BWA-MEM), the expression of indels was

determined manually using the IGV genome browser.

10.3.10. Genome-wide SNV analysis

To identify genomic regions with single recurrent mutations or clusters of recurrent

mutations we used a windows-based approach in which we binned the human genome in

non-overlapping windows of various sizes ranging from 50bp to 500bp. For each window

we calculated its mutational recurrence (i.e. number of patients having at least one mutation

in the given window). To estimate the background mutational rate (BMR) the so-called

"global" model was used: we stratified the genome into 25 evenly-sized groups of genomic

windows with similar genetic and epigenetic background based on the combined vector of

five genetic and epigenetic features (replication timing, gene expression level, GC content,

H3K9me3 and open vs. closed chromatin conformation; as described in Rudneva et al.,

manuscript in preparation). Using these BMR estimates we computed an Enrichment

Score, Binomial p-value, and Negative Binomial test p-value for each genomic window.

To choose the significance cut-off that would provide reproducible results we performed

cross-validations (samples were segregated by subgroup). Based on the results of cross-

validations, we chose a combination of the window size (200 bp), test statistic and a cut-

off value (Binomial p-value cut-off = 10-25) that ensured high precision and recall values

based on precision-recall analysis. Recall was calculated as the number of regions that

satisfy the cut-off in results obtained on both halves of the dataset; precision was calculated

as a fraction of the recalled regions to the total number of regions satisfying the cut-off in

each of the datasets. We then used the chosen parameters and executed the pipeline on the

complete dataset.

10.4. Oncoplots

The data from the variant calling workflows was summarized using custom scripts and

plotted into oncoplots using the R package complex heatmaps (Johann et al., 2016).

Frequencies of events were adjusted to the number of samples that could be annotated for
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the respective event (i.e. samples where we could not call CNVs were not counted and

shaded light grey for CNV relevant genes). Subgroup enrichment for specific genes was

determined using Fisher's exact test and a threshold of the Benjamini Hochberg adjusted

p-value (P<0.05).

10.5. Significance workflows

The significance of somatic mutations (SNVs, Indels) was determined using three

published methods: MutSigCV (Lawrence et al., 2013), IntOGen version 2.4.2 (Gonzalez-

Perez et al., 2013) and MuSiC version 0.4 (Dees et al., 2012). The corresponding input data

formats were parsed from our custom VCF files and loaded into the respective tools. The

programs were run using default settings. Significant genes were determined using the

recommended significance thresholds for each of the output files.

10.6. Copy number integration/significance

Significant copy number gains and losses (WGS samples; n=352) were calculated using

GISTIC version 2.0.22 (Mermel et al., 2011). We used a custom script to parse the region

based output from ACEseq into a segmented data format suitable for GISTIC. Regions

containing false positive recurrent events mainly around centromeres and telomeres were

excluded from the analysis. The following 38 samples were excluded from the analysis due

to low data quality: ICGCMB126, ICGCMB143, ICGCMB147, ICGCMB149,

ICGCMB246, ICGCMB256, ICGCMB304, ICGCMB305, ICGCMB306,

ICGCMB62, ICGCMB800, ICGCMB89, ICGCMB92, ICGCMB94, MDT-AP-

0009, MDT-AP-1200, MDT-AP-1367, MDT-AP-1369, MDT-AP-1403, MDT-AP-1405,

MDT-AP-2073, MDT-AP-2110, MDT-AP-21 I1, MDT-AP-2115, MDT-AP-2116, MDT-

AP-2307, MDT-AP-2514, MDT-AP-2532, MDT-AP-2673, MDT-AP-2719, MDT-AP-

2745, MDT-AP-2774, MDT-AP-3017, MDT-AP-3019, MDT-AP-3399, MDT-AP-3402,

SJMB015 and SJMB019. GISTIC was run separately for each subgroup using a length

cutoff of 0.5 chromosome arms, a noise threshold of 0.3 copies, a cap of 1.5, a confidence

level of 0.95 and gene GISTIC for the deletion analysis.
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10.7. Mutation Signatures

Mutation signatures are calculated based on trinucleotides centered at somatic SNVs.

Therefore, the immediate 3' and 5' nucleotides of all somatic SNVs were extracted from

the reference genome and the obtained trinucleotides were converted to pyrimidine context

resulting in 96 possible mutation types. Directly adjacent SNVs (multiple nucleotide

variants, MNVs) were excluded for mutational signature analysis. For each sample, its

mutational profile was calculated by counting the number of occurrences of each of the

possible 96 mutation types. By combining mutational profiles of all samples per entity,

mutational catalogues for signature extraction were compiled. The mutational profile of a

tumor, and therefore, the mutational catalogue of a tumor type, is supposed to reflect a

combination of mutational processes (signatures) acting on their genomes, where each

mutational process has different intensities (exposures). This is modelled as a system of

matrices for signatures (P), exposures (E) defining the observed mutational catalogue (M):

M~zPxE.

To decipher "de novo" signatures, we implemented and applied the method described in

Alexandrov et al. (2013b) to the mutational catalogue of each subgroup. To identify highly

similar and distinct signatures, all signatures were compared across tumor types and to

published signatures (available in the COSMIC database) based on their cosine similarity

(Alexandrov et al., 2013a). All detected signatures could be assigned to one of the known

signatures with a cosine similarity of at least 0.85. To achieve maximum resolution per

sample, we finally aimed for a sample-wise re-extraction of exposures from the mutational

profiles using quadratic programming with the reference signature set as P and exposures

in E as unknown variables. The resulting exposures were used for further downstream

analyses and visualization. Signature probability distributions are displayed for the 96

mutation types according to the representation in Alexandrov et al. (2013a). Association of

signature exposures and age at diagnosis were calculated by generalized linear models in

all subgroups. Specificity of exposures for one or more subgroups (i.e. significant
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enrichment of exposure compared to the other groups) was detennined using ANOVA and

post-hoc Tukey's test.

10.8. DNA Methylation Array Processing

DNA methylation profiling of MB samples was performed using the Infinium

HumanMethylation450 BeadChip array (450k array) according to the manufacturer's

instructions (Illumina, San Diego, USA). Data was primarily generated at the DKFZ

Genomics and Proteomics Core Facility (Heidelberg, Germany) and The Hartwell Center

at St. Jude Children's Research Hospital (Memphis, USA). MB subgroup status was

inferred as previously described (Hovestadt et al., 2013) or using published annotations

(Pugh et al., 2012; Robinson et al., 2012).

DNA methylation data of 1,256 samples presented in this study was generated from both

fresh-frozen and formalin-fixed paraffin-embedded (FFPE) tissue samples. For most fresh-

frozen samples, >500 ng of DNA was used as input material. 250 ng of DNA was used for

most FFPE tissues. On-chip quality metrics of all samples were carefully controlled.

Samples were also checked for unexpected genotype matches by pairwise comparison of

the 65 genotyping probes on the 450k array.

All DNA methylation analyses were performed in R version 3.3.0. Raw signal intensities

were obtained from IDAT-files using the minfi Bioconductor package version 1.18.0

(Aryee et al., 2014) using default settings. A correction for the type of material

(FFPE/Frozen) was performed by using the removeBatchEffect function of the limma

package version 3.24.15. The log2-transformed intensities of the methylated and

unmethylated signal were corrected individually. Beta-values were calculated from the

retransformed intensities using an offset of 100 (as recommended by Illumina) and used

for all downstream analyses.

The following criteria were applied to filter out probes prone to yield inaccurate

methylation levels: removal of probes targeting the X and Y chromosomes (n = 11,551),
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removal of probes containing a single-nucleotide polymorphism (dbSNP 1 32Common)

within five base pairs of and including the targeted CpG-site (n = 24,536), and probes not

mapping uniquely to the human reference genome (hg 19) allowing for one mismatch (n

9,993). In total, 438,370 probes were kept for analysis.

For unsupervised hierarchical clustering of 1,256 MB samples, we selected the 22,349 most

variably methylated probes across the dataset (s.d. >0.25). Pairwise sample distances were

calculated by using 1 minus the weighted Pearson correlation coefficient as the distance

measure. Pairwise Pearson correlation was calculated using the wtd.cors function of the

weights package version 0.85. We used the probe standard deviation subtracted by 0.25 as

the weight, giving more variable probes greater influence. The resulting distance matrix

was used to perform the t-SNE analysis (t-Distributed Stochastic Neighbor Embedding,

Rtsne package version 0.11). The following non-default parameters were used: theta=0,

isdistance=T, pca=F, maxiter=2000. Resulting clusters were annotated as WNT, SHH,

Group 3 and Group 4 based on classification using a previously described 48 CpG

signature (Hovestadt et al., 2013).

A similar approach was used for the unsupervised clustering restricted to Group 3 and 4

samples (n = 740, 12,454 most variable probes, s.d. >0.25), and for the downsampling

analysis. To ensure a similar rotation of samples, t-SNE analysis was performed by using

the sample locations obtained after 150 iterations of the clustering of all MB samples as

initialization points, and then performing an additional 1,850 iterations for the respective

subset of samples. For the unsupervised clustering of Group 3 and Group 4 samples,

clusters were annotated using the DBSCAN algorithm as implemented in the dbscan

package version 0.9-7. The following non-default parameters were used: minPts=16,

eps=3.9. Subsequently, samples not assigned to any cluster were iteratively merged to their

nearest cluster.

For the comparison of IDH]-mutated samples, we restricted the analysis to samples of the

SHH subgroup that were also part of the sequencing cohort (n = 89). The 16,946 most
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variably methylated probes were used (s.d. > 0.25). 1-Pearson correlation coefficient was

used as the distance measure, and average linkage was used for hierarchical clustering.

CNV analysis from 450k methylation array data was performed using the conumee

Bioconductor package version 1.4.0. A set of 50 control samples displaying a balanced

copy-number profile was used for normalization.

10.9. Gene Expression Array Processing

Samples for which RNA of sufficient quantity and quality was available were analyzed on

the Affymetrix GeneChip Human Genome U133 Plus 2.0 Array. Sample library

preparation, hybridization, and quality control were performed according to

manufacturer's protocols. Expression data were normalized using the MAS5.0 algorithm

of the GCOS program (Affymetrix, Santa Clara, USA).

Gene expression differences between MB Group 3 and 4 subtypes was analyzed using

available data for samples that were classified in the initial DBSCAN annotation (n = 219

samples). Excluding genes located on chromosome X and Y, differentially expressed genes

between subtypes were determined by the ANOVA procedure, and using Tukey's post hoc

test. Genes were considered differentially expressed if the FDR-adjusted P-value across

subtypes < 0.01, and if for at least one comparison between subtypes the absolute

difference of mean expression levels was larger than 2 and P-value < 0.01 (n=869 genes).

10.10. RNA-seq and ChIP-seq data generation and analysis

RNA-seq and ChIP-seq data was generated and analyzed as previously described (Jones et

al., 2012; Lin et al., 2016).

10.11. Cis expression structural alteration mapping (CESAM)

CESAM integrates SV-derived breakpoints with RNA-seq data to identify expression

changes associated with breakpoints in cis as previously described (Weischenfeldt et al.,
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2017), by performing linear regression of expression (molecular phenotype) on SV-derived

breakpoint (somatic genotype) data. We employed CESAM as described the original

manuscript, with some modifications. In brief, locally recurring SV breakpoints were

assigned to bins if they fell into the same preannotated TAD, using TAD data from the

IMR90 cell line (Dixon et al., 2012) (mean TAD size = 830 kb). A somatic genotype matrix

based on 'TAD bins' was constructed using BEDTools v2.24.0 (Quinlan and Hall, 2010)

by annotating for every sample the presence/absence of breakpoints within a TAD, with

'TAD bins' as annotated TAD boundaries (Dixon et al., 2012). We removed genes with

low expression variance (variance below the 20 th percentile). To alleviate the effect of gene

dosage, we divided each gene's expression by the tumor/normal gene copy-number ratio

(derived from ACEseq), following log2-transformation. We then related breakpoint

presence/absence patterns with gene expression values using the FastQTL (v2. 1) algorithm

(Ongen et al., 2016), by employing a 2 Mb cis-window centered on the TAD's midpoint.

We performed 1,000 permutations with FastQTL for statistical inference (Ongen et al.,

2016). To minimize the effect of confounders, we used the following covariates in the

regression: (i) the total number of SVs for each sample, to adjust for SV burden effects,

and (ii) principal components (PC), based on principal component analysis (Price et al.,

2006) on the somatic SCNA-derived breakpoint matrix. We used an FDR of 5% using the

Benjamini-Hochberg procedure, and required >2-fold expression upregulation relative to

controls for reporting CESAM candidate genes. Fold-change was computed as the median

expression in the group of SV "carriers" compared to the median of "non-carrier" control

donors (median values were set to a minimum value of 1 FPKM in cases with a lower

median expression level). To identify SVs juxtaposing distal enhancers, given a set of SVs

each with two breakpoints bi and b2 - with bi being closest to the candidate gene, overlap

statistics were computed for the distant breaks b2 for the presence within 50 kb of each of

a set of subgroup-specific enhancers, which was compared to an empirical background

distribution by performing 10,000 randomizations of the b 2 breakpoint position.
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10.12. Creating biological networks from mutation and copy-number data

To construct biologically relevant networks from mutation (SNVs, indels) and CNV data,

we considered each subgroup independently and put the alterations found in each subgroup

in the context of a network of known protein-protein interactions. We then used the Forest

tool from the Omics Integrator suite (Tuncbag et al., 2016) that solves the Prize Collecting

Steiner Forest (PCSF) problem to reduce the size of the network around the genomic

alterations (SNVs, indels, CNVs) used as inputs.

Assuming that disease-relevant alterations are affecting the same or closely related

pathways and biological processes, considering the interaction-neighborhood of the

alterations (along with the reductionist approach of PCSF) allowed us to address two

problems: (i) reduce the number of mutations to consider as functionally important for each

subgroup; and (ii) help us assign rare mutations to subgroups.

10.12.1. Prize-Collecting Steiner Forest methodology

The PCSF approach seeks to find subsets of affected genes that belong to the same, possibly

underappreciated or unknown, cellular processes. It begins by mapping a set of proteins of

interest (here: altered genes, as they are likely to yield a gene product with altered or no

function) onto a combined network of physical interactions ("interactome") among

proteins and between proteins and metabolites derived from public databases. Each gene

is associated with a "prize" derived from its frequency of mutation in a subtype and each

interaction is associated with a cost that is lowest for the most reliable interactions. PCSF

then finds a connected subnetwork by optimizing a target function that weighs the "prizes"

associated with input nodes (mutation/CNV) in a solution (a connected subgraph in the

interactome), against "penalties" associated with interactions included in the solution and

aims to include as many prizes as possible. For more details about how the target function

is defined, please see Tuncbag et al. (2016).

A PCSF solution not only contains input proteins, but also interacting proteins that were

not found to be altered, yet are likely to play a role in the same biological context (pathway,
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process, compartment, etc.) as their interaction partners (in the context of this algorithm

termed "Steiner" nodes"). This is particularly helpful in finding relevant pathways in the

subsequent functional enrichment steps and frequently is able to link relevant molecular

entities to the network that experimental methods were not able to measure. The resulting

subnetwork depends on PCSF parameters, including one that effectively controls the size

of the network (fl), one that discourages highly connected hub-nodes in the final solution

(y), and one that tunes the number of individual graphs in a solution (W). Each parameter

combination results in a different PCSF solution. Below we describe the methods we use

to choose parameters based on measures of network quality.

Aiming to build subgroup-specific networks, we used each gene that was altered (primarily

SNVs, InDels, and CNVs) in a subgroup as input for this subgroup. Prizes were chosen

based on the alteration frequencyfof each gene within the subgroup and calculated as I+f

This strategy assigned similar weights to most of the genes as the alteration frequency was

less than 5% within a subgroup in most cases with few exceptions (e.g. CTNNB], DDX3X,

PTCH]).

10.12.2. PCSF parameter selection

We explored and evaluated all combinations of the following parameter values for each of

the subgroup-specific inputs using an interactome combining interactions from iReflndex

v13 (Razick et al., 2008), HMDB v3.6 (Wishart et al., 2012), and the RECON v2 (Thiele

et al., 2013) database: fl={1, 3, 5}, y= {0.0005, 0.001, 0.005, 0.007, 0.008, 0.009, 0.01 },
w={1, 2, 3}, and D=7 (maximum depth searched). We discarded networks that were

dominated by "hub-nodes" (networks where a single node connects to more than a quarter

of the nodes in the network) and selected a parameter set for each of the subgroup-network

sets to perform subsequent analyses. We focused on two criteria when selecting parameter

sets: (i) the number of interactions selected nodes have in the interactome ("degree") should

be about the same for input-nodes and algorithm-added ("predicted") nodes, with a

preference for a low average degree; (ii) we favor networks with a high input-to-predicted

node ratio (number of input nodes in network divided by number of nodes added by the
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algorithm in network). Generally speaking, these criteria ascertain that the final networks

are not dominated by high-degree nodes and that they predominantly contain proteins

supported by the data. This selection process led us to choose the parameter sets {#=5,

M=0.007, w=1}, {#=l, pt=0.007, o=3}, {#f=5, p=0.009, w=l}, and {f=5, P=0.01, a=1}

for networks for WNT, SHH, Group 3, and Group 4, respectively.

10.12.3. Measuring robustness to parameter choices

Using these parameters, we ran the algorithm 100 times for each of the subgroups, each

time slightly altering the interaction scores in the interactome to reduce the effect of the

fixed scores on the selection of nodes in the network. By building the union of these runs

for each subgroup, we created our final networks. Finally, for each node in each network,

we calculated a robustness score as the fraction of the 100 networks that contained the

node.

10.12.4. Network/pathway association

In order to get an impression of which biological processes and pathways are

overrepresented in these networks (as well as the entire mutation/CNV dataset), we

performed GO enrichment (using the R package topGO) and pathway enrichment

(hypergeometric tests using the Molecular Signature Database's (MSigDb v5. 1) C2 gene

sets for Canonical Pathways, Biocarta, Reactome, and KEGG), followed by FDR

adjustment of p-values (using R's p.adjust function). In the results, we focused our

attention to hits with q<0.01, and, in order to avoid very general sets, limited our final list

of hits to examine pathway sets that annotate fewer than 300 genes. To link pathways to

patients, we matrix multiplied the binary patient x gene alteration data matrix with a binary

gene alteration x pathway association matrix. We used this matrix as a basis to calculate

pathway-subgroup association frequencies.

10.12.5. Network visualization

All network visualization was done using Cytoscape v3 (Shannon et al., 2003). For the

final display items, we reduced the size of the networks focusing on specific pathways, by
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filtering out nodes that were not directly associated with the pathway of interest, nodes that

were not robust across Forest-runs as well as interactions (edges) with low interaction

scores. While subgroup-networks were used to show subgroup-specific annotations (e.g.

WNT network for highlighting physically interacting SWI/SNF complex genes), we used

the union of all four subgroup-networks as a base for the 'histone lysine methylation'

network as all networks were highly enriched for this process.

10.13. CoMEt analysis

CoMEt (Combinations Of Mutually Exclusive Alterations) is a computational tool that is

designed to identify mutually exclusive (ME) mutations (and other genomic events) in a

binary gene by sample matrix (Leiserson et al., 2015). As input, CoMEt requires three main

parameters: (i) a matrix of genomic alterations (we included SNV and CNA data), (ii) k,

the number of mutually exclusive events to be identified; and (iii) t, the number of groups

("modules") of such events. CoMEt returns roughly t modules containing k mutually

exclusive genes (or slightly different numbers if the algorithm's final processing step finds

a better grouping). An important metric in analyzing these modules is the coverage of the

module; that is, the fraction of samples that were found to be mutated across the k genes.

Another important detail to pay attention to is the number of samples in a module that are

associated with alterations; this number, in the case of this particular dataset, is expected

to be low due to the low mutational frequency of most genes.

We ran CoMEt for different combinations of k (between 2 and 5) and t (between 2 and 5)

on the entire dataset and subgroup-only subsets of the data. In addition, for the final

analysis, we limited the algorithm to only include genes in the search that are altered in

three or more samples. The main reason for setting this limit was to exclude very rare

mutations, as most of these events are mutually exclusive with most other events by

definition. Furthermore - when we ran CoMEt without using this limit - it was

impossible to determine whether the mutual exclusivity of events in the results was a

feature of the disease (or disease subtype) or a statistical artifact. To further avoid this issue,
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we focused our analysis on modules that included genes altered in five or more samples in

a particular input-dataset. All modules reported by CoMEt pass a significance threshold of

p<l/N (with N=100, the number of permutations we ran), meaning all of the modules

presented here pass this significance threshold. For the final display of mutual exclusivity

figures, we excluded genes from the Group 3 module displayed (k=4, t=2) in order to

highlight the relationship of ME genes with higher alteration frequency; and we combined

two Group 4 modules from two different CoMEt runs (k=3, t=2 and k=3, t=3) in order to

create a larger module of mutual exclusivity (KBTBD4 not only ME with KDM6A, but also

with MYCN, and KMT2C).

10.14. Structural analysis of KBTBD4 insertions

KBTBD4 is a member of the BTB-Kelch family proteins, which includes over 50 members

in humans (Canning et al., 2013). All KBTBD4 mutations observed in this study localize

to the Kelch substrate-recognition domain. Although no structure has been determined for

the Kelch domain of KBTBD4 (KBTBD4Kch), there is an abundance of structural data

about the family that allows for construction of homology models, generated with SWISS-

MODEL (Biasini et al., 2014). The homology models of KBTBD4Kelch adopt the six-bladed

P-propeller fold with each 'blade' formed by a 4-strand antiparallel P-sheet. All mutations

observed in our MB series occur in the loop between the second and third strands of the

second Kelch 'blade', a known substrate recognition hot-spot (Canning et al., 2013).
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Chapter III:
Proteomics, Post-translational Modifications,
and Integrative Analyses Reveal Molecular
Heterogeneity within Medulloblastoma
Subgroups

This work was published as Archer et al., 2018, Cancer Cell 34, 396-410.

1. Abstract

There is a pressing need to identify therapeutic targets in tumors with low mutation rates

such as the malignant pediatric brain tumor medulloblastoma. To address this challenge,

we quantitatively profiled global proteomes and phospho-proteomes of 45

medulloblastoma samples. Integrated analyses revealed that tumors with similar RNA

expression vary extensively at the post-transcriptional and post-translational levels. We

identified distinct pathways associated with two subsets of SHH tumors, and found post-

translational modifications of MYC that are associated with poor outcomes in Group 3

tumors. We found kinases associated with subtypes and showed that inhibiting PRKDC

sensitizes MYC-driven cells to radiation. Our study shows that proteomics enables a more

comprehensive, functional readout, providing a foundation for future therapeutic strategies.

Significance: Genomic and epigenomic analyses have revolutionized cancer diagnostics.

Nevertheless, it has been difficult to identify therapeutic targets for tumors that lack

recurrent genomic lesions. Here we used global, mass spectrometry-based measurements

of protein levels and post-translational modifications to identify functional pathways

associated with subtypes of medulloblastoma. Strong proteomic signals revealed altered

pathways that were not detected transcriptionally. One molecular subgroup of tumors
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showed marked discordance of RNA and protein levels, suggesting global changes in

translation and/or proteostasis. We demonstrate the utility of an integrative approach for

discovery of candidate biomarkers or drug targets and provide a multi-omic dataset that

will serve as a resource for the community. This study has the potential to impact clinical

trial design.
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3. Introduction

Medulloblastoma is one of the most common pediatric brain tumors. Survival rates are

high, but current therapies can leave lasting side effects including problems with speech,

cognition and behavior, and increased risks of secondary cancers (Archer et al., 2017).

Identifying the pathways driving medulloblastoma could guide development of less toxic

and more effective targeted therapies. Previous analyses have demonstrated that, at the

molecular level, medulloblastoma is extremely heterogeneous and comprises at least four

major consensus subgroups: wingless (WNT), sonic hedgehog (SHH), Group 3, and

Group 4 (Cho et al., 2011; Hovestadt et al., 2014; Kool et al., 2012; Pugh et al., 2012;

Robinson et al., 2012; Tamayo et al., 2011; Taylor et al., 2012). Almost all WNT tumors

carry activating mutations in the p-catenin gene (CTNNB]) (Pugh et al., 2012).

Unfortunately, the ubiquity of WNT signaling in non-cancer cells makes this pathway a

challenging one for targeted cancer therapeutics (Kahn, 2014). Some SHH tumors respond

to SMO inhibitors (Kool et al., 2014; Robinson et al., 2015). Group 3 and Group 4 are the

least understood subgroups and constitute more than half of all medulloblastoma cases.

These tumors have few consistent genetic abnormalities amenable to currently available

targeted therapies (Northcott et al., 2012a).

Deeper analysis of the transcriptome and epigenome has revealed subtypes within the four

consensus subgroups as defined by Taylor et al. (2012). Based on transcriptome evidence,

we reported two subtypes of Group 3 tumors, including one with a dominant MYC-driven

signature and exceedingly poor prognosis (Cho et al., 2011; Pfister et al., 2009; Schwalbe

et al., 2017). More recently, Northcott et al. (2017) defined eight subtypes of Group 3 and

Group 4 tumors based on DNA methylation, including a category of MYC-driven samples

called subtype II. Similarly, Cavalli et al. (2017) proposed a division of Group 3 and

Group 4 into a total of six different subtypes. Recent evidence suggests that the MYC-

driven Group 3 tumors may be susceptible to CDK inhibitors or to combinations of P13K

and HDAC inhibitors (Hanaford et al., 2016; Pei et al., 2016).
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Recent advances in mass spectrometry have allowed for proteomic and phospho-proteomic

profiling of other cancers, and integration of these data with other biological data

developed a more complete understanding of specific cancers and their genetic drivers

(Edwards et al., 2015; Huang et al., 2017; Lawrence et al., 2015; Mertins et al., 2016;

Zhang et al., 2014, 2016). Since proteins are ultimately the functional effectors of

biological activity in cancer cells, we hypothesized that global proteomic analysis may be

an especially sensitive method for identifying potential therapeutic targets in

medulloblastoma.

Proteomics --------------

'..

Tumor
Tissue RNA sequencing .

DNA methylation profiling

Matched
Blood -* Genomic sequencing

Sample 9

Proteome
Phospho (pSTY)

Phospho (pY)
Acetylomics

Number of samples included in study

Data Type Total G3 [ SHH WNT

Proteomics 45 14 13 15 3
RNA-seq 39 13 12 14 0

DNA methylation 42 14 13 15 0
WGS 41 14 13 14 0

Figure Ill-1: Summary of data types included in this study, depth of proteomic data types,

and cohort composition. The extent of the data from proteomics, including post-translational

modifications, is summarized at the top. pSTY: phosphorylation on serine, pSTY: phosphorylation

on serine, threonine, or tyrosine detected after immobilized metal affinity chromatography; pY:

phosphorylated tyrosine detected after antibody purification; Total: the total number of features

identified; All Samples: the number of features measured across all samples, i.e. without any

missing values. The number of samples covered by each data type and their split by subgroups are

summarized at the bottom. G3: Group 3; G4: Group 4; WGS: whole genome sequencing.

Proteomics includes proteome, pSTY, pY, and acetylomics data sets. See also Table S1.
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4. Results

4.1. Global proteomics reveals medulloblastoma subgroups

To obtain a comprehensive view of medulloblastoma, we selected 45 primary tumors from

all consensus subgroups in a cohort that had been previously characterized (Cho et al.,

2011; Hovestadt et al., 2014; Kool et al., 2012; Northcott et al., 2017). Of these, 42 had

been analyzed for DNA methylation, 41 had preexisting whole genome sequencing and 39

had RNA-seq data (Figure 1, Tables SI and S2) (Northcott et al., 2017).

Towards our aim of understanding the functional pathways that distinguish

medulloblastoma subgroups, we collected proteomic, phospho-proteomic, and protein

acetylation data for all 45 samples using isobaric labeling with TMT10 mass-tag reagents

(Rauniyar and Yates 3rd, 2014) followed by high-resolution liquid chromatography-

tandem mass spectrometry. Phosphorylation events were enriched using metal-affinity

enrichment (detecting phosphorylated serine, threonine, and tyrosine peptides: pSTY). In

addition, we used antibodies to enrich for phosphorylated tyrosine peptides (pY) and

acetylated lysine residues (acK). Over 13,000 proteins, more than 50,000 phosphosites,

and almost 11,000 acetylated sites were quantified in total. Unless otherwise noted, only

the complete data sets, in which proteomic features had been measured across all 45

samples, were used for analyses (Figure 1).

We applied uniform data normalization methods to each type of data and clustered samples

using each data type separately (Figure 2A). Consensus clustering, principal component

analysis (PCA), and t-distributed stochastic neighbor embedding (t-SNE) carried out

separately on each data type predominantly revealed the known subgroups: Group 3,

Group 4, and SHH (Figures 2A, Sl-S3). The proteomic data also identified very

stable subsets of two known subgroups. Here, we refer to Group 3 clusters as Group 3a

(G3a) and Group 3b (G3b), and SHH clusters as SHHa and SHHb (Figure 2A, Table SI).

Including WNT samples in any of the clustering approaches on the proteomic data revealed
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the same five subsets with an additional sixth group for WNT samples (Figure S3).

Performing pairwise statistical comparisons, we found 4,365 proteins and 2,642

phosphopeptides that differed significantly between these subsets of patients (FDR < 0.01,

ANOVA; Table S2).

DNA Methylation Array
k = 3

RNA-seq Proteome
k=4 k=5

MB Group

~ -~ G3a

G3b

G4

SHHa

SHHb

0

Medlofbastona Subgroup WNT Group 3

DNA Methylation Northcott 2017 NA ISHH A1II T IV
RNA Expression: Cho 2011 NA NA c, ,_Ac cl

Proeoics: Group 3a Group 3b

all........... ... I

Figure 111-2: Comparison of clustering results. (A) The optimal clustering of DNA methylation

data, RNA-seq, and proteome, as determined using Pearson correlation as distance metric. k,

number of clusters. Consensus scores are indicated using a color scale from white (samples never

cluster together) to blue (samples always cluster together). (B) Comparison of the assignment of

samples using the four "consensus subgroups" (Taylor et al., 2012), the DNA Methylation-based

subtype-calls assigned in Northcott et al. (2017), which included most samples used in our study,

and RNA expression assignments based on application of the classifier described in Cho et al.

(2011 ). NA: no assignment available. See also Figures SI -S3 and Tables SI and S2.
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4.2. Proteome suggests post-transcriptional heterogeneity within SHH

medulloblastoma

The SHHa and SHHb subsets that emerged (Figures 2A. S 1 -S3) are distinct from the age-

dependent subtypes found in DNA methylation data (Cavalli et al., 2017; Kool et al., 2014;

Northcott et al., 2011 b; Schwalbe et al., 2017). All but one of the adult samples were found

in SHHa, while the pediatric SHH samples were split evenly between SHHa and SHHb

(Figures 2B, 3, S3, Table Sl). We identified 510 proteins that differed between the SHHa

and SHHb using ANOVA (FDR < 0.005). Proteins higher in SHHa were associated with

mRNA processing, splicing, and transcription, as well as the MYC pathway, chromatin

remodeling, and DNA repair (Figure 3A, Table S3). In contrast, proteins with higher levels

in SHHb were linked to neuronal and neurotransmitter-like activity, including CD47, an

anti-phagocytic cell surface ligand (Figure S4). Many proteins in the glutamatergic

synaptic pathway were elevated in SHHb, including glutamate, calcium, and MAPK/ERK

signaling (Figures 3A, 3B, Table S4). SHHb samples consistently clustered closer to

Group 4 samples than to SHHa samples (Figures 2A, 3A, S1-S3). Despite the differences

in neuronal-like gene sets between SHHa and SHHb, there were no differences in histology

(Figure 3C).

As no transcripts (RNA-seq) differed significantly (FDR < 0.05, ANOVA) between SHHa

and SHHb, we asked whether the subsets differed in post-transcriptional regulation. We

compared the Spearman correlations for approximately 8,700 mRNA-protein pairs in every

patient sample (Figure 3D). All clusters of samples except SHHb have a median Spearman

correlation near 0.5, consistent with studies in other systems (Mertins et al., 2016; Zhang

et al., 2014). However, the median correlation for SHHb was 0.38 (p = 0.012, compared to

SHHa; Mann-Whitney U test), suggesting that SHHa and SHHb differ in translation and/or

proteostasis.
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SHHb (FDR <0.005; ANOVA). Summaries of gene sets that significantly differ (FDR <0.01;

hypergeometric overlap tests) between SHHa and SHHb are shown alongside the heatmap. (B) A

schematic of the pathway for the glutamatergic synapse. Each box represents a gene or gene set

taken directly from the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway. The left

and right boxes summarize SHHa and SHHb protein levels, respectively. Grey boxes indicate a

lack of proteomic data for the gene product. Small white circles represent metabolites, solid

directed arrows activation, and lines ending with a bar inhibition. Dotted lines indicate transport

of metabolites. Solid lines and connected boxes represent physical interactions in the cell.

Figure adapted from KEGG pathway hsa04724 (Kanehisa et al., 2017). (C) Clinical annotations

of and recurrent genomic alterations in SHHa and SHHb samples. (D) Box-and-whisker plots of

Spearman correlations between the mRNA and protein levels for approximately 8,700 genes for

each tumor sample. Boxes range from first to third quartile in each group, with line indicating the

group-median. The whiskers extend to the lowest and highest data points within 1.5 times the

interquartile range from the box (p value shown from Mann Whitney U test). See also Figure S4

and Tables S3 and S4.

We next asked if genetic lesions might account for the observed differences between SHHa

and SHHb. Gains of chromosome 3q are characteristic of SHH medulloblastoma (Cho et

al., 2011; Kool et al., 2012; Taylor et al., 2012), and in our cohort they occur in several

SHHa samples, and do not occur in SHHb samples (Figure 3C). The neural progenitor

regulator SRY-box 2 gene (SOX2) lies within this region, and its protein levels and

phosphorylation events (T7, S18, and T26) were all increased in SHHa samples compared

to SHHb (Figures 3C, S4A) (Archer et al., 2011). In contrast, CD47 protein levels were

significantly elevated in SHHb, while mRNA levels did not differ between the groups

(Figure S4B). Mutations in PTCHJ, PRKARJA, and in the TERT promoter (Figure 3C)

occurred only in SHHa. In contrast, other SHH pathway activating alterations were found

in both SHHa and SHHb, which suggests that there are relatively few differences in the

genetic lesions of these SHH subsets.
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4.3. Post-translational modifications of MYC in Group 3 tumors are predictive

of patient outcome

Clustering of the proteomic data identified two subsets of Group 3 samples, which we refer

to as G3a and G3b (Figures 2, S 1-S3). First, we sought to understand how these clusters

related to the subgroups that had been previously identified using much larger cohorts. All

G3a samples were assigned to subtype II that was defined by Northcott et al. (2017), while

the G3b samples were assigned to the Northcott et al. (2017) subtypes I, III, IV, and VII

(Figure 2B, Table SI). The transcription-based classifier of Cho et al. (2011) assigned the

G3a samples to the MYC-activated cI subtype. Two G3b samples and one Group 4 sample

also were classified as cI (Figure 2B, Table Si). The remaining G3b samples were

assigned to c4 and c5. These results suggest that the proteomic features associated with

G3a likely represent the MYC-activated form of medulloblastoma and that the proteomic

data for G3b samples represent the known Group 3/4 continuum. Indeed, several proteomic

signatures in G3a associated with MYC activation including significant differences in

ribosomal proteins and proteins related to ribosome assembly, mitochondrial ribosomal

proteins, and proteins involved in transcription (Figure S5A) (Morrish and Hockenbery,

2014; Staal et al., 2015).

To identify the sources of MYC activation in G3a, we investigated the MYC events in all

our data (Figure 4A). While MYC amplification is a "hallmark" of MYC-activated

medulloblastoma, it does not occur in every tumor of this type (Cho et al., 2011; Northcott

et al., 2017). Here, only two G3a tumors have a MYC amplification. However, all G3a

samples have increased post-translational modifications of MYC at multiple sites

(Figures 4A, S5B). Acetylation of lysine 148 (K148) was pronounced, as was increased

phosphorylation of serine 71 (S71) and a serine at either position 62 or 64 (the ambiguity

of these nearby sites cannot be resolved in the spectra). Our data also revealed peptides that

are simultaneously phosphorylated at both serine (S62) and threonine 58 (T58). Peptides

phosphorylated on T58 and S62 are particularly informative for MYC activity, as these

sites regulate MYC half-life and transcriptional activity (Arnold et al., 2009; Wang et al.,
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2011). Considering known MYC regulators, our data showed significantly increased

protein levels of the B55a subunit of PP2A (encoded by PPP2R2A, FDR =0.0085,

ANOVA), and the deubiquitinating enzymes USP28 (significant with FDR =0.018,

ANOVA) and USP36 (not significant with FDR = 0.084, ANOVA) in G3a compared to

G3b (Figure S5C). By contrast, we did not observe differing levels of PP2A-B56 or the

phosphatase inhibitors SET or CIP2A (Figure S5C).

To examine the localization of active forms of MYC, we stained formalin-fixed and

paraffin-embedded (FFPE) slides of the tumors for MYC phosphorylated at S62 or T58

(Figure 4B). Cell mean immunofluorescence density for phosphorylation. of residues S62

and T58 MYC (pS62 and pT58) was significantly higher in G3a compared to G3b (Figure

4C), while Group 4 tumors showed lower levels of signal. Localization of pS62 MYC was

primarily in the nucleus with exclusion from the nucleolus (Figure 4B). In contrast, pT58

MYC localized mainly in the cytoplasm for G3a and G3b tumors. Elevated pS62 and pT58

MYC suggest a breakdown in the canonical pathway of MYC degradation (Farrell and

Sears, 2014), consistent with the increased expression of some kinases upstream of S62

phosphorylation as well as increased expression of deubiquitinating enzymes USP36 and

USP28.

We sought to understand whether the observed MYC modifications had clinical

implications. Indeed, G3a and G3b patients differed dramatically in rates of five-year

progression free (PFS) and overall survival (OS), but these differences were not statistically

significant, possibly due to the small sample size (Figures 4D). To extend our analysis to a

larger cohort, we built a binary classifier based on single sample gene set enrichment

analysis (Barbie et al., 2009) to distinguish G3a and G3b using only transcriptional data.

We then applied it to the cl and c5 samples from Cho et al. (2011) to give them G3a/G3b

labels (Figure S5D, Table S1).
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expression, DNA copy number, and DNA methylation. Scale bar is of log2 values for all data sets

except DNA methylation, which ranges from 0 to I on a linear scale. Methylation values,

converted to percentages, are superimposed on the heatmap. The phosphorylation locations are

provided both based on RefSeq (as used in our data sets) and Uniprot (frequently used in the

literature). S77 or 79: phosphorylated at either S77 or S79 but not at T73; S359* / T365:

phosphorylated at T365 as well as a proximal site that could not be uniquely determined. (B)

Representative confocal microscopy images showing pS62 and pT58 MYC in G3a, G3b, and

Group 4 tumors. (C) Scatter bar charts showing mean immunofluorescence densities quantified

across 50-100 nuclei in 3-4 fields of view captured at 40x for MYC pS62 and pT58. Error bars

represent standard error of means (SEM) and significance reported is from two-tailed unpaired t-

tests. (D) Kaplan-Meier plots of overall survival and progression-free survival of Group 3

medulloblastoma from the current cohort (left) and the current cohort combined with Group 3

samples from Cho et al. (2011). The survival analysis on the combined cohort was performed

using the classifier defined by the proteomic clusters G3a and G3b ("Proteome-based Classifier"

in the center) and the original classifier from Cho et al. (2011) (cl/c5, right, gray scale). In the

combined cohort with proteome-based group assignments (G3a/G3b), both outcome predictions

reached statistical significance (p values as shown; Log-rank test). See also Figure S5.

Surprisingly, while we had expected cl samples from the original Cho cohort to be

assigned to G3a and c5 to G3b, the classifier assigned approximately one quarter of the

samples to the other subtype. The combined cohort using proteomic labels performed better

at predicting PFS and OS (Figure 4D, S5E). The difference in PFS using cI and c5 labels

(Figure 2B and Table Si) on the combined cohort did not reach statistical significance

(p = 0.098), while the difference using G3a vs. G3b classification did (p = 0.002). The

newly defined sets of patients had the same median age (5 years), ruling out that variable

as a potential trivial explanation for the improved predictor. Taken together, these data

demonstrate that the proteomic distinctions provide a strong signal of clinical relevance.
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Figure 111-5: Medulloblastoma subtypes differ in kinase regulation and substrate levels. Two

different methods used to analyze the kinome are shown. On the left, upstream kinases are

predicted from differential phosphopeptides between subgroups using PhosphoSitePlus database

(Hornbeck et al., 2015). On the right, kinases are predicted from scoring differential

phosphopeptides using sequence specificity motifs from Scansite (Obenauer et al., 2003).

Heatmaps show the median levels of peptides matched to an upstream kinase, with the number of

peptides matching each kinase shown in parentheses. Kinases found by both methods are

annotated with an asterisk. Bars on the side of the heatmaps indicate whether target peptides
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correlate with protein or phosphorylation levels of upstream kinases; and if DrugBank (Law et al.,

2014) lists any drugs targeting the kinases. See also STAR Methods and Table S5.

4.4. Medulloblastoma subgroups differ in activity of kinases

We next investigated kinase signaling in medulloblastoma. Potential kinases of the

phosphopeptides in each subset of tumors were identified by leveraging kinase specificity

data from PhosphoSitePlus (Hornbeck et al., 2015) and Scansite (Obenauer et al., 2003).

Filtering this list based on the protein and phosphorylation levels of the kinases in our data,

we identified the 38 kinases listed in Figure 5 (Table S5). PRKDC, GSK3B, and CDK5

were significant in both our analyses. PRKDC is important for repair of DNA double-

stranded breaks through non-homologous end-joining (Ma et al., 2004) and downstream

targets of PRKDC were consistently elevated in Group 3 and WNT samples (Figure 5,

Scansite). GSK3B is a promising therapeutic target. It is overexpressed in many cancers

(McCubrey et al., 2014) and its substrates have increased phosphorylation in the Group 4

and SHHb samples. CDK5 has been associated with oncogenesis and resistance to cancer

therapies (Pozo and Bibb, 2016) and its targets had increased phosphorylation in Group 4.

CDK5 phosphorylates MYC at S62, much like CDK1 and CDK7, which were fittingly

associated with G3a. AURKB was also linked to this disease group. Diaz et al. (2015)

previously treated MYC overexpressing medulloblastoma cell lines and orthotopic

xenografts with an AURKB inhibitor, which led to growth impairment and induction of

apoptosis in the cell lines, and inhibited intracranial growth and prolonged survival in mice.

Many kinases were predicted to be active in SHHa, and this was the only subgroup with

consistent phosphorylation of sites targeted by ATM (PhosphoSitePlus) and PIK3Rl

(Scansite). G3b was unusual, as only one kinase, EEF2K, was associated with this group

in our analyses. Overall, these analyses highlight potential upstream kinases that may be

driving some of the molecular differences between medulloblastoma subgroups and that

represent possible novel targets to explore for future therapeutic gains.
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4.5. MYC-active medulloblastoma cell lines have phosphorylated MYC and

PRKDC

To test the finding that pS62 MYC is enriched in Group 3 MYC-active medulloblastoma,

we measured MYC expression by Western blot in medulloblastoma cell lines reported to

be MYC-amplified (D425, D458 and D556) compared to two that are not (DAOY and

D283) (Bigner et al., 1990). MYC-amplified lines were highly enriched for MYC protein

and pS62 MYC, while DAOY and D283 were not (Figure 6A-C). Consistent with the

kinome analysis, pS2056 PRKDC correlates with pS62 MYC and pT58/pS62 MYC in

these lines (Figures 6A-C). To explore possible functional consequences of this finding,

we first examined the localization of PRKDC and MYC. Immunofluorescence identified

that pS62 MYC and pS2056 PRKDC co-localize in the nucleus (Figure 6D).

We next examined the role of PRKDC in MYC-amplified medulloblastoma cell lines.

PRKDC inhibitors are radio-sensitizing agents, but may have limited cytotoxic activity by

themselves (Ciszewski et al., 2014; Sunada et al., 2016). We find that that the PRKDC

inhibitor NU7441 preferentially sensitizes MYC-active cell line D458 to radiation (Figures

6E-F). Irradiation reduced the IC5 o of the MYC-amplified D458 from 28 pM to 2.7 pM

(Figure 6G), but did not change the IC50 of NU7441 in DAOY. These data suggest that cell

lines with pS62 MYC depend on PRKDC activity for survival in response to DNA damage,

and that PRKDC inhibition may radio-sensitize MYC-active tumors.

4.6. Integrative modeling

To search for common patterns in the genomic, proteomic, and phospho-proteomic data,

we adopted an integrated modeling approach (Figure 7). Omics Integrator (Tuncbag et al.,

2016) searches a vast network of physical interactions for sets of proteins and genes from

disparate 'omic data that are likely to represent pathways altered in a disease process.

Applied to signals that differ significantly between G3a and G3b, it identified coherent

proteomic changes in proteins that physically associate with MYC, and up-regulation of

known MYC transcriptional targets (Figure 7A). In addition, the networks highlighted
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ribosomal, mitochondrial and cell-cycle regulatory proteins. A similar analysis for SHH

(Figure 7B) identified calcium, glutamate and Ras signaling pathways that were

upregulated in SHHb. These networks integrated disparate data types including: mutated

genes (TP53, PIK3RJ, and NOTCH]) and kinases with genomic/proteomic/PTM changes

(CAMKs (CAMK2A/G, CAMK4), protein kinase A and C (PRKACB, PRKCA), ERK2

(MAPKI), ribosomal protein kinase 6 (RPSK6KAl/2), glycogen synthase kinase B

(GSK3B), PI3Ks (PIK3R1, PIK3CA), DGKI, and CDK2). The networks also supported

the role of several predicted kinases (PIK3Rl, CAMK2G, GSK3B, and MAPKI).

5. Discussion

Molecular subgroups identified using mRNA expression and DNA methylation array data

have recently been accepted by the WHO as the international standard for medulloblastorna

diagnosis (Louis et al., 2016). Here we show that, at the highest level, proteomic and

phospho-proteomic data sets revealed similar subgroup assignments to these consensus

subgroups. This finding contrasts with global proteomic studies in breast and colon cancer

where molecular subgroups were not as consistently durable across data types, and

subgroup compositions are dependent on the data type used (Mertins et al., 2016; Zhang et

al., 2014). The consistency of the medulloblastoma subgroups may in part be due to the

distinct developmental states of the cell of origin of medulloblastoma subgroups, as well

as the subgroup-specific driver genetic events (Gibson et al., 2010; Northcott et al., 2012a).
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determined via one-way ANOVA with a Dunnett multiple comparison test to compare the

normalized signal for each antibody across the five cells lines; **p < 0.001, ***p < 0.0001. Error

bars represent mean normalized signal + SEM. (C) Correlations between normalized means for

specified antibodies determined by calculating a Pearson correlation coefficient. Error bars

indicate SEM, and are depicted but are not visible for some data points because of scale. (D)

Representative confocal images of indicated cell lines showing pS62 MYC and pS2056 PRKDC.

(E) Experimental design of dose-response curve of PRKDC inhibitor NU7441 for 18 hours prior

to irradiation. (F) Viability assay of medulloblastoma cell lines treated as indicated. Plotted is the

mean of 6 biological replicates SEM for each dose; note, small error bars for D458 are depicted

but obfuscated by trend lines. (G) Histogram of mean IC50 values + SEM for DAOY vs D458

treated with NU7441 irradiation. * p < 0.01; ***p < 0.0001; ns = not significant; IR = irradiation.

Our data identify heterogeneous molecular mechanisms within the subgroups that are not

evident in the transcriptome or genome. The two clusters of SHH samples revealed by our

proteomic data (SHHa and SHHb) reflect a different distinction from the known age-based

split in SHH samples (Cavalli et al., 2017; Kool et al., 2014; Schwalbe et al., 2017). Adult

patients in our cohort (ages 23-35) predominantly clustered with SHHa, but the infant and

childhood patients were spread across both subsets. The different signals that emerged from

DNA methylation and proteomics may reflect the differing sensitivity of these methods to

specific biological processes. DNA methylation data likely reflect the developmental state

of the cells of origin at the onset of oncogenesis (Horvath et al., 2015; Lu et al., 2016). By

contrast, the proteomic data will be strongly affected by post-transcriptional changes

including RNA stability, protein stability, translational regulation, and signaling pathways.

The proteomic data we gathered from SHH tumors have important clinical implications.

SHHa samples had expression signatures and molecular alterations including PTCHJ

mutations that are consistent with activation of the canonical SHH pathway. SHHb tumors

also had SHH pathway activating mutations, but also were enriched for pathways typically

associated with Group 4, such as glutamate, calcium, and Ras signaling. For example, we

saw very consistent increases in many of the proteins associated with the glutamatergic

synapse. While these pathways are known features of some gliomas and Group 4
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medulloblastoma (Arcella et al., 2005; Cavalli et al., 2017), they are not typically

associated with SHH medulloblastoma. SHHb-like patients may therefore also benefit

from any future therapies developed for Group 4 tumors. Proteomic data identifies one

potential candidate therapeutic target: CD47 protein is enriched in Group 4 and SHHb

tumors. CD47 is a membrane protein involved in several processes, including vesicle-

mediated transport, and is an anti-phagocytic cell surface ligand (Brown and Frazier, 2001;

Jaiswal et al., 2009). Currently, an anti-CD47 antibody is being tested for efficacy in

Group 3 medulloblastoma (Gholamin et al., 2017). While CD47 RNA levels are not

significantly different between the SHH groups (p = 0.06, t-test), the mean CD47 protein

level for SHHb samples is much higher than the mean for SHHa and Group 3 samples.

These data suggest that anti-CD47 therapies may be particularly effective on SHHb tumors.

The discrepancy between protein and mRNA levels in CD47 is not unique, as the

correlation of global protein levels with mRNA expression was significantly lower in

SHHb samples. It will be important for future studies to examine whether there exist

fundamental differences in the efficiency of protein translation or in the stability of proteins

in SHHb tumors. These observations highlight the importance of proteomic studies for

discovery of biomarkers.

Group 3 medulloblastoma are clinically diverse and it has been clear that MYC activation

has important therapeutic consequences. Previously, we demonstrated that transcriptional

profiles can distinguish low- and high-risk Group 3 patients (Cho et al., 2011; Tamayo et

al., 2011). More recent studies have proposed additional subtypes of Group 3. Cavalli et

al. (2017) proposed three subtypes, and Northcott et al. (2017) identified eight subtypes of

Group 3 and Group 4. However, genomic, epigenomic, and transcriptional data do not

directly measure activation of MYC, which can occur through several mechanisms. In

breast cancer, for example, more than 40% of tumors show increased levels of MYC

protein, but the fraction with increased MYC mRNA ranges from 22-35% and only 13-22%

have an amplification of the MYC locus (Chen and Olopade, 2008). In breast cancer, higher

MYC protein levels without genomic amplification have been explained by elevated levels
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of pS62, a phosphosite associated with more stable and transcriptionally active MYC

(Janghorban et al., 2014). Using the direct measurement of MYC post-translational

modifications, we were able to refine the transcriptional signature of MYC-activated

Group 3 tumors. It is clear from the pathway-level analysis that G3a tumors have higher

levels of MYC activity compared to those in the G3b cluster. Consistent with these data,

we see pS62 on MYC in the proteomic data and by staining both of FFPE tumor sections

and medulloblastoma cell lines; and we found that pS62 MYC was primarily expressed in

the nucleus. More work will be needed to understand the functional consequences of the

observed post-translational modifications.

Through systematic analysis of the phospho-proteomic data, we have identified several

kinases that should be studied further to understand their therapeutic implications. PRKDC

was predicted by our kinome analysis and its levels were elevated in many Group 3 and

WNT samples. While there is no prior evidence for PRKDC's role in medulloblastoma, in

vitro experiments with various tumor cell lines show that PRKDC promotes MYC stability

(An et al., 2008). PRKDC and MYC are known to function together in the presence of

DNA damage (Cui et al., 2015). Notably, we have shown that in the presence of high levels

of endogenous MYC activity in medulloblastoma cell lines, PRKDC inhibition functions

as a radiation sensitizer, but not in cells with low MYC levels. Indeed, our data suggest

that the radio sensitizing effects of PRKDC inhibitors may be dependent on MYC status,

and furthermore that PRKDC inhibition may serve as radiation sensitizer of MYC-active

G3a medulloblastoma in clinical trials.
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of proteins, post-translational modifications, and genomic alterations associated with G3a (A) and

SHHb (B). Node shapes indicate data type and colors indicate log2-based fold change between

groups as described in the legends. Phosphopeptides are labeled with their phosphorylation sites

(based on RetSeq) after the '@' symbol. Nodes associated with selected pathways are highlighted

with yellow background. Grey nodes were added by Omics Integrator and have no associated

proteomic data for our samples. (A) mRNA levels of transcriptional targets of MYC are shown at

the bottom. Thick borders highlight proteins that are also shown as direct transcriptional targets

of MYC. SNVs, indicated by diamonds, are color-coded to show which subtype the genomic

alteration was seen in: G3a, red; G3b, blue. (B) Kinases that were also found by our independent

Kinome Analysis (Figure 5) are highlighted with thick borders. The color of genomic lesions

(diamonds) indicates the subtype in which they occur: SHHb, red; SHHa, blue. The location of

color in a diamond indicates the type of genomic lesion: upper triangle, SNV; lower triangle, indel.

In conclusion, our results show that quantitative mass spectrometry-based proteomics

reveals molecular mechanisms within medulloblastoma subgroups that are not evident

through analysis of genome, epigenome, or transcriptome. Protein expression and post-

translational modifications represent the functional state of the cancer cells, a reflection of

the influence that somatic mutations and other genetic and epigenetic alterations have to

alter the cellular state during progression from normal to a cancerous state. Kinome

analysis is a particularly sensitive method to identify specific kinases for therapeutic

targeting. Finally, differential modification of proteins through post-translational

modifications offers new biomarkers for specific medulloblastoma subtypes. Our

integrative exploration of medulloblastoma furthermore provides the clinical and research

communities with a wealth of data that may help advance strategies for patient selection

and treatments for this devastating disease.

It has come to our attention that a parallel study by Forget et al. (2018) also identifies two

subgroups of SHH medulloblastoma. Their pathway analysis also finds SHHa samples to

be enriched for DNA replication processes, and SHHb to be enriched for neuronal and

neurotransmitter genes.
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6. Additional Resources

Additional resources, such as the Key Resource Table and Supplementary Figures and

Tables, can be found alongside the published manuscript on the Cancer Cell website.

7. Materials and Methods

7.1. Patient samples

Primary medulloblastoma patient samples, including FFPE slides, were obtained with

informed consent according to the International Cancer Genome Consortium (ICGC)

guidelines as approved by the Ethics Committee of the Medical Faculty at Heidelberg

University, and as approved by the institutional review board of contributing center

Nikolay Nilovich Burdenko Neurosurgical Institute in Moscow. All samples were de-

identified. Tumor samples of 50 mg were freeze-fractured using Covaris cryoPREP CPO2

at setting "impact level 4". The pulverized samples were aliquoted for the downstream

methods.

7.2. Cell Lines

Medulloblastoma cell lines D425, D458 and D556 were a kind gift from Dr. Darell Bigner

(Duke University). DAOY and D283 were obtained from American Tissue Culture

Collection.

7.3. Proteomic profiling

The global proteome and phospho-proteome were processed according to adapted

protocols from our previous studies (Huang et al., 2017; Mertins et al., 2016). In brief,

cryo-pulverized tumor tissue from each patient was lysed at 4'C using 8M urea lysis buffer.

Extracted proteins were reduced using dithiothreitol and alkylated with iodoacetamide

before digestion using LysC for two hours followed with trypsin overnight. Both digestion
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steps were performed at a 1:50 enzyme:protein ratio. For relative quantification of the

global proteome and phospho-proteome by liquid chromatography tandem mass

spectrometry (LC-MS/MS), 400 ptg per patient, as measured on protein level (BCA protein

concentration determination kit; before digestion) was labeled with 10-plexing tandem

mass tags (TMT-10; Thermo Scientific) following the manufactures instructions. All 45

patients were run in 5 total TMT-10 plexes, with each plex including 9 patient samples and

an internal reference sample. Samples were assigned to plexes in a semi-randomized

manner, such that consensus subgroups were split across TMT-10 plexes (assignments in

Table SI). The internal reference sample was composed of equal amounts of peptide

material from 40 of the 45 patients, representing all subgroups, and was included in each

TMTIO-plex to provide a common standard for precise relative quantitation. Isobarically-

labeled peptides were combined and fractionated using high-pH reversed phase

chromatography into 24 fractions. From each fraction, 5% of the material was evaluated

for its proteomic content. The remaining 95% material was combined into 12 fractions

which were each enriched for phosphopeptides using immobilized metal affinity

chromatography (IMAC) (Mertins et al., 2013). The flow-throughs after IMAC enrichment

were collected and further concatenated into 4 fractions that were each enriched using

antibodies for acetylated peptides (see Key Resource Table). In parallel to the global

proteome, phospho-proteome, and acetylome, an additional 500ug of TMT-labeled

peptides per patient were enriched for phosphotyrosine peptides using phospho-tyrosine

antibodies (see Key Resource Table) and analyzed as a single fraction on the mass

spectrometer. All proteomic based data were collected on a Lumos mass spectrometer

(Thermo Fisher Scientific) and the resulting spectra were searched using Spectrum Mill

(Agilent, version 12.212). All mass spectra contributing to this study can be downloaded

in the original instrument vendor format from the MassIVE online repository

(MSV000082644).
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7.4. Sequencing and DNA Methylation Array Data Collection

Whole genome sequencing, RNA expression, and DNA methylation data sets reported here

are previously published in Northcott et al. (2017) (European Genome-phenome Archive

EGAS00001001953). Consensus subgroup assignments (Figure 1) were provided by

DKFZ, and methylation-based subgroups were assigned previously in Northcott et al.

(2017).

7.5. Western blots

Cells were cultured as previously described (Weeraratne et al., 2012). For Western blots,

1 million cells were plated in 10 cm dishes and harvested after 48 hours. Proteins were

normalized using Pierce BCA Protein Assay Kit and 50 [tg protein was loaded per well

into NuPAGE Novex gels with Bolt running buffer (see Key Resource Table for specifics).

Proteins were transferred using iBlot2 system. Blots were probed for primary antibodies

and visualized using the Licor Odyssey system on the Odyssey CLx Infrared Imaging

System according to manufacturer's directions. Antibodies dilutions for Western blots are

listed on Key Resource Table. Antibody staining was quantified using Image Studio Lite

for Western blots. Densitometry was performed by comparing raw densitometry for each

antibody to actin on unmodified images.

7.6. Immunofluorescence of cell lines

Immunocytochemistry was performed as previously reported (Weeraratne et al., 2012)

with the following modifications: cells were plated at 30,000 cells/well in 500 tl of media

on glass coverslips. Slides were imaged using Zeiss 710 Confocal Microscope in the

IDDRC and analyzed using Fiji Image J. All antibodies were used at 1:50 concentration

for immunofluorescence.
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7.7. Drug dose response assay

Adherent DAOY cell lines were plated at 2,500 cells per well and suspended D458 were

plated at 20,000 cells per well in 96-well plates in 75 pL of culture media. Each sample

was plated in sextuplicate. NU7441 was added 24 hours after plating at 4x concentrations

in 25 [tL. CellTiter-Glo Luminescent Cell Viability Assay was used to measure viability

18 hours after drug addition according to manufacturer's directions in white opaque plates.

Luminescence data was measured by EnSight Multimode Plate Reader using Kaleido 1.2

software with 0.1 second measurement time. For irradiation, the cells were exposed to 200

rads of gamma radiation and assayed for cell viability 5 hours later.

7.8. Immunofluorescence staining of FFPE slides

Antigen retrieval was achieved by pressure-cooking in citrate buffer pH 6 (Sigma) for 10

minutes. Antibodies used for staining are as follows (details in Key Resource Table): rabbit

polyclonal c-Myc S62 specific phospho-antibody 1:25 (Zhang et al., 2012) and rabbit

polyclonal c-Myc pT58 antibody 1:50 (Applied Biological Material) incubated overnight

at 4'C. Secondary antibody was Alexa Fluor 594 1:500 (Invitrogen) and DAPI at 1:5000

(Sigma) incubated for 1 hour at room temperature. ProLong Gold mounting media

(LifeTech) was used and allowed to cure for at least 24 hours. Images were taken with a

Hamamatsu digital camera (Japan) mounted on a Leica fluorescence microscope (Wetzlar,

Germany) at 40x. Representative images (Figure 4B) were acquired at 63x on a Zeiss LSM

880 laser-scanning confocal microscope (Germany).

7.9. Processing of DNA Methylation Array Data

We used the minfi R library (Aryee et al., 2014) to process the IDAT files into quantile

normalized beta values. The probes' beta values were then collapsed to gene symbols using

the means of gene-associated probes.
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7.10. Processing of genomics data

This section describes the (re)processing of genomics data (RNA-seq, WGS) for the

medulloblastoma cohort that is the subject of this study. All genomics data were available

prior to this study and published elsewhere (Northcott et al., 2017). Details about

sequencing protocols can be found in the corresponding publications. We decided to re-

process all data using the latest best-practice pipelines developed at the Cancer Genome

Analysis (CGA) group of the Broad Institute.

7.11. Processing of RNA-seq data

Bam files were unaligned and converted to FASTQ using Picard

(http://broadinstitute.github.io/picard/). All further RNA-seq data processing described

below was conducted in FireCloud, a cloud-based computing environment developed and

maintained at the Broad Institute. Briefly, RNA-seq reads (50 bp) were aligned to GRCh37

(UCSC hg19) genome assembly using STAR aligner (Dobin et al., 2013). For each sample

we assessed QC metrics using RNA-SeQC (DeLuca et al., 2012). Transcript expression

was quantified as Transcripts Per Kilobase Million (TPM) using RSEM (Li and Dewey,

2011).

7.12. Processing of Affymetrix expression array data

Expression array data was quantile normalized using the preprocessCore R library

(function "normalize.quantiles").

7.13. Processing of WGS data

The processing of 44 WGS tumor-normal pairs described below was accomplished by

chaining together modules implemented in GDAC Firehose

(http://gdac.broadinstitute.org/). Somatic variant calling modules were based on the

Genome Analysis Tool Kit v3 (GATK) following 'GATK Best Practices' workflows for

variant discovery (DePristo et al., 2011).
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Paired-end (PE) sequencing reads (100 bp) in FASTQ format were aligned to GRCh37

(UCSC hg19) genome assembly using BWAMem. Base quality score recalibration

(BQSR) to correct systematic errors made by the sequencer was done using GATK's

'BaseRecalibrator' and 'PrintReads' programs. Local realignment of insertions and

deletions (indels) to correct alignment artifacts was performed with GATK's

'IndelRealigner' program. Cross-sample contamination was assessed by GATK 'ContEst'

program.

7.13.1. Mutation calling

Somatic single nucleotide variants (SNVs) and indels were called using Mutec2. Resulting

VCF files were annotated and converted to MAF format by Oncotator (Ramos et al., 2015).

Oxidative artifacts contributing to SNV calls were assessed by D-ToxoG. SNVs and indels

were further filtered for commonly observed germline variants using a panel of normal

(PoN) (Costello et al., 2013).

7.13.2. Copy number calling

To derive somatic copy number variants, we used a GATK v4 workflow that comprised

four steps: 1) Proportional coverage per read group was calculated by the

'CalculateTargetCoverage' program. 2) A panel of normals (PoN) was created from the

normal samples which is meant to encapsulate sequencing noise and common germline

variants. The program 'CombineReadCounts' combined proportional read counts from all

normal samples into a single file. The PoN file stores information like the median coverage

target and was generated using 'CreatePanelOfNormals' using Principle Component

Analysis (PCA) to calculate systematic noise. 3) Normalization of tumor coverage by PoN

target medians and PoN principle components using 'NormalizeSomaticReadCounts'.

Resulting data were log2 transformed. 4) Segmentation of groups of contiguous targets

with the same copy ratio using the 'PerformSegmentation' program.
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To derive gene-centric copy number variant calls we used GISTIC2.0. Contiguous gene

copy number ratios were corrected for diploidy; a value of zero indicates the presence of

two gene copies.

7.14. Normalization of proteomics data

Relative expression data derived from proteomics profiling (proteome, phospho-proteome,

acetylome) were separately normalized by sample using robust z-scores (zr): zr = (X -

M)/MAD. In this expression, M is the median expression of the sample; and MAD is the

median absolute deviation of the sample. To allow for a better comparison across data

types, WNT samples were excluded from these analyses as they lacked all but the

proteomic data, and there was insufficient high-quality tissue to perform the additional

assays.

7.15. Normalization of RNA-seq expression data

TPM values were first converted to relative scale by median-row normalization. Resulting

ratios were then transformed to robust z-scores as described above (Table S2).

7.16. Quantification of Immunofluorescence staining

Mean immunofluorescence densities were generated using OpenLab 5.5 software

(Improvision) by using the ROI tool to quantify 50 to 100 nuclei in 3 to 4 fields of view at

40x magnification. Scatter and bar plots were generated using GraphPad Prism. Error bars

represent SEM and significance reported is from two-tailed unpaired t-tests.

7.17. Quantification of Western Blots

Raw densitometry for each antibody was normalized to actin using Image Studio Lite. All

quantification was performed in at least triplicate on original unmodified blots. Normalized

signals were compared between cell lines by arbitrarily normalizing samples against the

DAOY line. One-way ANOVA with a Dunnett multiple comparison test was performed to
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compare the normalized signal for each antibody across the five cells lines using GraphPad

Prism 5. Error bars represent mean normalized signal + SEM.

7.18. Dose response curve

Luminescence for each well was measured and the mean signal for each condition SEM

plotted. Because adherent (DAOY) and suspended (D458) cells were compared, we

normalized mean luminescence to 100% for the non-irradiated treatment group for each

cell line. A dose-response curve and the IC50 were determined by non-linear regression

with GraphPad Prism.

7.19. Survival Curves

Group 3 samples were divided into G3a and G3b groups. G3a consists of the samples in

our cohort assigned to G3a and the samples from the Cho et al. (2011) cohort predicted to

be G3a. The same scheme applies to G3b. Kaplan-Meier curves were generated for each

of these groups, for both overall survival (OS) and progression-free survival (PFS). All

Kaplan-Meier curves and log rank test p values were generated with the lifelines Python

package (Davidson-Pilon et al., 2017). Samples whose death event were not observed

within the 10 years following initial diagnosis were right-censored for Figure 4D, and the

full outcome follow up Kaplan-Meier plots are available in Figure S5E.

7.20. Group 3 Cohort Expansion

To expand our PFS and OS analysis for G3a and G3b, we developed a Group 3 Cohort

Expansion predictor (https://github.com/ckmah/archer20l8_g3_cohortexpansion/)

following the methods in Cho et al. (2011). From the Cho et al. (2011) cohort, we used the

cl and c5 samples which are most like Group 3. Since only array data were available for

the Cho samples, we also used array data for our current Group 3 cohort to better normalize

the two data sets. We projected the expression data for both cohorts into "gene set space"

using a single sample version of GSEA (ssGSEA), using the Hallmarks (H), Curated Gene

107



Sets (C2), Motif Gene Sets (C3), and Oncogenic Gene Sets (C6) collections from the

MSigDB. Using the G3a, G3b labels for the current cohort, we determined the 10 most

differentially enriched gene sets for each subtype (Figure S5D, main text) according to the

Information Coefficient (IC) as defined in Kim et al. (2016). These top sets were used as

features to train a Bayesian cumulative log-odds predictor as previously described (Tamayo

et al., 2011). The predictor was applied to the projected Cho et al. (2011) cI and c5 samples

to assign G3a and G3b labels and those labels were used to construct a combined cohort

PFS and OS analysis. We used the Cho et al. (2011) labels for the current cohort as given

in Figure 2B of the main text to construct a combined cl/c5 labeled cohort for PFS and OS

analysis. This analysis did not include sample MB166 and MB278 from G3b which were

labeled c4. The cl/c5 labeling of the current cohort used the classifier developed for Cho

et al. (2011), with two minor modifications: (1) we restricted the analysis to genes

contained in both data sets, and (2) the IPAKCNIP2_DN gene set used as a feature for c5

in Cho et al. (2011) was replaced by BIOCARTAPSIPATHWAY. The classifier's

group assignments are provided in Table S1.

7.21. Glutamate Pathway modeling

For Figure 3B, the gene sets were collected from the Kyoto Encyclopedia of Genes and

Genomes (KEGG). Protein levels were summarized using the median log2-normalized

protein level for a gene for all samples in a group (SHHa or SHHb). When multiple genes

are in a gene set, the average of those gene values is shown. We only included genes with

data for at least 75% of samples from both groups. A summary of all the genes included in

Figure 3B is included in Table S4.

7.22. Consensus Clustering

We used the ConsensusClusterPlus R library (Wilkerson and Hayes, 2010) to perform

consensus clustering on our data sets. For each data set we varied k, the number of clusters,

from 2 to 9 and ran the algorithm with 1,000 subsamples for all combinations of two

clustering methods (hierarchical clustering and k-means) and three distance metrics
108



(Euclidean, Spearman, Pearson). Consensus heatmaps are available in the Supplement

(Figure Si). Consensus clustering of proteomic data indicated that this data type produced

highly consistent clusters with k = 5. Runs with k < 5 showed a clear substructure within

the clusters identified. Notably, for all clusterings with k < 5, the SHHb samples clustered

with Group 4 samples rather than the SHHa group. Runs with k > 5 largely included very

small clusters or samples that showed pronounced cluster promiscuity. We also calculated

PAC (proportion of ambiguously clustered pairs) scores (Senbabaoglu et al., 2015) for our

consensus clustering runs (Figure S1) and found confirmation that, for proteomics data,

k 5 was the optimal number of clusters when trying to avoid clusters with three or fewer

samples. Using the PAC scores we also determined that hierarchical clustering and

Pearson-based distance was the best parameter setting for this k. With these settings, one

sample, MB247, frequently shifted between G3a and G3b. We decided to assign it to G3a

based on results from other unsupervised methods such as PCA.

7.23. Dimensionality Reduction

Principal component analysis (PCA) and t-distributed stochastic neighbor embedding

(tSNE) were employed to display our high-dimensional data sets in two dimensions. We

used the R function "princomp" in the "stats" library for PCA, and the "Rtsne" package for

tSNE. Running Rtsne, we used the function's default parameters along with the maximum

perplexity the program would allow for (perplexity = (number of samples - 1) / 3).

7.24. Differential analysis

We used two types of analyses to find differential features in our proteomic data sets. One

strategy sought to extract features specific to a single disease group in comparison to the

rest of the samples; the other approach selected features that differ between pairs of groups.

We performed univariate t-tests (using "t.test" in R) to find features between each disease

group and all the other samples. For pairwise comparisons across all groups, we performed

ANOVA along with R's "TukeyHSD" method to calculate p values. P values from both

methods were corrected for multiple hypothesis testing using the Benjamini-
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Hochberg/FDR method implemented in R's "p.adjust" function. Due to concerns associated

with the small number of samples (in particular for comparisons involving SHH samples),

we aimed to focus the comparison on the most homogeneous groups possible. We therefore

withheld sample MB 136 from these statistical tests, as it clustered stably with SHHb in the

proteomic data but showed similarities with SHHa in other data types.

We are aware that the small sizes of our cohort's disease groups present challenges in the

selection of statistical tests and estimation of significance of results. We selected the

methods mentioned above as they were able to identify differential features with reasonable

confidence and allowed us to prioritize features to feed into downstream analysis methods

(e.g. Omics Integrator). These downstream methods served as a second filter and none of

our conclusions are directly based on the results of these tests. For statistics on individual

univariate comparisons we used a Mann Whitney U test (these instances are indicated as

such in the main text). Across the different testing methods, we considered FDR-adjusted

p values of less than 0.05 as significant, but chose more stringent thresholds for certain

analyses to limit the number of features. Table S2 contains a complete list of proteins and

peptides that are significantly differential between our proteomic groups (for FDR < 0.01,

ANOVA). In this table, we also indicate differential kinases (FDR < 0.005).

7.25. Global Correlation Analysis

To correlate proteomic and RNA-seq data, we considered only those data with no missing

values and identified matching proteins and transcripts based on gene symbols. In doing

so, splice isoforms were collapsed by their means. For each sample, we then calculated the

Spearman correlation for the 8,674 proteins and their corresponding mRNAs.

7.26. Functional Annotation of Data Sets

To project data sets into the space of gene sets representing functional information, we

performed hypergeometric overlap tests (background size context dependent) and used an

in-house implementation of single sample Gene Set Enrichment Analysis (ssGSEA)
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(Barbie et al., 2009; Subramanian et al., 2005). For the latter, we used the following

parameter settings: rank-based sample scoring ("sample.norm.type": ranks), area under

curve statistic to calculate scores ("statistic": area.under.RES), default weight (0.75), 500

permutations, z-score pre-processing ("correl.type": z.score), and normalized enrichment

score output ("NES").

We used the gene sets available in the Molecular Signature Database (MSigDB v6.0)

(Liberzon, 2014; Liberzon et al., 2015), primarily focusing on canonical pathways (C2CP),

GO terms (C5), and Hallmark sets (H). P values from these methods were corrected for

multiple hypothesis correction using the Benjamini-Hochberg/FDR correction

implemented in R's "p.adjust" function. FDR-adjusted p values less than 0.05 were

considered significant.

7.27. Integrative Network Analysis

We used the latest version of Omics Integrator 2 (012 v2.24, https://github.com/fraenkel-

lab/OmicsIntegrator2) to construct disease-focused, integrative networks using proteomic

and genomic data (Tuncbag et al., 2016). Omics Integrator begins by mapping a set of

proteins of interest onto the nodes in a network of physical interactions ("interactome")

among proteins. The nodes are assigned "prizes", reflecting their importance (see below

for details). The interactions were derived from public databases using the iRefindex v14

collection of interactions (Razick et al., 2008). Each interaction is associated with a cost

that is lowest for the most reliable interactions (calculated as I minus the edge score

provided by iRefIndex). We also added previously published site-protein (cost: 0.25) and

site-kinase (as published in PhosphoSitePlus, (Hornbeck et al., 2015)) edges (cost: 0.4) to

the interactome to allow the algorithm to find site-kinase interactions in the solution that

are not included in the iRefIndex interactome. The algorithm seeks to identify subnetworks

that contain many disease relevant nodes (based on prizes) while still avoiding using too

many low confidence edges (based on costs). For more details about this method, see

Tuncbag et al. (2016).
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We tailored the selection and definition of prizes to the type of network we sought to detect.

We created networks focusing on the differences between G3a and G3b ("G3 network"),

as well as SHHa and SHHb ("SHH network"). Input nodes were selected based on

differential protein or peptide levels for the relevant sample group comparison in each

network. For the G3 network, proteomic features needed to pass the same FDR threshold

(FDR < 0.05) in each data set. For the SHH network, proteins and phosphopeptides in

pSTY needed to pass a more stringent threshold (FDR < 0.005) due to the large number of

differential features, while the threshold for acetylated peptides and phospho-tyrosine

peptides was set to 0.05. Prizes for nodes based on proteomic data sets were calculated as

the absolute value of the log2-based fold changes (based on the sample groups' means)

from pairwise comparisons. Genomic events were each assigned a fixed prize at an

arbitrary value of 2.5 and each CNA and mutation found in at least one sample in the

relevant group was given a prize. This value was used as we wanted to lend strong weight

to genomic alterations, but not have them outweigh strong proteomic signals. We therefore

opted for a value between the median and the 3rd quartile in the proteomic prize

distributions.

Data for protein and acetylation events were collapsed to gene symbols of the relevant

proteins, keeping the highest prized features as inputs for 012. Due to the large number of

differential phosphosites, these sites were treated as individual nodes in the 012 network

formulation and the required edges were added to the interactome (site-protein edges, cost:

0.25), splitting doubly phosphorylated sites into individual sites.

We ran 012 with the selected disease-associated nodes and their prizes (see Table S6) as

inputs on all combinations of the following parameters: Gs = (50k, l00k, 500k, IM, 2.5M,

5M, 1M), Bs = (0.5, 1, 10), and Ws = (1, 3, 6, 10). We evaluated these networks to find a

parameter set (W = 1, B = 1, G = 2.5M) that produced a network that was not dominated

by hub-nodes, and had a reasonable balance of input nodes and those added by the

algorithm for connectivity. Using this parameter set, we performed additional calculations

to assess the robustness and specificity of nodes in the network. To determine the
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robustness of nodes, we added Gaussian noise (standard deviation: 0.05, mean: 0) to the

edges in the interactome before each of 200 runs. We then calculated the robustness score

for each node as the fraction of times a node appeared across the networks. To calculate

specificity, we assigned our prizes to randomly selected, degree-matched nodes in the

interactome before each of 200 runs. The specificity score was then calculated as the one

minus the fraction of times a node appeared across these networks. (More details on and

rationale around these scores can be found in (Tuncbag et al., 2016). For downstream

analysis, we removed nodes from the 012 output that were neither specific nor robust

(threshold: 0.75). To link the network clusters to functional annotations we used

hypergeometric tests as described above.

We used Cytoscape v3.3 (Shannon et al., 2003) for visualizations of our networks. Nodes

received log2-fold change-based colors based on the source of their prizes, and shapes

according to the data type they represent (protein, genomic lesion, phosphosite, acetylated

protein - see figure legend for details). Nodes in the network that did not receive a prize

but were still included in the network received the log2-FC based color of the

corresponding proteomic value if data was available (or were colored grey otherwise). For

the final display items in Figure 7, we rearranged nodes primarily based on pathway

associations rather than the clustering of the network used for the initial analysis.

7.28. Kinome Analysis

This analysis sought to identify the kinases potentially responsible for phosphorylating

phosphopeptides of interest. We first selected phosphopeptides that were either specific to

one of the clusters found in proteomic data or significantly different between a pair of

clusters (FDR < 0.01). We then used two different methods to identify upstream kinases:

(1) PhosphoSitePlus: Cell Signaling Technologies' PhosphoSitePlus database (Hornbeck

et al., 2015) is a curated resource of experimentally determined peptide targets of specific

kinases (downloaded February 2017). We searched this database for matches to

phosphopeptides identified in our analyses.
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(2) Scansite: the Scansite platform (Obenauer et al., 2003) contains sequence specificity

motifs for kinases that were derived from oriented peptide library screens. For this analysis,

we used 15 amino acid long peptide sequences (phosphosite 7 amino acids) surrounding

our phosphorylation events as input into Scansite (Scansite 3 Web Service) and used its

most stringent setting (high stringency) to get only the best motif matches. For results to

be reported with this setting, a motifs score for a peptide sequence needs to be in the top

percentile of scores from an empirical score distribution that is based on all potentially

matching sites in the vertebrate proteome.

For each of these two methods, we then collapsed all peptides matched to a kinase (median

across matching peptides) and calculated the Spearman correlation of this 'peptide-profile'

to the kinase's protein and/or phosphopeptide-levels (if available). If the correlation with

the kinase's protein levels or any of its phosphopeptides was higher than 0.4 (or less than -

0.4 for phosphosites) it was labeled as correlating (or anticorrelating). Our peptide-kinase

associations can be found in Table S5.

We checked DrugBank.ca (Law et al., 2014) for drugs that are known to target any of the

kinases nominated by our analysis. Whenever this information was available, we also

annotated whether any FDA approved products were listed for a drug. We provide a full

table of all kinase-drug matches in Table S5.

To identify disease-related kinases that we could not associate with peptides (as in the

analyses described above) due to a lack of supporting data (no kinase motifs or known

sites), we also extracted significantly differential kinases from all our proteomic data sets

(FDR < 0.005). These kinases are indicated in Table S2.

We also used an R implementation (Wagih et al., 2016) of the motif-x algorithm (Chou

and Schwartz, 2011) to discover motifs. We performed the analysis for 15 amino acid-long

peptide sequence windows around serine (S), threonine (T), and tyrosine (Y) residues in

our phospho-proteomics data sets. As foreground sets we used peptides up/down in only a

single proteomic group of samples and ran the algorithm for all our groups at various
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significance thresholds with all S, T, Y-centered peptides in our data set as background.

The most specific motifs found by this approach were "SP" and "TP".
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Chapter IV:
Metabolic Changes in Medulloblastoma
Subgroups

The findings presented here are only preliminary as this study is still ongoing.

1. Introduction

Medulloblastoma (MB) is a chiefly pediatric cancer of the cerebellum. Since 2012, the

research community agrees on the existence of at least four molecularly distinct subgroups

of medulloblastoma, a classification that has been adopted by the World Health

Organization in 2016 (Kool et al., 2012; Louis et al., 2016): WNT, SHH, Group 3, and

Group 4. Despite it being a relatively rare disease, MB has been the focus of many large-

scale studies that characterized its genome, epigenome, and transcriptome in great detail

(Cavalli et al., 2017; Northcott et al., 2017; Schwalbe et al., 2017). More recently, we and

others have provided insights into the proteomic and post-translational landscape of MB

(Archer et al., 2018; Forget et al., 2018). All these recent studies agreed on the existence

of heterogeneity within the consensus subgroups; most notably, highlighting a MYC-active

subtype within Group 3 MBs that is associated with the worst prognosis across all MB

patients. Despite the great focus that this disease has received, targeted subgroup-focused

therapies are largely lacking in the clinic and disease-driving mechanisms are still poorly

understood.

The dysregulation of cellular metabolism is considered a hallmark of cancer (Hanahan and

Weinberg, 2011) and it is well known that mutations in certain genes - oncogenes and

tumor-suppressor genes in particular - can have devastating effects on the metabolic

balance of a living system. One of the best-studied examples of this is a gain-of-function
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point mutation in isocitrate dehydryogenase 1 (IDHJ), which alters an arginine residue in

position 132 of the gene product to a histidine (RI 32H). This causes structural changes that

allow the enzyme to convert alpha-ketoglutarate to 2-hydroxyglutarate (2-HG), leading to

a build-up of this metabolite in affected tumors (Dang et al., 2009). Although it is currently

unclear by which mechanism elevated 2-HG levels contribute to tumor progression, 2-HG

is now termed an "onco-metabolite". Another well-characterized metabolic phenotype is

the Warburg effect, which shifts the tumor cell from ATP generation through oxidative

phosphorylation to ATP generation through glycolysis (Cairns et al., 2011). Despite these

and many other well-described effects of dysregulated cancer metabolism, few studies have

described the metabolomic landscape of specific types of cancers. Notable exceptions to

this are studies focused on clear cell renal cell carcinoma (Hakimi et al., 2016), colorectal

cancer (Satoh et al., 2017), and glioma (Chinnaiyan et al., 2012) which emphasized the

value of metabolomics in the context of cancer prognostics, therapeutics, and diagnostics.

To our knowledge, few studies sharing metabolite-focused insights into medulloblastoma

have been published. The majority of these studies compared medulloblastoma and closely

related brain cancers and broadly described differences in metabolite categories found

across these diseases. The earliest such study aimed to identify biomarkers to discriminate

between different kinds of childhood brain and central nervous system (CNS) tumors and

used magnetic resonance spectroscopy (MRS, also referred to as nuclear magnetic

resonance (NMR) spectroscopy) to measure 17 metabolites (Wilson et al., 2009). Ten of

these showed differential signal between the 40 CNS tumors (incl. nine MBs) used in the

study. The authors concluded that, compared to neuroblastoma, MB tumors had

significantly elevated levels of creatine, glutamine, phosphorylcholine, glycine, and scyllo-

inositol (Wilson et al., 2009). Two recent studies also aimed to use NMR-based metabolite

data to distinguish between CNS tumor types (Bennett et al., 2018; Kohe et al., 2018). In

one study, the authors compared the levels of 25 metabolites across ependymomas,

medulloblastomas, pilocytic astrocytomas, and AT/RTs and highlight high levels of

taurine, phospho-choline, and glycine in MB (Bennett et al., 2018). In the other study, the
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authors identified 28 metabolites in a cohort of retinoblastoma, medulloblastoma, and

neuroblastoma samples. Similar to the other studies, high levels of taurine are described

for MB (Kohe et al., 2018). Finally, another study focused on medulloblastoma subgroup

classification. Using MRS the authors measured 13 metabolites, a subset of which was

used as the basis to a 5-metabolite classifier (creatine, myo-inositol, aspartate, taurine, and

lipid 13a) that distinguished 12 SHH from 17 Group 3/4 tumors with "excellent accuracy"

(Bli0ml et al., 2016). All of the above studies were aimed at tumor classification. However,

none of them aimed to gain functional insights into the differences between subgroups.

Considering the known molecular differences between and heterogeneity within MB

subgroups as well as the pronounced differences in patient outcome, investigating the

metabolic differences between these groups may provide valuable functional insights. The

earlier studies also all used very limited NMR-based metabolite data sets compared to the

deep metabolic measurements modem mass spectrometry experiments can provide. To

address this, we measured the metabolomes of 45 patient samples. Using a multi-omics

approach, integrating metabolomic, proteomic, and genomic data, as well as protein-

metabolite interactions, we aimed to better understand the metabolic landscape of

medulloblastoma and its subgroups.

2. Results

2.1. MB Subgroups Translate Into Metabolomics Space

We investigated the metabolomic space of 45 primary medulloblastoma samples using

targeted and untargeted metabolomics mass spectrometry coupled to four types of liquid

chromatography (LC) methods (HILIC-positive, HILIC-negative, C8-positive, and C18-

negative). The cohort used, with the exception of one SHH tumor (MB035), was also the

focus of our recent proteomics- and phosphoproteomics-focused study (Archer et al., 2018)

and spans all major medulloblastoma groups: 3 WNT, 16 SHH, 14 Group 3, and 12

Group 4 samples. Our data set contained 3,200 complete measurements (i.e. no missing
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values), including 370 features with a unique metabolite ID assignment (termed "known

metabolites" or "knowns"), as well as 2,830 other measurements ("unknowns"). A subset

of these unknowns can be mapped ambiguously to a set of known metabolites based on

their masses and likely metabolite class (817 "mappable unknowns" ambiguously mapped

to 5,240 metabolites), while the rest cannot be assigned an identity at all (2,013 "mystery

unknowns").
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We first sought to determine how these samples group based on metabolomic data for two

reasons: Firstly, to determine whether the consensus subgroup structure of four major

medulloblastoma subgroups (Kool et al., 2012) translates to the space of metabolites; and

secondly, because our previous work (Archer et al., 2018) as well as other recent studies,

which focused on genomics, transcriptomics, and epigenomics of larger cohorts of

medulloblastoma (Cavalli et al., 2017; Northcott et al., 2017), suggested heterogeneity

within these consensus groups. We grouped the samples using unsupervised clustering

approaches of various sophistication ranging from simple consensus clustering to the

dimensionality reduction methods PCA (Joliffe and Morgan, 1992), t-SNE (Hinton and

van der Maaten, 2008), and UMAP (McInnes et al., 2018). We found that the four

consensus groups indeed can be recapitulated using known and unknown metabolites,

albeit not as robustly as when using proteomic data. For example, consensus clustering

(Figure 1) was able to separate all but one SHH samples from the Group 3/Group 4

spectrum, and grouped most MYC-active Group 3 samples ("G3a", using the proteomic

classification described in (Archer et al., 2018)) as well as Group 4 ("G4") samples into

their own clusters, respectively. However, proteomic SHH groups ("SHHa" and "SHHb")

were not split and non-MYC Group 3 tumors ("G3b") remained mixed with Group 4 and

WNT samples. Since we observed the WNT group to be split across clusters no matter

what method we used, likely due to the small number of samples and the surprising lack of

homogeneity amongst these WNT samples (as also mentioned in Archer et al., 2018), we

also performed the clustering analyses omitting the WNT tumors. Doing so allowed for a

more pronounced separation between the three remaining consensus groups (Figure 2a).

Grouping only the known metabolites using PCA and other dimensionality reduction

methods similarly grouped the samples according to MB subgroups (Figure 2b), suggesting

that many of the known metabolites carry signals that can distinguish subgroups.
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Figure IV-2: Dimensionality reduction methods group non-WNT medulloblastoma samples
according to their consensus groups. Showing principal components I and 2 from PCA, t-SNE,
and UMAP plots for the complete data set of knowns and unknowns (a) as well of known
metabolites only (b). While the two SHH groups cannot be distinguished across the three methods,
SHH samples group apart from the non-SHH samples, and the G3a samples consistently segregate
from the rest of the Group 3/Group 4 set of samples.

2.2. Subgroup-Associated Known Metabolites

Since our clustering analyses suggested that the known metabolites in this data set are able
to help distinguish the major MB subgroups, we investigated these measurements in more
detail. The 370 known metabolites in this data set can be grouped into phospholipids (39
PEs, phosphatidyl-ethanolamines; 37 PCs, phosphatidylcholines; 17 LPCs, Lyso-PCs; 11
LPEs, lyso-PEs), sphingolipids (16 SMs, sphingomyelins; 3 PSs, phosphatidylserines),

fatty acids (37 TAGs, triacylglycerols; 16 DAGs, diacylglycerols), cholesterol esters (11
CEs), carnitines (22), as well as amino acids, nucleic acids, and other types of metabolites.
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While the signal for most of these groups did not show any particular subgroup-related

pattern, we found that TAGs and DAGs appeared to be elevated in MYC-active Group 3

(G3a) samples, while showing lower levels in SHH samples (Figure 3). Almost half of

these metabolites (26 of 53) were significantly elevated in G3a tumors compared to the rest

of the samples (FDR-adjusted p < 0.05, t-test).
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Figure IV-3: Di- and triacyiglycerols (DAGs and TAGs) elevated in MYC-active Group 3

samples (G3a). Heatmap indicates metabolite levels of DAGs and TAGs across all MB samples.

Notably, levels of DAGs and TAGs are high in G3a samples and low in most SHH samples, with

few outliers. Samples (columns) and metabolites (rows) were clustered using hierarchical cluster.

We next focused on individual known metabolites that showed differential abundance

between disease groups independent of their metabolite class/type. To do so, we performed

statistical tests to identify metabolites that differ significantly between an MB group and

all other samples (FDR-adjusted p < 0.01, t-test). Only a small number of metabolites

passed our threshold (see Table 1), many of which showed only poor group-specific signal

when examining the data points in boxplots due to frequent outliers across all disease

groups. Aside from the previously mentioned TAGs and DAGs, a few plasmalogens and

diacetylspermine showed predominantly increased levels in G3a samples. In Group 4
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tumors, only one metabolite, 1 -methyladenosine, showed consistently elevated levels in

most Group 4 samples compared to the other groups (with few outliers). Our data suggested

that the strongest signals separate SHH from non-SHH samples. Here, individual stand-out

metabolites include taurine and 1 -methylnicotinamide, which are both found at low levels

in SHH samples compared to the rest, as well as adrenate which is elevated in SHH tumors.

Table IV-1: Number of known metabolites that differ significantly between the MB group shown

and the remaining samples (FDR-adjusted p < 0.01, t-test).

MB Group n

G3a 12
G3b 0
Group3 (G3a+G3b) 7
SHHa 28
SHHb 0
SHH (SHHa+SHHb) 28
Group4 10
WNT 12

2.3. IDH1 Mutants Have Elevated Levels of 2-Hydroxyglutarate

Given previously reported effects of certain genomic lesion on the levels of functionally

associated metabolites, we aimed to systematically identify any associations of this nature

in our data. Doing so, we identified two samples (MB136 and MB102; both SHH) with

R132H mutations in isocitrate dehydryogenase 1 (IDHJ) which coincided with starkly

elevated levels of 2-hydroxyglutarate (2-HG) in the same samples (Figure 4). This is a

mutation of exactly the same residue as the one where this relationship was first described

(Dang et al., 2009). Even though the number of samples this association was found for in

our data is small, it covered all IDHJ R132H mutants in our cohort and only one other

sample (MB174, Group 4) that we had data for 2-HG for showed elevated levels in this

metabolite (Figure 4). Furthermore, a recent medulloblastoma case report also described

such an IDHJ mutant patient (Snuderl et al., 2015). While this gain-of-function mutation
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has previously been linked to onco-metabolic effects in other cancers, the downstream

effects of this genomic lesion remain unclear in medulloblastoma.

2-ydroxyglutarate

MB4 74

-IMM-6-98

Group3 Group4 SHH

Figure IV-4: 2-HG levels are increased in IDHI mutant samples (indicated as such in bold

and with postfix "-IDHI"). As the data metabolomics data used in this study was measured

across two separate mass spectrometry experiments, many metabolites were only detected in one

of the two experiments. 2-HG levels were only detected in our pilot cohort of 19 samples.

2.4. Networks reveal additional functional insights

Since only few known metabolites in our data set showed a strong signal distinguishing

MB subgroups, we next focused on a more holistic approach that leverages the shared

interaction neighborhood of physically interacting enzymes and metabolites, while also

allowing us to take advantage of both known and mappable unknown metabolites of

various levels of group-differentiating signal (see Materials and Methods). We performed

this analysis with metabolic and proteomic entities selected from group vs rest comparisons

for those groups that a sufficient number of differential measurements were available: G3a,

Group 3, Group 4, SHH, SHHa. Due to only slight differences in sample selection,

networks for G3a and Group 3 shared a lot of similarities. The same applied for the

networks for SHH and SHHa. As this analysis is still underway, we will only give a brief

overview of selected preliminary results in this chapter.

Our network analysis highlighted the TCA cycle and oxidative phosphorylation as elevated

in G3a tumors compared to non-G3a tumors. These processes were associated with nodes
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in our G3a networks, in particular ones representing protein members of the electron

transport chain (NDUF-proteins), rendering this an interesting insight that is in line with

what we expect from a highly prolific, aggressive cancer. A set of metabolites that were

tightly connected to these proteins in these networks were not found in our metabolomics

data set (but introduced to the network by our algorithm to connect the NDUF-proteins).

Of particular interest was the association of peroxisome-related gene sets with nodes in our

SHH networks, in particular sets describing fatty acid and very long chain fatty acid

(VLCFA) metabolism, and, more specifically, VLCFA catabolism which takes place in

peroxisomes (over-representation test using IMPaLA (Kamburov et al., 2011) with known

metabolites and proteins in the network as test sets, and all measured proteins as well as all

known metabolites as background). We found these processes also associated with nodes

in our other networks due to the input selection strategy employed to create networks (see

Methods for details): In brief, we chose input metabolites and proteins (i.e. measured

metabolites and proteins of interest with respect to a subgroup) based on a significance

threshold on FDR-adjusted p values from statistical tests comparing a subgroup against all

other samples. From this, many proteins and metabolites were identified as significant

across multiple subgroups (but with opposite fold change directionality); and consequently,

some proteins and metabolites were included in multiple networks. A close examination of

parts of these peroxisome-networks in the context of SHH suggested elevated levels of

enzymes involved in the process and low levels of interacting metabolites in the network

(and vice versa in non-SHH networks). We will investigate this further in our ongoing

analyses.

3. Discussion

Based on our clustering analyses, the major medulloblastoma subgroups remain stable in

the space of metabolites. This is not surprising since this is true for most major types of

omics data that have been investigated so far, including DNA methylation-focused

epigenomics, transcriptomics, and proteomics. We hypothesize that this is due to the
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different groups originating from distinct types of cells (Azzarelli et al., 2018) which may

follow distinct metabolic and regulatory programs. Our data also highlighted elevated

levels of DAGs and TAGs in MYC-active Group 3 tumors, the most aggressive type of

MB. This is likely a consequence of upregulated fatty acid synthesis that is caused

downstream of MYC activation (Hsieh et al., 2015).

High levels of taurine, which we found in non-SHH samples, were previously reported in

the context of medulloblastoma (Bennett et al., 2018; Blaml et al., 2016; Kohe et al., 2018)

and even considered as a potential diagnostic marker to differentiate MB from cerebellar

astrocytoma (Moreno-Torres et al., 2004). Taurine has been shown to be an important

neurodevelopmental modulator (Kilb and Fukuda, 2017) and taurine-deficiency has been

shown to delay cell differentiation and migration in the cerebellar development of cats

(Sturman et al., 1985). However, despite numerous observations of differential taurine

levels across different types of cancers, it remains unclear whether taurine itself plays an

oncogenic role in these diseases.

We also discovered two samples in our cohort that presented with IDHJ RI 32H mutations

as well as elevated 2-hydroxygutarate levels. Despite the small sample numbers, we

hypothesize that the mutation is the causal event for elevated 2-HG in our data. This is

based on the previously described mechanistic relationship between these molecular

changes (Dang et al., 2009). IDHJ mutant cancer shave been shown to display

vulnerabilities that are being exploited therapeutically (Molenaar et al., 2018). It remains

to be determined whether IDHJ mutant medulloblastoma patients would benefit from these

types of treatments also.

Our preliminary network results suggest a potential dysregulation in the processing of

VLCFAs in the peroxisome. Peroxisomes are required for proper brain development and

brain function (Berger et al., 2016) and the cerebellum in particular requires intact

peroxisomal function (De Munter et al., 2015). To our knowledge peroxisomal

dysregulation has not been described previously in the context of medulloblastoma.
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Despite our promising analyses so far, we realize that the available data sets are not yet

used to their full potential. We anticipate that we can leverage the known metabolites for

more insights using additional integrative analyses. For example, a targeted approach to

place metabolites and proteins in our data in the context of specific metabolic pathways

could allow for a better understanding of these processes. This may also be achievable in

an unsupervised manner using flow-based algorithms on protein-metabolite interaction

networks. Similarly, many unknown measurements carry a strong group-differentiating

signal and detennining their identity would strengthen our analysis and likely provide

additional insights. In the next phase of this project, we are planning to address this issue

using two recently published methods: MetAssign (Daly et al., 2014) and SIRIUS 4

(Dthrkop et al., 2019). Both these methods carry the promise of more metabolite

identifications than the standard strategies currently employed (Materials and Methods).

MetAssign aims to achieve this using a Bayesian clustering approach to cluster

measurements by peak groups (considering potential adducts and isotopes for each

metabolite) while taking into account dependencies between peaks within each group and

utilizing all of m/z, retention time, and peak intensities. This approach also assigns each

proposed identity a probability score, which we will further incorporate into our PIUMet-

based network analysis as edge scores linking peaks and metabolites. SIRIUS 4 is designed

to not only determine the sum formulas of metabolomics mass spectrometry experiments,

but also the structure. To achieve this, it combines the modeling of fragmentation trees

with high-resolution isotope pattern analysis and scores the results against a structure

database. This holds the promise for additional and more reliable metabolite identifications.

Assigning identities to measurements from untargeted metabolomics mass spectrometry

experiments is an ongoing challenge in the field and potentially partly the reason why only

few studies have published these types of data in the context of cancer patient cohorts.

Nonetheless, metabolomics provides a broad basis for functional insights and has shown

promise in therapeutic and diagnostic applications. We anticipate that improvements to

metabolite-focused analyses tools, especially in the context of multi-omic approaches as
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described here, will cause this type of data to be more routinely used in studies seek to

understand the functional underpinnings of complex biological systems.

4. Materials and Methods

4.1. Cohort Description

Metabolomics data was measured for a total of 51 samples. These data were collected in

two batches using the methods described below. Batch 1, our initial pilot cohort, was

composed of 19 samples (Sample IDs: MB018, MB035, MB037, MB088, MB091,

MB095, MB099, MB102, MB104, MB106, MBI 18, MB136, MB164, MB166, MB170,

MB174, MB177, MB199, MB206). Batch 2, the extension cohort, contained 32 samples

(Sample IDs: Burdenko_1360, CB094, CB096, CB126, CB140, CB400, CB401, MB226,

MB227, MB234, MB239, MB244, MB247, MB248, MB260, MB264, MB265, MB266,

MB268, MB269, MB270, MB271, MB274, MB275, MB277, MB278, MB281, MB284,

MB287, MB288, xlM6, x5Ml5). All of these samples were also included in our

proteomics study (Archer et al., 2018), except samples with IDs starting with "CB" and

MB035.

4.2. Sample Preparation

Tissues (weight range: 28-69 mg) were homogenized in 4 tl of water per mg tissue weight

using a bead mill (TissueLyser II; QIAGEN) and the aqueous homogenates were aliquoted

and stored at -80'C until metabolite profiling analyses were conducted.

4.3. Metabolomics Mass Spectrometry Experiments

Samples were profiled using four complimentary liquid chromatography tandem mass

spectrometry (LC-MS) methods as previously described (Paynter et al., 2018; Townsend

et al., 2013). Two hydrophilic interaction liquid chromatography (HILIC) methods were

used for the analysis of water soluble polar metabolites in positive (HILIC-pos) or negative
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(HILIC-neg) ion mode, and two reverse-phase chromatography methods for measuring

lipids in positive ionization mode (C8-pos) or metabolites of intermediate polarity such as

bile acids and free fatty acids in negative ionization mode (C I 8-neg). The chromatography

was conducted using Shimadzu Nexera X2 U-HPLC systems (Shimadzu Corp.;

Marlborough, MA) except for HILIC-neg, for which an ACQUITY UPLC (Waters) system

was used.

4.3.1. HILIC-pos

Metabolite extracts were prepared from tissue homogenates (10 tL) via protein

precipitation with the addition of nine volumes of 74.9:24.9:0.2 v/v/v

acetonitrile/methanol/formic acid containing stable isotope-labeled internal standards

(valine-d8, Isotec; and phenylalanine-d8, Cambridge Isotope Laboratories; Andover, MA).

The samples were centrifuged (10 min, 9,000 x g, 4'C), and the supernatants injected

directly onto a 150 x 2 mm Atlantis HILIC column (Waters; Milford, MA). The column

was eluted isocratically at a flow rate of 250 pL/min with 5% mobile phase A (10 mM

ammonium formate and 0.1% formic acid in water) for 1 minute followed by a linear

gradient to 4 0 % mobile phase B (acetonitrile with 0.1% formic acid) over 10 minutes. MS

analyses were carried out using electrospray ionization (ESI) in the positive ion mode using

full scan analysis over m/z 70-800 at 70,000 resolution and 3 Hz data acquisition rate using

a Q Exactive Plus mass spectrometer (Thermo Fisher Scientific; Waltham, MA).

4.3.2. HILIC-neg

Extracts (30 pL) were prepared precipitated using 120 pL of 80% methanol containing

0.05 ng/pL inosine-15N4, 0.05 ng/tL thymine-d4, and 0.1 ng/ptL glycocholate-d4 as

internal standards (Cambridge Isotope Laboratories). The samples were centrifuged (10

min, 9,000 x g, 4'C), and the supernatants injected directly onto a 150 x 2.0 mm Luna NH2

column (Phenomenex) that was eluted at a flow rate of 400 pt/min with initial conditions

of 10% mobile phase A (20 mM ammonium acetate and 20 mM ammonium hydroxide in

water) and 90% mobile phase B (10 mM ammonium hydroxide in 75:25 v/v

acetonitrile/methanol) followed by a 10 min linear gradient to 100% mobile phase A.
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Selective multiple reaction monitoring scans using ESI in negative ion mode were acquired

using a 5500 QTRAP triple quadrupole mass spectrometer (AB SCIEX) with ion spray

voltage was -4.5 kV and the source temperature of 500'C.

4.3.3. C8-pos

Lipids were extracted from tissue homogenates (10 pL) using 190 pL of isopropanol

containing 1,2-didodecanoyl-sn-glycero-3-phosphocholine (Avanti Polar Lipids;

Alabaster, AL). After centrifugation, supernatants (2 pL) were injected directly onto a 100

x 2.1 mm, 1.7 tm ACQUITY BEH C8 column (Waters; Milford, MA). The column was

eluted isocratically with 80% mobile phase A (95/5/0.1; vol/vol/vol 10mM ammonium

acetate/methanol/formic acid) for 1 minute followed by a linear gradient to 80% mobile-

phase B (99.9/0.1; vol/vol methanol/formic acid) over 2 minutes, a linear gradient to 100%

mobile phase B over 7 minutes, then 3 minutes at 100% mobile-phase B. MS analyses were

carried out using ESI in the positive ion mode using full scan analysis over 220-1100 m/z

using an Exactive Plus mass spectrometer (Thermo Fisher Scientific; Waltham, MA).

4.3.4. C18-neg:

Tissue homogenates (30 pL) were extracted using 90 pL of methanol containing PGE2-d4

(Cayman Chemical Co) and centrifuged (10 minutes, 9000g, 4'C). The supernatants (10

pL) were injected onto a 150 x 2.1 mm ACQUITY BEH C18 column (Waters; Milford,

MA). The column was eluted isocratically at a flow rate of 450 pL/min with 20% mobile

phase A (0.01% formic acid in water) for 3 minutes followed by a linear gradient to 100%

mobile phase B (0.01% acetic acid in acetonitrile) over 12 minutes. MS analyses were

carried out using ESI in the negative ion mode using full scan analysis over m/z 70-850 at

70,000 resolution using a Q Exactive mass spectrometer (Thermo Fisher Scientific;

Waltham, MA).

Raw data from Q Exactive/Exactive Plus instruments were processed using TraceFinder

software (Thermo Fisher Scientific) and Progenesis QI (Nonlinear Dynamics), whereas
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MultiQuant (SCIEX) was used to process 5500 QTRAP data. For each method, metabolite

identities were confirmed using authentic reference standards or reference samples.

4.3.5. Sample Details (Broad Institute)

Batch 1: HILIC-pos (15_0227): Sarah Jeanfavre, HILIC-neg (14_1219): Kerry Pierce,

C18-neg (15_0108): Kevin Bullock, C8-pos (15_0227): Amy Deik.

Batch 2: HILIC-pos (16_0603): Sarah Jeanfavre, HILIC-neg (16_0614): Kerry Pierce,

C18-neg (16_0520): Kevin Bullock, C8-pos (16_0524): Amy Deik.

4.3.6. Merging of cohorts

The processed non-targeted (HILIC-pos, C8-pos, C 1 8-neg) data from both batches were

aligned using an in-house algorithm (Hitchcock, et al. In preparation). Briefly, features in

both datasets that can be unambiguously aligned are used to determine alignment vectors.

These vectors are then used to scale deviations in retention time and m/z using a smoothing

spline. Once scaled, a scoring system implemented in order to choose the best matching

features shared in both batches.

4.4. Clustering and Dimensionality Reduction

Consensus clustering was performed using the R package ConsensusClusterPlus

(Wilkerson and Hayes, 2010) as previously described (Archer et al., 2018). t-SNE (Hinton

and van der Maaten, 2008) and UMAP (McInnes et al., 2018) analyses were performed

using the R packages Rtsne and UMAP, respectively. Default parameters were used for

both. The only parameter that was chosen manually was the perplexity in Rtsne, which was

set depending on the sample size s to perplexity=(s-1)/3. PCA was run using R's princomp

function.

4.5. Using Gene Sets to Annotate Metabolites

A common challenge in interpreting large-scale data sets is that the feature IDs used to

describe individual measurements are not always conducive to drawing conclusions about
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a molecule's biological or biochemical function. Working with large scale data sets, the

increased number of such features that are routinely examined makes this task even more

challenging. To address this in the context of gene-centric data, gene sets from gene

ontology (GO) and pathway databases (MSigDB, Reactome, etc.) are commonly used to

aid in assigning meaning to a list of genes of interest. Unfortunately, only few such data

sets are available to annotate metabolic features. Some public repositories, such as the

human metabolite database (HMDB) and the small molecule pathway database (SMPDB),

provide some annotations, but are by far not as comprehensive as their gene-focused

counterparts are.

To address this challenge, we took advantage of the relationship between proteins and

metabolites in the context of pathway-focused interactions and turned gene-centric

annotations into metabolite-centric (or shared gene-and-metabolite) annotations. We

started with an interactome (as described above) that links proteins and metabolites based

on shared physical interactions and a set of gene/protein annotations. For each annotation,

we then built a metabolite annotation set consisting of all metabolites that are associated

with at least n protein interaction partners sharing this annotation (for n ranging from two

to four). As n increases, the size of the resulting metabolite annotation sets will decrease,

but our confidence that the metabolite really is associated with the annotation increases as

more proteins appear to rely on an interaction with the metabolites.

We are aware that this is only a crude metric to assign meaning to metabolites and we see

two major drawbacks to this approach. First, the coverage and reliability of this method is

highly dependent on the interactome and pathway databases that are being used.

Metabolite-protein interaction networks are highly variable in terms of the interactions that

are being included (and omitted) and therefore will also limit. Second, this method provides

only a crude proxy towards a metabolites function: Just because an interaction partner is

involved in a process, does not mean that the molecule itself is involved in the same

process. We consider this approach mainly an aid for interpreting metabolite-centric data

sets and for hypothesis generation, rather than a tool to provide hard biological insights.
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4.6. Network Integration using PIUMet and Omics Integrator

To take advantage of the functional relationships between proteins and metabolites on a

global scale we mapped metabolites and proteins that showed differential abundance

between disease groups onto a protein-metabolite interaction network (STITCH 5.0,

(Szklarczyk et al., 2015)) and used the Omics Integrator 2 (012) algorithm (Tuncbag et al.,

2016) to identify subnetworks of closely interacting proteomic and metabolic features of

interest. Furthermore, to take advantage of unknown, yet ambiguously mappable

measurements, we used the PIUMet approach (and HMDB4.0) to aid in assigning likely

identities to these features (Pirhaji et al., 2016). Overall, the Omics Integrator pipeline was

used as described elsewhere (Archer et al., 2018). Prizes were selected from proteomic and

metabolomic data using differential features from group vs rest comparisons (FDR-

adjusted p-value <0.01 for proteins, and <0.1 for metabolites; t-test). Omics Integrator was

run for different sets of inputs, including metabolites alone, proteins and metabolites, as

well as metabolites along with only elevated proteins. To allow for more streamlined

parameter searches in weighing metabolite prizes semi-independently of protein prizes, we

modified the 012 code (starting from vO.2.24) to use a parameter ("m") that acts as an

additional factor to the existing beta (or "b") parameter for metabolite inputs. This caused

protein prizes to be scaled as prize*b, whereas metabolite prizes were scaled as prize*b*m.

All combinations of these parameter settings were considered: g = {4, 5, 6, 7}, b = {0.05,

0.1, 0.25, 0.5, 1}, m = {1, 2, 5, 10, 20}, w = {1, 2, 4, 6}. For experiments that only included

metabolite prizes,i m was set to 1, and b = {0.5, 1, 2, 3, 4, 6, 8, 10}. After a close inspection

of the results, the following parameter sets were considered for networks that warranted

further investigation (randomizations to determine robustness and specificity of nodes in

networks): {w=1, b=1, m=1, g=4}, {w=1, b=1, m=1, g=5}, {w=1, b=l, m=1, g=6}, and

{w=2, b=0.5, m=5, g=5} (for experiments with metabolite and protein prizes), and {w=1,

b=4, m=1, g=4}, {w=l, b=4, m=], g=5}, {w=4, b=4, m=l, g=4}, and {w=4, b=4, m=1,

g=5} (for metabolite prizes only). Downstream analysis and visualization of networks was

performed using R and Cytoscape (Shannon et al., 2003).
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Chapter V:
Conclusions

The work described in this thesis provides insights into various aspects of medulloblastoma

and its subgroups, utilizing commonly studied data types (including genome,

transcriptome, and epigenome) as well as types of molecular data that have only recently

increased in popularity (proteomics, phosphoproteomics, and metabolomics). Our analyses

highlighted the utility of a multi-omic systems biology approach that allows to take better

advantage of the signals in the data set due its effort to model the molecules' biochemical

relationships on a conceptual level. Using approaches of this kind, we identified signaling

pathways that may be affected by mutations, nominated upstream kinases based on

differential phospho-peptides, kinase abundances, and kinase-substrate associations, and

aimed to identify dysregulated metabolic pathways from metabolites and proteins of

differential abundance between medulloblastoma disease groups.

Still, despite the many additional insights that our work provided, many open questions

remain. For example, our work identified many genomic lesions that may potentially act

as driver events in Group 3 and Group 4 tumors. However, it remains to be seen if these

nominated driver events are indeed acting as such and what drives those tumors without a

putative driver event. Previous hopes were placed in larger cohort sizes to answer such

questions. However, while our (Northcott et al., 2017) and other recent large-cohort

medulloblastoma studies (Cavalli et al., 2017; Schwalbe et al., 2017) have illustrated that

the increased statistical power that additional samples bring indeed allow for more detailed

molecular insights, they also acted as chilling reminder that simply adding samples will

not allow answering all questions about the disease.

We aimed to address this by utilizing more functionally-oriented types of data. As

dysregulated cellular signaling plays an inherent role in many different aspects of cancer

biology, it makes sense to focus on those molecules that are actively involved in it.
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Importantly, the effects of a set of distinct mutations can converge on the same signaling

pathway and cause the same phenotype. Considering signaling molecules for additional

insights can therefore provide a more robust picture of the disease. We believe that this is

at least partly the reason why the disease groups we detected in the proteomic data are

seemingly so much more robust than the groupings found in other data types, despite the

use of a much smaller cohort of samples. However, even though our data pointed us to

differentially active signaling pathways, it remains unclear what role (if any) these

pathways play with respect to tumor development and cancer progression. Similarly, a

particularly curious question that our data introduced revolves around the proteomic

subtypes found within SHH tumors. Since the matched transcriptomic data provided only

very poor signal differentiating these groups, we hypothesized that these differences could

be the effects of differences in post-transcriptional regulation or the regulation of

proteostasis. The proteome-based similarity between SHHb and Group 4 samples also

suggests that differences in the tumors' cell of origin could be at play and that SHHa and

SHHb tumors are driven by different molecular mechanisms that remain to be understood.

Unfortunately, due to the limited number of SHH samples in our cohort, we were unable

to answer many of these questions. However, future work in the lab will attempt to

determine the functional significance of these disease groups.

Similarly, the mechanistic nature of MYC activation in Group 3 samples (G3a in our study)

remains a mystery. While our data convincingly shows the association of elevated

phosphorylation levels of MYC-activating and -stabilizing sites and patient outcome, it

remains unclear to what extent copy number changes drive these data points. That is, while

only two G3a samples show focal copy numbers of MYC that are high enough to be

considered amplifications, most other G3a samples show at least minor gains in the MYC

locus. In addition, the mechanistic nature of MYC activation that causes elevated levels of

doubly-phosphorylated MYC (pS62pT58) remains to be understood. One explanation is

that our data captured the transitory state between MYC activation and degradation, while

a constant supply of MYC protein continuously gets activated and degraded. Another
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potential option is that MYC accumulates and switches between active and inactive states

due to the interplay of potentially dysregulated kinases and phosphatases acting on these

sites. Additional work will be required to address these questions which, if answered, could

have important therapeutic implications for all kinds MYC-activated cancers.

Our work also included an analysis strategy that allows to nominate potential upstream

kinases for differentially phosphorylated peptides that can be applied to any phospho-

proteomics data set, even in the absence proteomic measurements. While this approach is

very versatile and provides a great basis for hypothesis generation, it has limitations that

future kinase-centric studies will hopefully be able to address. This method heavily relies

on kinase-substrate associations. In our study, we drew these relationships from two

sources: sites described in the literature and catalogued in the PhosphoSitePlus database;

and predicted sites based on a substrate's sequence context as well as kinase motifs

available in Scansite. For both these approaches, a long list of caveats applies. Most

importantly, given the vast space of potential phosphorylations in the human proteome,

only a small fraction has been reported on in the literature, and an even smaller fraction

will have been associated with the upstream kinase. Next, a previously reported

relationship may be valid in the original system it was first reported in but not necessarily

be relevant in a different cellular context. Aside from the obvious caveat surround

computational predictions as performed by Scansite - after all, it provides predictions,

nothing more - is that it is currently limited to substrate-recognition motifs of only 70

mammalian kinases. In addition, the scoring mechanism used by Scansite does not natively

take structural details into account (though it provides a surface accessibility score in the

visual user interface). Finally, our method uses a crude correlation-based metric to

determine whether a kinases-substrate association that was identified is likely to be relevant

in our data. In the absence of a comprehensive resource of regulatory sites on kinases (and

other enzymes), this step was needed to identify dataset-specific relationships. We hope

that future large-scale studies will allow for building a comprehensive database of all

human kinase-substrate associations and potentially even determine the functional
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significance of many sites. However, in the short term, it is more likely for improved

kinase-substrate matching methods to be developed.

Our work characterizing the metabolomic landscape of medulloblastoma is still underway.

Nonetheless, we already gained interesting insights into metabolic differences between MB

subgroups. Notably, we find that MYC-active tumors separate from other Group 3 and

Group 4 tumors, likely due to the broad effects on cellular metabolism induced by MYC

activity. We also report that the known relationship between IDHJ RI 32H mutations and

elevated 2-hydroxyglutarate levels is likely also relevant in medulloblastoma - a finding

that, considering known vulnerabilities in cancers harboring such mutations, may have

therapeutic implications. We also describe some preliminary results from a multi-omic

integrative network analysis that integrates metabolic and proteomic data. At this stage,

our analyses are limited by the small number of metabolic measurements that our methods

can take advantage of. This is due to the ongoing challenge of assigning identities to

measurements from untargeted metabolomics mass spectrometry. We are planning to

address this in the next stages of this project by utilizing two recently published methods

that are designed to address this issue (Daly et al., 2014; Diihrkop et al., 2019).

Overall, the work presented here provides many novel insights into various aspects of

medulloblastoma and demonstrates that integrative multi-omic approaches are powerful in

offering additional layers of information to already well-studied systems. In particular,

based on our work with proteomic data, we want to highlight two findings of promising

therapeutic potential. First, we found that proteomic data was particularly robust in

grouping medulloblastoma tumors. This suggests that it may be possible to use proteomic

biomarkers in the clinic to stratify patients into the established molecular subgroups (in

particular in places where methylation profiling is not routinely applied). Second, we found

that PRKDC inhibitors can be used as radio-sensitizing agents in MYC-amplified MB. This

holds the promise for less aggressive radiation protocols to be used in patients with these

aggressive tumors, thereby potentially reducing radiation-induced damage to the brain. We

hope that our findings will contribute to the development of therapeutic strategies.
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Appendix A:
Software applications

1. Introduction

Any project in the realm of molecular biology that involves omics-scale data not only

requires lots of highly specific domain knowledge for reasonable interpretation, but also

the expertise to access, process, analyze, and visualize the data at hand. As using

programming and scripting languages in data analysis and exploration has become more

commonplace (in particular, thanks to R and Python), more researchers than ever are now

building new software tools for data analysis and visualization or are comfortable using

previously published data to enrich their own studies. Despite this, most studies only share

their data in the conventional way (public databases and supplementary files), and often

only describe certain analysis steps in words in the methods section, despite actually having

used custom-built tools that made these steps more efficient. However, these tools have the

potential to save future researchers heaps of valuable research time, considering they may

not have to reinvent the wheel by trying to write code for software that is described in

words in a methods text or to spend days downloading, cleaning, processing, and

normalizing previously published data sets. Considering that future researchers' lives can

be made much easier by making software tools that were built for an analysis or study

publically available, or providing access to data set in intuitive ways.

In this section, we will be describing two pieces of software that attempt to do this. The

next section describes a tool to visualize and explore the omics data sets used in our

proteome-focused study (Archer et al., 2018). This is followed by a section describing a

Cytoscape app we built for making analyzing networks using custom annotations more

flexible and straightforward.
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2. Medulloblastoma Data Explorer

Our study focused on the proteome and phospho-proteome of medulloblastoma involved a

range of different kinds of omics data across a cohort of 45 primary tumor samples (see

Chapter II). We are aware that these data are an incredibly rich resource for all kinds of

follow-up studies as well as curious researchers who want to check protein levels of their

favorite gene across medulloblastoma subgroups. However, based on our experience with

using data from other published studies, we realized that publishing the individual data sets

in public repositories and supplementary files generally makes them difficult to access and,

due to the additional steps required for access, likely hide them from the eyes of future

researchers. To avoid this, we did not just deposit our data sets in public repositories and

supplementary tables, but also built an interactive data explorer available on the web at

http://fraenkel.mit.edu/archer20l8.

In building this application, our goal was to make its use is as intuitive as possible. In

particular, we wanted to cater to those users who either do not have the expertise to create

visualizations from a supplementary spreadsheet, or simply do not want to spend extra time

to download, process, and visualize a data set they are not familiar with. Similarly, we

aimed to provide a range of visualization options and interfaces that make getting the

desired visualization as fast and streamlined as possible. The tool allows users to view our

data sets based on features (transcripts, proteins, etc.) or features collapsed to gene sets

using single sample gene set enrichment analysis (Barbie et al., 2009). We chose gene

symbols as the primary ID type to search by as these are the most memorable and

interpretable type of ID that can be used for all types of data represented in our study

(additional IDs are displayed when needed, e.g. for proteins to distinguish isoforms, or for

phosphosites to indicate the modified positions). In another step to help users with inputs,

we pre-filled all input fields so they see what type of input the application expects. Finally,

taking into account that medulloblastoma tumors are routinely grouped based on a variety

of different kinds of subtypes, we provide the option to group samples into all types of

groupings that were available for our samples (Archer et al., 2018; Cho et al., 2011;
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Northcott et al., 2017; Taylor et al., 2012). The following sections give a more detailed

overview of options available in this tool. Figure 1 shows the front page of the tool,

including a cross-omics heatmap and the input and navigation options.
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Figure A-1: Medulloblastoma Data Explorer user interface. This view is what is presented to

the user upon loading the page. The orange bar at the top allows to navigate between the main data

visualization features ("Gene-/Protein-centric", "Multi-feature Heatmap", "Individual Gene Sets",

"Multiple Gene Sets") and a help page ("About"). The grey bar on the left offers input options

pertaining to the currently selected visualization.

2.1. Visualization of Molecular Features

Three major options are available to browse molecular features: for a selected data set,

users can (1) examine individual features, (2) view multiple features at once, and (3) see

the grouping of samples considering all available features.

1) Individual molecular features: Assisted by autocomplete, the researcher enters a

gene symbol to select a feature of interest. Below the gene symbol search box, we

display a hyperlink to the selected gene's entry in the GeneCards database (Stelzer

et al., 2016). Once a gene has been entered, an x-omics heatmap (i.e., a heatmap

showing different kinds of 'omics data) will be displayed, showing the levels of all
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matches for the selected gene across all available datasets. This serves as a first

overview of what types of data are available for the selected gene as well as a way

to qualitatively compare abundances across different data types. Here, the user can

also navigate between boxplot views of the feature for each data type.

2) Multiple molecular features: By entering (or pasting) gene symbols, this tool

searches for matching features in the selected data set and displays all matches in a

heatmap. The application accepts entries separated by whitespace, commas, and

semicolons, meaning it is possible to simply copy over a spreadsheet column or a

sentence containing gene symbols found in a manuscript. Below the search text

box, an overview will be displayed, showing the number of entries that matches

were found for, the number of matches (i.e., the number of rows in the heatmap),

and a list of entries that no matches were found for.

To make searching for classes of similar genes easier, some basic regular

expressions are accepted, including wildcards (".", "[abc]") and quantifiers ("a?",

"b+", "c*"). For example, the expression "M?RP[SL].+" will find all small and

large mitochondrial and regular ribosomal proteins (the gene symbols for these

proteins are: MRPS, MRPL, RPL, and RPS, followed by one or more digits). To

keep the heatmap at a reasonable, viewable size, we limit the heatmap to display no

more than 500 features.

Since the use of patterns may find a longer list of features than initially entered by

the user, we provide a button that copies all "matches" currently displayed in the

heatmap into the user's clipboard.

The heatmap updates automatically after each change to the input. To allow the

researcher to find patterns in the data more easily, the heatmap's columns and rows

can be arranged in different ways (clustering, input order, variance, etc.).

3) All features / Global view of data: A static 2-dimensional (2D) and an interactive

3D view are available to see the first three principal components for an overview

of the structure of the data. The 2D view also displays a bar chart showing how

much of the variance in the data can be explained by each principal component.
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Using the panel on the left, the user can select which groups of samples should be

included in the analysis.

2.2. Visualization of Gene Sets

Making conclusions about active biological processes and pathways based on a set gene

symbols alone is generally very difficult. Our application therefore offers an option to

directly explore functional annotations, drawing from gene sets from the molecular

signature database (MSigDb) and using the following groups of gene sets: H, Hallmark;

C2:CP, canonical pathways; c3, miR and transcription factor targets; and C5:GO, gene

ontology (Liberzon, 2014). Features were collapsed to gene sets using single sample gene

set enrichment analysis (Barbie et al., 2009) as described in our paper (Archer et al., 2018).

Normalized enrichment scores (NES) are used for our visualizations: high positive or

negative values for a set mean that it is associated predominantly with elevated or lowered

gene/protein/etc. levels, respectively. As for molecular features, our app allows users to

explore (1) individual or (2) multiple gene sets.

1) Single gene sets: After selecting a data set of interest, the user is presented with a

table of available gene sets that they can search for set of interest. Upon selecting a

gene set, a boxplot of NES will be displayed, as well as a table listing the members

of the gene set and a heatmap of all members found in the selected data set. Below

the table of set members, a button allows to copy all gene symbols in the table to

the user's clipboard. This can be useful if, for example, the user wants to examine

the heatmap in a view different from the one displayed here by default. If this is the

goal, the list can then be pasted into the multi-feature heatmap application.

2) Multiple gene sets: Entering a search term will find all matching gene sets (regular

expressions allowed, as described for the multi-feature heatmap view are allowed)

and display them in a heatmap, an enrichment chart, or a violin plot. These views

can be particularly useful if the selected gene sets describe similar/the same
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biological functions, but don't necessarily associate the same genes with the

annotation. This heatmap can display up to 100 gene sets at a time.

2.3. Data Used for Visualizations

Overall, the data displayed are the final, processed datasets used in our study (Archer et

al., 2018). Data for proteins, post-translationally modified peptides, and transcripts are

shown on a relative scale (robust z-scores). Copy number figures are based on GISTIC2

output, as described in (Mermel et al., 2011). In short, values greater than 1 and less than -

1 indicate amplifications and deletions, respectively. Values greater than 0.3 and less than

-0.3 can be interpreted as gains and loss of heterozygosity (LOH), respectively. Finally,

450k DNA methylation data are displayed as beta values which are an estimate of

methylation level (calculated as the ratio of intensities between methylated and

unmethylated alleles). More details about our data collection and processing can be found

in Archer et al. (2018).

2.4. Methods

This tool was built using the statistical programming language R, along with RStudio's

Shiny library. Interactive plots use the plotly library. Interactive tables are displayed using

the DataTables (DT) library. The application's style comes from shinythemes.

3. Highlighter Cytoscape Plugin

Cytoscape is a powerful tool to explore and analyze biological interaction networks.

However, despite the wide range of available features, certain tasks are difficult to achieve

in a quick and streamlined manner. In our work with disease-oriented protein-protein and

protein-metabolite interaction networks, we needed to find a way to browse our networks

based on shared node annotations using custom pathway (and other) annotations. For

example, we needed an easy way to see which nodes were associated with specific gene
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sets, and to browse through the available gene sets to find clusters of nodes with similar

annotations. We also needed a way to display an overview of different types of nodes in

our networks. Exploring the available options in Cytoscape at the time, we were not able

to find any options that allowed us to do these things in a flexible and streamlined manner.

To address this issue, we built a Cytoscape plugin that is now available to the public

through the Cytoscape App Manager. More details about the app can be found online

(http://apps.cytoscape.org/apps/highlighter).

3.1. Features

Using custom node annotations, this app makes it possible to quickly display an overview

of shared annotations between nodes and visually explore the network based on these

annotations (i.e. see where in the network the annotated nodes are located). Below is an

overview of options available to the user. Figure 2 shows a screenshot of the app's user

interface in Cytoscape.

Custom annotations (and separator): An annotation column may contain more than a

single annotation. For example, to annotate a node type in a protein-metabolite interaction

network, the value of a type column may simply be "Metabolite" or "Protein". However,

for other annotations, such as pathways, more annotations may be needed for each node,

as a "gene node" can be associated with more than one gene sets describing different

pathways. To use all needed node-pathway associations with the Highlighter App, the user

will simply include all gene sets associated with a node in the annotation column and

separate them by a "separator" of their choice. The default separator in the app is a

semicolon (";"), but any character or string (sequence of characters) will work; the

Annotation separator field in the app needs to be specified accordingly. The app will then

parse all annotations apart and display them individually.
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Figure A-2: Highlighter app screenshots. The app's symbol in the Cytoscape app manager (a).

The app's user interface in Cytoscape (b). After clicking "Update Column List" the currently

selected networks' node annotation columns will be shown in the dropdown list at the top. Here,

the user selected a column named "_GENESETSCPDB", loaded the annotations by clicking

"Choose Column / Update", and searched the entries for "metab". The list below shows the

annotations found in the network, sorted by the number of nodes with the respective annotations

(also shown in brackets on the left of each entry). From here, the user can select one or more of

these entries to see the associated nodes highlighted and selected in the network view (not shown).

Browse annotations of selected nodes: The user can display and browse annotations

drawn from all nodes in the network, or only from a set of currently selected nodes. This

allows the user to explore clusters in a network in more detail without having to create a

new network to work off.
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Select nodes from multiple annotations: Since annotations can be imprecise or

redundant, selecting nodes associated with multiple annotations at once makes it easier to

highlight related nodes of interest. For example, if the custom annotation list contains

multiple definitions of a SHH pathway, the use can simply select all SHH pathways and

consequently get a broad view of where in the network all nodes associated with SHH-

signaling are located.

Count table: After annotations have been loaded, the number of nodes in the network that

an annotation was found for is calculated and used to order the list of options presented to

the user. This allows to get a quick "count table" of annotations, which is especially useful

for simple annotations such as node "type", or simply to see the most common pathway

annotations, etc.

Filter/Search Annotations: To help the user find annotations in a list of options that can

be very long, the app allows to filter the results list based on a search term. The search is

case sensitive.

3.2. Installation

The best option for installation is to use the Cytoscape Apps interface within Cytoscape:

The AppManager can be found under Apps in the menu bar. A search for "Highlighter"

will find our application. Another option is to download the apps' JAR file from

Cytoscape's online repository (http://apps.cytoscape.org/apps/highlighter) and place it in

the local Cytoscape installation's apps folder.

3.3. Usage Steps

1. Make sure the Highlighter App is installed and annotations for the network are loaded.

2. Go to the Highlighter Tab in the Control Panel on the left.

3. On some screens, the left panel will need to be resized before all options are visible.
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4. Click Update Column List to load all currently available annotation columns for the

selected network. This step needs to be repeated each time a new network is selected.

5. Select a column from the list.

6. If a column contains multiple annotations, choose the appropriate annotation separator

depending on the column. This defaults to semicolon (";"), but can be any character or

string.

7. Check the checkbox if annotations should be loaded only from the currently selected

nodes.

8. Click Choose Column/Update to get the app to parse your annotations.

9. Once the annotations were parsed the Highlighter App will display all annotations (and

their counts) in the box below the input fields.

10. Select one or more annotations to highlight/select the nodes associated with these

annotations in the network view. Multiple entries may be selected by holding the

control/command key while clicking on the desired options in the list.

11. To filter the list of options, use the search field to find entries of interest. To clear the

search, remove the search string and click the Search button.

3.4. Methods

This application was built using Java and Cytoscape's plugin libraries in the Eclipse IDE.

4. Discussion

The software applications described here were both originally built for internal purposes:

The Highlighter app was created to allow for more streamlined analyses of our networks

in Cytoscape; the Medulloblastoma Data Explorer to provide a basis for data sharing and

exploration across a research team of various levels of expertise in examining large-scale

data sets.
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The Highlighter tool filled a very specific niche in the space of potential ways biological

(and other) networks can be explored and analyzed. Despite it being a very simple tool,

which at first was designed with the application of quickly highlighting gene set members

in a network context in mind, we found that its flexibility is its greatest utility. The app will

work with any type of annotations and can be used to analyze and process networks, as

well as for simple visualization purposes. Cytoscape is a powerful and widely used tool

and its support for user-built plugins makes it an excellent piece of software that ranges far

beyond the purpose of visualization it was originally created for. Unfortunately, the code

surrounding the plugin library is poorly documented which likely acts as a deterrent to a

more prolific landscape of custom Cytoscape Apps. (It certainly deterred us from adding

additional features to this app.) Nonetheless, Cytoscape makes it easy to install custom

apps using the Cytoscape App Manager and has a very active base of users. Despite not

having usage statistics available, we know that the app was downloaded more than 75 times

within the first 30 days of being made public on the Cytoscape App Manager (with no

additional efforts to publicize the tool). We take this to mean that there was a demand for

a tool of this nature and hope that it will help many researchers save time in their own

network analyses.

The Medulloblastoma Data Explorer follows the proud tradition of other medulloblastoma-

focused data visualization tools, most of which were published alongside large-scale

genomic studies such as the described in Chapter II (Northcott et al., 2017) and primarily

help understand genomic alterations in these cohorts. Considering the unique nature of our

data sets - in particular the availability of most common types of omics data for the same

set of samples, importantly, including proteomic and PTM data - we wanted to provide the

research community with easy access to all aspects of it. The tool was presented at a recent

medulloblastoma-focused meeting and received very positive feedback. Attendees started

using this tool right away to explore proteins related to ongoing work, create visualizations

to add to their slides for upcoming presentations, and to look at proteins and genes

mentioned during talks.
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Over the past decades, experimental procedures used to investigate the molecular features

in biological systems have tremendously increased in coverage, offering deeper and deeper

characterizations of all different kinds of 'omes. With this trend, it has become impossible

to discover interesting pieces of biology in these data sets without the help of scripting and

programming languages. At the same time, given the vast scale of omics-type data sets,

they can provide utility and insights for not just the study the data were collected for, but

for other studies as well. In fact, while most studies working off omics data sets will use a

large fraction of the data to discover trends or cluster samples, the specific findings

described will largely rely on a rather small set of features discovered in following up on a

certain hypothesis. With this, many other potentially relevant biological details will remain

unappreciated. Needless to say, this is by no means the fault of the researchers involved in

the study, but rather a side-effect of the scale of the data set. It is therefore important for

researchers to consider whether data that is being published can be of utility to future

studies and, if so, to make it as easy as possible for future researchers to re-use these data.

We hope that the software tools described in here will inspire other researchers to consider

sharing their data sets and analyses tools in similar ways.
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