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Introduction

Gliomas encompass a very diverse group and account for the great majority
of tumors originating in the parenchyma of the central nervous system (CNS).
Every year in the United States, 6.56 in 100.000 people are newly diagnosed
with a glioma, and 4.2 in 100.000 succumb to the disease [1]. Two larger glioma
groups are recognized: so-called diffuse gliomas, characterized by extensive in-
filtrative growth into the surrounding CNS parenchyma, and more circumscribed
(non-diffuse) gliomas such as pilocytic astrocytoma and ependymomas. Diffuse
gliomas, by far the most frequent gliomas in adult patients, are traditionally clas-
sified according to their microscopic similarities with (precursors of) glial cells
and then designated as diffuse astrocytomas, oligodendrogliomas or mixed gli-
omas/oligoastrocytomas. Additionally, a malignancy grade is assigned to these
tumors based on presence/absence of especially marked mitotic activity, florid
microvascular proliferation (MVP), and necrosis [2, 3]. For over a century, such mi-
croscopic evaluation has provided the gold standard for the diagnosis of gliomas,
assessment of prognosis and formed the basis for therapeutic management.
However, multiple studies showed that a purely histopathologic classification
suffers from considerable inter- and intraobserver variability [4-6].

As with other human cancers, the pathogenesis and molecular evolution of
gliomas is often characterized by somatic chromosomal aberrations, widespread
or focal copy number changes and targeted gain and loss of function events in
oncogenes and tumor suppressor genes [7-9]. Various permutations of somatic
alterations were shown to be associated with distinct tumor entities and dif-
ferential sensitivities to treatment, such as a chromosome 1p/19g-codeletion in
oligodendrogliomas conferring increased sensitivity to chemotherapy [10,11]. In
the course of the last two decades it became increasingly clear that such molec-
ular characteristics may provide a more robust and objective basis for subtyping
of diffuse gliomas and both scientists and clinicians turned towards molecular
markers to aid diagnosis [12-16].

In adult patients three major subgroups of diffuse glioma are now defined
based on the presence or absence of mutations in the isocitrate dehydrogenase
1(IDHT) or IDH2 gene and of complete, combined loss of the short arm of chro-
mosome 1and of the long arm of chromosome 19 (complete 1p/19q-codeletion):

+ IDH-wildtype: most of these histologically represent astrocytic tumors, a large
percentage belonging to the highest malignancy grade, i.e. glioblastomas

+ IDH-mutant and 1p/199-non-codeleted: these tumors also generally have an
astrocytic phenotype, but a much larger percentage is at first diagnosis his-
tologically lower grade/WHO grade Il or llI
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Chapter1

+ IDH-mutant and 1p/19-codeleted: most of these are characterized by a prom-
inent oligodendroglial phenotype of the tumor cells

The focus of this thesis is on these diffuse gliomas, however in some cases
tumors from the group of non-diffuse gliomas are referenced (Figure 1-1). The
most common non-diffuse gliomas are pilocytic astrocytomas that predomi-
nantly occur in children, generally are more circumscribed (therefore grouped
under non-diffuse gliomas) and show an indolent behavior [17-19]. The transition
from a purely histological to a histo-molecular classification of especially diffuse
gliomas represents a paradigm shift and necessitates re-evaluation of histologic
criteria used for grading and guidance of therapeutic decisions [20, 21].

Diffuse Gliomas

IDH-mutant and

IDH-wildtype IDH-mutant
yP 1p/19g-codeleted
Diffuse Diffuse Oligodendroglioma,
WHO grade I astrocytoma, astrocytoma, IDH-mutant and
IDH-wildtype IDH-mutant 1p/19g-codeleted
. . Anaplastic
Anaplastic Anaplastic . :
WHO grade Il astrocytoma, astrocytoma, oligodendroglioma,
IDH-widtype | IDH-mutant IDH muiantend
1p/19g-codeleted

Glioblastoma, Glioblastoma,

WHO grade IV IDH-wildtype IDH-mutant

Non-Diffuse Gliomas

Other 8
; Ependymal 1 Mixed neuronal-
astrocytic Other gliomas "
tumors glial tumors
tumors
Papillary GNT

Pilocytic Rosette-forming
trocyt Subepend: GNT
Angiocentric Desmoplastic iogli
WHO grade ! Subependymal Myxopapillary glioma infa,ﬁ“e Cangliegliomay
giant cell ependymoma astrocytoma and

astrocytoma ganglioglioma

Diffuse
Astroblastoma leptomeningeal
GNT

Chordoid glioma
of the third
ventricle

WHO grade I

Pleomorphic
xanthoastrocytoma |'| Ependymoma

Anaplastic Anaplastic
pleomorphic ependymoma Ii
xanthoastrocytoma Anaplastic
WHO grade Il Vi EFf E ,'_’:yf:?qma’ B ol
sion-
positive

/N Figure 1-1. The WHO classification of diffuse and non-diffuse gliomas. Tumors are
grouped by WHO grading and putative cell-of-origin.
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Introduction

Summary of overall aims and outline of this thesis

The clinical classification of CNS tumors including glioma is determined by stan-
dards put forward by the World Health Organization (WHO, Figure 1-1). There are
high rates of inter- and intra-observer diagnostic disagreement using classic histo-
pathology, which was considered the diagnostic standard at the onset of starting
this PhD trajectory [4-6]. Large consortium characterization efforts have used mo-
lecular profiling to define clinically relevant glioma subtypes in an unbiased manner
[22-24]. These efforts provide a basis for Chapter 2 of this thesis, which aims to
further refine the molecular disease classification using patterns in DNA meth-
ylation, copy number and mutations across the spectrum of histological types.

This work indicated that glioma subtypes are hallmarked by common sets of
driver alterations. | reasoned that effective treatment should move a tumorin a
predictable manner due to the natural selection of features enabling treatment
resistance. Using a large set of pre- and post-treatment tumor samples | set out
to determine the longitudinal landscape of molecular changes over time and
identify selection pressures exerted by treatment in Chapter 3. As described in
more detail in this introduction, the neuro-oncology community is increasingly
adopting DNA methylation profiling for diagnostic purposes. Tumor heterogene-
ity is thought to bias diagnostic accuracy and in Chapter 4 | aim to dissect the
extent of heterogeneity in DNA methylation-based tumor classification when
considering multiple spatially separated samples from the same tumor.

While it is well known that alkylating chemotherapies may in some cases lead
to the accrual of a massive amount of point mutations, called hypermutation, the
genomic effects of ionizing radiation are less well understood. Using the same
set of pre- and post-treatment tumor samples introduced in Chapter 3, | take a
deep-dive to investigate the genomic effects of radiotherapy in Chapter 5. The
work described in Chapter 2 suggested that glioma cells from different disease
subtypes follow distinct strategies for maintaining the ends of chromosomes
called telomeres. In Chapter 6 | follow up on these findings by mapping strategies
for telomere maintenance across a large assortment of tumor types.

In Chapter 7, | integrate the main observations of previous chapters into a
model for tumor development. Finally, in Chapter 8, | summarize the main findings
of this thesis and discuss potential for translation and relevance to clinical prac-
tice. To provide context to the ensuing chapters, this introductory Chapter 1 first
elaborates on the history and background of diffuse gliomas, molecular profiling
and telomere maintenance.

13



Chapter1

A brief history of the (molecular) pathology of gliomas

The term “glioma” was first introduced by the German pathologist Rudolf Vir-
chow in the 1850’s (Figure 1-2), and in 1925 Cushing and Bailey introduced the
entity “glioblastoma multiforme” for a high-grade malignant glioma showing a
wide range of histological features (hence ‘multiforme’) [25, 26]. Later on, (neuro)
pathologists like Ringertz, Scherer, Broders and Kernohan provided important
next building blocks for systematic histopathological classification (typing and
grading) of gliomas [27-31].

Even after the publication of the first edition of the World Health Organiza-
tion (WHO) classification of tumors of the central nervous system (CNS) in 1979,
different schemes for typing and grading of diffuse gliomas were used in parallel
[32]. However, the second edition of the WHO classification (published in 1993)
was much more universally accepted as the standard for glioma classification
[33, 34]. For grading of astrocytomas this latter classification incorporated ele-
ments of the St. Anne-Mayo grading approach in which absence or presence of
mitotic activity, microvascular proliferation and necrosis was used to assign a
malignancy grade [35].

The third and fourth edition of the WHO classification of CNS tumors (pub-
lished in respectively 2000 and 2007) were built on essentially the same ap-
proach of histopathology-based diagnosis of diffuse gliomas, in some situations
supported by the use of immunohistochemical markers [36-40]. However, despite
being the time-honored diagnostic gold standard, it was increasingly clear that
histopathologic classification of diffuse gliomas suffers from considerable inter-
and intraobserver variability, even amongst expert-(neuro)pathologists, and that
the use of molecular markers had great potential to substantially improve the
unequivocal discrimination of clinically relevant diffuse glioma subgroups [4-6,
41-43].

The findings in 1994 and 1998 that gliomas with a combined deletion of chro-
mosome arms 1p and 19q (1p/19q codeletion) were associated with significantly
improved survival and increased sensitivity to combinatorial chemotherapy with
procarbazine, lomustine and vincristine (PCV) were the first discoveries to pave
the way for molecular neuropathology of CNS tumors [10, 11, 44-46]. Typically,
1p/199-codeleted tumors showed oligodendroglial histology, but the codeletion
was reported to occur across different types and grades of diffuse gliomas and
still carry its prognostic and predictive impact [11]. Of note, the apparent chemo-
sensitivity of oligodendrogliomas was already reported in 1988, years before a
connection was made to the 1p/19q codeletion in 1998 [47]. The fact that (com-
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Introduction

plete) 1p/19qg-codeleted tumors responded relatively well to PCV treatment led
to introduction of 1p/19qg-testing in clinical practice before this molecular marker
became a part of the WHO diagnostic criteria for a subset of diffuse gliomas [10].

Another finding with a major impact on the neuropathology of diffuse gliomas
is the discovery of mutations of the isocitrate dehydrogenase 1 (IDH1) gene and
the related IDH2 gene [16, 48, 49]. IDH-mutant and IDH-wildtype astrocytomas
are clinically different tumors despite overlapping histological appearances. IDH
mutations were first reported in glioblastomas and later on discovered to be
much more prevalent amongst lower grade (WHO grade Il and ) gliomas [49].
IDH mutations contribute to gliomagenesis by activating alternative transcrip-
tional programs via the genome-wide disruption of DNA methylation [50]. It has
been proposed that this stochastic process is subject to careful selection in an
effort to prioritize epigenetic changes that promote tumorigenesis [51]. Using
modern genomic sequencing technologies, several groups independently report-
ed that histologically similar gliomas could be subdivided into distinct tumor
entities based on mutations in IDH and the 1p/19q codeletion, providing further
fuel to the notion that a reclassification of these tumors is needed [12, 13, 52].

Although the methylation status of the DNA repair enzyme O(6)-methylgua-
nine-DNA methyltransferase (MGMT) does not distinguish between particular
molecular subtypes of glioma, it is an important predictive biomarker. As was
first reported in 2000, epigenetic silencing of the MGMT gene by methylation
of the promoter appears to compromise conventional DNA repair mechanisms
and thereby increases sensitivity to conventional chemotherapy using alkylat-
ing agents such as the widely used temozolomide [53-56]. Especially in elderly
patients with glioblastoma lacking MGMT promoter methylation the benefit of
temozolomide treatment often does not seem to outweigh the negative side-ef-
fects [57, 58].

Because of the rapidly increasing insights in the diagnostic potential of mo-
lecular markers in glial (and other) CNS tumors, in 2014 a meeting was organized
in Haarlem, The Netherlands under the sponsorship of the International Society
of Neuropathology (ISN) and focusing on how molecular information could be
optimally incorporated into a next WHO classification. The white paper that re-
sulted from this meeting provided the basis for the design of an integrated his-
to-molecular classification of especially glial and embryonal CNS tumors as rep-
resented in the 2016 (i.e. revised fourth edition) of the WHO classification [59-61].
Indeed, state-of-the-art diagnosis of diffuse gliomas now requires assessment of
presence or absence of IDH mutation and 1p/19q codeletion. Meanwhile, a “Not
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Otherwise Specified” (NOS) category was created for cases were information on
these defining molecular features is lacking, e.g. because molecular testing was
not available, not informative or not performed.

Virchow

Cushing & Bailey
Broders WHO classification

Scherer of CNS tumors
Kernohan
Ringertz Breakthrough discovery

Large cohort molecular
characterization

1p/19q codeletion 4
predictive of treatment Position paper
response

3rd edition WHO MGMT predictive %
i i marker in gliomas

1st edition WHO
classification

£ 1p/19q codeletion
discovered

2nd edition WHO

‘Phillips’ expression
ﬁt'l’i classification of

glioblastomas 4th edition WHO
———— classification
IDH mutation reported
in gliomas i
classification &‘I&

6 & ‘Verhaak’ expression
ifi i of

S IDH-mutant gliomas have
glioblastomas a G-CIMP phenotype "‘(ﬂ"
CIC and FUBP1

mutations reported in —————
oligodendrogliomas
Histone H3 mutations p
&lh"l Pediatric glit reported in pediatric

methylation classification glioblastoma

*I Glioblastoma molecular =
classification

ISN-Haarlem consensus (=
———— guidelines

* * Lower grade
i glioma molecular

classification —
* Pan-glioma methylation Revised 4th edition
* ificati WHO ificati
Establishment of consortium to 4
———— Inform and Practical to

CNS Tumor Taxonomy (cIMPACT-NOW)

Pan-CNS methylati
"1," an-CNS melfytation CIMPACT-NOW {4
updates 1-3

E cIMPACT-NOW
update 4

cIMPACT-NOW £
updates 5-7

% Summary of Forthcoming 5th edition
CcIMPACT-NOW updates WHO i i

/™ Figure 1-2. A timeline of events in the history of molecular neuropathology.

This selection of events is categorized into breakthrough discoveries, large cohort molecular
characterizations, position papers and different editions of the WHO classification of CNS
tumors. ISN = International Society of Neuropathology.
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Clinical and molecular features of diffuse gliomas

Per the introduction of the 2016 revised 4" edition WHO classification IDH mu-
tation and 1p/19q codeletion status have become so-called “subtype-defining”
features. Diffuse gliomas that are both IDH-mutant and 1p/19g-codeleted are
classified as oligodendroglioma, whereas tumors lacking (complete) codeletion
of these chromosome arms are classified as astrocytoma and can be further
separated based on IDH-status. Because of this, the ambivalent oligoastrocyto-
ma diagnosis has largely disappeared in favor of molecularly defined subtypes,
barring rare cases that contain a mixture of glioma cells carrying the codeletion
and of oligodendroglial appearance, and including astrocytic cells with intact
1p/19q [62].

Clinical features such as age at diagnosis and expected survival vary widely
by subtype, contributing greatly to its perceived clinical and biological relevance
(Figure 1-3). On average, IDH-mutant astrocytomas and glioblastomas are di-
agnosed at a median age of 38 years and demonstrate a median survival after
diagnosis of 75 months overall, although this further varies by WHO grade. With a
median survival time of 116 months, IDH-mutant and 1p/19g-codeleted oligoden-
drogliomas demonstrate the highest survival rate amongst diffuse gliomas. With
a median age at diagnosis of 46 years, patients with these tumors are generally
older compared to those with IDH-mutant astrocytomas. In adults, IDH-wildtype
diffuse gliomas are more frequently diagnosed in older patients (median age at
diagnosis 59 years) and show the least favorable prognosis with a median survival
of 14.0 months.

In addition to subtype defining molecular changes, glioma subtypes can be
characterized by additional somatic mutations or copy number changes in a
number of genes across various pathways, substantiating the hypothesis that the
subtypes follow unique gliomagenic trajectories and represent different biologies
(Figure 1-4). The landscape of molecular alterations by WHO diagnosis and tumor
subtype are discussed at length in Chapter 2, and the evolution of molecular
alterations over time in recurrent tumors is the focus of Chapter 3.
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/™ Figure 1-3. Clinical characteristics of diffuse gliomas separated by subtype.

a. Density plot showing the distributin of age at diagnosis by subtype. b. Kaplan-Meier survival
curves showing survival by subtype. Log-rank P-value is indicated. Tick marks show censoring.
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/™ Figure 1-4. Groups of diffuse gliomas classified according to IDH mutation and 1p/19q
codeletion status demonstrate a distinct landscape of molecular features.

Gene pathways are indicated. Genes in orange indicate genes preferentially targeted by gain-
of-function (such as hotspot) mutational events or amplification events. Genes marked in blue
indicate genes commonly affected by loss-of-function mutation (such as frameshift) or deletion
events. Only features with frequencies greater than five percent are shown. Frequencies were
derived from a recent publication[15]. TPM = TERT promoter mutation, RTK = receptor tyrosine
kinase, PI3K = phosphoinositide-3 kinase, TMM = telomere maintenance mechanism.
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Clinical management of diffuse glioma

While there has been significant progress in disease classification and our under-
standing of its biology, this has not translated into substantial improvements in
treatment or patient outcomes. In fact, the optimal management of glioma re-
mains controversial, and differences in the clinical management of these tumors
is widespread. Surgery, radiotherapy and chemotherapy remain at the corner-
stone of glioma treatment and combinations thereof form the basis of treatment
regardless of tumor subtype.

The first step in the clinical management of a suspected glioma consists of
maximal surgical resection, irrespective of tumor subtype. Historically, suspected
lower grade tumors were in some cases withheld immediate surgical treatment
or limited to a diagnostic biopsy, a treatment strategy intended to delay treat-
ment resistance, although this practice has largely been done away with due to
contradictory evidence [63, 64].

Postoperative treatment in glioma patients consists of varying combinations
of radio- and chemotherapy and is dependent on tumor subtype, grade and
extent of resection. Newly diagnosed grade IV glioblastoma is traditionally man-
aged using a combination of radiotherapy and concomitant temozolomide (an
alkylating chemotherapeutic agent) followed by at least six cycles of adjuvant
temozolomide according to results from a large trial on this regiment [65, 66].
Recommendations for the treatment of lower grade glioma are less well defined.
Lower grade oligodendrogliomas tend to respond well to chemotherapy with PCV,
making chemotherapy a first-line treatment modality for the management of
these tumors [47]. Nevertheless, in patients with grade Il tumors that received a
gross total resection, delaying postoperative treatment can postpone the toxic-
ities of therapy while not having an adverse effect on survival [67-69].

The majority of practice defining studies were done prior to the introduction
of the revised 4 edition WHO classification, necessitating retrospective reanal-
ysis of prior results in light of molecular tumor subtypes and requiring future
studies to separate patient accordingly. Surprisingly, results from the ongoing
CATNON trial suggest that IDH wild-type tumors do not benefit from adjuvant
temozolomide, bringing into question a decades old paradigm in glioma man-
agement. These concerning new data, combined with already dismal outcomes
despite optimized combinations of conventional therapies, suggest that new
treatment options for glioma are urgently needed.

In Chapter 3 we investigated whether we could use the genomics of paired
primary (untreated) and recurrent (post-treatment) tumors to gain insights into
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treatment failure and tumor evolution. In Chapter 5 we specifically looked at ef-
fects of radiotherapy on the genomes of these tumors in order to identify novel
therapeutic vulnerabilities. Finally, in Chapter 8 we speculate on the role of novel
therapies, such as targeted molecular therapies, in providing new avenues for
treatment and new hope for improved disease outcomes.

Transcriptome and methylome profiling to identify tumor subtypes

Tumor subtyping is a field that is of interest to clinicians and basic scientists alike
because it has enabled the discovery of novel tumor entities that are biologically
and clinically distinct. For basic scientists, it is of interest to discern biologically
distinct tumor subgroups in order to identify new potential therapeutic targets.
For clinicians, subtyping tumors can help inform patient prognosis and treatment
strategy.

By studying large gene expression datasets, researchers were able to identify
subtypes characterized by the activation of distinct transcriptional pathways,

I”

such as a “mesenchymal” subtype enriched in angiogenesis and inflammatory

In

genes, a “classical” subtype enriched in stem cell and cell cycle genes, a “proneu-
ral” subtype enriched in neurodevelopmental genes, and a “neural” subtype en-
riched in adult neural markers [22, 70]. With the growing popularity of expression
subtyping, tumor heterogeneity has become an increasingly important concern.
Several studies demonstrated that multiple samples from the same tumor can
be classified according to different transcriptomic subtypes [71-73]. In a recent
revision to the glioma subtypes by our group we classified IDH-wildtype tumors
after discarding a set of genes enriched in non-tumor tissue and were no longer
able to detect the previously described neural subtype, suggesting this subtype
was not a glioma-intrinsic subtype and reflected contamination from non-tu-
mor tissue [74]. Indeed, because of their diffusely infiltrative growth pattern one
can expect that diffuse gliomas contain a variable amount of ‘contamination’ of
non-neoplastic parenchymal cells [75-77]. Altogether, these studies highlight the
importance of tumor heterogeneity in the transcriptional profiling in gliomas, and
the need to consider contributions from individual cell types.

DNA methylation profiling has emerged as another method capable of distin-
guishing gliomas by tumor type and provides complementary molecular informa-
tion to transcriptional profiles. DNA methylation refers to the covalent addition of
a methyl group to the fifth position carbon of a cytosine nucleotide resulting in
5-methylcytosine. This epigenetic modification occurs primarily in the context of
nucleotide-pairs in which cytosine is followed by guanine (i.e., CpG dinucleotides)
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and is a critical regulator of gene expression [78]. Genome-wide assessment of
glioblastomas identified that a subset of tumors harbor a distinctive Glioma CpG
Island Methylator Phenotype (G-CIMP), which reflected genome-wide patterns
of promoter hypermethylation [79] [23] [80]. This turned out to be a seminal
finding, eventually establishing that IDHT mutations are causative of the G-CIMP
phenotype through the production of the oncometabolite 2-hydroxyglutarate
and its inhibitory effect on the DNA demethylating enzyme tet Methylcytosine
Dioxygenase 1(TETT) [81-84]. Methylation has since been used to identify tumor
subtypes beyond the G-CIMP divide, identifying a number of glioblastoma sub-
types in both adults and children [85, 86]. Nevertheless, whether DNA methyla-
tion can be used to classify the spectrum of adult diffuse gliomas was unknown
at the onset of this PhD-thesis and is discussed in Chapter 2. Although tumor
heterogeneity is pervasive in gene expression analysis, the impact on DNA meth-
ylation-based subtyping was unclear at the start of this thesis and is discussed
in more detail in Chapter 4.

Telomere maintenance in tumorigenesis

The ends of linear eukaryotic chromosomal DNA consist of several kilobases of
repetitive “telomeric” sequence [87]. Due to the directional limitations of DNA
polymerase, these ends shorten with every cell division [88]. In scenarios consis-
tent with significant increases in cellular turnover, as in cancer, these telomeric
repeat sequences are in danger of diminishing. One of the primary functions of
telomeric sequences is binding the protective shelterin protein complex that
prevent chromosome ends from being recognized as a DNA double strand breaks
[89]. Diminished telomeric sequences inadvertently activate DNA double strand
break repair mechanisms and cycles of genomic instability ensue [90].

Extensive genomic instability is counterproductive for tumor growth and can-
cers have broadly adapted mechanisms for maintaining telomeres at a viable
length to preserve genome integrity. Two primary mechanisms have been ex-
tensively described. The first mechanism aberrantly activates the somatical-
ly silent reverse transcriptase Telomerase Reverse Transcriptase (TERT), that is
able to synthesize telomeric repeats on-demand [91]. The other, less common,
alternative lengthening of telomeres (ALT) mechanism is thought to utilize re-
combination and sister-chromatid exchange to transiently alleviate diminished
telomeres as-needed [92].

We first noticed an association between telomere maintenance and glioma
subtype in Chapter 2. In Chapter 6 we comprehensively analyze telomere length
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and maintenance mechanisms across an unprecedented number of tumor sam-
ples and cancer types. In Chapter 7 we reflect back on what we have learned in
previous chapters and speculate on the biological processes that drive gliom-
agenesis.

Concluding remarks

The integration of molecular features with neuropathological assessment has
yielded invaluable insights into the underpinnings of diffuse gliomas. Past stud-
ies have helped to identify glioma-initiating events, revealed potentially targ-
etable oncogenic proteins, defined co-occurrences of molecular alterations in
specific tumor subgroups, demonstrated that epigenetic inactivation of genes
is predictive of therapeutic response, and that there exists a dynamic molecular
landscape in glioma progression. The resulting molecular evidence has enabled
the further refinement of tumor subgroups that would have previously been in-
discernible using histopathological assessment alone.

The ability to separate tumors based on molecular alterations possesses
clear clinical relevance. The unsupervised learning approaches applied to se-
quencing data do not suffer from the inter-observer variability that can hinder
histologically defined diagnostic entities. Indeed, diagnostic entities that were
once histologically ambiguous can now often be accurately classified into mo-
lecular subgroups that display different clinical behavior. Tumor classification
improvements can be made even to well-understood diagnostic entities such
IDH-mutant tumors. For example, combining multiple molecular data, such as
mutations and DNA methylation, further parsed IDH-mutant tumors into sub-
groups with unique clinical and molecular characteristics. As sequencing costs
drop and more tumors are comprehensively profiled, the sensitivity to detect
new molecular subtypes increases. In response to the rapid changes to tumor
classifications the Consortium to Inform Molecular and Practical Approaches
to CNS Tumor Taxonomy (cIMPACT-NOW) has been launched to evaluate the
value of molecular markers for CNS tumor classification with greater frequency
than the current WHO timeline allows for (Figure 1-2) [93]. Efforts utilizing DNA
methylation profiling to characterize all CNS tumors are at the forefront of in-
novation in molecular neuropathology [94]. Molecular markers are additionally
gaining traction as measures of tumor grade [95]. The forthcoming 5* edition of
the WHO guidelines closely follows recommendations from cIMPACT-NOW and
is scheduled for publication in 2021 [96].
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Introduction

This thesis comprehensively details the “molecular anatomy” of diffuse glio-
mas to our best knowledge. Nevertheless, a number of critical questions remain.
For example, there is no question that glioma is a heterogeneous disease. Howev-
er, the extent to which this heterogeneity reflects the normal variability between
highly proliferative and often DNA repair deficient tumor cells or the pathogen-
ic dedifferentiation and progression of the disease remains to be understood.
Moreover, while we can identify differences in histological cell types and mo-
lecular subtypes it is still unclear whether these differences implicate distinct
a cell-of-origin or simply a unique developmental trajectory. In Chapter 7 we
speculated on the origins and molecular changes that underlie gliomagenesis
starting from the first aberrant cell. Future advancements in glioma efforts need
to bring findings from large molecular profiling studies back to the basic science
laboratory to further our mechanistic understanding of the life history of disease.
Such endeavors necessitate a bridge between bench, bed and computer. Finally,
it is imperative to keep the end in mind, which is the notion that new findings
should drive advancements in cancer therapy. It is critical to remain vigilant in
identifying putative therapeutic targets in order to realize the promise of preci-
sion medicine.
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Chapter 2

Abstract

Therapy development for adult diffuse glioma is hindered by incomplete knowl-
edge of somatic glioma driving alterations and suboptimal disease classification.
We defined the complete set of genes associated with 1,122 diffuse grade II-lI-1V
gliomas from The Cancer Genome Atlas and used molecular profiles to improve
disease classification, identify molecular correlations, and provide insights into
the progression from low- to high-grade disease. Whole genome sequencing data
analysis determined that ATRX but not TERT promoter mutations are associated
with increased telomere length. Recent advances in glioma classification based
on IDH mutation and 1p/19q co-deletion status were recapitulated through analy-
sis of DNA methylation profiles, which identified clinically relevant molecular sub-
sets. A subtype of IDH-mutant glioma was associated with DNA demethylation
and poor outcome; a group of IDH-wildtype diffuse glioma showed molecular
similarity to pilocytic astrocytoma and relatively favorable survival. Understand-
ing of cohesive disease groups may aid improved clinical outcomes.
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Introduction

Diffuse gliomas represent 80% of malignant brain tumors [97]. Adult diffuse gli-
omas are classified and graded according to histological criteria (oligodendrogli-
oma, oligoastrocytoma, astrocytoma and glioblastoma; grade Il to IV). Although
histopathologic classification is well established and is the basis of the WHO clas-
sification of CNS tumors [39], it suffers from high intra- and inter-observer vari-
ability, particularly amongst grade II-1ll tumors [4]. Recent molecular characteriza-
tion studies have benefited from the availability of the datasets generated by The
Cancer Genome Atlas (TCGA) [12, 24,73, 98-100], and have related genetic, gene
expression and DNA methylation signatures with prognosis [22,23, 86]. For exam-
ple, mutations in the isocitrate dehydrogenase genes 1and 2 (IDH1/IDH2) define
a distinct subset of glioblastoma (GBM) with a hypermethylation phenotype (G-
CIMP) with favorable outcome [16, 23]. Conversely, the absence of IDH mutations
in LGG marks a distinct IDH-wildtype subgroup characterized by poor, GBM-like
prognosis [12,100]. Recent work by us and others has proposed classification of
glioma into IDH wildtype cases, IDH mutant samples (IDH-mutant-codel), and
an IDH mutant group additionally carrying codeletion of chromosome arm 1p
and 199 and samples with euploid 1p/19q (IDH-mutant-non-codel), regardless of
grade and histology [12,100]. Mutation of the TERT promoter, which has been re-
ported with high frequency across glioma, may be an additional defining feature.
Current analyses have not yet clarified the relationships between LGGs and GBMs
that share common genetic hallmarks like IDH mutation or TERT promoter muta-
tion status. An improved understanding of these relationships will be necessary
as we evolve toward an objective genome-based clinical classification.

To address the above issues, we assembled a dataset comprising all TCGA
newly diagnosed diffuse glioma consisting of 1,122 patients, and comprehensively
analyzed using sequencing and array based molecular profiling approaches. We
have addressed crucial technical challenges in analyzing this comprehensive
dataset, including the integration of multiple platforms and data sources (e.g.
multiple methylation and gene expression platforms). We identified new diffuse
glioma subgroups with distinct molecular and clinical features and shed light on
the mechanisms driving progression of LGG (WHO grades Il and Ill) into full-blown
GBM (WHO grade IV).

27



Chapter 2

Results

Patient cohort characteristics

The TCGA LGG and GBM cohorts consist of 516 and 606 patients, respectively. In-
dependent analysis of the GBM dataset was previously described, as was analysis
of 290 LGG samples [24, 100]. Two-hundred and twenty-six LGG samples were
added to our current cohort (Table 2-1). Clinical data including age, tumor grade,
tumor histology and survival was available for 93% (1046/1122) of cases (Table S1,
available online with the full-text of this article at www.cell.com). The majority of
samples were grade IV tumors (=590, 56%), while 216 (21%) and 241 (23%) were
grade Il and Il tumors, respectively. Similarly, 590 (56%) samples were classified
as GBM, 174 (17%) as oligodendroglioma, 169 (16%) as astrocytoma and 114 (11%)
as oligoastrocytoma.

Amongst the data sources considered in our analysis were gene expression
(n =1,045), DNA copy number (n = 1,084), DNA methylation (n = 932), exome se-
quencing (n = 820) and protein expression (n = 473). Multiple and overlapping
characterization assays were employed. All data files that were used in our analy-
sis can be found at https://tcga-data.nci.nih.gov/docs/publications/Ilgggbm_2015/.

Table 2-1. Cohort demographics grouped by IDH and 1p/19q codeletion status.

Feature IDH wt IDH mut IDH mut Unknown

(n=520) non-codel codel (n=148)
(n=283) (n=171)

Clinical

Histology (n)

Astrocytoma 52 (10.0%) 112 (39.6%) 4(2.3%) 1(0.7%)

Glioblastoma 419 (80.6%) 32 (11.3%) 2(1.2%) 137 (92.6%)

Oligoastrocytoma 15 (2.9%) 69 (24.4%) 30 (17.5%) 0 (0%)

Oligodendroglioma 19 (3.7%) 37 (13.1%) 117 (68.4%) 1(0.7%)

Unknown 15 (2.9%) 33 (11.7%) 18 (10.5%) 9 (6.1%)

Grade (n)

G2 19 (3.7%) 114 (40.3%) 81(47.4%) 2 (1.4%)

G3 67 (12.9%) 104 (36.7%) 70 (40.9%) 0 (0%)

G4 419 (80.6%) 32 (11.3%) 2 (1.2%) 137 (92.6%)

Unknown 15 (2.9%) 33 (11.7%) 18 (10.5%) 9 (6.1%)
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Table 2-1. Cohort demographics grouped by IDH and 1p/19q codeletion status.

Continued
Feature IDH wt IDH mut IDH mut Unknown
(n=520) non-codel codel (n=148)
(n=283) (n=171)
Age
Median (LQ-UQ) 59 (51-68) 38 (30-44) 46 (35-54) 55 (48-68)
Unknown (n) 16 33 18 9
Survival
Median (Cl) 14.0(12.6-15.3)  75.1(62.1-94.5)  115.8(90.5-Inf)  12.6 (11.3-14.9)

Unknown (n)

14

32

18

12

KPS

<70 85 (16.3%) 8 (2.8%) 5(2.9%) 21(14.2%)
70-80 196 (37.7%) 41 (14.5%) 18 (10.5%) 60 (40.5%)
90 29 (5.6%) 60 (21.2%) 32(18.7%) 2 (1.4%)
100 51(9.8%) 44 (15.9%) 30 (17.5%) 14 (9.5%)
Unknown 159 (30.6%) 129 (45.6%) 86 (50.3%) 51(34.5%)
Molecular

MGMT promoter

Methylated 170 (32.7%) 242 (85.5%) 169 (98.8%) 32(21.6%)
Unmethylated 248 (47.7%) 36 (12.7%) 1(0.6%) 34 (23.0%)
Unknown 102 (19.6%) 5(1.8%) 1(0.6%) 82 (55.4%)
TERT promoter

Mutant 67 (12.9%) 8 (2.8%) 86 (50.3%) 1(0.7%)
Wild-type 19 (9.8%) 146 (51.6%) 2 (1.2%) 0 (0%)
Unknown 434 (83.5%) 129 (45.6%) 83 (48.5%) 135 (99.3%)
TERT expression

Expressed 178 (34.2%) 14 (4.9%) 153 (89.5%) 6 (4.1%)
Not expressed 51(9.8%) 242 (85.5%) 16 (9.4%) 7 (4.7%)
Unknown 291(56.0%) 27 (9.5%) 2 (1.2%) 135 (91.2%)

Identification of novel glioma-associated genomic alterations

To establish the set of genomic alterations that drive gliomagenesis, we called
point mutations and indels on the exomes of 513 LGG and 307 GBM using the
Mutect, Indelocator, Varscan2 and RADIA algorithms, and considered all muta-
tions identified by at least two callers. Significantly mutated genes (SMGs) were
determined using MutSigCV. This led to the identification of seventy-five SMGs,
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of which ten had been previously reported in GBM [24], twelve had been report-
ed in LGG [100], and eight had been identified in both GBM and LGG studies.
Forty-five SMGs have not been previously associated with glioma and ranged in
mutation frequency from 0.5% to 2.6% (Table S2A, available online with the full-
text of this article at www.cell.com). We used GISTIC2 to analyze the DNA copy
number profiles of 1,084 samples, including 513 LGG and 571 GBM, and identified
162 significantly altered DNA copy number segments (Table S2B, available online
with the full-text of this article at www.cell.com). We employed PRADA and deFuse
to detect 1,144 gene fusion events in the RNA-seq profiles available for 154 GBM
and 513 LGG samples, of which 37 in-frame fusions involved receptor tyrosine
kinases (Table S2C, available online with the full-text of this article at www.cell.com).
Collectively, these analyses recovered all known glioma driving events, including
in IDH1 (n = 457), TP53 (n = 328), ATRX (n = 220), EGFR (n = 314), PTEN (n = 168), CIC
(n=80), FUBPT (n = 45). Notable newly predicted glioma drivers relative to the
earlier TCGA analyses were genes associated with chromatin organization such
as SETD2 (n = 24), ARID2 (n = 20), DNMT3A (n = 11), and the KRAS/NRAS oncogenes
(n=25and n = 5, respectively).

We overlapped copy number, mutation (n = 793) and fusion transcript (n = 649)
profiles and confirmed the convergence of genetic drivers of glioma into path-
ways including the Ras-Raf-MEK-ERK, p53/apoptosis, PI3K/AKT/mTOR, chromatin
modification and cell cycle pathways. The Ras-Raf-MEK-ERK signaling cascade
showed alterations in 106 of 119 members detected across 578 cases (73%),
mostly occurring in IDH-wildtype samples (n = 327 of 357, 92%). Conversely, we
found that a set of 36 genes involved in chromatin modification was targeted by
genetic alterations in 423 tumors (54%, n = 36 genes), most of which belonged
to the IDH-mutant-non-codel group (n = 230, 87%).

In order to identify new somatically altered glioma genes, we used MutCom-
Focal to nominate candidates altered by mutation as well as copy number alter-
ation. Prominent among these genes was NIPBL, a crucial adherin subunit that is
essential for loading cohesins on chromatin (Table S2D, available online with the
full-text of this article at www.cell.com) [101]. The cohesin complex is responsible
for the adhesion of sister chromatids following DNA replication and is essential to
prevent premature chromatid separation and faithful chromosome segregation
during mitosis [101]. Alterations in the cohesin pathway have been reported in 12%
of acute myeloid leukemias [102]. Mutations of the cohesin complex gene STAG2
had been previously reported in GBM [24]. Taken together, 16% of the LGG/GBM
showed mutations and/or CNAs in multiple genes involved in the cohesin complex,
thus nominating this process as a prominent pathway involved in gliomagenesis.
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A. Heatmap of relative tumor/normal telomere lengths of 119 gliomas, grouped by TERTp and
ATRX mutation status. B. Telomere length decreases with increasing age (measured in years at
diagnosis) in blood normal control samples (n=137). C. Quantitative telomere length estimates
of tumors and blood normal, grouped by TERTp mutant (n=67, 56%), ATRX mutant (n=40, 33%)
and double negative (n=13, 11%) status. *** = P<0.00071; ** = P<0.001.

Telomere length is positively correlated with ATRX but not TERT promoter
mutations

Mutations in the TERT promoter (TERTp) have been reported in 80% of GBM [103].
We used TERTp mutation calls from targeted sequencing (n = 287) and comple-
mented them with TERTp mutations inferred from whole genome sequencing
(WGS) data (n = 42). TERTp mutations are nearly mutually exclusive with muta-
tions in ATRX [12], which was confirmed in our cohort. Overall, 85% of diffuse
gliomas harbored mutations of TERTp (n = 157,48%) or ATRX (n = 120, 37%). TERTp
mutations activate TERT mRNA expression through the creation of a de novo ETS
transcription factor-binding site [104] and we observed significant TERT upreg-
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ulation in TERTp mutant cases (p-value < 0.0001, Figure 2-1a). TERT expression
measured by RNA-seq was a highly sensitive (91%) and specific (95%) surrogate
for the presence of TERTp mutation (Figure 2-1b). We correlated TERTp status
with glioma driving alterations and observed that nearly all IDH-wildtype cases
with chromosome 7 gain and chromosome 10 loss harbored TERTp mutations or
upregulated TERT expression (n = 52/53 and n = 134/147, respectively; Figure 2-2a).
Conversely, only 45% of IDH-wildtype samples lacking chromosome 7/chromo-
some 10 events showed TERTp mutations or elevated TERT expression (n=15/33
and n = 43/82, respectively). Thus, TERTp mutations may precede the chr 7/chr 10
alterations which have been implicated in glioma initiation [105].

To correlate TERTp mutations to telomere length, we used whole genome se-
quencing and low pass whole genome sequencing data to estimate telomere
length in 141 pairs of matched tumor and normal samples. As expected, we ob-
served an inverse correlation of telomere length with age at diagnosis in matching
blood normal samples (Figure 2-2b) and tumor samples (Figure 2-1c). Glioma
samples harboring ATRX mutations showed significantly longer telomeres com-
pared to TERTp mutant samples (t-test p-value < 0.0001; Figure 2-2¢). Among
TERTp mutation gliomas, there was no difference in telomere length between
samples with and without additional IDH1/IDH2 mutations, despite a difference
in age. ATRX forms a complex with DAXX and H3.3, and the genes encoding these
proteins are frequently mutated in pediatric gliomas [86]. Mutations in DAXX
and H3F3A were identified in only two samples in our WGS dataset. The ATRX-
DAXX-H3.3 complex is associated with the alternative lengthening of telomeres
(ALT) and our observations confirm previously hypothesized fundamental dif-
ferences between the telomere control exerted by telomerase and ALT [106].

As demonstrated by the identification of TERTp mutations, somatic variants
affecting regulatory regions may play a role in gliomagenesis. Using 67 matched
whole-genome and RNA-seq expression pairs, we similarly sought to identify
mutations located within 2kb upstream of transcription start sites and associ-
ated with a gene expression change. Using strict filtering methods, we identified
twelve promoter regions with mutations in at least six samples. Three of twelve
regions related to a significant difference in the expression of the associated
gene expression, suggesting possible functional consequences. Other than TERT
(n = 37), promoter mutations of the ubiquitin ligase TRIM28 (n = 8) and the calcium
channel gamma subunit CACNG6 (n = 7) correlated with respectively upregulation
and downregulation of these genes, respectively (Table S2E, available online with
the full-text of this article at www.cell.com). TRIM28 has been reported to mediate
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the ubiquitin-dependent degradation of AMP-activated protein kinase (AMPK)
leading to activation of mTOR signaling and hypersensitization to AMPK agonists,
such as metformin [107].

Unsupervised clustering of gliomas identifies six methylation groups and
four RNA expression groups associated with IDH status

To segregate the DNA methylation subtypes across the pan-glioma dataset, we
analyzed 932 glioma samples profiled on the HumanMethylation450 platform
(516 LGG and 142 GBM) and the HumanMethylation27 platform (287 GBM). In
order to incorporate the maximum number of samples, we merged datasets
from both methylation platforms yielding a core set of 25,978 CpG probes. To
reduce computational requirements to cluster this large dataset, we eliminated
sites that were methylated (mean B-value = 0.3) in non-tumor brain tissues and
selected 1,300 tumor specific methylated probes (1,300/25,978, 5%) to perform
unsupervised k-means consensus clustering. This identified six distinct clusters,
labeled LGmM1-6 (Figure 2-3a; Table S1, available online with the full-text of this
article at www.cell.com; Table S3A, available online with the full-text of this article
at www.cell.com). Next, we sought to determine pan-glioma expression subtypes
through unsupervised clustering analysis of 667 RNA-seq profiles (513 LGG and
154 GBM) which resulted in four main clusters labeled LGr1-4 (Figure 2-3b; Table
S1, available online with the full-text of this article at www.cell.com; Table S3A,
available online with the full-text of this article at www.cell.com). An additional
378 GBM samples with Affymetrix HT-HG-U133A profiles (but lacking RNA-seq
data) were classified into the four clusters using a k-nearest neighbor classifica-
tion procedure. IDH mutation status was the primary driver of methylome and
transcriptome clustering and separated the cohort into two macro-groups. The
LGM1/LGM2/LGmM3 DNA methylation macro-group carried IDH7or IDH2 mutations
(446 of 448,99%) and was enriched for LGG (421/454, 93%) while LGm4/LGm5/
LGmM6 were IDH-wildtype (414 /415, 99%) and enriched for GBM (383/478, 80%).
LGm1-3 showed genome wide hypermethylation compared to LGm4-6 clusters
(Figure 2-4a), documenting the association between IDH mutation and increased
DNA methylation [23, 84]. Principal component analysis using 19,520 probes
yielded similar results, thus emphasizing that our probe selection method did
not introduce unwanted bias (Figure 2-4b). The gene expression clusters LGr1-3
harbored IDH1 or IDH2 mutations (437 of 533, 82%) and were enriched for LGG
(436/563, 77%) while the LGr4 was exclusively IDH-wildtype (376 of 387, 97%)
and enriched for GBM (399/476, 84%).
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/™ Figure 2-4. Pan-glioma DNA methylation and transcriptome subtypes.

A. Boxplot of the mean DNA methylation beta-values genome-wide (20,036 probes) for each
sample distributed by the six Pan-glioma DNA methylation clusters (left) and divided by tumor
type (right). Significant differences are highlighted with * (p-value < 0.01) and *** (p-value < Te-04).
B. Principal component analysis of 932 TCGA glioma samples and 77 non-tumor brain samples
(Guintivano et al., 2013) performed on 19,520 CpG probes (genome-wide). C. LGG-GBM mRNA
merging analysis. Clustered heatmap of merged data with 569 GBM and 463 LGG non-duplicate
samples, and 2000 most variable genes. Consensus clustering revealed 9 clusters. The 3 left-
most clusters show predominantly LGG samples, 3 clusters show predominantly GBM samples,
whereas 3 clusters show a mixture of GBM and LGG samples. The LGG IDH-wildtype samples
clustered mostly with the GBM classical samples, whereas many of the LGG IDH-mutant-non-
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codel samples cluster with the GBM G-CIMP samples. D. Functional Copy Number (fCN) gene
signature Heatmap. Genes with Spearman’s correlation between CN and Expression above 0.5,
abs (FC>1.5) and abs(ACN>0.5) define the fCN signature. The Heatmap illustrate the samples
unsupervised clustering given the fCN signature. RNA expression levels range from green (low) to
red (high). Each row reports the annotation of a different analysis performed in the paper. Last
row reports the fCN annotation. E. Clustered heatmap of unsupervised hierarchical clustering of
473 samples (columns) and 196 antibodies (rows). The annotation bars (shown on top) were not
used for clustering. The legend for the annotation bars is shown on the left. Two clusters can be
found that largely correspond to tumor type. The left cluster has largely LGG samples and one
GBM sample. However, the right cluster has mostly GBM samples but 26 LGG samples, 17 of which
have no mutations in IDH1/2. In the heatmap, low, medium, and high expression is represented
by blue, white, and red colours, respectively.

We extended our analysis using Tumor Map (Supplementary Methods) to perform
integrated co-clustering analysis of, the combined gene expression (n = 1,196) and
DNA methylation (n = 867) profiles. An interactive Tumor Map version is publicly
available at http://tumormap.ucsc.edu/?p=ynewton.gliomas-paper. Tumor Map
assigns samples to a hexagon in a grid so that nearby samples are likely to have
similar genomic profiles and allows visualizing complex relationships between
heterogeneous genomic data samples and their clinical or phenotypical associa-
tions. Thus, clusters in the map indicate groups of samples with high similarity of
integrated gene expression and DNA methylation profiles (Figure 2-3c). The map
confirms clustering by IDH status and additionally shows islands of samples that
share previously reported GBM cluster memberships [22,23]. To assess clustering
sensitivity to pre-processing we tried complementary methods and obtained
similar results (Figure 2-4c).

To identify genes whose copy humber changes are associated with concor-
dant changes in gene expression, we combined expression and copy number
profiles from 659 samples to define a signature of 57 genes with strong functional
copy number (fCN) change (Table S3B, available online with the full-text of this
article at www.cell.com). The fCN signature clustered gliomas into three mac-
ro-clusters, LGfc1-3, strongly associated with IDH and 1p/19q status (Figure 2-4d).
The fCN analysis revealed the functional activation of a cluster of HOXA genes
in the IDH-wildtype LGfc2 cluster, which were previously associated with glioma
stem cell maintenance [108].
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< Figure 2-5. Identification of a distinct IDH-mutant subtype defined by epigenomics.

A. Left, Heatmap of DNA methylation data. Unsupervised consensus clustering analysis using
1,308 CpG tumor specific CpG probes defined among the TCGA IDH-mutant gliomas. Column-wise
represents 450 IDH-mutant glioma samples, row-wise represents probes. Samples are ordered
according to the consensus cluster output, and rows are ordered by hierarchical clustering. DNA
methylation beta-values ranges from O (low) to 1 (high). Three clusters were defined, each cluster
separated and labeled. Non-tumor brain samples are represented on the left of the heatmap
(Guintivano et al., 2013). Additional tracks are included at the top of the heatmaps to identify
each sample membership within separate cluster analysis (Glioma subtypes, tumor type,
previous published subtypes (Brennan et al. Cell, 2013, TCGA Research Network, NEJM, 2015),
RNA sequencing and TERT expression). Legend is provided for the heatmap. Right, Clustering
of IDH-mutant samples transcriptional profiles. Unsupervised clustering of gene expression
separated by IDH status 426 samples confirming the presence of three main groups resembling
the clusters reported in (TCGA Network, New Eng J Med 2015) where all GBM G-CIMP cluster
together with the LGG IDH-mutant-non-codel. B. Boxplot of the average DNA methylation beta-
value genome-wide (20,000 probes) for each sample grouped by IDHmut K1and IDHmut K2. Dots
represent LGG tumors and triangles represent GBM tumors. Significant difference is highlighted
with *** (p-value < 2.2 x 107) C. Left, Heatmap of DNA methylation data. Supervised statistical
analysis using 149 CpG tumor specific CpG probes that define each TCGA IDH-mutant glioma
subtype. Column-wise represents 448 IDH-mutant (codels and non codels) TCGA glioma samples,
row-wise represents probes. DNA methylation beta-values ranges from O (low) to 1 (high). Right,
Heatmap of DNA methylation data for the validation data set (Sturm et al., 2012; Turcan et al.,
2012; Mur et al., 2013), using the 149 CpG tumor specific probes that define each TCGA IDH-mutant
glioma subtype. Non-TCGA glioma samples were classified into one of the three IDH-mutant
type specific clusters using the random forest machine learning method. DNA methylation beta-
values ranges from O (low) to 1(high). Additional tracks are included at the top of the heatmap to
identify tumor histology, published clusters (Published Clusters) and each sample membership
according to its dataset (Study). Legend is provided for the heatmap. D. Kaplan-Meier survival
curves showing samples separated by IDHmut K1 low, IDHmut K1 high, IDHmut K2 and IDHmut
K3. Tick represent censorship. E. Pathway analysis of differentially expressed genes between
IDHmMut K1, IDHmut K2, ranked by p-value. In top red panel there are the categories enriched in
IDHmMutK2 whereas in bottom green panel the categories enriched in IDHmutK2.

Finally, we clustered reverse phase protein array profiles, consisting of 196 anti-
bodies on 473 samples. Two macro clusters were observed and in contrast to the
transcriptome/methylome/fCNV clustering, the primary discriminator was based
on glioma grade (LGG vs GBM) rather than IDH status (Figure 2-4e). Compared
to the LGG-like cluster, the GBM-like cluster had elevated expression of IGFBP2,
fibronectin, PAI1, HSP70, EGFR, phosphoEGFR, phosphoAKT, Cyclin B1, Caveolin,
Collagen VI, Annexin1and ASNS, whereas the LGG class showed increased activity
of PKC (alpha, beta and delta), PTEN, BRAF, and phosphoP70S6K.
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< Figure 2-6. Identification of a distinct subgroup of IDH-wildtype gliomas with pilo-
cytic astrocytoma features.

A.Heatmap of DNA methylation data. Unsupervised consensus clustering analysis using 914 CpG
tumor specific probes defined among the TCGA IDH-wildtype gliomas. Column-wise represents
430 IDH-wildtype TCGA glioma samples, row-wise represents probes. Samples are ordered
according to the consensus cluster output, and rows are ordered by hierarchical clustering.
DNA methylation beta-values ranges from O (low) to 1 (high). Three clusters were defined, each
cluster separated and labeled. Non-tumor brain samples are represented on the left of the
heatmap (Guintivano et al., 2013). Additional tracks are included at the top of the heatmaps to
identify each sample membership within separate cluster analysis (Glioma subtypes, tumor type,
previous published subtypes Brennan et al. Cell, 2013, TCGA Research Network, NEJM, 2015),
RNA sequencing and TERT expression). Legend is provided for the heatmap. B. Heatmap of DNA
methylation data for the validation data set (Sturm et al., 2012; Turcan et al., 2012; Lambert et
al.,, 2013; Mur et al., 2013), using the 914 CpG tumor specific probes defined in panel S4A. Non-
TCGA glioma samples were classified into one of the three IDH-wildtype specific clusters using
the random forest machine learning method. The second track from top to bottom shows the
classification of non-TCGA glioma samples into one of the seven glioma subtypes also using
the random forest machine learning method. DNA methylation beta-values ranges from O (low)
to 1 (high). Additional tracks are included at the top of the heatmap to identify each sample
membership according to its dataset (Dataset), to previous published clusters (Published
Clusters) and to tumor histology. Legend is provided for the heatmap. C. Clustering of IDH-
wildtype samples transcriptional profiles. Unsupervised clustering of gene expression separated
by IDH status showed that the LGr4 cluster identified in the pan-glioma unsupervised analysis
splits into four mixed LGG/GBM clusters (234 samples), where the first two, although separated
by a relatively small number of genes, are respectively enriched with Classical subtype (59%)
and LGm4 samples and the second with Mesenchymal (75%) subtype and LGm5 samples, the
third enriched with Proneural subtype (85%) and a fourth mostly containing LGG IDH-wildtype
samples. D. Boxplot of the estimate stromal score for each sample distributed by the four glioma
IDH wildtype subtypes. Significant differences are highlighted with * (p-value < 0.05) and **
(p-value < 0.005). E. IGV screenshot demonstrating differences in copy number landscape across
glioma subtypes.

The above results confirm IDH status as the major determinant of the molecu-
lar footprints of diffuse glioma.To further elucidate the subtypes of diffuse glioma,
we performed unsupervised clustering within each of the two IDH-driven macro-
clusters. We used 1,308 tumor-specific CpG probes defined among the IDH muta-
tion cohort (n = 450) and identified three IDH-mutant specific DNA methylation
clusters (Figure 2-5a). Using 914 tumor specific CpG probes in the IDH-wildtype
cohort (n = 430), we uncovered three IDH-wildtype specific clusters (Figure 2-6a).
The sets of CpG probes used to cluster each of the two IDH-driven datasets
overlapped significantly with the 1,300 probes that defined the pan-gliomna DNA
methylation clustering (1162/1,300, 89% and 853/1,300, 66%, for IDH-mutant and
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IDH-wildtype, respectively). The clusters identified by separating IDH-mutant
and IDH-wildtype gliomas showed strong overall concordance with pan-glioma
DNA methylation subtypes (Table S3A, available online with the full-text of this
article at www.cell.com). Similarly, unsupervised clustering of 426 IDH-mutant
RNA-seq profiles resulted in three subtypes (Figure 2-5a) and analysis of the
234 IDH-wildtype samples led to four mixed LGG/GBM clusters that showed
enrichment for previously identified GBM expression subtypes (Figure 2-6¢) [22].

An epigenetic signature associated with activation of cell cycle genes
segregates a subgroup of IDH-mutant LGG and GBM with unfavorable
clinical outcome

The three epigenetic subtypes defined by clustering IDH-mutant glioma separat-
ed samples harboring the 1p/19q co-deletion into a single cluster and non-codel
glioma into two clusters (Figure 2-5a). Conversely, non-codel glioma grouped
nearly exclusively into a single expression cluster and codels were split in two
separated expression clusters (Figure 2-5a). A distinct subgroup of samples within
the IDH-mutant-non-codel DNA methylation clusters manifested relatively re-
duced DNA methylation (Figure 2-5b). The unsupervised clustering of IDH-mutant
glioma was unable to segregate the lower methylated non-codel subgroup as
the 1,308 probes selected for unsupervised clustering included only 19 of the
131 differentially methylated probes characteristic for this subgroup (FDR <107,
difference in mean methylation beta-value > 0.27). The low-methylation subgroup
consisted of both G-CIMP GBM (13/25) and LGGs (12/25) and was confirmed using
anon-TCGA dataset (Figure 2-5¢). The tumors with higher methylation in the split
cluster were very similar to those grouped in the second non-codel cluster and a
supervised comparison identified only 12 probes as differentially DNA methylated
(Figure 2-7a; Figure 2-7b). We concluded that IDH-mutant glioma is composed
of three coherent subgroups: 1. The Codel group, consisting of IDH-mutant-codel
LGGs; 2. The G-CIMP-low group, including IDH-mutant-non-codel glioma (LGG
and GBM) manifesting relatively low genome wide DNA methylation; and 3. The
G-CIMP-high group including IDH-mutant-non-codel glioma (LGG and GBM) with
higher global levels of DNA methylation. The newly identified G-CIMP-low group
of glioma was associated with significantly worse survival as compared to the
G-CIMP-high and Codel groups (Figure 2-5d). The clinical outcome of the tumors
classified as G-CIMP-high was as favorable as that of Codel tumors, the subgroup
generally thought to have the best prognosis among glioma patients (Figure 2-7c;
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Figure 2-5d). We compared the frequencies of glioma driver gene alterations be-
tween the three types of IDH-mutant glioma and found that 15 of 18 G-CIMP-
low cases carried abnormalities in cell cycle pathway genes such as CDK4 and
CDKN2A, relative to 36/241 and 2/172 for G-CIMP-high and Codels, respectively
(Figure 2-7d). Supervised analysis between gene expression of G-CIMP-low and
G-CIMP-high resulted in 943 differentially expressed genes. We mapped the 943
deregulated genes to 767 nearest CpG probes (max distance Tkb) and found the
majority of the CpG probes (486/767, 63%) to show a significant methylation
difference (FDR<0.05, difference in mean methylation beta-value > 0.01) between
G-CIMP-low and G-CIMP-high, suggesting a mechanistic relation between loss
of methylation and increased transcript levels.

Recent analysis of epigenetic profiles derived from colon cancers showed that
transcription factors may bind to regions of demethylated DNA [109]. Therefore,
we asked whether transcription factors may be recruited to the DNA regions dif-
ferentially methylated between G-CIMP-low samples and G-CIMP-high samples
from the same methylation cluster, using 450k methylation profiles (n = 39). Glob-
ally, we detected 643 differentially methylated probes between 27 G-CIMP-low
and 12 G-CIMP-high samples (absolute diff-mean difference >= 0.25, FDR <= 5%).
Most of these probes (69%) were located outside of any known CpG island but
positioned within intergenic regions known as open seas (Figure 2-7e). This rep-
resents a 2.5-fold open sea enrichment compared to the expected genome-wide
distribution of 450K CpG probes (Chi-Square p-value < 2.2*107%). We also observed
a 3.4-fold depletion within CpG islands (Chi-Square p-value < 2.2*107).

Using this set of intergenic CpG probes, we asked whether a DNA motif sig-
nature associated with distal regulatory elements. Such a pattern would point
to candidate transcription factors involved in tumorigenesis of the G-CIMP-low
group. A de novo motif scan and known motif scan identified a distinct motif
signature -TGTT- (geometric test p-value = 10™, fold enrichment = 1.8), known to
be associated with the OLIG2 and SOX transcription factor families (Figure 2-7e)
[110]. This observation was corroborated by the higher expression levels of SOX2
as well as 17 out of 20 other known SOX family members in G-CIMP-low com-
pared to G-CIMP-high (fold difference > 2). The primary function of SOX2 in the
nervous system is to promote self-renewal of neural stem cells and, within brain
tumors, the glioma stem cell state [111]. Interestingly, SOX2 and OLIG2 have been
described as neurodevelopmental transcription factors being essential for GBM
propagation [112].
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/N Figure 2-7. Identification of a distinct G-CIMP subtype defined by epigenomics.

A. Heatmap of probes differentially methylated between the two IDH-mutant-non-codel DNA
methylation clusters allowed the identification of a low-methylation subgroup named G-CIMP-
low. Non-tumor brain samples (n=12) are represented on the left of the heatmap. B. Heatmap of
genes differentially expressed between the two IDH-mutant-non-codel DNA methylation clusters.
C. Kaplan-Meier survival curves of IDH-mutant methylation subtypes. Ticks represent censored
values. D. Distribution of genomic alterations in IDH-mutant subtypes for genes frequently altered
in IDH-mutant glioma. E. Genomic distribution of 633 CpG probes differentially demethylated
between co-clustered G-CIMP-low and G-CIMP-high. CpG probes are grouped by UCSC genome
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browser defined CpG Islands, shores flanking CpG island +/- 2kb and open seas (regions not
in CpG islands or shores). F. DNA methylation heatmap of TCGA glioma samples ordered per
Figure 2-3a, and the epigenetically regulated (EReg) gene signatures defined for G-CIMP-low,
G-CIMP-high and Codel subtypes. The mean RNA sequencing counts for each gene matched
to the promoter of the identified cgID across each cluster are plotted to the right. G. Heatmap
of the validation set classified using the random forest method. 1,300 probes defined in Figure
2-3a. H. Heatmap of probes differentially methylated between G-CIMP-low and G-CIMP-high in
longitudinally matched tumor samples.

Supervised gene expression pathway analysis of the genes activated in the
G-CIMP-low group as opposed to G-CIMP-high group revealed activation of genes
involved in cell cycle and cell division consistent with the role of SOX in promot-
ing cell proliferation (Figure 2-5e). The enrichment in cell cycle gene expression
provides additional support to the notion that development of the G-CIMP-low
subtype is associated with activation of cell cycle progression and may be me-
diated by a loss of CpG methylation and binding of SOX factors to candidate
genomic enhancer elements.

To validate the G-CIMP-low, G-CIMP-high and Codel IDH-mutant subtypes,
we compiled a validation cohort from published studies including 324 adult and
pediatric gliomas [84, 86,113, 114]. The CpG probe methylation signatures used to
classify the validation set are provided on the publication portal accompanying
this publication (https://tcga-data.nci.nih.gov/docs/publications/Igggbm_2015/).
Among them, 103 were identified as IDH-mutant on the basis of their genome
wide DNA methylation profile. We classified samples in the validation set using
the probes that defined the IDH-mutant specific DNA methylation cluster anal-
ysis integrated in a supervised random forest method. The analysis recapitu-
lated the clusters generated from the TCGA collection (Figure 2-5c). In order
to determine epigenetically regulated (EReg) genes that may be characteristic
of the biology of the IDH-mutant diffuse glioma subtypes, we compared 450k
methylation DNA methylation profiles and gene expression levels between 636
IDH-mutant and IDH-wildtype gliomas and 110 non-tumor samples from eleven
different tissue types [115]. From the list of epigenetically regulated genes we
extracted 263 genes that were grouped into EReg gene signatures which showed
differential signals amongst the three IDH-mutant subtypes (Figure 2-7f). These
trends were confirmed in the validation set (Figure 2-7g).

We investigated the possibility that the G-CIMP-high group is a predecessor
to the G-CIMP-low group by comparing the DNA methylation profiles from ten
IDH-mutant-non-codel LGG and GBM primary-recurrent cases with the TCGA
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cohort. We evaluated the DNA methylation status of probes identified as dif-
ferentially methylated (n = 90) between G-CIMP-low and G-CIMP-high (FDR <
107, difference in mean methylation beta-value > 0.3 and < -0.4). Four out of ten
IDHmut-non-codel cases showed a demethylation pattern after disease recur-
rence while partial demethylation was demonstrated in the remaining six recur-
rences, supporting the notion of a progression from G-CIMP-high to G-CIMP-low
phenotype (Figure 2-7h).

An IDH-wildtype subgroup of histologically-defined diffuse glioma is
associated with favorable survival and shares epigenomic and genomic
features with pilocytic astrocytoma

IDH-wildtype gliomas segregated into three DNA methylation clusters
(Figure 2-6a). The first is enriched with tumors belonging to the classical gene
expression signature and was labeled Classic-like, whereas the second group, en-
riched with mesenchymal subtype tumors, was labeled Mesenchymal-like (Table
S1, available online with the full-text of this article at www.cell.com)[22]. The third
cluster contained a larger fraction of LGG in comparison to the other IDH-wild
type clusters. We observed that the IDH-wildtype LGGs but not the IDH-wildtype
GBM in this cluster displayed markedly longer survival (log-rank P-value =3.6 x 10°%;
Figure 2-8a) and occurred in younger patients (mean 37.6yr vs 50.8yr, t-test P-val-
ue = 0.002). Supervised analysis of differential methylation between LGG and GBM
in the third DNA methylation cluster did not reveal any significant probes despite
significant differences in stromal content (p-value < 0.005; Figure 2-6d), suggest-
ing that this group cannot be further separated using CpG methylation markers.
Next, we sought to validate the methylation-based classification of IDH-wild-
type glioma in an independent cohort of 221 predicted IDH-wildtype glioma sam-
ples,including 61 grade | pilocytic astrocytomas (PA). Towards this aim, we used a
supervised random forest model built with the probes that defined the IDH-wild-
type clusters. Samples classified as Mesenchymal-like showed enrichment for the
Sturm et al. Mesenchymal subtype (29/88) and gliomas predicted as Classic-like
were all RTK Il ‘Classic’ (22/22), per the Sturm et al. classification (Figure 2-8b;
Figure 2-6b) [86]. We observed that PA tumors were unanimously classified as
the third, LGG-enriched group (Figure 2-6b). Based on the molecular similarity
with PA we labeled the LGGs in the third methylation cluster of IDH-wild type
tumors as PA-like. The GBMs in this group were best described as LGm6-GBM,
for their original pan-glioma methylation cluster assignment and tumor grade.
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Pilocytic astrocytomas are characterized by frequent alterations in the MAPK
pathway, such as FGFRT mutations, KIAA1549-BRAF and NTRK2 fusions [116].
The frequency of mutations, fusions and amplifications in eight PA-associated
genes (BRAF, NF1, NTRK1, NTRK2, FGFRT, and FGFR2) rated from 11% (n = 12/113) of
Classic-like, 13% (n = 21/158) of Mesenchymal-like IDH-wildtype tumors to 32%
(n=7/22) of LGmM6-GBM and 52% (n = 13/25) of PA-like LGG (Fisher Exact Test
(FET) P-value < 0.000T; Figure 2-8c). Conversely, only two of 25 (8%) PA-like LGG
tumors showed TERT expression, compared to five of 12 LGm6-GBM (43%), 60 of
65 Classic-like (92%) and 82 of 98 Mesenchymal-like (84%, FET P-value < 0.0007).

/N Figure 2-8. A distinct subgroup of IDH-wildtype diffuse glioma with molecular fea-
tures of pilocytic astrocytoma.

A. Kaplan-Meier survival curves for the IDH-wildtype glioma subtypes. Ticks represent censorship.
B. Distribution of previous published DNA methylation subtypes in the validation set, across the
TCGA IDH-wildtype specific DNA methylation clusters. C. Distribution of genomic alterations in
genes frequently altered in IDH-wildtype glioma. D. Heatmap of TCGA glioma samples ordered
according to Figure 2-3a and two EReg gene signatures defined for the IDH-wildtype DNA
methylation clusters. Mean RNA sequencing counts for each gene matched to the promoter
of the identified cgID across each cluster are plotted to the right. E. Heatmap of the validation

set classified using the random forest method using the 1,300 probes defined in Figure 2-3a.
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The PA-like group was characterized by relatively low frequency of typical GBM
alterations, in genes such as EGFR, CDKN2A/B, and PTEN and displayed euploid
DNA copy number profiles (Figure 2-6e). To ascertain that the histologies of the
PA-like subgroup had been appropriately classified, we conducted an indepen-
dent re-review. This analysis confirmed the presence of the histologic features
of diffuse glioma (grade Il or grade Ill) in 23 of the 26 cases in the cluster. The
remaining three cases were re-named as PA (grade |). An independent review of
the magnetic resonance diagnostic images from thirteen cases showed a similar
pattern, with the majority of tumors showing behavior consistent with grade Il
or grade |l glioma. Taken together, the epigenetic analysis of the IDH-wildtype
group of adult glioma revealed the existence of a novel subgroup sharing genetic
and DNA methylation features with pediatric PA, and favorable clinical outcome
compared to diffuse IDH-wildtype glioma. This group may include but extends
beyond BRAF-mutated grade Il oligodendroglioma that were previously recog-
nized as a unique clinical entity [117].

Through comparison of the methylation profiles of 636 glioma and 110
non-neoplastic normal samples from different tissue types, we defined EReg sig-
natures consisting of 27 genes that showed differential signals amongst IDH-wild-
type subtypes in the TCGA (Figure 2-8d) and the validation set (Figure 2-8e).
EReg4 comprised a group of 15 genes hypermethylated and downregulated in
particularly Classic-like. EReg5 was defined as a group of 12 genes associated
with hypomethylation and upregulation in LGm6/PA-like compared to all other
LGm clusters. These ERegs aided in characterizing the biological importance of
IDH-wildtype subtypes and were subsequently used to evaluate the prognostic
importance of the IDH-wildtype clusters.

The epigenetic classification of glioma provides prognostic value
independent of age and grade

In order to assess whether the DNA methylation-based subtypes we identified
carry prognostically relevant information independent of known overall survival
predictors, we constructed a series of survival regression models. To find the
optimal model for survival prediction we studied covariates individually and in
combination with other covariates. Age at diagnosis, histology, IDH/codel sub-
type, TERT expression and epigenetic subtype all contribute to survival in sin-
gle-predictor analysis (log-rank P-value < 0.05, Table S4, available online with the
full-text of this article at www.cell.com).
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< Figure 2-9. Progression of LGG to GBM is marked by cell cycle/proliferation or inva-
sion/microenvironmental changes.

The pathways involved with progression from LGG to GBM were identified through supervised
analysis of co-clustered LGG and GBM using Gene Set Enrichment Analysis. Gene sets were
compiled from the Gene Ontology pathway database. Significantly enriched gene sets (FDR
< 0.1, p-value < 0.005) were depicted as an annotation module network using Cytoscape and
EnrichmentMap. Nodes represent enriched gene sets, which are grouped and annotated by their
similarity. Node size is proportional to the total number of genes within each gene set. Proportion
of shared genes between gene sets is represented as the thickness of the line between nodes.
A. Progression of LGG IDH-mutant-non-codel to GBM G-CIMP in LGr3 was strongly marked by a
hyper-proliferation signature and revealed four major gene sets groups related to cell cycle and
hyperproliferation, DNA metabolic processes, response to stress and angiogenesis. B. Similar
analysis of the gene sets activated in the GBM compared to the LGG component of LGr4 (IDH-
wildtype) identified an inflammation and immunologic response signature characterized by the
activation of several chemokines and interleukins enriching sets involved in inflammatory and
immuno response, negative regulation of apoptosis, cell cycle and proliferation, IKB/NFKB kinase
cascade. C. Differential regulatory networks describing differential molecular activities between
GBM and LGG in LGr3. Dichotomies were selected by only choosing those where samples form
tight linearly separable clusters in the high dimensional genomic space. The size of the node is
inversely proportional to the magnitude of the p-value computed by LIMMA for each differential.
Curated canonical MSigDB pathways significantly represented in these networks are listed below
each network, following the same color scheme as described above. D. Same as in C for LGr4. E.
Overview of the adopted pipeline for extracting significant pathways. F. Distribution of Estimate,
Immuno and Stromal score by tumor type in the IDH-wildtype samples.

As expected, age was a highly significant predictor (P-value < 0.0001, C-Index 0.78)
and was included in all subsequent multi-predictor models. We found that histol-
ogy and grade are highly correlated. Histology provided only marginal improve-
ment to a model that includes grade (likelihood ratio test (LRT) P-value = 0.08)
and was therefore not included in further analyses.

Conversely, grade markedly impacted a histology-based predictor model (LRT
P-value = 0.0005, Table S4, available online with the full-text of this article at www.
cell.com) and was retained in the subsequent models. In contrast to previous
reports [12], we failed to observe a statistically significant and independent sur-
vival association with TERT expression (LRT P-value = 0.82, Table S4, available
online with the full-text of this article at www.cell.com) or TERTp mutations, after
accounting for age and grade (LRT P-value = 0.85, not shown). Thus, the optimal
survival prediction model includes age, grade and epigenetic subtype (LRT P-val-
ue < 0.0001, C-Index 0.836; Table 2-2).

To confirm that the epigenetic subtypes provide independent prognostic in-
formation we tested the survival model on the validation dataset. Epigenetic
subtypes in these samples were determined as described above. The distinction
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between LGm6-GBM and PA-like gliomas was made on the basis of tumor grade
and not by DNA methylation signature. Using a subset of 183 samples in the
validation cohort with known survival, age and grade we found that epigenetic
subtypes are significant independent predictors of survival in the multivariate
analysis (LRT P-value < 0.0001, C-Index 0.746, Table 2-2). This generalization of
our model supports the epigenetic subtypes as a means to improve the prog-
nostication of glioma.

Activation of cell cycle/proliferation and invasion/microenvironmental
changes marks progression of LGG to GBM

We observed that in spite of morphological differences between LGG and GBM,
such as high cell density and microvascular proliferation, clustering of gene ex-
pression profiles frequently grouped LGG and GBM together within the same
subtype. Gene Set Enrichment Analysis of the genes activated in G-CIMP GBM
as opposed to the IDH-mutant-non-codel within LGr3 (Figure 2-3b) revealed
four major groups, including cell cycle and hyperproliferation, DNA metabolic
processes, response to stress, and angiogenesis (Figure 2-9a, Table S5, available
online with the full-text of this article at www.cell.com).

These biological functions are consistent with the criteria based on mitotic
index used by pathologists to discriminate lower and high-grade glioma and the
significance of activated microglia for tumor aggressiveness [118]. Conversely,
compared with the G-CIMP GBM, IDH-mutant-non-codel LGG in LGr3 were char-
acterized by enrichment of genes associated with neuro-glial functions such as
ion transport and synaptic transmission, possibly suggesting a more differenti-
ated nature.

The comparison of co-clustered GBM and LGG in LGr3 by the PARADIGM al-
gorithm that integrates DNA copy number and gene expression to infer path-
way activity, confirmed that GBMs express genes associated with cell cycle,
proliferation and aggressive phenotype, through activation of a number of cell
cycle, cell replication and NOTCH signaling pathways whereas LGGs exhibit an
enrichment of neuronal differentiation specific categories including synaptic
pathways (Figure 2-9¢, Table S5, available online with the full-text of this article
at www.cell.com).

The analysis of the genes activated in GBM versus the LGG component of LGr4,
which grouped IDH-wildtype tumors, identified an inflammation and immuno-
logic response signature characterized by the activation of several chemokines
(CCL18, CXCL13, CXCL2, CXCL3) and interleukins (IL8, CXCR2) enriching sets involved
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in inflammatory and immune response, negative regulation of apoptosis, cell
cycle and proliferation, and the IKB/NFKB kinase cascade Map (Figure 2-9b, Table
S5, available online with the full-text of this article at www.cell.com). These char-
acteristics suggest differences in the relative amount of microglia. We used the
ESTIMATE method to estimate the relative presence of stromal cells which re-
vealed significantly lower (p-value 10°¢) stromal scores of LGG IDH-wildtype versus
GBM IDH-wildtype (Figure 2-9f) [119]. Resembling the functional enrichment for
LGG within LGr3, functional enrichment of LGG IDH-wildtype in comparison to
GBM within LGr4 showed activation in LGG of special glial-neuronal functions in-
volved in ion transport, synaptic transmission and nervous system development.
Similar differential pathway activities are observed in GBM versus LGG when we
split LGr4 in the three IDH-wildtype methylation clusters (Figure 2-9e; Table S5).

Finally, we aimed to identify transcription factors that may exert control
over prominent gene expression programs, known as master regulators. Master
regulator analysis comparing the IDH-wildtype group to the IDH-mutant group
revealed transcription factors that were upregulated in IDH-wildtype gliomas
and showed an increase in expression of target genes, including NKX2-5, FOSLI,
ETV4, ETV7, RUNX1, CEBPD, NFE2L3, ELF4, RUNX3, NR2F2, PAX8 and IRF1 (Table S5,
available online with the full-text of this article at www.cell.com). No TFs were found
to be upregulated in IDH-mutant gliomas relative to IDH-wildtype gliomas (at a
log fold change >1).

Discussion

This study represents the largest multi-platform genomic analysis performed
to date of adult diffuse glioma (WHO grades Il lll and 1V). A simplified graphical
summary of the identified groups and their main clinical and biological charac-
teristics is reported in Figure 2-10. The clustering of all diffuse glioma classes and
grades within similarly shaped methylation-based and expression-based groups
has allowed us to pinpoint specific molecular sighatures with clinical relevance.
The DNA methylation classification proposed should be considered as a basis
and it is likely that future studies involving significantly larger cohorts and more
refined profiling methods will be able to further reduce intra-subtype heteroge-
neity. The dissection of the IDH-mutant non-codel G-CIMP LGG and GBM into
two separate subgroups (G-CIMP-low and G-CIMP-high) based on the extent of
genome-wide DNA methylation has crucial biological and clinical relevance. In
particular, the identification of the G-CIMP-low subset, characterized by activa-
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tion of cell cycle genes mediated by SOX binding at hypomethylated functional
genomic elements and unfavorable clinical outcome is an important finding that
will guide more accurate segregation and therapeutic assessment in a group of
patients in which correlations of conventional grading with outcome are modest
[120,121]. The finding that G-CIMP-high tumors can emerge as G-CIMP-low glioma
at recurrence identify variations in DNA methylation as crucial determinants for
glioma progression and provides a clue to the mechanisms driving evolution of
glioma. Our results unify previous observations that linked the cell cycle pathway
to malignant progression of low-grade glioma [122]. Future updates of the TCGA
glioma clinical annotation and independent validation of our findings may be
able to consider additionally important clinical confounders such as extent of
resection and performance status, to further optimize the weights of the current-
ly known prognostic variables and their association to the molecular subtypes
we identified.

Analysis of IDH-wildtype glioma revealed the PA-like LGG subset that har-
bors a silent genomic landscape, confers favorable prognosis relative to other
IDH-wildtype diffuse glioma and displays a molecular profile with high similarity
to PA. Re-review by neuropathologists and neuroradiologists confirmed that the
majority were correctly diagnosed as diffuse glioma, emphasizing the need for
integration of molecular signatures intro clinical classification [117] for this sub-
group of patients that may be spared potentially unnecessary intensive treat-
ments.

The large number of exomes in our dataset allowed identification of novel
glioma-associated somatic alterations, including in the KRAS and NRAS genes
which were frequently used to genetically engineered glioma mouse models [123].
Our analysis further nominates glial tumors to join an increasing number of tumor
types characterized by a deactivated cohesin pathway [102,124]. Cohesin mutant
tumors may infer increased sensitivity to DNA damage agents and PARP inhibitors
[125] suggesting that gliomas with genetic alterations of key cohesin regulatory
factors may represent biomarkers and therapeutic opportunities.

Overexpression of TERT mRNA was found to be associated with increased
telomere length in urothelial cancer [126]. Our results revealed that in gliomas,
increased telomere length is associated with ATRX mutations, suggesting an ALT
mechanism. ALT has been associated with sensitivity to inhibition of the protein
kinase ATR [127].
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/N Figure 2-10. Overview of major subtypes of adult diffuse glioma.

Integrative analysis of 1,122 adult glioma resulted in seven different subtypes with distinct
biological and clinical characteristics. The groups extend across six DNA methylation subtypes
of which the LGm®6 cluster was further separated by tumor grade, into PA-like and LGm6-GBM.
The size of the circles is proportional to the percentages of samples within each group. DNA
methylation plot is a cartoon representation of overall genome-wide epigenetic pattern within
glioma subtypes. Survival information is represented as a set of Kaplan-Meier curves, counts of
grade, histology and LGG/GBM subtypes within the groups are represented as bar-plots, whereas
age is represented as density. Labeling of telomere length and maintenance status is based on
the enrichment of samples within each column, similarly for the biomarkers and the validation
datasets.
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In summary, our pan-glioma analysis has expanded our knowledge of the glioma
somatic alteration landscape, emphasized the relevance of DNA methylation
profiles as a modality for clinical classification, and quantitatively linked somatic
TERT pathway alterations to telomere maintenance. Combined, these findings
are an important step forward in our understanding of glioma as discrete disease
subsets, and the mechanisms driving gliomagenesis.

Experimental procedures

Patient and Sample Characteristics

Specimens were obtained from patients, with appropriate consent from institu-
tional review boards. Details of sample preparation are described in the Extended
Experimental Procedures.

Data Generation

In total, tumors from 1,132 patients were assayed on at least one molecular pro-
filing platform, which platforms included: (1) whole genome sequencing, including
high coverage and low pass whole genome sequencing, (2) exome sequencing
(3) RNA sequencing (4) DNA copy-number and single-nucleotide polymorphism
arrays, including Agilent CGH 244K, Affymetrix SNP6.0 and Illumina 550K Infini-
um HumanHap550 SNP Chip microarrays (5) gene expression arrays, including,
Agilent 244K Custom Gene Expression, Affymetrix HT-HGU133A and Affymetrix
Human Exon 1.0 ST arrays (5) DNA methylation arrays, including lllumina Golden-
Gate Methylation, lllumina Infinium HumanMethylation27, and Illumina Infinium
HumanMethylation450 BeadChips (7) reverse phase protein arrays, (8) miRNA
sequencing and (9) miRNA Agilent 8 x 15K Human miRNA-specific microarrays.
Details of data generation have been previously reported [24, 100]. To ensure
cross-platform comparability, features from all array platforms were compared
to a reference genome.

Data Analysis

The data and analysis results can be explored through the Broad Institute Fire-
Browse portal (http://firebrowse.org/?cohort=GBMLGG), the cBioPortal for Cancer
Genomics (http://www.cbioportal.org/study.do?cancer_study_ id=Igggbm_tcga_
pub), in a Tumor Map (http://tumormap.ucsc.edu/?p=ynewton.gliomas-paper), the
TCGA transcript fusion portal (http://www.tumorfusions.org), TCGA Batch Effects
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(http://bioinformatics.mdanderson. org/tcgambatch/), Regulome Explorer (http://
explorer.cancerregulome.org/), Next-Generation Clustered Heat Maps (http:/
bioinformatics.mdanderson. org/TCGA/NGCHMPortal/). See also Supplemental
Information and the TCGA publication page (https://tcga-data.nci.nih.gov/docs/
publications/Ilgggbm_2015/).
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Abstract

The evolutionary processes that drive universal therapeutic resistance in adult
patients with diffuse glioma remain unclear [106,128]. Here, we analyzed tempo-
rally separated DNA sequencing data and matched clinical annotation from 222
patients with glioma. Through mutational and copy number analyses across the
three major subtypes of diffuse glioma, we observed that driver genes detected
at initial disease were retained at recurrence, while there was little evidence of
recurrence-specific gene alterations. Treatment with alkylating-agents resulted
in a hypermutator phenotype at different rates across glioma subtypes, and
hypermutation was not associated with differences in survival. Acquired aneu-
ploidy was frequently detected in recurrent gliomas characterized by presence
of an IDH mutation but without 1p/19q codeletion and further converged with
acquired cell cycle alterations and poor outcomes. We show that the clonal ar-
chitecture of each tumor remains similar over time and that absence of clonal
selection was associated with increased survival. Finally, we did not observe
differences in immunoediting levels between initial and recurrent glioma. Our
results collectively argue that the strongest selective pressures occur early during
glioma development and that current therapies shape this evolution in a largely
stochastic manner.
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Introduction

Diffuse glioma is the most common malignant brain tumor in adults and invari-
ably relapse despite treatment with surgery, radiotherapy, and chemotherapy.
The molecular landscape of glioma at diagnosis has been extensively character-
ized [15, 16, 22,100, 129-131]. While these efforts have led to the identification of
driver genes and clinically relevant subtypes [59, 61], it is unknown how the glioma
genetic landscape evolves over time and in response to therapy.

Intratumoral heterogeneity is a well-recognized characteristic of gliomas and
results from selective pressures such as a limited availability of nutrients, clonal
competition, and treatment [71,132-134]. Tumors are thought to circumvent these
growth bottlenecks via dynamic competition of subclones resulting in the most
favorable environment for tumor sustenance [128]. Recent studies have sug-
gested that stochastic changes in clone frequency (i.e. neutral evolution) and
immunogenic surveillance may further contribute to the observed intratumoral
heterogeneity [135,136]. An understanding of evolutionary dynamics at multiple
time points is needed to develop strategies aimed at delaying or preventing the
onset of tumor progression.

To investigate clonal dynamics over time and in response to therapeutic
pressures, we established the Glioma Longitudinal Analysis (GLASS) Consortium.
GLASS is a community-driven effort that seeks to overcome the logistical chal-
lenges in constructing adequately powered longitudinal genomic glioma datasets
by pooling datasets from patients treated at institutions worldwide [137]. We
have analyzed longitudinal profiles across the three molecular glioma subtypes to
identify the molecular processes active at initial and recurrent time points. These
analyses identified few common features of glioma evolution across subtypes,
and instead pointed toward highly variable and patient-specific trajectories of
genomic alterations.

Results

GLASS cohort

We pooled existing and newly generated longitudinal DNA sequencing datasets
from 288 patients treated at 35 hospitals (Table 3-1, Figure 3-1). After apply-
ing quality filters, tumor samples from 222 patients with high-quality data in
at least two time points were classified according to molecular markers into
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three major glioma subtypes: 1. IDH-mutant and chromosome 1p/19q co-deleted
(IDHmutant-codel; n = 25) 2. IDH-mutant without chromosome 1p/19q codeletion
(IDHmutant-noncodel; n = 63) and 3.1DH wild type (IDHwt; n = 134), in alighment
with the World Health Organization classification of Central Nervous System
tumors [59, 61]. For each patient we selected two time-separated tumor samples,
henceforth initial and recurrence, for further analysis.

a

GLASS resource (n = 288 patients; 874 biological
samples; 243 WGS & 799 WXS aliquots)

. Exclude samples with lower sequencing depth
Qc# . Removed one patient with incorrect germline-tumor mismatch
v ¢ Excluded any single time point recurrences
Total possible pairs of tumors from the same patient: R
371 longitudinal pairs (n = 257 patients)
23 multi-sector pairs (n = 6 patients) y
. Select highest quality sample when both WGS and WXS or multisector
Qc #2 data are available
v . When multiple longitudinal timepoints are available, select two highest
( ¥ quality time points that maximizes measurement of disease
Longitudi ion data avail (n= 257 initial and
recurrent tumor pairs; “silver set”)
\ J
. Exclude samples based on manual review of copy number profiles to
Qc #3 identify poorly segmented genomes
5 . Retain subjects with high-quality copy number data at both time points
Mutation and copy number data presented in manuscript
(n =222 patients; “gold set”)
\

Mutation and copy humber data presented in manuscript
(n =222 patients; “gold set”)

DNA methylation (n
=102 samples, 51
pairs;

» Previously published DNA . Previously published RNA-sequencing data
methylation dgta (Wang et al. Cancer Cell 2017)

G DNA methylation was used to . RNA sequencing data was used for
determine MGMT status and CIBERSORT analysis

classify samples according to
methylation subtypes (Capper et
al. Nature 2018)

/™ Figure 3-1. Sample Selection.

a. Quality control workflow steps identifying all GLASS samples available as a resource and
the identification of the highest quality set of patient pairs (n = 222) used for the presented
mutational and copy number analyses. b. Additional available datasets.
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Figure 3-2. Temporal changes in glioma mutational burden and processes.

a. Each column represents a single patient (n = 222) at two separate timepoints grouped by glioma
subtype and ordered left-to-right by decreasing mutation frequency at recurrence. Top, mutation
frequency differences between initial and recurrent tumors. Blue dotted line indicates increased
mutation frequency while a red dotted line indicates decreased mutational frequency. Stacked
bar plot reflects the proportion of total mutations shared (mustard), private to initial (magenta),
or private to recurrence (blue). Clinical information including hypermutation status, therapy, and
grade changes. b. Stacked bar plot (n=219) indicating the dominant mutational signature among
initial, recurrent and shared mutation fractions stratified by glioma subtype. c¢. The proportion
of glioma recurrences with alkylating agent-related hypermutation, grouped by glioma subtype.
Fisher’s exact test was used to compare proportions between subtypes. d. Kaplan-Meier curve
depicting overall survival in hypermutant (red) versus non-hypermutant (blue) alkylating agent
treated patients amongst IDHwt (left, n = 99) and IDHmut-noncodel (right, n = 32) tumors. Log-
rank test P-values are shown.
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/™ Figure 3-4. Mutational signatures by fraction and subtype.
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a. Correlation plot showing the Pearson’s chi-squared (X?) residuals for each signature by fraction
and subtype. A X2 was performed for each subtype and P-values are indicated. Positive residuals
(blue) indicate a positive correlation, whereas negative residuals (red) indicate an anticorrelation.
The point size reflects the contribution to X? estimate. b. The same ordered of patients as
Figure 3-2a along with relevant clinical information is provided alongside the fraction-specific
mutational signatures. PyClone mutational clusters are also presented.

Mutational burdens and processes over time

We first evaluated temporal changes in mutational burden and processes to un-
derstand general patterns of glioma evolution. Mutation burdens in initial tumors
were comparable with previously reported rates [15, 100, 138]. 2.20 mutations
(single-nucleotide variants and small insertions/deletions) per Megabase (Muta-
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tions/Mb) for IDHmutant-codels; 2.52 Mutations/Mb for IDHmutant-noncodels;
and 2.85 Mutations/Mb for IDHwt glioma (Figure 3-2a; Figure 3-3a). Excluding
DNA hypermutation cases (> 10 Mutations/Mb, n = 35), the mutation burden in-
creased after recurrence in 70% of the cohort (Figure 3-3a). To study changes
during tumor progression, we separated mutations into three fractions: initial
only, recurrence only, or shared. Interestingly, private fraction but not shared
fraction mutation burdens were comparable between subtypes (Figure 3-3b).
Patient age at diagnosis was significantly associated with the shared mutational
burden and to a lesser extent the mutation burden private to the initial tumor
(Figure 3-3c). On average, tumors with longer time to recurrence had slightly
higher mutation burdens (Figure 3-3d).

These fraction-specific differences in mutation burden suggested that the
activity of distinct mutational processes may also be time-dependent. We there-
fore classified mutations in each fraction according to the Catalogue of Somatic
Mutations in Cancer (COSMIC) signature database [143]. As expected, signature
activity was closely related to subtype and fraction (Figure 3-2b, Figure 3-4a).
Signature 1 (aging) was nearly always the dominant signature amongst shared
mutations in IDHwt tumors, whereas the shared fraction in IDHmut-noncodel
and IDHmut-codel tumors - tumor subtypes associated with a younger age of
diagnosis - additionally showed a strong presence of signature 16 (unknown etiol-
ogy). Signatures 3 (double strand break repair) and 15 (mismatch repair) along with
signature 8 (unknown etiology) were mostly confined to the private fractions,
suggesting that these processes were of lesser importance to tumor mainte-
nance than those associated with aging.

Treatment of glioma includes alkylating agents that can induce post-treat-
ment hypermutation [73,139, 141]. We observed enrichment of the associated sig-
nature 11in recurrent tumors with a mutational load exceeding 10 Mutations/Mb
and treated with alkylating agents (Figure 3-2a, Figure 3-4b). Treatment-associat-
ed hypermutation occurred most frequently among IDHmutant-noncodels (47%),
followed by IDHmutant-codels (25%), and IDHwt gliomas (16%) (Figure 3-2c). The
difference in the proportion of hypermutation events was significantly different
between the three glioma subtypes (Fisher’s exact-test P = 2.0e-03), suggesting
that IDHmutant noncodels are most sensitive to developing a hypermutator
phenotype [144].

Treatment-induced hypermutation has been associated with disease pro-
gression [141]. We did not find overall survival differences between alkylating
agent-treated hypermutators and alkylating agent-treated non-hypermuta-
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tors independent of age, subtype, and MGMT methylation status (Figure 3-2d,
Table 3-2, Table 3-3). In order to further assess the pathogenicity of acquired
mutations, we studied their clonality [145]. Newly acquired clonal mutations have
penetrated most of the tumor (i.e., a selective sweep) between initial and recur-
rence and mark clonal expansion [146]. Conversely, acquired subclonal mutations
are less prevalent, and therefore less likely to drive disease progression. Previous
reports have suggested that alkylating agent-associated mutations hypermuta-
tion are frequently clonal [147]. We found that in 48% of hypermutated tumors
a majority of the recurrence-only mutations were clonal, potentially reflecting
cases where a selective sweep occurred (Figure 3-5a).
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[ | [ Subclonal:Coding
= Subelonal-Non-coding
. Il Non-clonal:Coding
10000 Non-clonal:Non—-coding
B = | ] n
I bl - =
(- e B T || | | | -
0 || L | L= = = =
NgES PR C SNN ST Sy RIS 2 9
I NN A AN L
WL CEF T I L LKL K Y Y YLK I
S DD TS S D P P & ot

IDHMut-noncodel (treated with alkylating agent)

== Clonal (n =8)
== Subclonal (n =7)
== Non-hypermutator (n = 17)

P=038

Overall survival
probability
°
g
g

100
Time (months)

/™ Figure 3-5. Hypermutator clonality.

a. Bar plots represent counts of recurrence-only mutations per hypermutator tumor that were
known to receive alkylating agent therapy and were successfully run through the PyClone
algorithm. Colors indicate mutation clonality and color intensity indicates whether the
mutations resulted in coding changes. b. Kaplan-Meier curve comparing alkylating agent-treated
patients with IDHmut-noncodel hypermutator tumors that were predominantly clonal (n = 8),
predominantly subclonal (n =7), versus IDHmut-noncodel non-hypermutators known to be
treated with alkylating agents and had available PyClone data (n = 17). Log-rank P-value is shown.
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However, IDHmut-noncodel hypermutators with predominantly clonal muta-
tions did not show differences in survival compared with those harboring pre-
dominantly subclonal mutations (log-rank test P = 0.38, Figure 3-5b). Alkylating
agents such as temozolomide prolong survival of adult patients with glioma [148,
149]. Our results show that treatment-induced hypermutation is common across
subtypes and does not associate with a reduced overall survival supporting the
noted benefit of alkylating agent therapy.

Table 3-2. Cox proportional hazards analysis for alkylating agent associated
hypermutation (n =158 patients)

Covariate Levels (n = patients) HR (95% ClI) P-value

Age at first Diagnosis

Years 1.04 (1.02-1.06) 4.61E-06
IDH-codel subtype

IDHmut-codel (n = 8) (ref)

IDHmut-noncodel (n = 32) 7.3 (1.71-31.36) 7.31E-03

IDHwWt (n = 98) 15.3 (3.65-64.15) 1.91E-04
Hypermutation

No hypermutation (n = 105) (ref)

Hypermutation (n = 33) 1.03(0.66-1.61) 6.58E-01

Table 3-3. Cox proportional hazards analysis for alkylating agent associated
hypermutation and MGMT methylation (n = 65 patients)

Covariate Levels (n = patients) HR (95% ClI) P-value

Age at first Diagnosis

Years 1.05 (1.03-1.08) 2.75E-05

IDH-codel subtype

IDHmut-codel (n = 0)

IDHmut-noncodel (n =13) (ref)

IDHwWt (n = 52) 1.95 (0.82-4.62) 1.31E-01
Hypermutation

No hypermutation (n = 50) (ref)

Hypermutation (n = 15) 0.92(0.43-2.00) 6.58E-01
MGMT

Methylated (n = 31) (ref)

Unmethylated (n = 34) 3.10 (1.66-5.78) 3.94E-04
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< Figure 3-6. Quantifying selective pressures during glioma evolution.

a. Schematic depiction of cancer cell fraction (CCF) values during tumor evolution indicating
clonality and associated relative timing. b. Comparison of PyClone clusters ranked by CCF in
matched initial and recurrent tumors. c. Left: dN/dS ratio for all variants (i.e. global) in initial and
recurrent tumors for each subtype. Hypermutators were not included (n = 187). Dots represent
the global dN/dS ratio with associated Wald confidence intervals. Right: global dN/dS ratios for
variant fractions per subtype. d. Cumulative distribution of subclonal mutations by their inverse
variant allele frequency. Mutations were separated by timepoint, variant fraction, and glioma
subtype. Deviation from a linear relationship, significant Kolmogorov-Smirnov P-values and R?
below 0.98 indicate selection. e. Sankey plot indicating the breakdown of SubClonalSelection
evolutionary modes by subtype and therapy (n = 104). The sizes of the bands reflect sample sizes
and band colors highlight the glioma subtype. Gray coloring reflects instances when treatment
information was not available. f. Kaplan-Meier curve showing survival differences between IDHwt
recurrent tumors demonstrating selection (n = 39) compared with neutrally evolving tumors
(n=44). Log-rank P-value is indicated.

Selective pressures during glioma evolution

Environmental and treatment-induced pressures may drive changes in clonal
architecture at recurrence. To evaluate selection over time we clustered copy
number changes and mutations based on their cancer cell fraction (CCF). CCF
values represent the fraction of cancer cells harboring a given alteration and
reflect the relative timing of events, since alterations that are present in a
subset of cancer cells likely occurred later than events present in all cancer cells
(Figure 3-6a). Most tumors (84%) demonstrated a mutational cluster with CCF
> 50% that persisted from the initial tumor into recurrence, likely reflecting the
tumor trunk and harboring the tumor-initiating driver mutations (Figure 3-6b,
Figure 3-7a) [150]. To determine changes in clonal dominance over time we ranked
clusters within each sample by their CCF and found similarities in clonal archi-
tecture throughout the course of disease (Kendall rank correlation, tau = 0.20,
P = 3.76E-24, Figure 3-6b, Figure 3-7b-d). These results suggested that the clonal
structure at initial disease mostly persisted into recurrence.

To deepen our assessment of selective pressures, we evaluated selection
in initial and recurrent tumors by determining the normalized ratio between
non-synonymous and synonymous mutations (dNdScv). Higher ratios (> 1) suggest
positive selection, and ratios less than one suggest negative selection. We found
evidence for positive selection at both time points despite differences between
subtypes (Figure 3-6c¢). Separating mutations into mutational fractions demon-
strated that shared but not private mutations showed positive dN/dS ratios in all
three glioma subtypes indicating that only shared mutations (including truncal
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mutations) are likely subject to positive selection (Figure 3-6c). The dN/dS ratio
of initial-only mutations showed that these are neither positively nor negatively
selected for, while recurrence-only mutations were subject to negative selection
in IDHwt.
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a. The minimum cancer cell fraction of the most persistent (shared between initial and recurrence)
PyClone cluster. b. Comparison of PyClone clusters ranked by CCF in matched initial and recurrent
tumors, as Figure 3-6b but separated by subtype. c-d. Examples of cluster CCF dynamics over
time in three separate samples, including (c) two multi-timepoint samples (d) and one multi-
sector sample. These additional data are available in the GLASS resource, but only two time-
separated samples were used throughput the manuscript to ensure clarity.

To verify the reduced selective pressure in the private mutations we used an
orthogonal method to test for evidence of selection (neutralitytestr) [151]. The
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method uses variant allele frequency distributions and estimated mutation rates
to detect whether profiles significantly deviate from a model of neutral evolu-
tion (i.e. as depicted by a linear relationship in Figure 3-6d). In accordance with
dNdScyv results, private mutations demonstrated dynamics consistent with neu-
tral evolution (Figure 3-6d). Shared subclonal mutations deviated from linearity
and were consistent with selection both in non-hypermutators and hypermuta-
tors (Figure 3-6d, Figure 3-8a-b), providing additional evidence that the strongest
selective forces occur early in gliomagenesis.

Table 3-4. Breakdown of evolution mode (evolution at primary - evolution at
recurrence) separated by subtype (n = 104 patients). N = neutral, S = selection.

Glioma subtype
Evolution mode IDHmut-codel (n = 16) IDHmut-noncodel (n = 29) IDHwt (n = 59)

N-N 14 19 21
N-S 1 3 12
S-N 0 2 9
S-S 1 5 17

Table 3-5. Breakdown of selection status at recurrence by subtype (n =145 patients).

Glioma subtype
Selection atrecurrence IDHmut-codel (n=19) IDHmut-noncodel(n=43) IDHwt (n=283)
Neutral 16 32 44
Selection 3 n 39

Cohort-level analysis of selection masks the heterogeneity that exists in individu-
al evolutionary trajectories. To determine the selective effects at each tumor time
point we used a Bayesian framework (SubClonalSelection) which simultaneously
provides sample-specific probabilities for both selection and neutrality while
modeling sources of noise in sequencing data. The classification of a sample as

In

“selection” or “neutral” is determined by whichever model has the greater prob-
ability. Classification as “neutral” reflects the accumulation of random mutations
that are not subject to selection. Given the stringent algorithm requirements,
183 patients were included in this analysis with at least one time point, and 104
patients with both time points (16 IDHmutant-codels, 29 IDHmutant-noncodels,
59 IDHwt, Table 3-4). Neutral to neutral was the most common evolutionary tra-

jectory across all three subtypes (52%), and IDHwt tumors displayed the highest
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observed selection at any time point with selection detected in 64% of tumors
(Fisher’s exact test P = 0.01, Figure 3-6e, Table 3-5). IDHwt gliomas with evidence
for selection at recurrence had a shorter overall survival than IDHwt gliomas
classified as neutral at recurrence (P = 2.7E-02; log-rank statistic, Figure 3-6f),
suggesting that subclonal competition associates with more aggressive tumor
behavior. To address the limitations of smaller sample sizes in the IDH-mutant
subtypes, we performed a Cox proportional hazards model including age at
first diagnosis, all three glioma subtypes, and mode of selection at recurrence.
This analysis revealed that selection at recurrence was significantly associated
with shorter survival across subtypes (HR =1.53 95% Cl 1.00-2.41, P = 4.8E-02,
Table 3-6). We next investigated whether radiation and chemotherapy imposed
a selective effect, by comparing the evolutionary status at recurrence with treat-
ment and other clinical variables. We did not observe significant associations
between subclonal selection and radiation therapy or chemotherapy (Fisher’s
exact-test P> 0.05, Table 3-7), suggesting that standard therapeutic approaches
for glioma have limited impact on the subclonal tumor architecture. While high-
depth sequencing datasets may be required to detect subtle selective effects
[146], our analyses raise the possibility that the survival benefit derived from
standard chemoradiation results from tumor cell elimination where treatment
sensitivity of individual cells is not determined by genetic factors.

Table 3-6. Multivariate Cox proportional hazards model testing the association
between evolution status at recurrence and overall survival (n = 131 patients).

Covariate Levels HR (95% ClI) P-value
Age at first Diagnosis

Years 1.04 (1.02-1.06) 5.58E-05
IDH-codel subtype

IDHmut-codel (n=18) (ref)

IDHmut-noncodel (n = 43) 6.2(2.1-18.2) 9.83E-04

IDHwt (n = 70) 25.7 (8.5-77.9) 9.26E-09
Evolution status at recurrence

Neutral (n = 87) (ref)

Selection (n = 44) 1.55(1.0-2.4) 4.90E-02
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Table 3-7. Relationship between selection status at recurrence and therapy. P-values
were calculated using a two-sided Fisher’s exact test. Patients with available
SubClonalSelection and known therapy information and sample size is indicated.

IDHmut-codel
Alkylating-agent (n = 15 patients) Radiation therapy (n =18 patients)
No Yes P-value No Yes P-value
Neutral 8 5 Neutral 1 5
Selection 2 0 0.52 Selection 1 1 1.0

IDHmut-noncodel

Alkylating-agent (n = 39 patients) Radiation therapy (n = 43 patients)

No Yes P-value No Yes P-value
Neutral 14 15 Neutral 20 12
Selection 3 7 0.46 Selection 8 3 0.72
IDHwt
Alkylating-agent (n = 65 patients) Radiation therapy (n = 69 patients)

No Yes P-value No Yes P-value
Neutral 6 29 Neutral 4 33
Selection 4 26 0.74 Selection 2 30 0.68

Driver alteration frequencies across time

We evaluated how stability, acquisition, and loss of mutation and copy number
drivers [15] over time impact glioma evolution. We used dNdScv to nominate
12 candidate mutation driver genes at both time points (Q < 0.05, Figure 3-9,
Figure 3-10a) and determined significant copy number alterations that recapit-
ulated previously identified drivers (Figure 3-10b). Mutations in IDHTand co-oc-
curring 1p/19q chromosome-arm loss have been suggested as glioma-initiating
events [128], which was corroborated by the observation that these events were
never lost or acquired during the surgical interval (Figure 3-9a, Figure 3-11a). Sim-
ilarly, we observed that TERT promoter mutations were almost always shared in
the IDHmutant-codel and IDHwt, though many samples lacked sufficient cover-
age in this GC-rich region. Chromosome 7 gains and chromosome 10 losses were
present in a large majority of IDHwt initial tumors and persisted into recurrence.
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a. Driver dynamics for SNVs nominated by the dNdScv and CNVs nominated by GISTIC (n = 222).
Each column represents a single patient at two separate time points stratified by subtype and
ordered left-to-right by the number of driver alterations. The degree of aneuploidy difference
(recurrence - initial) offers a summary metric for increases (> 0) or decreases (< 0) in aneuploidy
at recurrence. Variants are marked and different shapes indicate whether a variant was shared
or private. The variant type is depicted by its color. Stacked bar plots accompanying each gene/
arm provide cohort-level proportions for whether the alteration was shared, lost, or acquired. b.
Aneuploidy comparison in matching initial and recurrent IDHmut-noncodel tumors. e. Within-
sample CCF comparison of CDKN2A homozygous deletion (homdel) to genome-wide CCF as a
proxy for aneuploidy. A relative higher CCF indicates temporal precedence. Wilcoxon signed-rank
test P-value is indicated. d. Kaplan-Meier curve comparing survival in IDHmut-noncodel tumors
with an alteration in the cell cycle, acquired aneuploidy, or both (shades of red) versus unaltered
IDHmut-noncodel tumors (blue). Log-rank P-value is shown.
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/™ Figure 3-10. Driver gene nomination.

a. Local (gene-wise) dNdScv estimates by subtype (rows) and fraction (columns). Genes are
sorted by Q-value and P-value. The Q-value is shown in color, whereas the P-value is indicated
in light gray. The Q-value threshold of 0.05 is indicated by a horizontal red line. b. GISTIC
significant amplification (red) and deletion (blue) plots in initial (left) and recurrent tumors (right).
Chromosomal locations are ordered on the y-axis, Q-values are shown on the x-axis, and selected
drivers are indicated by their chromosomal location on the right.
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a. Tabulated numbers of SNV (top) and CNV (bottom) driver events that were shared, initial-only,

or recurrence-only. P-values were obtained using a two-sided Fisher test comparing the initial-

only fraction to the recurrence-only fraction testing for acquisition. b. One-sided Fisher test

comparing the initial-only fraction to the recurrence-only fraction amongst previously implicated

glioma drivers testing for driver acquisition. P-

values were adjusted for multiple testing using

the FDR (x-axis). Hypermutators (red) and non-hypermutators (black) were separately analyzed.
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Ladder plots comparing the CCF of co-occurring drivers in single tumor samples. The color of
the lines and points indicates whether the sample shown is an initial (brown) or recurrent (green)
tumor. Two-sided Wilcoxon rank-sum test P-values are shown for all initial samples, all recurrent

samples, as well as all samples (black).
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Shifts in the fraction of cancer cells harboring an event may also indicate a time
dependency of drivers. We determined changes in cellular prevalence of shared
driver events by ordering events in each sample by their CCF (Figure 3-12). ATRX
mutations in IDHmutant-noncodel initial tumors demonstrated lower CCFs than
TP53(P=0.03) and IDH1(P = 0.10) mutations, suggesting IDH1and TP53 mutations
precede ATRX inactivation [128]. There was no difference in CCF between IDHTand
TP53 amongst initial gliomas (P = 0.98), however, IDHT mutations demonstrated
significantly lower CCFs compared with TP53 (P = 0.0018) in recurrent gliomas. We
did not observe any CCF differences among driver mutations detected in IDHwt
tumors at either time point. Chromosome 10 deletion CCFs were higher compared
to chromosome 7 amplifications (P = 0.0036) implying that chromosome 10 dele-
tions arise earlier [152]. Similarly, there was no difference in CCF between CDKN2A
deletion and EGFR amplification (P = 0.70). EGFR and chromosomal arm events
significantly differed (i.e. 10p del vs EGFR amp, P = 0.0019) but not CDKN2A dele-
tion and chromosomal events (i.e. 10p del vs CDKN2A del, P = 0.33). The consis-
tently high CCF for EGFR amplifications could indicate that these events precede
even some larger chromosomal aberrations, while not excluding the possibility
that high levels of extrachromosomal EGFR [153] artificially inflate CCF.

Longitudinal changes in CCF values provide additional insights into evolution-
ary dynamics. For instance, the CCF value may increase when a driver event is
linked to clonal expansion, or conversely, decrease when a clone is outcompeted.
Most individual drivers did not demonstrate significant consistent CCF chang-
es between the initial tumor and recurrence (Figure 3-13a). A notable exception
was the TP53 mutation CCF that increased over time (P = 0.037) in IDHmut-non-
codels, but not IDHwt gliomas (P = 0.13, Figure 3-13b). We did not observe any
differences in IDH1 CCF over time among IDHmut-noncodel tumors, possibly
because the general trend of these tumors to increase in CCF is counteracted by
the biological loss of relevance of mutant IDHT over time (Figure 3-13¢). Indeed, a
gross comparison of all shared mutation CCFs revealed an increase in recurrent
IDHmut-noncodel tumors (P < 0.0001), which may reflect increased clonality and
areduction in intratumoral heterogeneity (Figure 3-13d). In contrast, shared CCFs
decreased in IDHwt tumors, potentially indicating a general increase in intratu-
moral heterogeneity at recurrence (P < 0.0001, Figure 3-13d). We confirmed that
IDHmutant-noncodel CCF increases and IDHwt decreases were not biased by
patients with high mutation burden through the classification of patient-specific
shared mutation CCF change (Figure 3-13e).
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Figure 3-13. Between time point intra-patient CCF comparison.

Subtype

a. Driver-gene CCF comparison between initial and matched recurrences. Lines are colored by
variant classification. Two-sided Wilcoxon rank-sum test P-values are shown. b. TP53 CCF by
subtype, otherwise asin (a). c. IDHTCCF by subtype, otherwise asin (a). d. Ladder plot visualizing
CCF change across all SNVs between initial and recurrent tumors, separated by subtype. Wilcoxon
rank-sum test was used to test for differences between time points. e. Initial and recurrent
mutations in each patient were compared using a Wilcoxon rank-sum test. Bar plot with counts
of patients in each subtype are shown. Patients lacking significant change are shown in yellow,
those with a significant increase or decrease are shown in dark and light blue, respectively.
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/™ Figure 3-14. Aneuploidy calculation.

a. Heatmap displaying the chromosomal arm-level events (x-axis) with patients represented
in each row. Patients are placed in the same order for both the initial (left) and recurrence
(right). White space was inserted as a break between the three subtypes. b. Distribution of total
aneuploidy difference. Acquired aneuploidy determination (upper-quartile) indicated with a
red line. c. Comparison of aneuploidy score between initial and recurrent tumors separated by
subtype d. As (c), comparing aneuploidy value.

We next investigated whether specific somatic alterations were acquired or lost
over time. Gene-specific enrichment of many recurrence-only mutations was
found in hypermutated tumors, but there was no enrichment for somatic gene
alterations in non-hypermutators suggesting that glioma recurrence is not di-
rected by particular sets of mutations (Figure 3-11b). Within subtypes we detect-
ed an enrichment in CDKN2A homozygous deletions (Figure 3-9a, Figure 3-11a)
in recurrent IDHmutant-noncodels, which was corroborated by additional cell
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cycle gene alterations (focal gain of CCND2, CDK4, CDK6, and mutation or homo-
zygous loss of RB1). Mutations in cell cycle checkpoint control genes are asso-
ciated with genomic instability [154]. Therefore, we analyzed aneuploidy levels
by determining the proportion of the genome that had undergone aneuploidy
events (Figure 3-14a-b). We observed that IDHmutant-noncodel tumors had
a higher level of aneuploidy at recurrence (Wilcoxon rank sum test P=1.4E-06
total aneuploidy, p = 8.6E-03 arm-level aneuploidy, Figure 3-14c-d) with tumors
carrying acquired cell cycle gene alterations displaying the largest increases in
aneuploidy (P = 7.6E-06; Wilcoxon rank sum test, Figure 3-9b). We reasoned that
CDKN2A deletions may precede aneuploidy. Homozygous CDKN2A deletions had
significantly higher CCFs compared to average CNV CCF across the genome (as a
surrogate for aneuploidy related copy number changes), suggesting that CDKN2A
loss occurred prior to aneuploidy (Figure 3-9c¢). These alterations may hasten
disease progression as patients with either cell cycle alterations or the largest
increases in aneuploidy at recurrence demonstrated significantly shorter survival
than patients without these alterations (log-rank test P < 0.0001, Figure 3-9d).
Taken together, the persistence of drivers over time and the paucity of consis-
tent change imply that therapy does not result in selection of specific sets of
molecular changes.

Immunoediting activity in glioma

We next investigated how the immune microenvironment affects evolutionary
trajectories. The immune system may prune tumor cells carrying immunogenic
(neo-)antigens, resulting in the selection of subclones capable of evading the
immune response. Evidence of this immunoediting process has been shown in
cancer types, including glioma [74, 155-157], and suggests active immunosur-
veillance that may be therapeutically exploited [158]. We computationally pre-
dicted neoantigen-causing mutations [159]. As expected, the neoantigen load
across the GLASS cohort was strongly correlated with exonic mutation burden
(Spearman’s Rho = 0.89), with 42% of honsynonymous exonic mutations giving
rise to neoantigens on average. This fraction did not significantly differ by glioma
subtype or between initial and recurrent tumors (P > 0.05, Wilcoxon rank-sum
test; Figure 3-15a). The most common neoantigen arose from the clonal R132H
mutation in IDHTand was present in of 22 out of 88 IDH-mutant initial and recur-
rent tumors. Beyond mutations in IDHT, no mutations gave rise to a neoantigen
found in more than three tumors at a given timepoint (Supplementary Table 6,
available online with the full-text of this article at www.nature.com). Across the
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dataset, neoantigens and non-immunogenic mutations exhibited similar changes
in cancer cell fractions between initial and recurrent tumors indicating a lack of
neoantigen-specific selection processes over time (Figure 3-16a).
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/N Figure 3-15. Neoantigen selection during tumor progression.

a. Mean proportion of coding mutations giving rise to neoantigens (neoantigens/nonsynonymous)
stratified by glioma subtype and timepoint (n = 222). Error bars represent standard deviation.
b. Boxplot depicting the distribution of observed to expected neoantigen ratios in the GLASS
cohort stratified by glioma subtype. P-value was calculated using the Wilcoxon rank-sum test.
Each box spans quartiles, with the lines representing the median ratio for each group. Whiskers
represent absolute range, excluding outliers. e. Scatterplot depicting the association between
the observed-to-expected neoantigen ratio in a patient’s initial versus recurrent tumor. Each
point represents a single patient. R represents Pearson correlation coefficient. Panels b and ¢
only include samples with at least 3 neoantigens in the initial and recurrent tumors (n =131, 63,
and 24 for IDHwt, IDHmut-noncodel, and IDHmut-codel, respectively). d. Ladder plot depicting
the difference in observed-to-expected neoantigen ratio between a tumor’s clonal and subclonal
neoantigens. Each set of points connected by a line represents one tumor. Tumors are stratified
by whether they were a patient’s initial or recurrent tumor. Lines are colored by each patient’s
glioma subtype. Panel d only includes samples with at least 3 clonal neoantigens and at least
3 subclonal neoantigens in both the initial and recurrent tumors (n =35, 20 and 9 for IDHwt,
IDHmMut-noncodel, and IDHmut-codel, respectively). P-value was calculated using a paired two-
sided t-test. Colors in each panel represent the glioma subtype and are denoted at the bottom
of the figure.
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/™ Figure 3-16. Neoantigen evolution and cellular analysis.

a. Bar plots representing the number of shared mutations that give rise to neoantigens (top
row, “immunogenic”) and those that do not give rise to neoantigens (bottom row, “non-
immunogenic”) stratified by longitudinal clonality (“(clonality in initial)-(clonality in recurrence)”)
and further separated by subtype. Percentage of longitudinal clonality per subtype and mutation
immunogenicity are presented above the respective bars. b. Left: Ladder plot depicting the
difference in observed-to-expected neoantigen ratio between the initial and recurrent tumors
of patients with hypermutated tumors at recurrence. Each set of points connected by a line
represents one tumor (n = 70). Right: Boxplot depicting the distribution of observed to expected
neoantigen ratios in recurrent tumors stratified by hypermutator status (n =35 and 183 for
hypermutators and non-hypermutators, respectively). Each box spans quartiles, with the lines
representing the median ratio for each group. Whiskers represent absolute range, excluding
outliers. P-values for panel b were calculated using a paired and unpaired two-sided t-test,
respectively. c. Stacked bar plots depicting the average relative fraction of 11 CIBERSORT cell
types in the neoantigen depleted (< 1) and non-depleted (> 1) initial and recurrent tumor subgroups.
Asterisks to the right of each plot indicate a significant difference (P < 0.05, Wilcoxon rank-sum
test) between the depleted and non-depleted groups for the noted cell type at that time.
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We then examined the extent to which immunoediting occurred by comparing
each sample’s observed neoantigen rate to an expected rate that was empirically
derived from our dataset. The output of this approach is a normally distributed
set of ratios centered at 1. Samples with an observed-to-expected neoantigen
ratio < 1 exhibit evidence of neoantigen depletion relative to the rest of the data-
set, and thus are more likely to have been immunoedited. We found that none
of the three glioma subtypes harbored observed-to-expected ratios that signifi-
cantly differed from 1 (P> 0.05, one sample t-test), though IDHwt tumors exhib-
ited significantly lower scores compared to IDHmut-noncodels (t-test, P = 0.04;
Figure 3-15b). We additionally did not observe an association between the ob-
served-to-expected ratio and survival when adjusting for subtype and age (Wald
test, P> 0.05), nor was there a difference between samples with neutral evolution
dynamics compared to those exhibiting evidence of subclonal selection. When
comparing samples longitudinally, we found that the observed-to-expected
neoantigen ratio was strongly correlated between initial and recurrent tumors
of each patient (Pearson’s R = 0.73, P = 5E-38), suggesting that the neoantigen
depletion level in the recurrence reflects that of the initial tumor (Figure 3-15¢).

Immunoediting is most likely to take place in the tumors with high cytolyt-
ic activity and low levels of immunosuppressive activity [157]. Hypermutators,
which have high neoantigen loads, have previously been associated with highly
cytolytic microenvironments [74]. However, we did not observe any differences
in the observed-to-expected neoantigen ratio between hypermutated recurrent
tumors and their initial counterparts, nor did we observe differences between hy-
permutated and non-hypermutated recurrent tumors, indicating that immunoed-
iting activity is not related to the total number of mutations in a sample (Wilcoxon
rank-sum test P> 0.05; Figure 3-16b). To more directly determine whether there
were immunologic factors associated with neoantigen depletion, we analyzed
CIBERSORT immune cell fractions from a subset of samples that had under-
gone expression profiling in a previous study (n = 84 from 42 tumor pairs) [74,
160]. Initial tumors with an observed-to-expected neoantigen ratio >1 exhibited
significantly higher levels of CD4+ T cells than those with a ratio < 1, while recur-
rent tumors with a ratio > 1 exhibited significantly higher levels of macrophages,
neutrophils, and significantly lower levels of plasma cells relative to those with
ratio < 1(P< 0.05, Wilcoxon rank-sum test; Figure 3-16¢).

While we did not detect many factors associated with the observed-to-ex-
pected neoantigen ratio, we did observe that the ratio was significantly associat-
ed with the total number of unique HLA loci in a patient (Spearman’s Rho = 0.28,
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P = 2E-9), reflecting similar findings in lung cancer [161]. This may bias analyses
comparing the ratio across patients. To determine whether immunoediting varies
over time in a patient-agnostic manner, we compared the observed-to-expected
neoantigen ratio derived from a sample’s clonal mutations, which likely arose ear-
lier in tumor evolution, to that derived from their subclonal mutations, which likely
arose later. We did not observe a significant difference in the observed-to-ex-
pected neoantigen ratio of each patient’s clonal and subclonal neoantigens, re-
gardless of glioma subtype or whether the sample was an initial tumor or recur-
rence (P> 0.05, paired t-test; Figure 3-15d). Together, these analyses suggest that
neoantigens in glioma are not exposed to differing levels of selective pressure
throughout their development.

Discussion

We reconstructed the evolutionary trajectories of 222 patients with glioma to
better understand treatment failures and tumor progression. The longitudinal
molecular profiles revealed common features such as acquired hypermutation
and aneuploidy, but highlighted the individualistic paths of post-treatment
glioma evolution. Our results provide evidence that current standard of care
therapies do not frequently coerce glioma down predictable paths. Instead, an
unexpected number of gliomas appeared to stochastically evolve following early
driver events. We expect that continuing to profile patient tumors over time using
comprehensive sequencing approaches will identify additional common evolu-
tionary paths. Our results here highlight the exciting prospects of several ongoing
efforts that may inform new glioma therapies.

The observation that treatment-induced hypermutation occurred across sub-
types, but did not confer a detrimental effect on patient survival leaves the clin-
ical significance of glioma hypermutation uncertain [73,139, 141,144,147]. Future
analyses that consider the number of therapy cycles and MGMT DNA methylation
status will help to elucidate factors that predispose tumors to hypermutation
and identify therapies that effectively exploit this phenotype’s vulnerabilities
(e.g., high mutation burden). Acquired cell cycle alterations and aneuploidy in
recurrent IDHmut-noncodel gliomas also provide a rationale to target these more
aggressive phenotypes with CDK inhibitors [162] or with compounds that dis-
rupt microtubule dynamics [163]. Finally, our analyses revealed that immunoed-
iting activity does not vary in glioma over time, though we did observe variation
between individual patients. Additional molecular and immunological data are
needed to fully understand the impact this variability has on glioma evolution
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and to devise therapies directed at a glioma’s immunogenicity [135]. To this end,
we found that clonal neoantigens arising from the IDHT R132H mutation per-
sisted from the initial tumor into the recurrence, justifying neoantigen vaccine
approaches as treatments for initial and recurrent glioma [164, 165].

Collectively, these findings help shape our perspective on what constitutes
an optimal treatment, and what approaches would result in the greatest removal
or killing of glioma cells possible. Genomic characterization efforts such as TCGA
have greatly increased our understanding of glioma biology, but were limited to a
single snapshot in evolutionary time. The GLASS resource provides a framework
to study the patterns of glioma evolution and treatment response.
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Methods

Data reporting

No statistical methods were used to predetermine sample size.

DNA sequencing and data collection

The GLASS dataset consists of both unpublished and published sequencing data
as outlined in Supplementary Table 1. Among the cohort were exomes from 436
glioma samples (200 patients), whole-genome from 165 glioma samples (78 pa-
tients), with overlapping exome/whole-genome data on 78 glioma samples (38
patients). A matching germline sequence was available for all patients. The data-
set includes 257 sets of at least two time-separated tumor samples, seventeen
standalone recurrences, and 19 patients with at least two geographically distinct
tumor portions. More specifically, the dataset includes exome or whole-genome
sequencing data on 211 primary gliomas, 234 first recurrences, 32 second recur-
rences, 11 third recurrences and one fourth recurrence (Supplementary Table 7,
available online with the full-text of this article at www.nature.com).

Newly generated whole genome sequencing data for the Chinese University
of Hong Kong (HK), Northern Sydney Cancer Centre (NS) and MD Anderson Cancer
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Center (MD) cohorts were subjected to 150 base paired-end sequencing. The HK
samples were sequenced using a HiSegX while the NS and MD cohorts were se-
quenced using a NovaSeq according to lllumina’s protocols. Whole exome capture
was performed using the following platforms as reported in previous publica-
tions. Agilent SureSelect Human All Exon 50Mb capture kit was used for patients
SF-0001- SF-0021, Agilent SureSelect Human All Exon V4 capture kit was used
for patients SF-0024 - SF-0029 in the UC San Francisco cohort. Agilent SureSe-
lect Human All Exon v4 or v5 was used to capture samples in the Kyoto University
cohort. Samsung Medical Center cohort reported using Agilent SureSelect kit
for patients SM-R056 - SM-R071, SM-R075, SM-R076, SM-R095- SM-R114 while
lllumina TruSeq Exome-capture kit was used for patient SM-R0O72. Exome capture
was performed using Agilent SureSelect Human All Exon 50 Mb in The Cancer
Genome Atlas (TCGA)-GBM cohort and Agilent SureSelect Human All Exon v2.0,
44Mb kit in the TCGA-LGG cohort. Columbia University cases were captured using
Agilent V3 50M kit, sequencing 90bp PE for samples RO0O9-TP, ROO9R1, ROT1TP,
ROTIR1, RO14TP, RO14R1, RO17-R1, RO18-R1, RO19-R1. Mapping files of initial tumor
and normal samples of patients RO17 - RO19 were obtained from TCGA through
CG-hub. All other samples were captured using Agilent SureSelect XT Human All
Exon v4 Kit, PE, 80M reads, 150X on target coverage. Samples in the Henry Ford
Hospital cohort were multiplexed and sequenced using lllumina HiSeq 2000 by
the Sequencing and Microarray Facility at an average target exome coverage of
100x using 76-bp paired-end reads. Samples in the HK cohort were subjected to
75 base paired-end sequencing for HK-0001 - HK-0004 as performed NextSeq
in high output mode. In the Leeds Cohort (LU) SureSelectXT V5 kit (PE100) was
used to construct exome libraries. Illumina TruSeq Exome capture kit was used
for samples at the Medical University of Vienna - CeMM.

GLASS identifiers

A GLASS barcode system was created, based on TCGA barcode design, in an effort
to de-identify patient information and provide an organized framework for the
different pieces of the dataset.

GLASS barcodes are composed of 24 characters. The first four characters
specify the project (either GLSS or TCGA). All datasets submitted to the GLASS
consortium, published and unpublished, were given the GLSS project ID. Samples
that were part of the TCGA cohorts (TCGA GBM and TCGA LGG) were given a TCGA
designation. The next two characters designate the center where the samples
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were either acquired or sequenced (Supplementary Table 7, available online with
the full-text of this article at www.nature.com). This is followed by the four-char-
acter center specific patient identification that was kept as close as possible
to the patient identification provided by the collaborators to allow a simplified
trace back process. Patient data is divided by a relative sample type, such as
initial tumor (TP), recurrent tumor (R1), normal tissue (NB, NM, etc), or metastatic
tumor sample (M1). If there was more than one recurrence the relative number
was specified following “R”. Some patients had surgeries for which a biospecimen
was unavailable. Thus, a surgical number was also provided to indicate temporal
ordering (Supplementary Table 8, available online with the full-text of this article
at www.nature.com). To include spatially separated samples the portion des-
ignation was added, which is followed by one character specifying the type of
analyte, either DNA (D) or RNA (R). As there is variation in the sequencing analysis,
a three-character designation represents either whole genome (WGS) or whole
exome sequencing (WXS). The last part of the GLASS barcode is a six-character
desighation unique to each barcode that was randomly generated.

Computational pipelines

All pipelines were developed using snakemake 5.2.2 [166]. Unless otherwise
stated, all tools mentioned are part of the GATK 4 suite [167]. All data was col-
lected at a central location (The Jackson Laboratory) and was analyzed using
homogenous pipelines capable of processing both raw fastq files as well as
re-process previously analyzed bam files.

Alignment and pre-processing

Data pre-processing was conducted in accordance to the GATK Best Practices
using GATK 4.0.10.1. Briefly, aligned BAM files were separated by read group, san-
itized and stripped of alignments and attributes using ‘RevertSam’, giving one
unaligned BAM (uBAM) file per readgroup. Uniform readgroups were assigned to
uBAM files using ‘AddOrReplaceReadgroups’. Similarly, unaligned fastq files were
assigned uniformly designated readgroup attributes and converted to uBAM
format using ‘FastqToSam’. uBAM files underwent quality control using ‘FastQC
0.11.7°. Sequencing adapters were marked using ‘MarkllluminaAdapters’. uBAM
files were finally reverted to interleaved fastq format using ‘SamToFastq’, alighed
to the b37 genome (‘human_glk_v37_decoy’) using ‘BWA MEM 0.7.17’, attributes
were restored using ‘MergeBamAlignment’. ‘MarkDuplicates’ was then used to
merge aligned BAM files from multiple readgroups and to mark PCR and opti-
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cal duplicates across identical sequencing libraries. Lastly, base recalibration
was performed using ‘BaseRecalibrator’ followed by ‘ApplyBQSR’. Coverage sta-
tistics were gathered using ‘CollectWgsMetrics’. Alignment QC was performed
running ‘ValidateSamFile’ on the final BAM file and QC results were inspected
using ‘MultiQC 1.6a0’ [168]. A haplotype database for fingerprinting was gener-
ated using a modified version of the code on https://github.com/naumanjaved/
fingerprint_maps. The tool ‘CrosscheckFingerprints’ was used to confirm that all
readgroups within a sample belong to the same individual, and that all samples
from one individual match. Any mismatches were marked and excluded from
further analysis.

Variant detection

Variant detection was performed in accordance to the GATK Best practices using
GATK 4.1.0.0. Germline variants were called from control samples using Mutect2
in artifact detection mode and pooled into a cohort-wide panel of normals. So-
matic variants were subsequently called in individual tumor samples (single-sam-
ple mode) and in entire patients using GATK 4.1 Mutect2 in multi-sample mode.
Mutect2 was given matched control samples, the aforementioned panel of nor-
mals and the gnomAD germline resource as additional controls. Cross-sample
contamination was evaluated using ‘GetPileupSummaries’ and ‘CalculateCon-
tamination’ run for both tumor and matching control samples. Read orientation
artifacts were evaluated using ‘CollectFIR2Counts’ and ‘LearnReadOrientation-
Model’. Somatic likelihood, read orientation, sequence context, germline and
contamination filters were applied using ‘FilterMutectCalls’.

Variant post-processing

BCFTools 1.9 was used to normalize, sort and index variants [169]. A consensus
VCF was generated from all variants in the cohort, removing any duplicate vari-
ants. The consensus VCF file was annotated using GATK 4.1 Funcotator and the
v1.6.20190124s annotation data source. Allele frequencies (AFs) from multi-sam-
ple Mutect2 were used to compare AFs between related samples. Multi-sam-
ple Mutect?2 calls and filters mutations across a patient as a whole and does
not determine mutation calls in a single sample. Single-sample mutation calls
were overlaid on the multi-sample calls to infer whether variants were called in
individual samples. Single-sample called variants that were not present in the
multi-sample callset were discarded.
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Mutational burden

Mutational burden was calculated as the number of mutations per megabase
(Mb) sequenced. A minimum coverage threshold of 15x was required for each
base. DNA hypermutation was defined for recurrent tumors with greater than 10
mutations per Mb sequenced as these values were considered outliers (1.5 times
the interquartile range above the upper quartile). Notably, there were a few initial
gliomas that demonstrated a mutational frequency above 10 mutations per Mb.
However, the “hypermutation” classification was restricted to only patients with
this level at recurrence since these likely reflect different evolutionary paths.

Mutational signatures

The relative contributions of the COSMIC mutational signatures were determined
from a patient’s initial-only, recurrence-only, and shared mutations by solving
the non-negative-least squares (NNLS) problem for each set of mutations using
the 30 signatures from version 2 (March 2015). Six signatures were dominantly
enriched in at least 3% of the fractions and we resolved the NNLS using the re-
duced six-signature model to increase accuracy and reduce noise.

Copy number segmentation

Copy number identification was performed according to the GATK Best Prac-
tices and is outlined briefly here. The pipeline differs slightly for whole genomes
and whole exomes. For genomes, the genome was segmented into 10kb bins
using ‘Preprocessintervals’. For exomes, overlapping regions between several
commonly used capture kits (Broad Human Exome b37, Nextera Rapid Capture,
TruSeq Exome, SeqCap EZ Exome V3, Agilent SureSelect V4, Agilent SureSelect V7)
were identified using ‘bedtools multilntersectBed’. The tool ‘Preprocessintervals’
was used to apply 1kb padding and to merge overlapping intervals. In parallel,
‘SelectVariants’ was used to subset the gnomAD resource of germline variants
to variants with a population AF greater than 5%. Next, ‘CollectReadcounts’ was
used to count reads in the bins generated by ‘Preprocessintervals’ separately for
autosomes and allosomes. In parallel, ‘CollectAllelicCounts’ was used to count ref-
erence and alternate reads at gnomAD variant sites with a population AF greater
than 5%. The cohort was subsequently split into batches determined by sequenc-
ing center and ‘CreateReadCountPanelOfNormals’ was used to create a panel of
normal (PON) for each batch. PONs were created separately for allosomes and
autosomes, and allosomes were separated further by sex. To further improve
the panel of hormals, GC content annotation of each interval as determined by
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‘Annotatelntervals’ were given. Next, ‘DenoiseReadCounts’ was used to denoise
the binned readcounts output by ‘CollectReadCounts’, given a PON determined
by batch, chromosomes (allosomes or autosomes) and sex. Denoised copy ratios
were plotted and inspected for quality concerns using ‘PlotDenoisedCopyRatios’.
The tool ‘ModelSegments’is an implementation of a gaussian-kernel binary-seg-
mentation algorithm and was used to merge contiguous segments and assign
copy and allelic ratios. The results of this segmentation were plotted using ‘Plot-
ModeledSegments’ and inspected for quality concerns.

Copy number calling

A copy humber caller loosely based on GATK ‘CallCopyRatioSegments’ (which in
turn is based off of ReCapSeg) and GISTIC was implemented to call both arm-lev-
el and high-level copy number changes, respectively [170, 171].

Segments (from ‘ModelSegments’) with a non-log2 copy ratio between 0.9
and 1.1 were determined to be neutral. These segments were then weighted by
length and a weighted mean and standard deviation (sd) non-log2 copy ratio
(once-filtered) were determined again. Outlier segments are removed and once
again a weighted mean and sd non-log2 copy ratio (twice-filtered) were deter-
mined. Segments with a non-log2 copy ratio between 0.9 and 1.1 and segments
within two standard deviations of the twice-filtered mean were determined to
be neutral, and segments outside of these boundaries were determined to have
a low-level amplification or deletion, depending on the direction.

The weighted mean and sd of the non-log2 copy ratio (once-filtered) was then
determined individually for each chromosome arm. Outlier segments were re-
moved and the weighted mean and sd of the non-log2 copy ratio (twice-filtered)
was determined again. In order to determine a high-level amplification and de-
letion threshold, the most highly amplified and deleted chromosome arms were
selected, respectively. The twice-filtered mean plus (high level amplification) or
minus (high level deletion) two times the sd of the selected arms were used as
high-level thresholds.

Gene level copy number were called by intersecting the gene boundaries with
the segment intervals and by calculating the weighted non-log2 copy ratio for
that gene. The copy number call for that gene was then determined by compar-
ing the gene-level non-log2 copy ratio to the previously determined thresholds.
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dNdScv

The R package dNdScv [172] (https://github.com/im3sanger/dndscv) was run
using the default and recommended parameters for all mutations in initial tumor
samples, recurrent tumor samples, and for each mutational fraction (unique to
initial, unique to recurrent and shared). All analyses were conducted separately
within the three main tumor subtypes.

Aneuploidy calculation

The most reductive metric of aneuploidy was computed by taking the size of all
non-neutral segments divided by the size of all segments. The resulting aneuploi-
dy value indicates the proportion of the segmented genome that is non-diploid.
In parallel, an arm-level aneuploidy score modeled after a previously described
method was computed [173]. Briefly, adjacent segments with identical arm-level
calls (-1, O or 1) were merged into a single segment with a single call. For each
merged/reduced segment, the proportion of the chromosome arm it spans was
calculated. Segments spanning greater than 80% of the arm length resulted in
a call of either -1 (loss), O (neutral) or +1 (gain) to the entire arm, or NA if no con-
tiguous segment spanned at least 80% of the arm’s length. For each sample
the number of arms with a non-neutral event was finally counted. The resulting
aneuploidy score is a positive integer with a minimum value of O (no chromo-
somal arm-level events detected) and a maximum value of 39 (total number of
autosomal chromosome arms excluding the short arms for chromosomes 13,
14,15, 21, and 22).

Estimates of evolutionary pressures

Evolutionary pressures were evaluated both by variant status and glioma subtype
using the neutralitytestr algorithm as previously described (R-package: neutral-
itytestr version: 0.0.2, https://github.com/marcjwilliams1/neutralitytestr) [151].
Individual variant allele frequency vectors were merged at the level of glioma sub-
type by variant status. Only mutations found in copy-neutral regions should were
included in these analyses. For all else, default parameters were used. Merged
VAF distributions were deemed to be selected when the neutral null hypothe-
sis was rejected using several metrics. Tests for neutrality required that both R?
values < 0.98 and the area between the two curves of 1) merged VAF data and 2)
a normalized distribution expected under neutrality to be significantly different.
The SubclonalSelection algorithm was applied to GLASS mutation data to mea-
sure the selection strength in individual tumor samples (Julia package: Subclon-
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alSelection, https://github.com/marcjwilliams1/SubClonalSelection.jl) [136]. Pa-
tients that had samples at both timepoints with a TITAN-defined purity estimate
>= 0.5 and >= 25 subclonal mutations in non-diploid regions were included. Mean
coverage across all mutations was used as the “read_depth” input parameter
and the model was run with the recommended 10°¢ iterations and 1000 particles.
Samples were classified as neutral or selected based on the model that had the
highest probability, in line with the prior applications to TCGA data [136]. Clas-
sification based on the highest model probability yielded stable results there
was not a significant change in proportions when setting a higher classification
probability threshold (P > 0.05, Pearson’s Chi-square test, for both probability
thresholds of 0.6 and 0.7). At all three probability thresholds (0.5, 0.6, and 0.7), Ka-
plan-Meier survival analyses between selection at recurrence and overall survival
continued to indicate that patients with IDHwt tumors that were selected had a
worse overall survival (P = 0.03 (h=81), P= 0.01(n=66), P = 0.01 (n=56) respectively).

Mutation clonality

Each patient’s clonal architecture was inferred using PyClone (version 0.13.1) by
grouping SNVs into clonal clusters (https://github.com/aroth85/pyclone) [174].
The patient-level input mutation matrix was reduced by limiting to sites with
at least 30x coverage across all samples. PyClone was subsequently ran using a
binomial density model, connected initiation,and 10000 iterations. Sample puri-
ties were provided for each patient and parental copy number (minor and major
allele counts) from TITAN were given. PyClone results were post-processed using
a burn-in of 1000, thin of 1, minimum cluster size of 2 and a maximum number of
clusters per patient of 12. Individual mutations were determined to be clonal if
the PyClone cancer cell fraction (CCF) values were >= 0.5, subclonal for mutations
with CCF >= 0.1and CCF <0.5, mutations were considered non-clonal when CCF <
0.1 as previously described [175].

CNV clonality

Allele specific copy number, tumor purity and ploidy estimates were derived using
a probabilistic model (TITAN, version 1.19.1) for both whole genome and whole
exome sequencing samples [176]. TITAN was supplied with the tumor denoised
readcounts output by GATK DenoiseReadCounts and the tumor allelic counts at
loci found to be heterozygous in control samples output by ModelSegments. An
‘alphak’ (and ‘alphaKHigh’) parameter of 2500 and 10000 was used for exomes
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and genomes, respectively. The patient sex was provided in order to improve
fitting allosomes. For each tumor-control pair TITAN was ran assuming an initial
ploidy of two or three, and assuming 1 to 3 clusters, resulting in a total of six
possible solutions per tumor/control pair. To select the optimal solution, TITAN’s
internal selectSolution function was used with a threshold of 0.15 giving addi-
tional weight to diploid solutions.

Timing analysis

The CCF values output by TITAN or PyClone were used for separately timing copy
number changes or mutations. To time specific copy humber changes in genes,
the average CCF for that gene was calculated. When timing mutations in genes,
the highest CCF amongst the non-synonymous mutations was taken.

Neoantigen analyses

Neoantigens in this analysis were defined as all 8-11-mer peptides that arose
from an exonic nonsynonymous SNV or indel and bound their respective patient’s
HLA class | molecules at a binding affinity score (IC50) that was < 500 nM and
better than or equal to the wild-type form of the peptide. Each patient’s 4-digit
HLA class | types were inferred using OptiType (version 1.3.1, https://github.com/
FRED-2/OptiType) run on each patient’s matched normal sample [177]. VCF files
for each tumor sample were annotated using Variant Effect Predictor (ensembl)
with the Downstream and Wildtype plugins. Neoantigens from these VCFs were
then called using pVACseq (version 4.0.10, https://github.com/griffithlab/pVAC-
Seq) [159] run using netMHCpan (version 2.8, http://www.cbs.dtu.dk/services/
NetMHCpan-2.8/) [178]. For each pVACseq run, epitope length was set to 8, 9,
10, or 11, minimum binding affinity fold-change was set to 1,and downstream se-
quence length was set to full, with default parameters used for all other settings.
Downstream neoantigen analyses were performed using the pVACseq output
linked to its respective mutation information. Neoantigen-causing mutations
were defined as all mutations that gave rise to at least one neoantigen. The ob-
served-to-expected neoantigen ratio was calculated using a previously devel-
oped approach that compares each tumor’s observed neoantigen rate to an
empirically derived expected rate that assumes no selection against neoanti-
gen-causing mutations [157]: From the gold set samples in the GLASS cohort
(n=222),define NS to be the expected number of nonsynonymous missense SNVs
per synonymous SNV with trinucleotide context s. ES is then defined as the ex-
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pected number of neoantigen-generating missense SNVs per nonsynonymous
missense SNV with trinucleotide context s. For a given sample i, define Y; as the
sample’s set of synonymous SNVs and s(m) to be a synonymous SNV with trinu-
cleotide context m. The expected number of honsynonymous missense SNVs,
N,.4,and neoantigen-causing mutations, B,..., can then be calculated as follows:

Npred,i = Z Ns(m)

MmeyY;

Bpred,i = Z Ns(m)és(m)

MmeY;

To obtain sample i’s final neoantigen depletion ratio R;, the observed number
of neoantigen-causing mutations in the sample, B, is divided by the sample’s
observed number of nonsynonymous missense SNVs, N, ;, and then this ratio is
divided by the ratio of B,..; and ,,,;. Thus:

_ Bobs,i/Nobs,i
P =
Bpred,i/Npred,i

For analyses examining clonal/subclonal neoantigen ratios, the observed and
expected numbers were calculated by subsetting a sample’s SNVs by the re-
spective criteria and then recalculating the ratio as described above. To mitigate
overfitting, all analyses presented here utilized samples from patients with at
least 3 neoantigen-causing mutations in their primary and recurrent tumors.

Immune cell analyses
CIBERSORT relative immune cell fraction data used in downstream neoantigen
analyses were downloaded from a previous publication [74].

Statistical methods

All data analyses were conducted in R 3.4.2, Python 2.7.15, PostgreSQL 10.5, and
Julia 0.7. All survival analyses including Kaplan-Meier plots and Cox proportional
hazards models were conducted using the R packages survival and survminer.
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Data availability

All deidentified, non-protected access somatic variant profiles and clinical data
are accessible via Synapse (http://synapse.org/glass). Raw data of the various se-
quencing datasets can be obtained per the overview provided in the Supplement.

Code availability

All custom scripts and pipelines are available on the project’s github page
(https://github.com/TheJacksonLaboratory/GLASS).
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Abstract

Background

Intratumoral heterogeneity is a hallmark of diffuse gliomas. DNA methylation
profiling is an emerging approach in the clinical classification of brain tumors.
The goal of this study is to investigate the effects of intratumoral heterogeneity
on classification confidence.

Methods

We used neuronavigation to acquire 133 image-guided and spatially-separat-
ed stereotactic biopsy samples from 16 adult patients with a diffuse glioma (7
IDH-wildtype and 2 IDH-mutant glioblastoma, 6 diffuse astrocytoma, IDH-mu-
tant and 1 oligodendroglioma, IDH-mutant and 1p19q codeleted), which we char-
acterized using DNA methylation arrays. Samples were obtained from regions
with and without abnormalities on contrast enhanced T1weighted and fluid-at-
tenuated inversion recovery MRI. Methylation profiles were analyzed to devise
a three-dimensional reconstruction of (epi)genetic heterogeneity. Tumor purity
was assessed from clonal methylation sites.

Results

Molecular aberrations indicated that tumor was found outside imaging abnor-
malities, underlining the infiltrative nature of this tumor and the limitations of
current routine imaging modalities. We demonstrate that tumor purity is highly
variable between samples and explains a substantial part of apparent epigenetic
spatial heterogeneity. We observed that DNA methylation subtypes are often
conserved in space in most patients after taking tumor purity and prediction
accuracy into account.

Importance of study

Genetic and transcriptional intratumoral heterogeneity is a key feature of dif-
fuse gliomas and thought to drive treatment failure. Epigenetic profiling is an
emerging approach used for clinical classification of brain tumors that results
in improved alignment of patients and treatments. However, how epigenetic in-
tratumoral heterogeneity may impact the robustness of classification remains
unclear. Through DNA methylation profiling of multiple spatially mapped biopsies
from diffuse gliomas in 16 adult patients, and eleven patients in a validation
cohort, our study shows that epigenetic spatial heterogeneity is confounded by
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the presence of non-tumor cells and the prediction accuracy of the classifier.
Taking these confounders into account, DNA methylation-based classification
is conserved in space in most patients, including tumor presence outside stan-
dard imaging abnormalities. These findings emphasize the importance of tumor
purity assessment in DNA methylation studies. The uniformity of DNA methyl-
ation-based classification within tumors demonstrates the robustness of this
method for classification, corroborating its value for clinical studies and practice.

Introduction

Diffuse gliomas are the most common malignant brain tumors in adults [179].
Patients with a diffuse glioma have a poor prognosis and eventually succumb
to treatment failure [180]. The diagnosis, treatment and follow-up of diffuse gli-
omas rely heavily on imaging [180], with magnetic resonance imaging (MRI) as
the current standard. Using contrast enhanced T1 weighted (T1c) MR, diffuse
gliomas can be divided into enhancing tumors, predominantly glioblastoma, or
non- enhancing tumors, predominantly low-grade gliomas (LGG). T1c MRl is used
for enhancing and T2/Fluid-attenuated inversion recovery (FLAIR) MRI for non-en-
hancing gliomas [181]. However, diffuse glioma infiltration extends beyond the
abnormalities detected on standard MRI [182, 183]. Also, the majority of diffuse
gliomas recur directly adjacent to the standard MRI-guided surgical cavity [184].
Heterogeneity of tumor cells is a salient feature of diffuse gliomas and thought
to be a driver of treatment failure. Treatment exposure may drive the clonal evo-
lution of heterogeneous tumor cell populations, leading to the selection and sur-
vival of resistant subpopulations in some gliomas, whereas refractory disease in
others may be driven by other factors [185].

Numerous studies have looked at genetic and transcriptomic heterogeneity
in diffuse glioma. Recent single-cell transcriptome studies have elucidated tran-
scriptional heterogeneity in regulatory programs that converge on the cell cycle
or distinct cellular states [132, 186] while bulk tissue analysis has demonstrated
extensive heterogeneity in somatic drivers such as EGFR and PDGFRA [134, 187]
as well as in general somatic alteration burden [71, 73, 99].

DNA methylation is an epigenetic modification where a methyl-group is added
to a cytosine, most commonly measured in the CpG dinucleotide context. These
modifications are of interest to the neuro-oncology field as genome-wide pat-
terns in DNA methylation profiles provide a robust method for disease classifica-
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tion and a viable supplement to traditional histopathology [15, 94]. Nevertheless,
the extent of intratumoral heterogeneity in DNA methylation remains unclear.

In order to improve our understanding of the epigenetic heterogeneity of diffuse
gliomas, we present a comprehensive analysis of DNA methylation of a large
number of spatially-separated samples taken from regions with and without im-
aging abnormalities. We devised a three-dimensional reconstruction of the DNA
methylation landscape for each tumor, with particular consideration to the vari-
able ratios of tumor and non-malignant cells in each sample.These ratios are quan-
tified as tumor purity using a methylation-based metric that, although not being
the perfect test due to non-zero levels of tumor purity in non-malignant samples,
has proven to be a major confounder in genomic analyses [77,188]. Our analysis
underlines the infiltrative nature of gliomas beyond visible tumor boundaries and
demonstrates a rather homogeneous DNA methylation landscape across space.

Methods

Sample acquisition and study design

A schematic overview of the study design is given in Figure 4-1. The exploration
cohort consisted of 16 patients with an untreated initial diffuse glioma, treated
at the Amsterdam UMC, location VU medical center (VUmc), Amsterdam, The
Netherlands. Patient characteristics are given in Table 4-1. All patients were par-
ticipants of the FRONTIER study of which the protocol has been published [189].
This protocol was approved by the Medical Ethics Committee of the VUmc and
registered in the Dutch National Trial Register (www.trialregister.nl, unique iden-
tifier NTR5354). Sampling was performed, using a stereotactic biopsy procedure
preceding the craniotomy, to obtain two samples of each biopsy location for,
respectively, FFPE and Molfix® (patient 1-8) or snap-frozen (patient 9-16) fixation.
Samples were obtained from regions with and without abnormalities on T1c and
FLAIR MRI in accordance with the study protocol. All procedures were carried out
in accordance with the Helsinki Declaration [190]. Written informed consent was
obtained from all patients.

The validation cohort comprised 11 patients with 61 FFPE samples from
multi-sector sampling of an untreated diffuse glioma treated at the Toronto
Western Hospital, Toronto, Canada or USCF Brain Tumor Center, San Francisco,
USA. In addition, 64 FFPE samples from 64 patients without a glioma from the
German Cancer Network served as controls.
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A. Stereotactic multi-region
image guided biopsies

B. Sampling in different imaging regions
I:l No abnormalities
on imaging

. FLAIR abnormalities

. Contrast

enhancement (TH)

Data collection per sample:
C. Histology D. Molecular E. Imaging

Qualitative Methylation

Cell density
and MIB1-index

N Figure 4-1. Graphical overview of the methods.

A. Multiple pre-operatively planned stereotactic biopsies were taken from each patient tumor.
B. Biopsies were acquired in regions in and outside imaging abnormalities. C. Acquired tissue was
subject to comprehensive histological and molecular analysis.

DNA isolation

DNA isolation was performed by adding proteinase K and incubation at 56°C
using QlAamp DNA Mini Kit (Qiagen). DNA was quantified using a Qubit Fluoro-
meter (ThermoFisher). Genomic DNA was bisulfite converted using Qiaamp DNA
FFPE tissue Kit (Qiagen)
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DNA methylation profiling by microarray

Data was processed using the minfi packages in R (R Foundation for Statistical
Computing, Vienna). Data from the 450k (llluminaHumanMethylation450k.ilmn12.
hg19) and EPIC platforms (llluminaHumanMethylationEPICanno.ilm10b2.hg19)
were processed separately. Detection P-values were calculated for each probe
and sample, and samples with an average detection P-value > 0.01 were removed
from follow-up analysis. Data was normalized using BMIQ from the wateRmelon
package in R. Probes on sex chromosomes and known cross-reactive probes were
removed, as were probes mapping to known SNPs and probes with a detection
P-value > 0.01. Finally, data from different platforms was merged.

DNA-methylation based classification

Glioma methylation subtype classification was performed using L2-regularized
logistic regression using the R package LiblineaR. Classifiers were trained and
evaluated on a set of common probes from TCGA glioma samples with known
methylation subtypes. The classes LGm6-GBM and PA-like were merged into
a single class LGM6-PA as the separation between these classes was based
on phenotype. To improve classification accuracy of samples with low tumor
purity, DKFZ controls were added to the classifier as separate classes. DKFZ DNA
methylation classification was performed using the molecular neuropathology
classification tool (version 11b4) [94]. Briefly, the software preprocesses, normal-
izes, and performs batch adjustment on raw DNA methylation data to generate
probabilistic estimates for each defined tumor subtype. The tumor subtype with
the highest probability was selected as the classification. Samples with a sub-
classification accuracy lower than 0.5 were assigned to the main DKFZ class in
accordance with the Molecular Neuropathology guideline.

Table 4-1. Overview of patients and biopsies in exploration and validation cohort.

Cohort Patient Histology WHO grade  IDH status 1p/19 codeletion Biopsies
Exploration VUmc-01 Glioblastoma v Mutant No 8
Exploration VUmc-02 Glioblastoma v Wildtype No 8
Exploration VUmc-03 Astrocytoma 1] Mutant No 7
Exploration VUmc-04 Glioblastoma v Mutant No n
Exploration VUmc-05 Oligodendroglioma I Mutant Yes

Exploration VUmc-06 Astrocytoma 1l Mutant No

Exploration VUmc-07 Glioblastoma v Wildtype No 9
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Table 4-1. Overview of patients and biopsies in exploration and validation cohort.

Continued

Cohort Patient Histology WHO grade IDHstatus  1p/19 codeletion Biopsies
Exploration VUmc-08 Glioblastoma v Wildtype No 10
Exploration VUmc-09 Astrocytoma 1l Mutant No 6
Exploration VUmc-10 Astrocytoma 1 Mutant No 7
Exploration VUme-11 Glioblastoma \% Wildtype No 9
Exploration VUmc-12 Astrocytoma 1l Mutant No 8
Exploration VUmc-13 Glioblastoma v Wildtype No 9
Exploration VUmc-14 Glioblastoma v Wildtype No 7
Exploration VUmc-15 Astrocytoma Il Mutant No 6
Exploration VUmc-17 Glioblastoma v Wildtype No 12
Validation Toronto-01  Astrocytoma 1] Wildtype No 8
Validation Toronto-02  Glioblastoma v Wildtype No 5
Validation Toronto-03  Glioblastoma v Wildtype No 7
Validation Toronto-04  Glioblastoma \% Wildtype No 4
Validation Toronto-05  Glioblastoma I\ Wildtype No 8
Validation UCSF-01 Astrocytoma 1l Mutant No 4
Validation UCSF-04 Astrocytoma 1] Mutant No 6
Validation UCSF-17 Oligodendroglioma I Mutant No 3
Validation UCSF-18 Astrocytoma 1l Mutant No 4
Validation UCSF-49 Astrocytoma 1] Mutant Yes 6
Validation UCSF-90 Astrocytoma 1l Mutant No 6

Methylation purity estimation and simplicity score

DNA methylation measurements of tumor purity included the PAMES algorithm
and simplicity score [74, 188]. For the PAMES non-malignant central nervous
system samples from the German Cancer Research Center (DKFZ) were used
as a control. PAMES operates in three steps. First, AUCs are calculated for each
probe discriminating between tumor and normal. Second, a selection of the most
informative probes is made. Third, tumor purity is calculated on input samples
using these probes

DNA copy number aberrations inferred from EPIC microarray

Using the R/Conumee package, copy number aberrations were inferred from the
450k and EPIC array data. Merged data from the control samples was used as
baseline control for all analyses. Genomic data was used to calculate aneuploidy.
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Immunohistochemistry and qualitative assessment

FFPE samples from the exploration cohort were stained using hematoxylin and
eosin (HE) and MIB-1. Two expert neuropathologists independently, blinded for
imaging results, assessed the presence or absence of tumor in each sample.
Consensus was obtained in case of disagreement. The patient’s histopathological
diagnosis was made based on resection material using routine procedures and
according to the WHO 2016 criteria [61].

Histopathological analysis of whole-slide scans

Using a Hamamatsu Nanozoomer XR, FFPE slides stained with HE and MIB-1 of
each sample were digitalized. The 40x magnification images were converted to
multiple mosaic images using NDPITools software. Cellularity, defined as number
of cells per mm2, was calculated with Cellprofiler. Proliferation index, defined
as percentage of Ki-67 positive nuclei of all nuclei, was calculated using local
developed software.

Radiologic evaluation of sample locations

Standard imaging sequences from the patients in the exploration cohort included
T1-,T2-, T2/FLAIR and T1c MRI. For each sample location presence of an abnormal
signal for each imaging sequence was independently assessed by a neurosurgeon
and neurosurgical resident with ample experience in glioma imaging. Consensus
was obtained in case of disagreement.

Sample-to-tumor surface distance

Tumors were segmented on FLAIR and, in case of contrast enhancement, also
on Tlc MR, using Brainlab Software, by a neurosurgical resident with ample ex-
perience in glioma imaging. The segmentations and sample coordinates were
exported in 3D T1c MRI space. Sample to tumor-surface distances were obtained,
using Matlab, by calculating the distance between the sample coordinate and the
nearest surface coordinate of the tumor segmentation, using FLAIR for non-en-
hancing and both FLAIR and T1c MRI for enhancing tumors.

Statistical analysis

Median values with interquartile range were used to describe non-normally dis-
tribute data. Mann-Whitney-U test was used to compare distributions between
subgroups. Correlations were calculated with the Spearman or Pearson’s correla-
tion and compared using Fisher’s z transformation. Comparison of percentages
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between subgroups was performed using Fisher’s test Normalization and scaling
of purity measurement modalities was performed by subtracting the mean and
dividing by the standard deviation. To compare absolute purity estimates, the
normalized and scaled purity measurements were rescaled using the PAMES
mean and SD. P values less than 0.05 was considered statistically significant. R
(version 3.5.3) was used for all statistical analyses.

Heterogeneity analysis

Each probe per patient was classified as methylated (B>=0.3) or unmethylated
(B<0.3). A table of all possible pairwise combinations of samples was generated.
Each pair of samples was evaluated for heterogeneity by counting the number of
identical (homogeneous) probes, the number of differing (heterogeneous) probes
and percentages were subsequently calculated. Each pair was annotated accord-
ing to the metadata for each sample in the comparison.

For each patient and sample type we tabulated all possible combinations
of any number samples, iteratively including between 1and the total number of
possible samples. The proportion of heterogeneous and homogeneous probes
was calculated when considering each sample in a given set. For each patient/
sample type and sample number we then calculated the mean and standard
deviation of the proportion heterogeneous across all sets.

Results

We obtained 133 multi-region image-guided samples from eight patients (six
glioblastoma, IDH-wildtype, 2 glioblastoma, IDH-mutant) with an enhancing
tumor (76 samples) and eight patients (six diffuse astrocytoma, IDH-mutant, one
glioblastoma, IDH-wildtype and one oligodendroglioma, IDH-mutant and 1p19q
codeleted) with a non-enhancing tumor (47 samples) (Figure 4-1, Figure 4-2).
In enhancing gliomas, 12 samples were taken outside both T1c and FLAIR ab-
normalities (T1c-/FLAIR-), 44 samples outside (T1c-/ FLAIR+) and 20 inside T1c
abnormalities (T1c+/ FLAIR+). In non-enhancing gliomas, 16 samples were taken
outside (FLAIR-) and 41 inside FLAIR abnormalities (FLAIR+). The maximum sam-
ple-to-tumor surface distance in enhancing tumors was 36.5 mm and 25.6 mm,
respectively assessed with T1c and FLAIR MRI. In hon-enhancing tumors the max-
imum sample-to-tumor surface distance was 22.5 mm assessed with FLAIR MRI.
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< Figure 4-2. Overview of 133 samples in 16 patients with initial diffuse glioma.

Samples are numbered in order of tumor purity for each patient. First row: IDH status with
+ representing a mutation, 1p/19q status with + representing a codeletion, and contrast
enhancement with + representing presence of contrast on T1c MRI. Second row = Tumor purity
assessed with PAMES. Third row = 3D reconstruction of FLAIR (yellow), T1c MRI (red) abnormalities
and sample locations. Due to the 2d representation of a 3D object samples behind and outside
the abnormalities might appear to be within the abnormalities. Fourth row = Euclidean distance
(mm) between sample coordinate and tumor surface assessed with FLAIR (yellow) and T1c MRI
(red). Negative values indicate samples obtained within the tumor volume. Fifth row = presence
of abnormalities on FLAIR (top) and T1c MRI (bottom) at sample location. Sixth row = Median
cellularity and percentage of MIB1 positive cells of the sample and final row = Consensus
assessment of tumor presence by two neuropathologists. IDH = isocitrate dehydroxygenase,
Tlc = contrast enhanced T1 weighted, MRI = magnetic resonance imaging, PAMES= Purity
Assessment from clonal MEthylation Sites, FLAIR = fluid-attenuated inversion recovery
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/N Figure 4-3. Tumor purity measurements.

A. and B. Spearman correlation of different tumor purity estimates in exploration cohort (A.) and
subset of IDH-wildtype glioblastomas of exploration cohort (B.). Correlation matrix with colors
representing Spearmans rho with non-significant correlation as marked with an asterix (*) for
all patients (upper left) and patients with an IDH-wildtype glioblastoma (upper right). Barplot
of sum of absolute correlations for each tumour purity measurement, using only significant
correlations, for all patients (lower left) and patients with an IDH-wildtype glioblastoma (lower
right). C. Boxplot of tumor purity of IDH-mutant and IDH-wildtype tumors in the combined
exploration and validation cohort with p-value of Mann Whitney U test. D. Boxplot of the tumor
purity of histological subtypes in the combined exploration and validation cohort with p-values
of the Mann Whitney U tests.
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< Figure 4-4. Exploration of spatial distribution of DNA methylation-based subtypes.

A. Principal component analysis of exploration and validation cohort (samples=194). B. Correlation
between the second principal component and tumor purity, with the correlation calculated with
Pearson’s R.

Tumor purity accounts for a considerable amount of variation in DNA
methylation profiles

Since non-malignant cells in a sample influence molecular tumor assessment
[74], we sought to quantify tumor purity, defined as the ratio of tumor to non-ma-
lighant cells. We evaluated and compared several methods of tumor purity
estimation based on histology, MRI, DNA methylation and DNA copy number
(Figure 4-3a-b). DNA methylation-based purity estimates, Purity Assessment
from clonal MEthylation Sites (PAMES) provided the strongest correlations with
all other features [188]. There was no difference in tumor purity between samples
from IDH-mutant and IDH-wildtype tumors (Figure 4-3c). WHO subtype was as-
sociated with tumor purity (Kruskal-Wallis p<0.001), with the highest tumor puri-
ties in oligodendroglioma, IDH-mutant and 1p/19q co-deleted and the lowest for
glioblastoma, IDH-mutant (Figure 4-3d), most likely due to the known admixture
of non-malignant cells in grade IV diffuse glioma [191]. This association between
grade and tumor purity is in line with a recent comprehensive analysis of TCGA
samples [77].

We performed a principal component analysis of the DNA methylation data to
elucidate drivers of differences in methylation (194 samples, Figure 4-4a). Includ-
ed in the analysis were samples from a second cohort consisting of 61 multi-sec-
tor tumor samples from 11 gliomas (five diffuse astrocytoma, IDH-mutant, four
glioblastoma, IDH-wildtype, one anaplastic astrocytoma, IDH-mutant and one
anaplastic oligodendroglioma, IDH-mutant and 1p19q codeleted) [94, 192, 193].
The first principal component (percentage of variance 71.2%) separated samples
based on IDH-status (Figure 4-4a). The second principal component (percentage
of variance 5.8%) was associated with tumor purity, as evidenced by the linear
increase in tumor purity and the samples from the control cohort (Figure 4-4b).
These findings indicate that tumor purity accounts for a considerable amount
of variation in DNA methylation profiles.
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/™ Figure 4-5. Spatial heterogeneity of genome-wide methylomes.

A. Empirical cumulative density function (ECDF) curves reflecting similarity (homogeneity)
across all pairwise combinations of samples. Comparisons were separated based on whether
they involved two samples from the same patient (intra-patient) or between two patients
(interpatient) and based on whether the two samples spanned one or multiple sample types. B.
Line plot showing the cumulative homogeneity associated with additional samples taken from
the same tumor. Lines were colored by dataset, tumor and normal samples were separated,
and tumor samples were further separated into IDHmut and IDHwt. C. Scatter plot of the
relation between distance and methylation heterogeneity. Distance is the Cartesian distance
in mm between two samples and methylation heterogeneity as described above. Correlation is
calculated with Pearson’s R.

DNA methylation heterogeneity is a function of space

To precisely quantify DNA methylation heterogeneity, we performed pairwise
comparisons of binarized methylation values between samples. The vast ma-
jority of probes were homogeneously methylated (mean 0.93, range 0.83 - 1.0)
between samples, suggesting that only a small fraction of probes is responsible
for all intratumor heterogeneity. Similar trends have been observed in compari-
sons of non-malignant samples from the same lineage [194]. Unsurprisingly, any
two samples from different unrelated tumors showed less probes with identical
methylation (mean 0.93 = 0.02) compared to any two samples from the same
tumor (mean 0.96 + 0.03). However, this difference was subgroup dependent. For
example, any two samples from two unrelated IDH-mutant tumors show more
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similarity on average than any two samples from two unrelated IDH-wildtype
tumors (Figure 4-5a), likely related to the propensity of (G-CIMP positive) IDH-mu-
tant tumors to uniformly methylate. As expected, a higher degree of heteroge-
neity can be observed when comparing samples classified as hon-malignant to
samples classified as tumor, based on DNA methylation classification, within
the same patient. Any two IDH-wildtype tumor samples from the same patient
show a comparable degree of heterogeneity when compared to two non-malig-
nant samples from the same patient (Kolmogorov-Smirnov P = 1.0, pink and green
dashed lines). In comparison, any two IDH-mutant tumor samples from the same
patient demonstrate less heterogeneity compared to any two non-malignant
samples from the same patient (Kolmogorov-Smirnov P < 0.001). These findings
may reflect the clonal nature and shared ancestry of IDH-mutant tumor cells,
whereas specimens classified as non-malignant harbor cells from a mixture of
lineages.

To assess the impact of additional samples on tumor heterogeneity we cal-
culated the percentage of identical probes pooling any number of samples per
patient, separating samples classified as tumor and non-malignant (Figure 4-5b).
The majority of heterogeneity was captured by the first two samples per pa-
tient. Although additional samples further contributed to overall heterogeneity,
the change in heterogeneity decreased with each additional sample. Next, we
investigated the relation between sample-to-sample distance and heterogene-
ity. These were positively correlated for both non-malignant and tumor samples
(Figure 4-5c). These results suggest that heterogeneity is a function of space
and that increased physical separation between cells increases cell-to-cell het-
erogeneity.
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/" Figure 4-6. Comparison of DNA methylation subtypes and tumor purity.

A. Overview of TCGA (left) and DKFZ subtypes (right) with representative colors. In the DKFZ
subtypes, the main classes of Glioma IDH, GBM and Control also have a representative color since
some samples could not be subclassified and were therefore assigned a main class. B. Cross table
of TCGA and DKFZ classification. The classification of a sample as DKFZ subtype Plexus appears
to be anincorrect classification, despite the more than 0.5 prediction accuracy, since none of the
patients were diagnosed with a plexus tumor. C. Cross table of TCGA and DKFZ subclassification
D. Boxplot showing tumor purity of the TCGA subtype Cortex, the combined TCGA subtypes
Inflammatory and Reactive (Inflammatory/Reactive) and the combined TCGA subtypes
G-CIMP-high, Mesenchymal-like, Classic-like and Codel (Tumor subtypes) of the exploration
cohort. Statistically significant differences using the Mann Whitney U tests are marked with
an asterix (*). E. Boxplot with the tumor purity of the TCGA subtypes of the exploration cohort.
Statistically significant differences using the Mann Whitney U tests are marked with an asterix
(*). F. Boxplot with the tumor purity of the TCGA subtypes of the validation cohort. Statistically
significant differences using the Mann Whitney U tests are marked with an asterix (*). IDH
GLM = IDH mutant glioma, GBM = glioblastoma, MNG = meningioma, SCHW = schwannoma,
PLEX = plexus tumor, CONTR = control tissue, A IDH = astrocytoma, A IDH HG = astrocytoma high
grade, O IDH = oligodendroglioma, MES = mesenchymal, MEL = melanotic, PED A = paediatric A,
PED B = paediatric B, WM = white matter, HEMI = hemispheric cortex, REACT = reactive tumor
microenvironment, HYPTHAL = hypothalamus, INFLAM = inflammatory tumor microenvironment.
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N Figure 4-7. Overview of DNA methylation subtypes.

Patients of both the exploration and validation cohort are ordered according to their cohort and
DNA methylation subtype. Both TCGA and DKFZ subtypes and classification probabilities are
given. Intratumoral heterogeneity of DNA methylation subtypes is represented as not present
(-), possibly present (+/-) or present (+).

DNA methylation-based classification is highly conserved in space after
adjusting for tumor purity and classification ambiguity

To establish the relationship between DNA methylation-based classification and
tumor purity, we inferred sample subtypes based on two previous published
classifiers (Figure 4-6a) [15, 94], which showed a large conformity for classifica-
tion families (4.6% discordance, Figure 4-6b) and slightly lower conformity for
family subtypes (12.4% discordance, Figure 4-6c¢). As expected, samples with a
low tumor purity were assigned a control subtype whereas high tumor purity
samples were assigned a tumor subtype when assessed by the TCGA classifier
(Figure 4-6d). The differences in subtype assignment and its relation to tumor
purity was clearly captured by the principal component analysis (Figure 4-4a).
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/™ Figure 4-8. Overview of DNA methylation subtypes.

A. Plot of tumor purity (y-axis) and prediction accuracy (x-axis) of samples with colors representing
the TCGA subtype of all patients. The different position on the x-asis of the different subtypes
shows the influence of tumor purity on the heterogeneity that was found. B. Patients of both the
exploration and validation cohort are ordered according to their cohort and DNA methylation
subtype. Tumor purity, DKFZ main class and classification probabilities are given. C. Plot of tumor
purity (y-axis) and prediction accuracy (x-axis) of samples with colors representing the DKFZ main
classes of all patients. D. Plot of tumor purity (y-axis) and prediction accuracy (x-axis) of samples
with colors representing the DKFZ subtype of all patients. The position of the different subtypes
on the y-asis in patient VUmc-02 and VUmc-17, and on the x-axis in patient Toronto-03, UCSF-01
and UCSF-18, shows the influence of, respectively, tumor purity and prediction accuracy on the
heterogeneity that was found.
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/™ Figure 4-9. Histology and imaging of patients with DNA methylation subtype het-
erogeneity.

A. Boxplots of cellularity (upper) and proliferation index (middle) and barplot of T1c MRI contrast
enhancement (lower) for the DKFZ subtypes MES (blue), RTK | (red), RTK Il (pink), A IDH (lightgreen)
and A IDH, HG (darkgreen) of all patients from the exploration cohort. Statistical significanse
is given using Mann Whitney U test for the continuous data (Histology) and Chi-squared test
for the frequency data (Imaging), with * representing p<0.05. B. Representive examples of the
histological and radiological images of the patient VUmc-04: HE stained histology slide of a
sample classified as A IDH (S3) and A IDH, HG (S9) showing the higher cellularity in the A IDH, HG
sample. Sagittal T1c MRl images of the same samples showing contrast enhancement in the A
IDH, HG, but not in the A, IDH sample. C. Barplot of cellularity (upper), proliferation index (middle)
and contrast enhancement on T1c MRI (lower) of the tumor samples of glioblastoma patients
of the exploration cohort with subtype heterogeneity. T1c = contrast enhanced T1 weighted,
MRI = magnetic resonance imaging, HE = hematoxylin and eosin.

There were no significant differences between the tumor purity of the different
tumor subtypes in the exploration dataset (Figure 4-6e), while in the validation
dataset (Figure 4-6f) the tumor purity was lower in the Classic-like compared
to Mesenchymal-like subtype, which are methylation subtypes based on un-
supervised hierarchical clustering with a majority of, respectively, Classical and
Mesenchymal expression subtypes as described by Verhaak et al [22]. To explore
the heterogeneity of tumor subtypes within a tumor, we analyzed which tumor
subtypes were recognized within each patient across the core and validation
dataset. The majority of patients (24 of 27) did not show heterogeneity in tumor
subtype as assessed by the TCGA classifier (Figure 4-7). In the three patients
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(Toronto-02, VUmc-05 and VUmc-17) with TCGA tumor subtype heterogeneity,
the one (VUmc-05, VUmc-17) or two (Toronto-02) discordant samples were the
lowest purity tumor sample identifying tumor purity as the confounding factor
for the found heterogeneity (Figure 4-8a). Also, prediction accuracy of tumor
samples was lower in patients with subtype heterogeneity (mean prediction ac-
curacy 71.0%) than without (mean 94.9%, P < 0.0071).

When we classified samples according to the DKFZ classifier, no heteroge-
neity was found for the main classes (Figure 4-8b-c). Heterogeneity of main
class subtypes, so called family members, was found in eight patients (VUmc-
02,VUmc-04,VUmc-07, VUmc-14, VUmc-17, Toronto-03, UCSF-01 and UCSF-18).
Both tumor purity and prediction accuracy were lower in tumor samples of these
eight patients with subtype heterogeneity (mean tumor purity 75.9 + 0.09 and
mean prediction accuracy 73.4 + 14.9) compared to tumor samples of patients
without heterogeneity (mean 78.1 + 10.9, P = 0.046 and 87.8 + 18.0, P < 0.001,
respectively), suggesting tumor purity and prediction accuracy as potential con-
founding factors for the observed heterogeneity in these patients (Figure 4-8d).
In two patients (VUmc-02 and VUmc-17) the discordant samples were the lowest
tumor purity, although the absolute difference in tumor purity was small. In three
patients (Toronto-03, UCSF-01 and UCSF-18) the discordant samples were the
lowest prediction accuracy, although the absolute difference in prediction accu-
racy was small except for patient UCSF-01. Three patients (VUmc-04,VUmc-07
and VUmc-14) showed variable tumor purity and prediction accuracy of the tumor
samples suggesting true heterogeneity. To validate the possible heterogeneity in
these patients, we evaluated the histological and imaging data that was avail-
able for the exploration cohort. The only difference we found between subtypes
was a higher cellularity (P = 0.016) and more frequent contrast enhancement on
T1c (P < 0.001) in A IDH, HG samples compared to A IDH samples (Figure 4-9a).
This confirmed the true heterogeneity in patient VUmc-04, with both A IDH,
HG samples having the highest cellularity and showing contrast enhancement
on Tlc (Figure 4-9b). In the four glioblastoma patients with multiple subtypes,
neither histology or imaging could confirm or reject the subtype heterogeneity
(Figure 4-9c). Therefore, we conclude there is true DNA methylation subtype het-
erogeneity in patient VUmc-04, based on both DNA methylation, histology and
imaging data, and patients VUmc-07 and VUmc-14, based on DNA methylation
data. Based on all available data it remains unclear if there is true heterogeneity
in the remaining five patients. Although not statistically significant, all true het-
erogenous patients had a glioblastoma (Chi-squared p=0.17), yet heterogeneity
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was not related to IDH status (Chi-squared p=0.73). Since MGMT promotor meth-
ylation status is an important prognostic and predictive marker we assessed its
spatial distribution. Heterogeneity was found in 30% of patients and was not
related to tumor purity (Pearson correlation p=0.19), IDH status, histology or DNA
methylation classification heterogeneity (Chi-squared p=1.0, p=0.76 and p=0.78,
respectively). Overall,in our cohort, a low frequency of true spatial heterogeneity
of DNA methylation-based subtypes was observed (14%, 3 of 22 patients), when
taking tumor purity and prediction accuracy into account, yet possible hetero-
geneity cannot be ruled out in another 5 (19%) patients.

DNA methylation abnormalities extend beyond standard MRI boundaries

To understand the spatial distribution of glioma infiltration, we analyzed the cor-
relation of tumor purity and subtypes with the distance to the tumor surface
assessed with Tlc for enhancing and FLAIR MRI for non-enhancing tumors. As
expected, the distance of samples to the tumor surface showed a linear relation-
ship with tumor purity (Figure 4-10a). In non-enhancing tumor, samples classified
as Cortex were found further away from the radiological tumor boundaries than
all the other subtypes (Figure 4-10b). Yet, in enhancing tumor this difference was
not found, possibly indicating a more diffuse infiltration pattern of enhancing
tumors. When evaluating the infiltration pattern in the histological subgroups,
no difference was found except that distance to tumor surface in one oligoden-
droglioma (median -7.9mm, IQR -14.5 - -3.9mm) was lower than in IDH-mutant
diffuse astrocytoma (-3.2mm, -6.3 - 3.6mm, p=0.047) (Figure 4-10c).

As anticipated, in enhancing tumors the T1c+/FLAIR+ region showed the high-
est tumor purity, followed by the T1c-/FLAIR+ and T1c-/FLAIR- (Figure 4-11a). In
non-enhancing tumors, tumor purity was higher in the FLAIR+ than the FLAIR-
region. Interestingly, samples taken from regions outside standard imaging abnor-
malities (FLAIR- in non-enhancing and Tlc-/FLAIR- and T1c-/FLAIR+ in enhancing
tumors) showed a tumor subtype in 36% and 17% of enhancing and non-enhanc-
ing gliomas, respectively (Figure 4-11b).
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/™ Figure 4-10. Distance to tumor surface in the exploration cohort.
A. Scatterplot of distance to tumor surface and tumor purity with colors indicating enhancing
(red) or non-enhancing tumor (green) with Pearson correlation coefficient. B. Boxplot of distance
to tumor surface of TCGA subtypes with * indicating a significant difference using the Mann
Whitney U test. C. Boxplot of distance to tumor surface of histological subgroups, according to
the 2016 WHO classification with * indicating a significant difference using the Mann Whitney

U tests.

Conversely, samples taken from within the standard imaging abnormalities
showed a non-malignant subtype in 35% of enhancing tumors, which is most
likely due to necrosis in these samples. In non-enhancing tumors 15% of sam-
ples within the FLAIR+ region showed a non-malignant subtype. Tumor presence,
assessed as ratio of tumor and non-malignant TCGA subtypes, in the different
imaging regions was comparable between histological subgroups (all Chi-squared
tests p>0.05) (Figure 4-11c). Samples with tumor subtypes were found up to
24mm outside imaging abnormalities. These findings support the diffusely in-
filtrative nature of these tumors and corroborate the notion that standard MRI
does not capture the true extent of diffuse glioma infiltration.
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A. Boxplot of tumor purity of the different imaging regions of enhancing and non-enhancing
tumors with p-values of Mann Whitney U tests. B. Barplot of tumor presence for the different
imaging regions for enhancing (left) and non-enhancing (right) tumors. Tumor presence was
defined using the TCGA subypes with all but Cortex, Inflammatory and Reactive classified as
tumor. The proportion of non-malignant and tumor samples of the imaging regions was compared
using the Chi-squared test. C. Barplot of tumor presence for the different imaging regions (y axis)
for the different histological subtypes (x axis) in enhancing and non-enhancing tumors (y-axis).
Tumor presence was defined using the TCGA subypes, with all subtypes, except for the Cortex,
Inflammatory and Reactive subtype, classified as tumor The proportion of non-malignant and
tumor samples of the imaging regions per histological subtype was compared using the Chi-
squared test.
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Discussion

This study represents a comprehensive analysis of spatially-separated samples
in diffuse glioma. The combination of histological, radiological and DNA-methyl-
ation data enabled us to explore the spatial contexts of tumor purity, epigenetic
molecular subtypes and tumor heterogeneity. Our study demonstrates that in
most tumors molecular subtypes are stable and homogeneous after considering
tumor purity. Moreover, gliomas are diffusely infiltrative tumors and our data
clearly shows that they indeed extend beyond the tumor boundaries found on
MRI. Finally, in our study the extent of heterogeneity in tumor samples was pre-
dominantly equal to or less than in non-malignant samples.

Information on the spatial heterogeneity of epigenetic molecular subtypes
in the literature is limited. A recent study reported intratumor DNA methyla-
tion-based subtype heterogeneity in five of twelve glioblastomas in their cohort
[195]. We were unable to confirm this extent of heterogeneity in our study. The
differences may be explained by our approach to account for tumor purity prior to
determining intratumoral epigenetic subtype classification. The non-purity relat-
ed heterogeneity that was found could be explained by focal malignant progres-
sion in patients with an IDH-mutant astrocytoma, while cellular state plasticity,
as described by Neftel et al,[186] might be an explanation for the coexistence of
both Mesenchymal and RTK Il subtypes in one of the IDH-wildtype glioblastoma
patients. Although technically difficult, future single cell DNA methylation profil-
ing can be expected to drastically increase our understanding of DNA methylation
classification heterogeneity [196]. MGMT promotor methylation status proved
to be more heterogeneous than DNA methylation subtypes, which is most likely
due to the use of 2 probes for the MGMT status compared to ~1000 probes for
the DNA methylation subtype.

We observed that samples obtained outside standard imaging abnormali-
ties, on FLAIR in non-enhancing and on T1c MRl in enhancing gliomas, displayed
similar epigenetic molecular subtypes as the samples from the tumor core. The
fraction of tumor cells per specimen varied between the different MRI regions,
with lower fractions in regions outside of imaging abnormalities. The presence
of tumor tissue outside standard imaging abnormalities is well known [182,183].
Our results suggest that spatial imaging heterogeneity in glioma is associated
with tumor purity and not with epigenetic heterogeneity, although heterogene-
ity at the genomic and mutational level as cause cannot be excluded and has
recently been reported for progressive IDH-mutant astrocytoma [197]. This was
confirmed by the strong correlation between tumor purity and the imaging score.
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Our observations imply that a viable part of the tumor, especially in IDH-wildtype
glioblastomas, is left behind after resection of standard imaging abnormalities.

A limitation of this study is the difficulty of assessing the true tumor purity
since there is no gold standard. Still, we have compared many tumor purity
metrics and choose the most representative of those. Another limitation is the
evaluation of tumor heterogeneity by bulk DNA methylation analysis instead of
single-cell analysis, although correlation imaging data with single cell analysis
might proof difficult due to the different level of detail. Finally, the use of Tlc
and FLAIR MRI for the assessment of tumor to sample distance is a limitation,
since these modalities are known to be less accurate for the detection of diffuse
glioma infiltration [198]. However, they are still the current standard imaging and
therefore represent the daily practice of glioma treatment.

In conclusion, we demonstrate that DNA methylation subtypes in diffuse
glioma show little intratumoral heterogeneity and are uniform across the differ-
ent imaging regions, underscoring the diffuse infiltrative nature of this disease
and the robustness of DNA methylation subtypes.
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Chapter 5

Abstract

lonizing radiation causes DNA damage and is a mainstay for cancer treatment, but
we have limited understanding of its genomic impact. We analyzed mutational
spectra following radiotherapy in 190 paired primary and recurrent gliomas from
the Glioma Longitudinal Analysis (GLASS) Consortium and 3,693 post-treatment
metastatic tumors from the Hartwig Medical Foundation (HMF). We identified
radiotherapy-associated significant increases in the burden of small deletions
(1-20 bp) and large deletions (20+ bp to chromosome-arm length). Small dele-
tions were characterized by a larger span size, lacking breakpoint microhomology
and were genomically more dispersed when compared to pre-existing deletions
and deletions in non-irradiated tumors. Mutational signature analysis implicat-
ed c-NHEJ-mediated DNA damage repair and APOBEC-mutagenesis following
radiotherapy. A high radiation-associated deletion burden was associated with
worse clinical outcomes, suggesting that effective repair of radiation-induced
DNA damage is detrimental to patient survival. These results may be leveraged
to predict sensitivity to radiation therapy in recurrent cancer.
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Introduction

Radiation therapy or radiotherapy (RT) is used in the clinical management of more
than half of all cancer patients [199, 200]. lonizing radiation kills cells by inducing
DNA damage such as double-strand breaks (DSBs), leading to cell death if left
unrepaired or repaired in a manner that inhibits subsequent replication. DNA
repair pathways are activated in response to DSBs, and these pathways include
the error-free homologous recombination (HR) pathway and three error-prone
pathways: classical non-homologous end joining (c-NHEJ), alternative end join-
ing (a-EJ) or single strand annealing (SSA) [201]. In contrast to HR, c-NHEJ, a-EJ
and SSA require different lengths of microhomologous sequences present on
exposed DNA ends. Whereas c-NHEJ requires no microhomologies, a-EJ uses
2-20 bp length of microhomology (also called microhomology-mediated end
joining, MMEJ) and SSA uses >20 bp of (micro-)homology. These repair processes
may leave scars (mutations) in the post-treatment cancer genome that can be
recognized through genome sequencing. The identification of therapy-associated
mutations may imply an effect of therapy on the tumor and can aid in charac-
terization of therapy-resistance mechanisms. A well-known example of such a
process is hypermutation following treatment with DNA-alkylating agents, ob-
served across cancers [202] and in particular following temozolomide (TMZ) che-
motherapy of gliomas [185,203]. Similarly, an increased burden of small deletions
has been observed in rare radiation-induced malignancies [204]. Despite these
advancements, the mutational footprints of therapeutic radiation in sporadic
tumors are not well understood.

To address this gap in knowledge we leveraged pre- and post-treatment sam-
ples from the Glioma Longitudinal Analysis (GLASS) dataset as well as post-treat-
ment metastatic tumor samples from the Hartwig Medical Foundation (HMF)
dataset [137, 185, 205]. We identified a significant increase of small 5-15bp de-
letions, large deletions (+20 bp) and inversions in response to ionizing radiation,
which we genomically characterized. Finally, we observed that the identified sig-
natures were associated with worse clinical outcomes. This work has compre-
hensively characterized the genomic effects of ionizing radiation across cancers
and provides a framework that may aid in increasing the therapeutic efficacy of
radiation therapy for the clinical management of cancer.
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Results

Radiotherapy treatment is associated with an increased small deletion
burden

Somatic mutations can arise spontaneously and in response to anti-cancer treat-
ment [206, 207]. Regimens involving radiotherapy (RT) and temozolomide (TMZ)
are the post-surgical standard of care for patients with a diffuse glioma [208].
We assessed the impact of RT and TMZ on the burden of somatic mutations, in-
cluding somatic single nucleotide variants (sSNVs) and small insertions/deletions
(indels, length of 1to 20bp), in matched pre- and post-treatment glioma samples
(n =190 patients). Of these, 119 (63%) patients received the combination of RT and
TMZ,19 (10%) received RT alone, 13 (7%) underwent only TMZ treatment, and 16
(8%) received no RT or TMZ treatment. For 23/190 (12%) cases, TMZ annotation
was lacking with 18 of these having received RT. For each patient, we separated
mutations into pre- (present in the primary tumor) and post-treatment (only
present in the recurrent tumor). We then calculated the mutation burden (average
mutation frequency per megabase (Mb)) of post-treatment mutations. A median
of 0.68 new small deletions/Mb were acquired in recurrent RT-treated glioma
which was significantly higher than the median of 0.19 new small deletions/Mb
acquired in recurrent RT-naive gliomas (Figure 5-1a, P = 5.1e-03, Mann-Whitney U
test), and significantly higher than the small deletion burden detected at diag-
nosis (Figure 5-1b). RT was not associated with a significant increase in the sSNV
burden (Figure 5-2a, P = 4.7e-01, Mann-Whitney U test) or small insertion burden
(Figure 5-2, P = 6.7e-01, Mann-Whitney U test).
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/N Figure 5-1. Radiotherapy is associated with an increased small deletion burden.

a. Boxplot depicting the burden of newly acquired/post-treatment small deletions (deletions/Mb)
in RT-naive (n = 34) and RT-received (n = 156) patients from the GLASS cohort. Mann-Whitney U test
was applied for statistical testing. b. Longitudinal comparison of small deletion burden between
primary and recurrent glioma samples, separated by hypermutation (HM) and Radiotherapy
(RT). Paired Wilcoxon signed-rank test was applied for statistical testing c. Forest plot showing
multivariable log-linear regression model of newly acquired small deletion burden(deletions/
Mb) including 1. TMZ- treatment, 2. Hypermutation, 3. RT-treatment, 4. Molecular subtype and 5.
Surgical interval (in months) as variables. OR, Odds Ratio, Cl, confidence interval. d. Top. Metastatic
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cohort: Boxplots depicting small deletion burden (deletions/Mb) in RT-naive (left), RT-treated with
palliative intent (RT+ pal, middle) and RT-treated with curative intent (RT+ cur, right) tumor samples
separated by primary tumor location. Kruskal-Wallis test was applied for statistical testing.
Bottom. Sample sizes of metastatic cohort separated by primary tumor location.

The increase in small deletions was particularly pronounced in the subset of gli-
omas marked by the presence of mutations in IDHT or IDH2, a clinically relevant
subtype [61] predominantly consisting of grade Il and Ill gliomas (Figure 5-2b,
P =1.4e-02, Mann-Whitney U test), while the number of RT-naive recurrent cases
among IDH wild-type glioma was too small to test for differences (n =2, vs
n =107 RT-treated cases). To ensure that these changes were not primarily due
to TMZ-associated hypermutation (tumor mutation burden exceeding 10 mut/
Mb at recurrence) [185], we stratified the cohort by hypermutation status. Hy-
permutation was associated with an increase in small deletions independent of
RT-treatment, whereas amongst non-hypermutators only tumors from patients
that received RT showed a significant increase in small deletions (Figure 5-1b,
P = 5.0e-11, paired Wilcoxon signed-rank test), further implicating the observed
increase in small deletions as a potential consequence of RT. To evaluate the in-
dependence of this finding from potential confounders, we fitted a multivariable
log-linear regression model that included TMZ-treatment, glioma molecular sub-
type, time interval between surgeries and hypermutation. RT was independently
associated with an increase in small deletions (Figure 5-1c, P = 3e-03, t-test),
directly attributing the observed increase in small deletions to RT-treatment.
We determined cancer cell fractions and found that post-treatment deletions in
RT-treated patients did not show clonality differences compared to post-treat-
ment deletions in RT-naive patients, suggesting that these deletions were not
more clonal/subclonal (Figure 5-2¢, hypermutant: P = 9.3e-01, non-hypermu-
tant: P = 8.7e-01, Mann-Whitney U test). Comparing the pre-treatment mutation
burden and aneuploidy scores between glioma patients that acquired a high
burden versus a low burden of post-treatment deletions revealed no significant
differences, suggesting that these genomic characteristics of the pre-RT tumor
are not predictive of the acquisition of small deletions in response to radiother-
apy.

Importantly, 30% (41/136) of non-hypermutant samples gained more than 1
del/Mb following radiotherapy, whereas only 7% (2/27) of RT-naive non-hypermu-
tators acquired more than 1del/Mb (P = 1.6e-02, Fisher’s exact test). Among the
samples treated with ionizing radiation, 35% (55/156) showed a doubling of the
small deletion burden when compared with the primary tumor. The effect of RT

136



RT is associated with a deletion signature that contributes to poor outcomes in patients with cancer

on mutational burden was significant for small deletions and not significant for
other types of somatic mutations, such as insertions and sSNVs (Figure 5-2d).
Conversely, TMZ-associated hypermutation was correlated with a significant
increase in the burden of all types of mutations (Figure 5-2d).

Following these observations, we hypothesized that radiotherapy may sim-
ilarly increase the number of small deletions in other tumor types. To test this
hypothesis, we evaluated whole genome sequencing-derived mutational pro-
files from 3693 metastatic tumors with complete treatment annotation (as
described in Figure 5-2e), available via the Hartwig Medical Foundation (HMF)
[205]. We separated tumors by site of origin and compared the small deletion
burden between RT-treated and RT-naive tumors (Figure 5-2d). RT-treated tumors
were further stratified depending on whether the treatment intent was curative
(RT+cur, n = 739) or palliative (RT+pal, n = 689), which generally differ in the applied
cumulative dosage of ionizing radiation [209]. While this analysis was restricted
to single time-point mutational profiles, we observed a significantly higher small
deletion burden associated with curative RT in multiple tumor types, including
bone/soft tissue (RT+cur: median 0.15 del/Mb, RT-: median 0.08 del/Mb, P = 6.2e-
04, Kruskal-Wallis test), lung (RT+cur: median 0.56 del/Mb, RT-: median 0.43 del/
Mb, P = 3.4e-03, Kruskal-Wallis test), and breast (RT+cur: median 0.18 del/Mb,
RT-: median 0.12 del/Mb, P =1.2e-04, Kruskal-Wallis test) cancers (Figure 5-1d).
Further separation into tumor subtypes revealed that the observed patterns
were present in both lung cancer types (Figure 5-2f, Non-small cell lung cancer:
P =6.9e-03 and small cell lung cancer: P = 6.0e-0.2, Kruskal-Wallis test), but in
breast cancer these were restricted to ER-positive subtypes (Figure 5-2f, ER-pos-
itive/HER2-negative: P = 3.0e-04 and ER-positive/HER2-positive: P = 2.2e-02,
Kruskal-Wallis test). Tumors treated palliatively with RT frequently presented an
intermediate state in between the RT- and RT+cur cohorts, suggesting an associa-
tion between RT-treatment derived small deletion burden and RT dose exposure.

DNA repair deficient tumors were shown to harbor an increased mutation-
al load [202]. To determine whether a DNA repair defective background has an
impact on the small deletion burden in the HMF dataset, we derived informa-
tion on microsatellite instability (MSI) and homologous recombination deficiency
(HRD) in the HMF dataset from a recently published paper [210]. Notably, HRD+
and particularly MSI+ tumors harbored significantly more small deletions com-
pared to samples that were HRD-/MSI- (Figure 5-2g, P < 2.2e-16, Kruskal-Wallis
test).
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< Figure 5-2. Supplementary small deletion burden and multivariable analysis.

a. Boxplot depicting the burden of newly acquired/post-treatment mutations (mutations/mb)
in RT-naive (n = 34) and RT-received (n = 156) patients from the GLASS cohort. Mutations were
separated by DEL (small deletions), INS (small insertions) and SNV (single nucleotide variants).
Mann-Whitney U test was applied for statistical testing. b. Comparison of newly acquired small
deletion burden between RT-naive and RT-received cases separated by molecular subtype.
Mann Whitney U test was applied for statistical testing. c. Comparison of mean cancer cell
fraction of small deletions per patient separated by P, primary only fraction (pre-treatment),
S, shared fraction (pre-treatment) and R, recurrence only fraction (post-treatment) and by HM,
hypermutation. Mann-Whitney U test was applied for statistical testing. d. Top. Metastatic
cohort: Boxplots depicting small deletion burden (deletions/Mb) in RT-naive (left), RT-treated with
palliative intent (RT+ pal, middle) and RT-treated with curative intent (RT+ cur, right) tumor samples
separated by primary tumor location. Kruskal-Wallis test was applied for statistical testing.
Bottom. Sample sizes of metastatic cohort separated by primary tumor location. d. Forest plots
showing multivariable log-linear regression model of newly acquired mutation burden (mutations/
mb) including 1. TMZ-treatment, 2. Hypermutation, 3. RT-treatment, 4. Molecular subtype and 5.
Surgical interval (in months) as variables. Mutation types were separated into small deletions,
small insertions, indels (small deletions + small insertions), SNVs (single nucleotide variants) and
overall tumor mutational burden (TMB, small indels + SNVs). Point indicates mean estimate of
the model and lines showing 95 % confidence interval. Note that hypermutation is significantly
associated with increased burden of all types of mutations and RT is associated with slightly
increased burden of small deletions and indels (potentially driven by the large effect size of small
deletions), specifically. e. Sample selection and filtering criteria for metastatic cohort including a
detailed description of the usage for specific figures. f. Separation of lung, breast and bone/soft
tissue cancers into their respective subtypes. Comparison of small deletion burden between RT-,
RT+ pal and RT+ cur samples, respectively. Kruskal-Wallis test was applied for statistical testing.
g. Boxplots depicting the burden of small deletions in HRD-/MSI- (n = 3,413), HRD+ (n = 218) and
MSI+ (n = 62) samples from the HMF cohort separated by the radiotherapy treatment status.
Mann-Whitney U test was applied for statistical testing. h. Forest plots depicting multivariable
log-linear regression model for mutation burdens in the metastatic cohort. Mutations were
separated into small deletions, small insertions and SNVs. Independent variables include age,
tumor type (primary tumor location), DNA repair deficiency background and various treatment
types including radiotherapy, taxane, alkylating agents, platin and others. i. Comparison of
small deletion counts between control vs ionizing radiation groups. Mann-Whitney U test was
used for statistical testing. k. Distribution of small deletion counts per treatment group. Bars
indicate means, error bars reflect standard deviation and red dots indicate median count of small
deletions. Note that ionizing radiation group displays highest median counts of small deletions.
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RT is associated with a deletion signature that contributes to poor outcomes in patients with cancer

Figure 5-3. Distribution of small deletion characteristics.

a. Length distribution in GLASS. Left: Comparison of mean deletion lengths in primary vs
recurrent IDH mutant glioma (n = 81), separated by RT-treatment (RT+, n =32, RT-, n=49).
Paired Wilcoxon signed-rank test was applied for statistical testing. Note a significant increase
in mean deletion lengths only for ionizing radiation treated samples. Right: Y-Axis indicating
proportion of deletions and X-Axis reflecting deletion length >1bp. Proportions calculated for
each patient, mean (point) and 95%-Cl (line-range) compared between Primary and Recurrence
in non-hypermutant glioma treated with RT (n = 44). Paired Wilcoxon signed-rank test was applied
for statistical testing (* = p < 0.05, ** = p < 0.01). b. Length distribution metastatic cohort. Left:
Comparison of mean deletion lengths in RT-naive vs RT+pal vs. RT+cur samples. Kruskal-Wallis
test was applied for statistical testing. Right: Y-Axis indicating proportion of deletions and
X-Axis reflecting deletion length >Tbp. Proportions calculated for each patient, mean (point)
and 95%-Cl (line-range) compared between RT-naive vs. RT+pal vs. RT+cur samples. Kruskal-
Wallis test was applied for statistical testing (* = p < 0.05, ** = p < 0.01, *** = p < 0.001, **** = p <
0.0001). c. Relation to genomic features in GLASS. Left: Distribution of deletions in relation to
genomic features. Y-Axis: non-B DNA genomic feature, X-Axis: Log10 ratio of mean distance of
non-radiation-associated and radiation-associated post-treatment deletions to genomic feature
over background distribution in non-hypermutated glioma samples (n = 69). Distribution of
radiation-associated deletions shows little variability (narrow 95% Cl) and resemble background
distribution more closely (closer to 0). Significant differences between radiation-associated
deletions and non-radiation-associated deletions seen in relation to repeats (Mann-Whitney
U test). Right: Empirical cumulative distribution function (ECDF, Y-Axis) of distance to non-B
DNA features in kb (X-Axis) reveals right-shift towards larger distances in post-radiated non-
hypermutated recurrent samples (n = 44). Note that neither in hypermutated, nor in RT-naive
non-hypermutated glioma samples longitudinal differences were observed (Figure 5-4c).
d. Small-deletion categories in GLASS. Left: separation of small deletions in the GLASS cohort
into 3 major categories: Tbp (gray), >1bp without microhomology (MH; purple) and >1bp with
microhomology (orange) in IDH-mutant gliomas (n =81). The microhomology category was further
classified based on the occurrence of microhomology repeat sequences and length of repeats.
nt, nucleotide. Right: a comparison of the proportion of deletions for each RT+ non-hypermutated
glioma sample (n=44) using a two-sided paired Wilcoxon signed-rank test.

RT-treatment was associated with an increase in small deletion burden in HRD-/
MSI- (Figure 5-2g, P = 6.0e-08, Mann-Whitney U test) and HRD+ tumors (P = 3.5e-
02), but not in MSI+ tumors (P = 7.1e-01). These results raised the possibility that
DNA repair deficiencies like HRD and MSI confounded the association between
RT-treatment and the small deletion burden. To address this, we have included
HRD and MSI status into the multivariable log-linear regression analysis, which
showed that RT-treatment is associated with an increase in the small deletion
burden independent of a number of potential confounders, including a DNA repair
defective background (Figure 5-2h).

Next, we assessed whether the small deletion burden was associated with mu-
tations in selected genes (ATM, ATR, CHEK1, CHEK2, PARP1, PRKDC, TP53 and WEET) in-
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volved in the DNA damage response (DDR). This analysis indicated that DDR muta-
tions were universally associated with a significantly higher small deletion burden.

We used log-linear regression to adjust for potential confounding variables, in-
cluding age, tumor type, DNA damage repair background, DRR gene mutations and
various cytotoxic treatment regimens (e.g. taxane, platinum, anthracyclines, alkylat-
ing agents) that have been previously associated with increased mutation burdens
[206]. Results from this analysis revealed a robust association for both palliative
and curative radiotherapy treatment but not any other therapy and small deletions
(Figure 5-2h, RT+cur vs. RT-naive: odds ratio = 1.25, P < 1e-03, t-test). This confirmed
that the increased small deletion burden associated with radiotherapy is indepen-
dent of tumor type, HRD, MSI, DDR gene mutations or additional cytotoxic therapy.

To verify the causal association between RT and acquired small deletions, we
re-analyzed a previously published dataset [207] consisting of whole-genome
sequencing data from 324 human-induced pluripotent stem cells (iPSCs) exposed
to known or suspected environmental carcinogens, including two iPSCs treated
with ionizing radiation. We found that the small deletion burden was significantly
higher in the RT-treated iPSCs compared to controls (Figure 5-2i, P = 2.0e-02,
Mann-Whitney U test). In contrast, we did not observe a significant difference in
small insertion burden (P = 1.8e-01). Strikingly, the ionizing radiation group showed
the highest median burden of small deletions across all treatment modalities,
further substantiating our human tissue analysis (Figure 5-2k).

Radiotherapy-associated small deletions harbor a characteristic genomic
signature

Characteristics of RT-associated small deletions, such as length distribution and
breakpoint microhomology, may be able to provide insights on their etiology.
We explored such features in the GLASS dataset, limiting the analysis to IDH
mutant gliomas (RT+, n=49; RT-, n=32) due to the imbalance in radiation treat-
ment amongst IDH wild-type gliomas in the GLASS cohort (RT+,n=107 vs RT-,n=2).
Small deletions in recurrent tumor samples that were treated with RT showed in-
creased deletion lengths (Figure 5-3a, left, RT+: P = 1.5e-04; RT-: P = 3.5e-01, paired
Wilcoxon signed-rank test). This increase was particularly associated with new
deletions that occurred after therapy (Figure 5-4a, P = 1.3e-04, Mann-Whitney U
test), supporting the idea that RT leads to longer deletion lengths (Figure 5-3a,
left). Moreover, a detailed analysis of the size distribution of deletions revealed
a shift towards deletions of length ~5-15bp following RT-treatment in non-hy-
permutated gliomas (Figure 5-3a, right).
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Comparing RT-treated and RT-naive metastatic tumor samples from the
single time-point HMF dataset showed a similar larger average deletion length for
both palliative and curative RT-treated tumor samples (Figure 5-3b, Figure 5-4b).
Moreover, we also observed a shift in deletion span from small 1-4 bp deletions
towards medium-sized 5-15 bp deletions (Figure 5-3b). A stepwise increase in de-
letion length was observed for palliative and curative RT-treatment, respectively,
providing further evidence for a dose and exposure association. Taken together,
these results indicate not only an increased deletion burden, but also highlight
distinct characteristics of RT-associated small deletions.

B-DNA is the common right-handed, double helical formation of DNA. Non-ca-
nonical non-B-DNA structures and fragile repeat-rich DNA may be more prone to
acquiring mutations [211]. Therefore, we hypothesized that RT-induced deletions
were more likely to occur in these fragile regions of the genome. We investigated
the link between small deletions and these genomic features by adjusting for a
random background distribution. Importantly, deletions following RT showed
less variability and higher similarity to the random background distribution com-
pared to non-RT-induced deletions (Figure 5-3¢, left). Furthermore, comparison
of GLASS pre- and post-treatment deletions indicated that deletions following
radiotherapy showed larger distances to non-B DNA features (Figure 5-3c, right,
Figure 5-4c). The lack of or reduced association between radiation-induced de-
letions and the analyzed genomic features, such as repeats and G-quadruplex
motifs, suggests that ionizing radiation associated small deletions occur in a
largely stochastic manner, occurring independently from the intrinsic mutagen-
icity of the fragile regions of the genome analyzed.

We assessed whether RT-associated small deletions showed enrichment in
driver genes. We computed the covariate-adjusted normalized ratio between
non-synonymous and synonymous mutations (dN/dS) in order to identify selec-
tion of mutations at the level of individual genes separately for GLASS pre- and
post-treatment fractions (Figure 5-4d) [212]. Genes with dN/dS ratios strongly
deviating from one are thought to be under selection and may be associated
with the RT+ small deletion phenotype. We did not find evidence for significant
selection for any genes in the post-treatment fraction following radiation ther-
apy. As these analyses focused on acquired deletions only present after RT, we
were unable to also perform them in the HMF set where pre-treatment samples
are unavailable. Our results in IDH-mutant glioma further support the notion that
RT-associated deletions do not occur at particular genomic loci, instead showing
a more dispersed genomic spread.
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< Figure 5-4. Supplementary characteristics of RT-associated deletions.

a. Comparison of mean deletion lengths of newly acquired deletions (post-treatment fraction)
in RT- vs RT+ IDHmut glioma samples. Mann-Whitney U test was applied for statistical testing.
b. Metastatic cohort: Boxplots depicting mean deletion lengths in RT-naive (left) and palliative
RT-treated (middle) and curative RT-treated (right) tumor samples separated by primary tumor
location. Kruskal-Wallis test was applied for statistical testing. c. Longitudinal comparison (X-Axis)
of mean distances of deletions non-B DNA features in kb (Y-Axis) in IDHmut glioma cases. Cases
separated by radiation treatment and hypermutation. Note that neither in hypermutated, norin
RT-naive non-hypermutated glioma samples significant longitudinal differences were observed.
Paired Wilcoxon signed-rank test was applied for statistical testing. d. Gene-wise dN/dS estimates
by radiation treatment (rows) and fraction (columns). Genes are sorted by Q value (Bonferroni
adjusted P value) and P value. Q values indicated in color, whereas the P value are shown in light
grey. The Q value threshold of 0.05 is indicated by a horizontal red line. Note that no genes show
significant selection in the post-radiation fraction. e. Comparison of proportion of deletions
for IDHmut glioma samples separated by radiation treatment and hypermutation using paired
Wilcoxon signed-rank test. For each sample, the proportion of deletions with Tbp length, > Tbp
length with microhomology and > 1bp length without microhomology add up to 1. Bottom right
panels (RT-received non-hypermutators) presented in Figure 5-3d and shown here for comparison
with other groups. Note the significant increase of 1bp deletions in hypermutated (radiation-naive)
cases. No significant differences were observed for radiation-naive non-hypermutated cases. f.
Comparison of proportion of deletions in metastatic cohort between RT-treated and RT-naive
cases using Kruskal-Wallis test. In bone/soft tissue, breast and head & neck and nervous system
cancers, significantly lower proportions of deletions >1bp with microhomology were observed
in RT-treated samples compared to RT-naive samples. In contrast, RT-received breast, colon/
rectum, esophagus, nervous system and prostate tumor samples showed significantly higher
proportions in deletions > Tbp without microhomology.

Small deletions can be the result of error-prone DSB-repair utilizing mecha-
nisms such as c-NHEJ and a-EJ/MMEJ [201]. To investigate whether a preference
for DSB-repair pathway choice following RT exists, we computed microhomology
sequences at breakpoints and characterized deletions based on size, microho-
mology and repeat content (Figure 5-3d, Figure 5-4e). Deletions without micro-
homology comprised the majority of deletions in the dataset (77%, Figure 5-3d).
However, in non-hypermutant gliomas receiving ionizing radiation we observed
a significant increase in > Tbp deletions without microhomology (Figure 5-3d,
P = 6.6e-05, Paired Wilcoxon signed-rank test) and conversely a decrease in
Tbp-deletions (Figure 5-3d, P = 6.5e-03, Paired Wilcoxon signed-rank test).

Using the same three categories described in Figure 5-3d, comparison of
RT-treated and RT-naive metastatic tumors from the HMF dataset demonstrated
comparable results (Figure 5-4f). These data suggest that c-NHEJ is the preferred
pathway for repairing radiation-induced DNA damage.
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Distinct ID and SBS mutational signatures associated with radiotherapy
Cancer cells accumulate somatic mutations that are caused by intrinsic and/
or extrinsic mechanisms. The different mutational processes can leave distinct
genomic scars, termed mutational signatures.
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/™ Figure 5-5.1D8 and APOBEC-SBS signatures associated with radiotherapy.

Indel (ID) and single base substitution (SBS) mutational signatures in the GLASS and HMF cohorts
associated with RT (radiotherapy), Hypermutation (HM), Microsatellite instability (MSI) and
homologous recombination deficiency (HRD). Mann-Whitney U test was applied for statistical
testing and false discovery rate (FDR) correction was used to adjust for multiple testing. Bars in
the petal plots not reaching statistical significance (defined as FDR < 0.01) are indicated in grey.

To validate the underlying mutational processes of radiotherapy, we compared
pre-and post-treatment mutations in the GLASS dataset to previously defined
mutational signatures [213]. The comparison of signature contributions between
post-treatment mutations in RT-treated and RT-naive IDH mutant glioma sam-
ples revealed a strong enrichment of indel signature 8 (ID8, Figure 5-5, Figure 5-6d,
RT+, mean contribution = 0.22, vs. RT-, mean contribution, P = 7.4e-05, Q = 3.8e-
03, Mann-Whitney U test and false discovery rate, respectively). Furthermore,
in RT-treated patients but not RT-naive patients comparing ID8 values before
and after treatment resulted in significant increases in absolute (Figure 5-6e,
P = 4.5e-07, Paired Wilcoxon rank-signed test) and relative (Figure 5-6e, P = 2.3e-
03) ID8 contributions, respectively. Signature ID8 is composed of > 5 bp deletions
without microhomology and has previously been linked to DSB repair by c-NHEJ,
providing further evidence that radiation-induced DSBs are primarily repaired
via c-NHEJ [213]. Hypermutation in IDH mutant gliomas was associated with a
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significant enrichment of indel signature 2 (ID2, Figure 5-5, Figure 5-6a-b). ID2
comprises 1-bp deletions at homopolymers and has been reported previously to
be elevated in DNA mismatch repair deficient cancers [213].

A previous analysis of mutational signatures in the HMF dataset found that of
all indel signatures the strongest association with radiotherapy treatment was
with COSMIC-ID6 (corresponding to SignatureAnalyzer-ID12) [206]. In line with
our findings in the GLASS cohort, we observed that the strongest association was
with ID8, and significant but substantially less pronounced for ID6 (Figure 5-5).
Both absolute and relative ID8 values were significantly higher in RT-treated sam-
ples when compared to RT-naive samples, and a significant association was ob-
served in nine of twelve tumor types (Figure 5-6f). Importantly, the comparison
of HRD+ and HRD- samples showed a clear association of HR-deficiency with ID6.
ID6 comprises > 5 bp deletions with microhomology at breakpoints and has been
reported previously to be elevated in HR-defect breast cancers [214]. Additionally,
we validated the findings from the GLASS cohort and previous observations that
MSI samples were enriched for indel signature 2 (ID2, Figure 5-5).

Collectively, these results have important implications for differential muta-
tional processes acting on the cancer genome. While MSI leads to an increased
burden in small deletions due to hypermutability resulting from impaired DNA
mismatch repair at microsatellites/homopolymers, the DSBs induced by RT and
due to HRD are repaired via error prone DSB-repair mechanisms. Our results clear-
ly suggest two different mechanisms for the repair of DSBs: the a-EJ pathway
that utilizes microhomologies at breakpoints in HR-deficient samples (signature
ID6) and c-NHEJ pathway that does not require microhomologies at breakpoints
in RT-treated samples (signature ID8).
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/™ Figure 5-6. Mutational signatures of RT-associated deletions.

a-d. Distribution of indel types for post-treatment mutations in the GLASS cohort, separated
by RT (a, ¢, RT-negative; b, d, RT-treated) and HM (a-b, Hypermutator; c-d, Non-Hypermutator).
Note that patterns of indels in hypermutated samples resemble the previously identified MSI
signature ID2, whereas RT-treated Non-Hypermutant gliomas harbor large similarities with ID8.
Sample sizes for each subgroup are annotated. e. Comprehensive comparison of all 177 COSMIC
indel (ID) signatures in IDHmut glioma. Top 2 panels display longitudinal comparison of absolute
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signature contributions separated by radiation treatment (RT+ and RT-). Middle 2 panels display
longitudinal comparison of relative signature contributions separated by radiation treatment. For
these panels paired Wilcoxon signed-rank test was applied for statistical testing. Bottom panels
display comparison of absolute (left) and relative (right) signatures of post-treatment indels
between RT-treated and RT-naive samples. For these panels Mann-Whitney U test was applied
for statistical testing. (ns = not significant, * = p < 0.05, ** = p < 0.01, *** = p < 0.001, **** =p <
0.00071). Note that ID8 is the only signature consistently associated with radiation therapy across
different comparisons, nominating it as a robust signature of radiotherapy. f. Absolute (top) and
relative (bottom) contribution of ID8 signature in metastatic cohort compared between cases
with prior radiation treatment and cases without prior radiation treatment separated by tumor
types. Note that most tumor types show significantly higher values of the signature in curative
RT+ cases. Kruskal-Wallis test was applied for statistical testing.

In a next step, we sought to identify single base substitution (SBS) signature
associations in both datasets. In line with previous reports, we found significant
enrichment of SBS11 in hypermutant IDH mutant glioma samples [185, 215] and
enrichment of signatures SBS44, SBS26, SBS21, SBS20 and SBS15 in MSI sam-
ples [213]. In HRD cases we observed enrichment of SBS3 and SBS8 which were
previously described [213, 214, 216] along with a so far unreported enrichment
of SBS39 (Figure 5-5).

In addition to these confirmatory results, we found several previously unre-
ported associations suggesting the involvement of APOBEC in RT-associated
DSB-repair. In the GLASS cohort, RT-treatment was significantly associated with
SBS13 and in the HMF cohort with SBS2 and SBS13.SBS2 and SBS13 are APOBEC
sighatures [213, 217]. APOBEC cytosine deaminases are involved in retrovirus
and retrotransposon restriction, and the enrichment of APOBEC signatures in
RT-treated samples in both datasets implicated APOBEC-mediated mutagenesis
in association with RT-associated DSB-repair [218-220].

Our results support the hypothesis that mutational signatures are shaped by
cycles of DNA damage and DNA repair [221]. While extrinsic radiotherapy causes
DNA DSBs, the intrinsic erroneous repair of the damage via c-NHEJ leads to spe-
cific small deletions (ID8), and APOBEC cytidine deaminases may be activated
during the repair process leading to specific SNVs (SBS2/SBS13).
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< Figure 5-7. RT associated with increase in large deletions and inversions.

a. Analysis of structural variants (SVs) after RT in IDHmut glioma samples with sufficient quality
for calling (n = 70): Translocations, Duplications, Deletions, Inversions. For each patient, number
of SVs were calculated pre-and post-treatment. Based on the distribution of percent increase
from primary to recurrence, cutoff was set for > 50% increase (Figure 5-4a). Comparison of
proportion of samples with/without increase of given SVs between RT-treated vs RT-naive.
Fisher’s exact test was applied for statistical testing. b. Depicted are proportions of IDHmut
glioma samples (n = 81) harboring a homozygous deletion in CDKN2A. Using Fisher’s exact test,
proportions were compared between RT-received recurrence (RT+) vs. RT-naive recurrence (RT-)
and RT-received recurrence (RT+) vs. samples prior to treatment (Primary). Detailed distributions
of whole chromosome deletion scores are provided in Figure 5-4f. c. Upper: Longitudinal
comparison of whole chromosome aneuploidy scores separated by RT-treatment for IDHmut
glioma samples with sufficient quality for calling and complete treatment annotation (total
n=69, RT-treated n = 42, RT-naive n = 27). Bottom: Separation of whole chromosome aneuploidy
into whole chromosome gain (left) and whole chromosome loss (right) scores, respectively. Note
that the increase of whole chromosome aneuploidy in RT-treated samples is associated with
whole chromosome losses. Dots are proportional to the frequency of whole chromosome loss
integer for each subgroup. Paired Wilcoxon rank-signed test was applied for statistical testing. d.
Upper: Comparison of whole chromosome deletion scores between RT-naive vs RT+pal vs RT+cur
and/or CDKN2A homdel vs. WT samples. Note that CDKN2A homdel is associated with higher
whole chromosome deletion scores, independent of RT. Within samples with CDKN2A homdel,
samples that were RT-treated with curative intent show the highest deletion scores. Dots are
proportional to the frequency of whole chromosome loss integer for each subgroup. Kruskal-
Wallis test was applied for statistical testing. Detailed distributions of whole chromosome
deletion scores are provided in Figure 5-4g. Bottom: Multivariable poisson regression model for
whole chromosome deletion scores integrating RT, CDKN2A and tumor types as variables. Note
that curative radiotherapy and CDKN2A homozygous deletion are independently associated with
higher levels of whole chromosome deletions.

Radiotherapy treatment is associated with aneuploidy and larger
deletions

Having established an association with radiotherapy and small deletions as well
as specific mutational sighatures, we reasoned that repair of RT-associated DSBs
may also result in other types of genomic variants. We detected large struc-
tural variants, including large deletions, duplications, inversions and transloca-
tions, in the longitudinal GLASS cohort. We observed that a significant number
of RT-treated patients demonstrated an increase in large deletions (length >
20bp to chromosome arm length) post-therapy, compared to RT-naive patients
(Figure 5-7a, P = 3.2 e-02, Fisher’s exact test). Interestingly, we observed a similar
statistically significant increase in inversions (Figure 5-7a, P = 2.1e-02) and no
differences were observed for translocations (Figure 5-7a, P = 1) and duplications
(Figure 5-7a, P = 7e-01). These associations remained significant after accounting
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for potentially confounding factors such as TMZ treatment and molecular sub-
type (Figure 5-8b). While radiation-associated secondary malignancies have been
reported to contain increased rates of inversions [204], a concomitant increase
in large deletions in association with RT has not been previously observed.

We next evaluated whether any specific deletions were associated with radio-
therapy treatment. Comparing alteration frequencies before and after RT-treat-
ment in the GLASS cohort identified a significant link between radiotherapy and
the acquisition of CDKN2A homozygous deletions among IDH-mutant gliomas
where CDKN2A loss at initial diagnosis is rare (Figure 5-7b) [222]. CDKN2A homo-
zygous deletions occurred exclusively in RT-treated recurrences (Figure 5-7b)
and occurred significantly more frequently than in pre-treatment samples
(Figure 5-7b, 29% vs 2%, P = 1.9e-05, Fisher’s exact test), nominating acquired
CDKN2A homozygous loss as a potential novel biomarker for RT resistance among
IDH-mutant gliomas, but not IDH-wild type gliomas where CDKN2A homozygous
deletion at diagnosis is common.

lonizing radiation can promote mitotic chromosome segregation errors caus-
ing aneuploidy [223-225]. Specifically, ionizing radiation can induce non-disjunc-
tion events during mitosis, leading to an imbalanced chromosomal copy number
between two daughter cells [226]. We investigated the association of aneuploi-
dy with radiation therapy, separating aneuploidy events into gains or losses of
entire chromosomes, likely the result of segregation errors; and partial gains or
losses, requiring additional DSBs (see Methods, Figure 5-8c). In an analysis of the
IDH-mutant GLASS cohort, we observed a significant association between RT and
chromosome losses, whereas no association was observed for simple gains or
complex events (Figure 5-7¢, Figure 5-8d). However, after adjusting for covariates
in a multivariable Poisson regression model used to model integer counts of an-
euploidy events, the effect of radiotherapy on chromosome losses in the GLASS
cohort was no longer statistically significant. The analysis highlighted a significant
association between chromosome losses and CDKN2A deletions (Figure 5-8e),
implicating that the increase in chromosome loss frequency following RT is specif-
ic to RT-associated acquired CDKN2A deletions. Using the HMF metastatic tumor
cohort, we confirmed the association between CDKN2A homozygous deletions
and chromosome losses (Figure 5-7d, Figure 5-8f). Using Poisson regression to
model associations of chromosome loss frequency, we found that both curative
RT-treatment and CDKN2A homozygous deletions are independently associated
with increased number of chromosomal losses in the HMF datasets (Figure 5-7d,
Figure 5-8f). However, testing for interactions between CDKN2A deletions and
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RT-treatment indicated a trend towards interaction between palliative/curative
radiotherapy and CDKN2A deletions (Table 5-1, P = 9.75e-02 and P =4.92e-02,
respectively, t-test). These results raise the possibility that chromosome segre-
gation may not directly be associated with radiotherapy but through interactions
with CDKN2A deletions, requiring further investigation.

Table 5-1. Multivariable Poisson regression model for whole chromosome losses in
metastatic cohort.

Variable Levels n Odds Ratio (95% Cl)  P-value
Tumor type Bone/Soft tissue 179 (ref)
Breast 716 1.10 (1.01-1.20) 2.50E-02
Colon/Rectum 445 1.42 (1.30-1.54) 1.11E-15
Esophagus 128 1.89 (1.71-2.08) <2E-16
Head and Neck 53 1.05(0.90-1.22) 512E-01
Lung 355 1.73 (1.59-1.88) <2E-16
Nervous System 74 0.51(0.43-0.60) 2.45E-14
Others 810 1.16 (1.07-1.26) 2.90E-04
Prostate 392 0.53(0.48-0.59) <2E-16
Skin 324 0.86 (0.78-0.94) 1.50E-03
Urinary Tract 163 1.05 (0.94-1.17) 3.87E-01
Uterus 54 1.03 (0.88-1.20) 7.37E-01
Radiotherapy RT- 2265  (ref)
RT+ pal 689 1.04 (0.99-1.08) 1.30E-01
RT+ cur 739 1.05 (1.01-1.10) 2.40E-02
CDKN2A status WT 3065  (ref)
Homdel 628 1.20 (1.14-1.26) 1.79E-12
Interaction terms  RT+ pal : CDKN2A homdel 9.75E-02
RT+ cur : CDKN2A homdel 6.92E-02

Including tumor type, RT, CDKN2A status and an interaction term between RT and CDKN2A as
variables. Note that CDKN2A homdel and curative RT are independently associated with higher
whole chromosome losses, while a trend towards interaction between CDKN2A deletion and
palliative/curatuve radiotherapy treatment exists.
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< Figure 5-8. Aneuploidy and SV analysis.

a. Analysis of structural variants (SVs) in glioma samples (Translocations, Duplications, Deletions,
Inversions). For each patient, number of SVs were calculated pre-and post-treatment and the
proportional increase after therapy for each SV-type was plotted separately for RT-naive
and RT-treated samples. Based on the distribution of proportional increase from primary to
recurrence, a cutoff was defined for > 50% increase that was further used for analyses in Figure
5-7a. b. To support analyses presented in Figure 5-7a, a multivariable logistic regression model
was fitted for the >50% increase values of the structural variant types. This model includes
radiation therapy, temozolomide therapy, molecular subtype and surgical interval as variables.
Note that radiation therapy is independently associated with an increase in large deletions and
inversions, but not duplications and translocations. e. Schematic overview of separation of
aneuploidy events into whole chromosome aneuploidy as a result of simple segregation errors
and partial aneuploidy as a result of complex segregation errors. d. Longitudinal analysis of
partial aneuploidy in IDHmut glioma samples. Note that neither the general partial aneuploidy
values, nor the detailed separation of partial aneuploidy values into gain of chromosome arms
(chromosome arm gain/neutral), loss of chromosome arms (chromosome arm loss/neutral) and
complex chromosome arm alterations (chromosome arm gain/loss) show significant differences
for any radiation treatment group. Dots are proportional to the frequency of whole chromosome
loss integer for each subgroup. Paired Wilcoxon rank-signed test was applied for statistical
testing. e. Multivariable Poisson regression model for whole chromosome losses in IDHmut glioma
including molecular subtype, RT, TMZ, surgical interval and CDKN2A status at recurrence as
variables. Note that CDKN2A homdel, but not RT is independently associated with higher whole
chromosome losses. f. Density plots over integers of whole chromosome deletion scores for
comparison between primary vs recurrent glioma samples, separated by radiotherapy. g. Density
plots over integers of whole chromosome deletion scores for comparison between RT-naive vs
RT+pal vs RT+cur and/or CDKN2A homdel vs. Wild-type (WT) samples from the HMF dataset. Note
that CDKN2A homdel is associated with higher whole chromosome deletion scores, independent
of RT. Within samples with CDKN2A homdel, samples that were RT-treated with curative intent
show the highest deletion scores.

RT-associated genomic changes are linked to poor survival

Finally, we wanted to ascertain whether the genomic effects of radiotherapy were
relevant to patient outcomes. A survival analysis confirmed previous observations
[185] that CDKN2A homozygous deletion at recurrence was significantly associ-
ated with worse overall survival in IDH-mutant glioma samples (Figure 5-10a, left,
P <1e-04,log-rank test),independent of age, treatment or subtype (Figure 5-10a,
right, P =1.4e-02, Wald test). To test for a survival association of CDKN2A dele-
tions amongst RT-treated patients in the HMF dataset we selected 958 samples
that received RT and had sufficient survival information available from 11 tumor
types (Figure 5-2e). Although CDKN2A homozygous deletions are less common
outside glioma and HMF data lacks longitudinal samples to limit the analysis
to cases with acquired CDKN2A deletion, patients whose tumors harbored a
CDKN2A homozygous deletions showed worse outcomes compared to patients
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with CDKN2A wild-type tumors (Figure 5-10b, left). Stratification of the cohort
into tertials based on genome-wide aneuploidy frequency demonstrated that
low aneuploidy was linked to favorable outcomes and high aneuploidy was linked
to poor outcomes (Figure 5-10b, middle). In summary, these results nominate
acquired CDKN2A homozygous deletion as a biomarker of RT resistance after
recurrence and support the clinical reassessment of CDKN2A status at recurrence
for optimizing treatment strategies.

Independent of the poor prognostic implications of specific, RT-linked chang-
es such as CDKN2A deletions, we found that GLASS patients with tumors car-
rying a high small deletion burden at recurrence (top tertial) had significantly
shorter overall survival (Figure 5-9a, P = 3.4e-02, log rank-test). The association
remained significant when accounting for the small deletion burden as a contin-
uous variable and possible confounding variables, indicating a robust correlation
(Figure 5-10¢c, HR =119 [95% CI: 1.01 - 1.14]; P = 4.3e-02, Wald test). Multivariable
modeling using a limited subset of patients with detailed dosage information
in the GLASS cohort (n=21) further indicated that the association with the small
deletion burden and survival is independent of dose, P = 2e-02). Separating the
overall survival time into surgical interval and post-recurrence survival indicated
that the association of high newly acquired small deletion burden with worse
survival was limited to post-recurrence survival (Figure 5-9a, P = 3.4e-03, log-rank
test). Surgical interval times did not differ significantly between the three tertials
(Figure 5-9a, P = 5.6e-01), suggesting that glioma patients may initially benefit
equally from RT, but after certain exposure to RT and acquisition of the deletion
signature, patients may lose sensitivity to further radiotherapy. This pattern is
reminiscent of the association between hypermutant glioma and temozolomide
therapy [215].

We then determined the association between radiotherapy and patient out-
come in the HMF metastatic tumor datasets using the 958 RT-treated patients
described above (Figure 5-10g). Using this cohort, we found that patients har-
boring a high small deletion burden (top tertial) had significantly shorter survival
than other RT-treated cases (Figure 5-9b, P < 4e-04, log rank-test). Similarly, we
could stratify HMF patients into tertiles according to ID8 burden to show that an
intermediate or high ID8 burden was associated with poor survival and a low ID8
burden was associated with improved outcomes (Figure 5-10b, right).
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/N Figure 5-9. Association of RT-related deletions with survival in GLASS cohort.

a. Left: Kaplan-Meier survival plots comparing overall survival dependent on deletion burden at
recurrence using log-rank test in RT-treated IDH mutant glioma samples (n = 49 with available
survival information). Samples were separated into 3 tertials based on deletion burden at
recurrence: High (top tertial), Intermediate (middle tertial) and Low (bottom tertial). Dotted
lines indicate median overall survival times. Note the stepwise association of tertials with
survival. Middle: Kaplan-Meier survival plots comparing surgical interval/time to second surgery
dependent on deletion burden at recurrence using log-rank test. Right: Kaplan-Meier survival
plots comparing post-recurrence survival dependent on deletion burden at recurrence using
log-rank test. b. Association of RT-related deletions with survival in metastatic cohort. Kaplan-
Meier survival plots comparing survival time dependent on deletion burden at metastasis using
log-rank test in RT-treated metastases (n = 958 with available survival information). Samples
were separated into 3 tertials based on deletion burden: High (top tertial), Intermediate (middle
tertial) and Low (bottom tertial). Dotted lines indicate median survival times. Note the stepwise
association of tertials with survival.
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a. Left: Kaplan-Meier survival plot comparing overall survival time dependent on CDKN2A status at
recurrence using log-rank test in IDH mutant glioma samples. Right: Multivariable cox regression
model including CDKN2A status at recurrence, TMZ-treatment, molecular subtype and Age as
variables. b. Left: Kaplan Meier survival plot comparing survival time dependent on CDKN2A
status at metastasis using log-rank test RT-treated metastases (n = 958 with available survival
information). Middle: Kaplan Meier survival plot comparing survival time dependent on aneuploidy
burden at metastasis using log-rank test in RT-treated metastases (n = 958 with available survival
information). Samples were separated into 3 tertials based on whole chromosome loss aneuploidy
scores: high (top tertial), intermediate (middle tertial) and low (bottom tertial). Right: Kaplan Meier
survival plot comparing survival time dependent RT signature ID8 burden at metastasis using
log-rank test in RT-treated metastases (n = 958 with available survival information). Samples were
separated into 3 tertials based on whole chromosome loss aneuploidy scores: high (top tertial),
intermediate (middle tertial) and low (bottom tertial). Note that a low ID8 burden is associated
with better survival, indicating a better response to RT. e. Multivariable cox regression model
including deletion burden at recurrence as continuous variable, CDKN2A homozygous deletion,
Temozolomide-treatment, molecular subtype and age as variables in RT-treated samples.
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The effect of RT-associated small deletion burden on the survival of the patients
was further independent of mutations in DDR genes. This validation of a worse
outcome association in a single-time point analysis suggests that the presence
of a higher number of RT-associated small deletions implicates a tumor that
has responded to therapy, but which may have lost some or all of the treatment
sensitivity. Taken together, these results suggest that a higher deletion burden
may reflect a scenario that is favorable to the tumor characterized by proficient
DNA repair resulting in less tumor cell killing and decreased treatment efficacy.

Discussion

In this study we comprehensively evaluated the effects of ionizing radiation on
the cancer genome using a cohort of pre- and post-treatment glioma samples
and a cohort of metastatic tumor specimens. We identified a unique signature
of RT-associated deletions that is reminiscent of double strand break repair by
canonical hon-homologous end joining. We found that CDKN2A homozygous
deletions are acquired in RT-treated IDH-mutant gliomas but not in untreated
recurrent IDH-mutant gliomas, raising the possibility that radiotherapy-induced
DNA damage promotes the acquisition of this poor prognostic marker. Further, we
found that a higher load of RT-induced deletions associated with worse patient
outcomes, suggesting that the increased deletion burden reflects the repair of
RT-induced DNA damage. The ability to effectively repair RT-induced damage
implies that sensitivity to RT has been diminished or lost. Inhibiting these repair
processes could therefore potentially sensitize tumors to the tumor-killing effect
of ionizing radiation.

The genomic impact of therapeutic radiation has not been comprehensively
shown, implicating a knowledge gap. Radiotherapy is used in the clinical manage-
ment in over 50% of cancer patients [199, 200] and effectively the most widely
used regiment for cancer treatment. Prior studies on radiation induced tumors
have shown a wide range of genomic effects and have suggested the involve-
ment of various DNA double strand break repair mechanisms [225,227-230]. Our
findings that RT is associated with significantly higher burden of small deletions
harboring specific genomic signatures, large deletions, large inversion and whole
chromosome loss-driven aneuploidy extends our knowledge base and provides
direction for development of effective radiosensitizers.

Our work raises the possibility that these events are a consequence of RT-in-
duced mutagenesis/repair cycles. While the nearly exclusive association between
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acquired CDKN2A deletions and RT-treatment could indicate that these events
are RT-induced, the datasets analyzed here were of insufficient coverage to de-
termine whether the CDKN2A lesions resulted from selection of pre-existing le-
sions or were a direct consequence of radiotherapy.

The significant expansion of clones harboring RT-induced genomic events
depends on clonal selection or drift [231]. Therefore, the increased small deletion
burden in combination with poor outcomes may reflect the emergence of more
competitive clones under RT-induced stress, innately active repair processes en-
suring tumor maintenance, or a combination of these two. Thus, additional rounds
of RT in patients with recurrent or metastatic tumors containing a significant
increase in small deletion burden is unlikely to further extend progression-free
survival. A biomarker able to readily detect increased small deletion burden may
help safe cost of treatment and avoid RT-associated patient comorbidities and
side-effects.

We note several limitations to our study. In contrast to the longitudinal GLASS
dataset, the HMF metastatic dataset comprises samples from a single time
point, complicating the attribution of alterations as post-treatment. Further-
more, the treatment annotation in HMF does not precisely describe whether only
the initial tumor or additionally the metastatic site were irradiated. Considering
these caveats, the effects of RT observed in this study might be more significant
than what we have observed. Additionally, evolutionary pressures for local (lymph
node) and distant metastases, which were analyzed homogenously in this study,
might be fundamentally different [232]. We cannot exclude that RT treatment
pressures have different impacts on anatomically distinct metastases, requiring
further investigations in larger datasets in the future.

Numerous clinical and preclinical studies have shown efficacy in targeting
DNA repair. Most famously, inhibitors directed at poly (ADP-ribose) polymerase
(PARP) in homologous recombination-deficient tumors (synthetic lethality) were
shown to be effective in the treatment of various cancer types [233-235]. Inhibi-
tors of NHEJ are much less well studied but recent reports are suggesting efficacy
in sensitizing tumors to radiotherapy. Inhibitors of ATM serine/threonine kinase
(ATM), a protein kinase that sets off a cascade of steps leading to DSB repair; and
DNA-dependent protein kinase catalytic subunit (DNA-PKc), a kinase that cata-
lyzes repair at the DSB locus, were shown to be effective in pre-clinical studies
and phase | trials of diffuse glioma [236-239]. The identification of enrichment of
APOBEC associated mutational sighatures may suggest a role for inhibitors of this
class of cytosine deaminases as radiosensitizers [240]. Compounds that inhibit
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DNA repair may improve the response of cancer cells to radiotherapy. The present
study highlights the importance of effective DNA repair in therapy resistance.
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Materials and Methods

Patient cohort

We curated a cohort of 190 patients with high-quality longitudinal DNA sequenc-
ing data, including treatment naive primary and matched post-treatment first
recurrence tumor samples from the GLASS dataset [185]. We classified paired
samples according to the 2016 World Health Organization (WHO) classification
into three subtypes: IDH mutant with 1p/19q co-deletion (IDHmut-codel), IDH
mutant without 1p/19q co-deletion (IDHmut-noncodel) and IDH wild type (IDHwt)
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[61]. The GLASS cohort used in this manuscript consists of n = 106 whole genome
sequencing (WGS) samples (n = 53 primary samples, n = 53 matched first recur-
rence samples) and n =274 whole exome sequencing (WES) samples (n = 106
primary samples, n = 106 matched first recurrence samples). Detailed information
on sequence platforms, capture kits and read length information are outlined in
the GLASS marker paper [185].

For validation analyses, we curated a metastatic cohort from the Hartwig
Medical Foundation (HMF) comprising a total of 4549 samples [205]. The HMF
cohort consists of metastatic tumor samples that were collected following
local or systemic treatment as part of the CPCT-02 (NCT01855477) and DRUP
(NCT02925234) clinical trials. Biopsy samples from a wide range of tumor types
collected at various hospitals across the Netherlands were sequenced at the
core facilities of the Hartwig Medical Foundation. Whole genome sequencing
(WGS) was performed for each sample according to standardized protocols [241].
Detailed information on sequence platforms, capture kits and read length in-
formation are outlined in the HMF marker paper [205]. VCF files with mutations
and associated metadata were downloaded from The Hartwig Medical Database
(https://database.hartwigmedicalfoundation.nl) After application of filtering cri-
teria (as described in detail in Figure 5-2¢) a set of n = 3693 were defined and used
for the majority of analyses throughout the manuscript. For survival analyses
we selected curative RT-treated samples with sufficient survival information
(n =958). All prior radiotherapy data were extracted using clinical data as pres-
ent in the CPCT-02 eCRF on December 08, 2020. These data were not cleaned
and represent the data entered by the clinical sites. The prior radiotherapy was
categorized as curative intent, palliative intent or other. All other instances were
manually curated by the principal investigator. All adjuvant / neo-adjuvant or
post-operative radiotherapy was considered curative intent radiotherapy. All local
radiotherapy for pain relief or other symptom-directed goals were considered
as palliative. Some items were not specified, and those events were not includ-
ed in our analysis. We also excluded all radiotherapy for non-malignant disease
states, specifically for gynecomastia treatment after castration. We cannot ex-
clude over- or underrepresentation of the radiation signatures as we are unaware
whether the metastases that were biopsied were not already present at the time
of radiotherapy.
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Variant Calling

Variant calling in the GLASS dataset was performed according to the GATK Best
practices using GATK 4.1.0.0 and publicly released as part of a previous publica-
tion [185]. Briefly, GATK 4.1. was used for variant calling in tumor samples against a
matched normal control. Additionally, panels of normals were constructed across
multiple control samples from the same tissue source and sequencing center.
Variants were broadly filtered for germline variants, cross-sample contamination,
read orientation and sequence context. Variants were called across all samples
for a given patient. Variants with a minimum coverage of 10 reads in both pri-
mary and recurrence and a minimum VAF of 10% for either the primary or the
recurrence were included for further analysis. Variants were considered to be
present if at least one mutant read was detected in a sample. Mutations directly
overlapping with known repeat regions according to the repeatmasker database
were removed. Specifically, we filtered out all variants in known repeat regions,
including DNA satellites, microsatellites, long terminal repeats, transposable el-
ements (LINE/SINE elements) and low complexity regions. Variant clonality was
inferred for each patient individually using PyClone (v.0.13.1) and as described in
more detail in the GLASS marker paper. Pipeline scripts can be found at https://
github.com/fpbarthel/GLASS.

Mutation burden comparison

The mutation burden was calculated as the number of mutations per megabase
(Mb) with at least 10x coverage and stratified by variant type. The overall tumor
mutation burden (TMB) was calculated as the sum of the burden of small de-
letions, small insertions and single nucleotide variants. Recurrent tumors with
greater than 10 mutations per Mb were considered hypermutated as previously
described [185]. For the comparison of mutation burden between RT-treatment
groups in the GLASS dataset, we calculated the burden of mutations unique to
the recurrent tumors and therefore were acquired after treatment. To adjust for
confounding covariables, we fitted a multivariable log-linear regression model
using the glm function in R.In addition to RT-treatment, we included TMZ-treat-
ment, hypermutation, surgical interval in months and molecular subtype as vari-
ables. The small deletion burden in the GLASS dataset was not confounded by
batch effects. Accordingly, we included the full therapy and tumor type informa-
tion for mutation burden analyses in the Hartwig metastatic cohort. To adjust
for negative infinite values resulting from the log-transformation in the GLASS
cohort, we added a constant value of 1 to the log function. For the metastatic
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cohort, the log-transformation did not result in (negative) infinite values and
therefore not necessitating the addition of a constant value.

Association of deletions with nhon-B DNA structures

The genomic locations of non-canonical DNA structures were derived from the
Non-B DNA database [242]. We calculated for every variant position and, for com-
parison, for 250,000 randomly sampled positions from the reference genome,
the distance to non-B features as a continuous (absolute distance to genomic
feature in bp) or categorical (position in or up to 100 bp to genomic feature - yes/
no) values. We used a Mann-Whitney U test for differences in the genomic prop-
erties of variants in radiation-induced and non-radiation-induced tumors after
adjusting for random background distribution.

dNdScv

For quantification of selection processes at the level of individual genes depen-
dent on radiation therapy, we calculated dN/dS ratios as previously described
[185]. Briefly, the R package dNdScv [212] was run using the default and recom-
mended parameters for each mutational fraction (private to primary, shared be-
tween primary and recurrence and private to recurrence). All analyses were con-
ducted separately within radiotherapy-naive and radiotherapy-treated groups.

Sequence microhomology

Sequence microhomology was determined by iteratively comparing the 3’ end
of the deleted sequence to the 5’ flanking sequence. Any deletion demonstrating
at least 2nt of homology was considered microhomology-mediated. The homol-
ogous sequence was characterized and further analyzed for the presence of nt,
2nt and 3nt repeats. The repeat unit and number of repeats were quantified.

Mutational signatures

SigProfiler was used to extract and plot mutational signatures of single base
substitutions (SBS), double base substitutions (DBS) and indels (ID) [213]. Abso-
lute and relative contributions of signatures were determined using modified
functions from the MutationalPatterns R package [243]. Briefly, we fitted the
mutational profile matrix generated with SigProfiler to the catalog of previously
identified COSMIC mutational signatures (v3, May 2019) by solving the non-neg-
ative least squares problem. The single base substitution sighatures SBS31and
SBS35 have been previously linked to platinum therapy [206, 213]. Analysis of
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the HMF cohort using the signatures we extracted confirmed these previously
established associations, providing further credence to the identified signatures.
SigProfilerPlotting [244] was used to visualize the distribution of indel charac-
teristics (Figure 5-6a-d).

Structural variants

For the GLASS dataset split reads and discordant read pairs were extracted from
all tumor and normal BAM files using samtools 1.7 [169]. We used the lumpyexpress
tool (from LUMPY 0.2.13) to call structural variants providing the data associat-
ed with the set of normal and tumor samples belonging to one patient [245].
CNV predictions inferred from read-depth using CNVnator 0.3.3 were addition-
ally provided to garner further support for identified variants [246].The resulting
call set was post-processed using SVtyper 0.6.0 to genotype structural variants
for each individual sample belonging to a patient [247]. Finally, we used GATK
VariantFiltration to filter all variants with less than four reads of support and
those with quality scores less than ten [248]. Variants that showed any support
in non-tumor samples were additionally removed. Variants were quantified per
sample and further stratified according to type (translocation, duplication, de-
letion and inversion). We computed the change in frequencies for each patient
by dividing the rate at recurrence by the rate at primary. Only variants spanning
at least 20bp were considered.

Aneuploidy calculation

Arm-level aneuploidy data from the GLASS dataset was obtained from a previ-
ous publication and copy number segmentation files from HMF were processed
into arm-level copy number calls using the same methods [185]. Chromosomes
demonstrating euploidy in both arms were considered euploid. Chromosomes
with equidirectional aneuploidy in both arms or aneuploidy in a single arm and
indeterminate ploidy in the other arm were considered “simple aneuploid”. Chro-
mosomes with aneuploidy in one arm and incongruent ploidy in the other arm
were considered “complex aneuploid”. Aneuploidy events were quantified for
each tumor sample.

Statistical methods

All data analyses were conducted in R 3.6.1, Python 3.7.3 and PostgreSQL 10.5.
All survival analyses including Kaplan-Meier plots and Cox proportional hazards
models were conducted using the R packages survival and survminer. For un-
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paired group comparisons the Mann-Whitney U test and Kruskal-Wallis test were
used and for paired longitudinal comparisons the Wilcoxon signed-rank test was
applied. Forest plots were generated using the R package forestmodel. Survival
times for the GLASS dataset were calculated as described previously [185]. In the
HMF metastatic cohort, we calculated survival starting from the date of biopsy
to date of death. For patients that were alive, we used the last date of follow-up
(date of treatment end) as censoring.
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Chapter 6

Abstract

Cancer cells survive cellular crisis through telomere maintenance mechanisms.
We report telomere lengths in 18,430 samples, including tumors and non-neo-
plastic samples, across 31 cancer types. Tumor telomeres were shorter com-
pared to normal tissues, and longer in sarcomas and gliomas compared to other
cancers. Amongst 6,835 cancers, 73% expressed telomerase reverse transcrip-
tase (TERT), which was associated with TERT point mutations, rearrangements,
DNA amplifications, and transcript fusions, and predicted telomerase activity.
TERT promoter methylation provided an additional deregulatory TERT expression
mechanism. Five percent of cases with undetectable TERT harbored ATRX or DAXX
alterations, demonstrated elongated telomeres and increased telomeric repeat
containing RNA (TERRA). The remaining 22% of tumors neither expressed TERT,
nor harbored alterations in ATRX/DAXX. In this group, telomere length positively
correlated with TP53 and RBTmutations. Our analysis integrates telomere length,
TERT abnormalities, telomerase activity and known ALT mechanisms with ge-
nomic determinants of telomere length in cancer.
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Introduction

Telomeres make up the terminal ends of each chromosome and are composed
of repetitive DNA sequence (TTAGGG)" and bound proteins [87]. These complexes
function by protecting the chromosome ends from being recognized as DNA
double strand breaks and preventing inadvertent activation of detrimental DNA
damage response pathways [89]. Telomeres shorten with each cell division which
eventually triggers cellular senescence resulting in growth arrest [88], a process
that can be circumvented by the inactivation of p53 and Rb tumor suppressor
proteins [249-252]. Further cell division leads to cellular crisis and ultimately cell
death. Rare cells can overcome crisis through telomere maintenance.

Senescence and crisis are potent tumor suppressive mechanisms [90], and
maintenance of telomere length is therefore an important step in oncogenesis.
Telomere shortening can be counteracted by activating telomerase [253]. The
telomerase enzymatic subunit is encoded by TERT, and while it is transcriptionally
silent in most non-neoplastic cells, reactivation may endow a small population
of cells with the ability to survive crisis, at which point they become immortal-
ized [254]. It has been proposed that up to 90% of human cancers reactivate
telomerase [255]. Several mechanisms have since been associated with TERT
reactivation, including TERT promoter mutations, TERT promoter rearrangements,
and TERT DNA copy number amplifications [104,256-258]. Alternative lengthen-
ing of telomeres (ALT), a recombination-based process, is frequently observed
in tumors with lack of telomerase activity and manifests with long but highly
variable telomeres [259, 260]. Deactivating mutations in ATRX and its binding
partner DAXX were found tightly correlated with long telomeres in pancreatic
neuroendocrine tumors [261] and glioma [262]. Recent evidence suggested that
loss of ATRX may contribute to ALT by promoting sustained sister telomere co-
hesion and chromatid exchange [263].

Here, we analyzed 18,430 unique samples, including tumors (n=9,065), blood
controls (n=7,643) and solid tissue controls (n=1,722), from 9,127 patients across
31 cancer types, to identify genomic and transcriptomic characteristics of telo-
mere length.
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Results

Telomere length in human cancer and matching normal tissue

Telomere length (TL) is expected to vary between tumor types due to varying
frequencies of ALT, different age distributions and variability of telomere lengths
amongst cell of origin from different lineages. In order to quantify this hetero-
geneity, we estimated TL for 18,430 samples across 31 cancer cohorts available
through The Cancer Genome Atlas (TCGA), including samples profiled using
whole-genome sequencing (WGS, n = 2,018); low-pass whole-genome sequenc-
ing (LPS, n =1,929); and whole-exome sequencing (WXS, n = 14,483) (Figure 6-1a,
Supplementary Table 1, available online with the full-text of this article at www.
nature.com/ng) [264]. The full dataset consisted of tumor samples, blood normal
samples, and solid tissue controls (Figure 6-2a). Matching tumor and normal
(T/N) samples were available from 8,953 unique patients (Figure 6-2b) and using
tumor/normal TL ratios alleviated technical effects from differences in sequenc-
ing center and method (Figure 6-3a-d).

In order to compare TL across tumors and normal tissues, we used linear
mixed modeling to adjust high-confidence WGS-based TL (n = 2,018) for con-
founding effects (Supplementary Table 2, available online with the full-text of this
article at www.nature.com/ng). In addition to 734 blood normal samples, this
analysis included 213 normal tissue samples of five different tissue types, includ-
ing liver (n = 21), lung (n = 46) and kidney (n = 81). We did not detect statistically
significant differences between tissue types and confirmed considerable vari-
ability between samples from the same tissue type (Figure 6-4a-b) and negative
correlation between TL and age (Figure 6-4c) [265].
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a. Heatmap of patients in the unpaired set (in purple, n =18,430) and fully paired set (in brown,
n=8,953). Each column represents a single patient. Rows in orange represent available data
depending on platform. The extended set (n = 6,835) and core set (n = 473) are given in brown.
b. Linear mixed model mean TL estimates using the high-confidence WGS set (n =2,018) by
sample type and for each tumor type. Error bars indicate 95% confidence interval. Estimates
were adjusted for age, gender and sequencing center. Definitions for tumor type acronyms can
be found in the Online Methods.
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a. Flowchart of sample selection. After exclusion of unsuitable samples 18,430 samples remained.
Tumor and normal samples were subsequently paired and extra pairs per patient were dropped
for a paired set consisting of n = 8,953 pairs. Further sample selection based on available data
is presented in Figure 6-1a. The sample selection, tumor/normal pairing procedure and replicate
analysis are explained in-depth in the supplementary methods. b. Boxplot of log T/N TL ratio
‘log(Tumor TL/Control TL)’ across cancer types for all n = 8,953 samples in the paired set. Boxes
colored in blue indicate that the median TL ratio for that cancer type is greater than 1 (log
ratio greater than 0), and thus more than 50% of samples show TL elongation. Numbers and
percentages at the top and bottom whiskers represent cancer cases with TL longer and shorter
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/™ Figure 6-3. Benchmark of TL and TL ratio across centers and sequencing methods.

a. Boxplots showing log(TL) across centers and sequencing methods. Each point indicates the
median for a single cancer type. Bl, Broad Institute sequencing center; BCM, Baylor College of
Medicine sequencing center; WUGSC, Washington University sequencing center; HMS-RK, low
pass sequencing. b. Boxplots showing the log(Tumor TL/Normal TL) ratio across centers and
sequencing methods. Each point indicates the median for a single cancer type. ¢. Comparison
of n=3,883 log(TL) replicates. Sequencing center was kept constant for comparison across
sequencing method and was variable for comparison within sequencing method. Replicate
pairs that did not follow these criteria were dropped. d. Comparison of n=1,861T/N TL ratio
replicates. Sequencing center was kept constant for comparison across sequencing method
and was variable for comparison within sequencing method. Replicate pairs that did not follow
these criteria were dropped.

Across neoplastic samples cervical (2.36 Kb, 95%Cl 1.82-3.07 Kb) and endomettrial
cancer (2.82 Kb, 95%Cl 2.32-3.42 Kb) showed the shortest average TL whereas
glioma (5.69 Kb, 95%CI 4.75-6.81 Kb) and sarcoma (5.71 Kb, 95%CI 4.63-7.05 Kb)
showed the longest (Figure 6-1b). Tumors showed relative TL shortening (tumor
TL < normal TL) compared to matched normals in 70% and relative TL elonga-
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tion (tumor TL > normal TL) in 30% of our cohort (Figure 6-2b). Tumor types that
showed the highest rates of relative longer TL included testicular germ cell tumors
(52%), lower grade glioma (54%) and sarcoma (55%), possibly reflecting the high
telomerase activity seen in malignant testicular germ cell tumors [266] and the
high frequency of ALT in lower-grade glioma and sarcoma. Conversely, uveal mela-
noma (100%), kidney chromophobe (89%), kidney papillary (84%) and lymphoma
(84%) demonstrated the highest rate of relatively shorter TL.
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/™ Figure 6-4. Telomere length in matching normal tissue.

a. Linear mixed model mean TL estimates by for each tissue type. Error bars indicate 95%
confidence interval. Estimates were adjusted for age, gender and sequencing center. b. Pairwise
comparison of normal TL between tissue types. Tukey-Kramer adjustment was used for all pairwise
comparisons. c. Scatter plots for age and normal TL across each normal tissue type (n > 10).
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Multiple modalities associated with TERT overexpression

To catalogue somatic alterations that may lead to overexpression of TERT in
cancer, we performed a genomic and epigenetic TERT survey. We curated a core
sample set that consisted of 473 T/N pairs with the most comprehensive molec-
ular profiling and an extended set that consisted of 6,835 T/N pairs with varying
numbers of cases profiled by each individual platform (Figure 6-1a, Methods).
TERT promoter (TERTp) mutations, predominantly C250T and C228T, were de-
tected in 27% of the extended set for the cases where TERTp status could be
determined (n = 1581). In agreement with previous reports [103, 267]; high inci-
dence of TERTp mutations was found in bladder cancer (42/60, 70%), liver cancer
(73/162, 45%), melanoma (93/129, 72%), lower grade glioma (127/285, 45%) and
glioblastoma (25/28, 89%, Figure 6-5a). We found TERT focal amplifications in
four percent of all samples and these events were most frequently observed in
ovarian cancer (6/27, 22%), lung adenocarcinoma (63/476, 13%) and lung squa-
mous cell carcinoma (23/167, 14%), esophageal carcinoma (23/168, 14%) and
adrenocortical carcinoma (11/75, 15%, Figure 6-5b) [257]. Structural variants (SV)
involving TERT or the TERT upstream regulatory region (TERTp) were detected in
15 samples (3%) respectively 17 samples (4%) of the core set (Figure 6-6a and
Supplementary Table 3, available online with the full-text of this article at www.
nature.com/ng). TERT/TERTp structural variants were most frequent in sarcoma
(10/39, 26%), hepatocellular carcinoma (7/50, 14%), kidney chromophobe (5/49,
10%) and prostate cancer (2/20, 10%)(Figure 6-5c).
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/™ Figure 6-5. TERT alterations in cancer (1).

a. Circos plot of TERT fusion partners. Only segments of each chromosome are shown. Segment
coordinates in Kbp are indicated in purple. The 5’ fusion partner is shown in blue and the 3’ fusion
partner is shown in orange. b. Pairwise comparison of TERT promoter beta value (cg11625005) in
tumor and normal. P-values were calculated using a two sided Mann-Whitney U test. c. Boxplot of
TL length ratio in groups of TERT alterations. TL length ratio in TERT altered groups was compared
to the TERT wt group using a two-sided t-test. TERTp meth, promoter methylation; TERTp mut,
promoter hotspot mutation; TERT amp, copy number amplification; TERTp sv, promoter structural
variation; TERT sv, gene body structural variation; TERT wt, cases without detectable evidences
in all aforementioned groups. d. Boxplot of TERC expression in groups of TERC alterations. TERC
expression in TERC altered groups was compared to the TERC wt group using a two-sided t-test.

*** P<0.0001; ** P<0.001; * P<0.05; N.S. not significant.
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a. Top: Histogram of DNA breakpoints in TERT in the core set (n=473). SpeedSeq detected 44
breakpoints aligning to TERT or the TERT promoter in 30 samples. Middle: Smoothed scatter plot of
the correlation coefficient and significance of probe-expression correlations for TERT. Each point
represents an lllumina 450k probe. The vertical dashed line represents the transcription start site.
The analysis was performed separately for TERT wt and TERT altered samples. Bottom: The x-axis
is represented by the canonical TERT transcript visualized using the Ensembl browser. Protein
domains shown according to Pfam. b. Boxplot of H3K27ac, H3K27me3 and H3K27me1 levels from
the NIH Roadmap Epigenomics dataset at the locations of TERTp structural variant proximal
and distal breakpoints (N=17). This dataset consists of 183 biological samples consolidated into
111 epigenomes (Suppl. Methods). P-values were calculated using two-sided t-tests. ¢. Boxplot
of TERT expression in groups of various TERT alterations. TERT expression in each TERT altered
group was compared to the TERT wt group using a two-sided t-test. *** P<0.0001; ** P<0.001; *
P<0.05; N.S. not significant.

TERT promoter rearrangements have been proposed to lead to juxtaposition of
enhancer elements in neuroblastoma [258]. To investigate this hypothesis using
our dataset, we overlaid the genomic positions with a database of 65,950 super
enhancers across 107 tumor and normal cell types [268]. In the majority of TERTp
structural variants (65%), at least one predicted super enhancer was found to
directly overlap with the juxtaposed position. We compared the enhancer marks
histone H3K27 acetylation (H3K27ac) and H3K4 mono-methylation (H3K4me1)
signal for each of the breakpoints in the TERT promoter and the juxtaposed, distal,
breakpoints across 111 epigenomes available from Roadmap Epigenomics Con-
sortium and found significant enrichment for enhancer marks in the juxtaposed
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position compared to the TERT promoter (Figure 6-6b, Figure 6-5d) [269, 270].
Our data suggest that TERT promoter rearrangements may result in repositioning
of enhancer elements that activate TERT transcription.
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/™ Figure 6-7. TERT alterations in cancer (2).

a. Circos plot of TERT fusion partners. Only segments of each chromosome are shown. Segment
coordinates in Kbp are indicated in purple. The 5’ fusion partner is shown in blue and the 3’ fusion
partner is shown in orange. b. Pairwise comparison of TERT promoter beta value (cg11625005) in
tumor and normal. P-values were calculated using a two sided Mann-Whitney U test. c. Boxplot of
TL length ratio in groups of TERT alterations. TL length ratio in TERT altered groups was compared
to the TERT wt group using a two-sided t-test. TERTp meth, promoter methylation; TERTp mut,
promoter hotspot mutation; TERT amp, copy number amplification; TERTp sv, promoter structural
variation; TERT sv, gene body structural variation; TERT wt, cases without detectable evidences
in all aforementioned groups. d. Boxplot of TERC expression in groups of TERC alterations. TERC
expression in TERC altered groups was compared to the TERC wt group using a two-sided t-test.
*** P<0.0001; ** P<0.001; * P<0.05; N.S. not significant.

We next performed a supervised search for TERT gene fusions [271, 272]. TERT
fusion transcripts were detected in 3% of the extended set (Figure 6-7a and
Supplementary Table 3, available online with the full-text of this article at www.
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nature.com/ng). TERT was always the 3’ partner gene, and in 13 of 19 fusions the
5’ partner gene resided on chromosome 5. All fusions demonstrated altered exon
expression flanking the fusion point, and 16/19 TERT fusion breakpoints fell in the
second intron. Both exons two and three map to the telomerase RNA binding
domain and it is thus unlikely that the fusion product retains canonical TERT
functionality [273, 274]. We observed read coverage on exon 2 in 15 of 16 samples,
suggesting that additional TERT transcripts were expressed.

Taken together, we found somatic TERT alterations including TERTp mutations,
TERT amplifications and TERT structural variants involving gene promoter or gene
body in 32% of core set samples. Somatic TERT alterations associated with de-
tectable TERT transcripts in 93%. Next, we evaluated whether epigenetic mecha-
nisms could also be related to TERT transcriptional activation. We correlated TERT
expression to DNA methylation probes mapping to the TERT gene body (n = 72)
and promoter (n = 3). We observed moderate correlations between TERTp DNA
methylation and TERT expression in samples carrying a somatic TERT alteration
(FDR>0.05, abs(Rho)<0.3; Figure 6-6a). In contrast, samples lacking somatic TERT
alterations showed significant negative correlation between gene body meth-
ylation and expression, and positive correlation between promoter methylation
and expression (Figure 6-6a). As previously described in pediatric brain tumors,
TERT promoter probe cg11625005 demonstrated a strong correlation with TERT
expression (Rho=0.52, FDR<0.0001) [275]. Further comparison of this probe using
537 paired tumor and adjacent tissue normal samples showed a general absence
of methylation of this probe in normal samples (Figure 6-7b).

We found that 63% of TERT wild type tumors in the core set expressed TERT,
of which 91% showed promoter DNA methylation compared to 40% of the TERT
non-expressing samples. Altogether, 95% of TERT expressing samples showed
TERTp mutations (31%), TERT amplification (3%), TERT structural variants (3%),
TERTp structural variants (5%) or TERTp methylation (53%). Amongst different
types of TERT aberrations, the TERTp sv group showed the highest transcription
levels (two-sided t-test P < 0.05, Figure 6-6c). TERTp methylation (two-sided t-test
P < 0.05) and TERTp mutations (two-sided t-test P<0.0001) were associated with
relative TL shortening compared to other types of TERT alterations (Figure 6-7c).
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a. Example of TERT isoform abundance. The figures shows three samples with abundant full-
length transcripts (in red), three samples with mixed full length and minus-beta transcripts
(orange) and three samples with predominantly minus beta transcripts (green). Full-length and
minus beta exon models are shown for reference. The MISO y (psi, percent spliced in) is shown
for each sample and indicates the percentage of full-length transcripts relative to minus beta
transcripts. b. Histogram of the percentage of full-length transcripts relative to minus beta
transcripts in N=1,201 samples. Samples with less than 25% full length transcripts (more than
75% minus beta transcripts) are shown in green, samples with between 25% and 75% full-length
transcripts in orange and samples with more than 75% full-length transcripts in red. There is a
significant enrichment of full-length transcripts relative to minus beta transcripts (one-sample
t-test P < 0.0001; Mu = 50%).

We next performed a similar analysis of TERC, the RNA subunit of the telomerase
complex [276]. TERC was amplified in four percent of samples in the extend-
ed set, and most frequently in lung squamous cell carcinoma (n = 68/167, 41%),
esophageal cancer (n = 36/168, 21%) and ovarian cancer (n = 6/27, 22%). We did
not identify mutations or structural variants targeting TERC. Focal TERC ampli-
fications were associated with increased TERC expression (two-sided t-test P <
0.0001) (Figure 6-7d), and were enriched in TERT expressing samples (Odds Ratio
(OR) 2.59, Fisher’s Exact P < 0.00071).
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Inferring telomerase activity using a gene expression signature

Previous studies have shown a complex role for transcription of the TERT gene
and its various isoforms in determining telomerase activity [126, 277,278], in part
because only the full length TERT transcript can encode enzymatically active
protein [279]. The minus beta isoform skips exons 7 and 8 and prematurely
stops at exon 10 and is thought to be the most abundant TERT splice variant in
cancer (Supplementary Table 4, available online with the full-text of this article at
www.nature.com/ng)[280, 281]. We evaluated the presence of the minus beta
transcripts in 1,201 samples with sufficient exon 6 to 9 coverage using MISO
(Figure 6-8a) [282]. Full-length transcripts were detected in all samples and were
significantly more abundant than minus beta transcripts (one-sample t-test P <
0.0001, Mu=50%; Figure 6-8b).

Given the limitations of TERT expression as measured by RNAseq in predict-
ing telomerase activity, and lack of telomerase measurements in the TCGA pro-
teomics datasets (data not shown), we inferred telomerase activity through a
gene signature (Supplementary Table 4, available online with the full-text of this
article at www.nature.com/ng). The sighature showed a positive correlation with
telomerase enzymatic activities determined in urothelial cancer cell lines (n = 11,
Figure 6-9a), without reaching statistical significance (P = 0.07) [126]. Telomerase
activity scores were significantly higher in tumor samples compared to various
solid tissues (Figure 6-9b), with kidney chromophobe carcinoma representing
an exception. Both results suggested that the gene signature provided a general
estimate of telomerase activity.

We found telomerase sighature scores were significantly higher in TERT ex-
pressing cancers than non-expressing cancers in both core and extended set
(both P<0.0001, Wilcoxon rank sum test). Samples with TERT amplification scored
highest, followed by promoter methylation, gene body and promoter structural
variation, and promoter mutation (Figure 6-9c¢). TERC amplification was addition-
ally associated with higher telomerase signature scores compared to non-am-
plified samples (two-sided t-test, P < 0.0001), which may in part be explained by
the co-expression patterns of TERT and TERC. Pan-cancer analysis using all 31
cancer types revealed a positive correlation between TERT expression and telo-
merase signature score (Rho=0.69, P < 0.00071), with testicular germ cell tumors
showing the highest average scores and pheochromocytoma and paraganglioma
the lowest (Figure 6-9d).
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/™ Figure 6-9. Inferring telomerase activity using a gene expression signature.

a. The predicted telomerase activity is correlated with experimentally determined telomerase
enzymatic activity in 11 urothelial cancer cell lines with a borderline significance (p=0.07,
Spearman correlation). b. Telomerase signature score in tumor and normal samples in TCGA
cohorts. Across all cancer types except KICH and THCA tumor scores are significantly higher
than that of normal samples (P < 0.001, t test). . Distribution of telomerase activity score across
TERT alteration categories. All TERT aberrant groups are significantly higher than the TERT wt
group (P<0.01). d. Telomerase activity score in 31 cancer types. X-axis represents mean TERT
expression measured by TPM. Y-axis represents median telomerase score. The size of each dot
is proportional to the percentage of TERT expressing samples in the corresponding cancer type.
X and Y-axis are in log2 scale for better visualization.
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N Figure 6-10. Multivariable Genomic Determinants of Telomere Length.

a.Scatterplot showing gene to TL ratio associations using the extended set (n = 6,835). P-values
were calculated using a two-sided t-test and adjusted for multiple testing using FDR. b. Heatmap
of TERT, TERC, ATRX and TP53 expression and somatic alterations in the core set (n = 473). TL ratio,
TERRA expression and telomerase signature score are also shown. Each column represents a
sample. c. Linear regression analysis of TL ratio. Variables shown are independent predictors of
TLin the core set (n = 473). Variables from panel b were selected using backwards elimination to
derive the final model. R? = 0.16.
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< Figure 6-11. TL genomic associations, ATRX and TERRA.

a.Scatterplot showing gene to TL ratio associations using the extended set (n = 6,835). Results are
grouped by disease. P-values were calculated using a two-sided t-test and adjusted for multiple
testing using FDR. Up to five negatively (left) or positively (right) associated genes with an FDR
< 0.25 are listed in each plot. b. Histogram of DNA breakpoints in ATRX in the core set (N=473
samples). Bars are colored according to breakpoint detection method. ¢. Circos plot of ATRX
fusion partners. Only segments of each chromosome are shown. Segment coordinates in Kbp
are indicated. The 5’ fusion partner is shown in blue and the 3’ fusion partner is shown in orange.

ATRX altered tumors show profound telomere elongation

To identify TERT-independent mechanisms involved in TL regulation, we as-
sociated somatic alterations to TL ratio in the extended set. We reduced the
search space by selecting genes significantly mutated, genes focally deleted or
gained, and genes from a manually compiled list of telomere associated genes
(n =196; Supplementary Table 5, available online with the full-text of this article at
www.nature.com/ng). We found alterations of ATRX and IDHT as the most signifi-
cantly associated with relative TL elongation (both FDR<0.000T1; Figure 6-10a).
Since IDHT mutations frequently co-occur with ATRX in glioma, we tested a model
with both tumor type and IDH1 as covariates, and found IDHT no longer associated
with TL ratio (two-sided t-test P = 0.15). Other hits (FDR<0.25) associated with
relative TL elongation included TP53 (TL ratio 1.15, 95%ClI 1.1-1.21, FDR<0.00071),
BCOR (TL ratio 1.24, 95%CI 1.08-1.42, FDR=0.04), RB1(TL ratio 1.14, 95%CI 1.04-1.25,
FDR=0.05), CCNET(TL ratio 119, 95%CIl 1.05-1.35, FDR=0.07) and TERC (TL ratio 1.14,
95%CI 1.02-1.27, FDR=0.16). Alterations of the VHL were found to be associated
with relative TL shortening (TL ratio 0.7, 95%Cl 0.61-0.8, FDR<0.000T1). We repeat-
ed the analysis in each cancer type and found TP53 associated with relative TL
elongation in six tumor types (Figure 6-11a). Given the role of p53 in apopto-
sis regulation and senescence bypass, direct involvement of TP53 in telomere
maintenance should be carefully tested in well-controlled conditions. A linear
regression model showed that in addition to older age, positive TERRA expres-
sion, TP53 deletion, TP53 mutations, ATRX deletion, ATRX structural variants and
absent/undetectable TERT expression were all independently associated with
relative TL elongation (Figure 6-10b-c). Although DAXX has been linked to telomere
length and ALT, DAXX mutations (n = 51/6,835) and deletions (n = 5/6,835) did not
associate with TL[262, 283].
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Because of the strong correlation between ATRX and TL, we performed a thorough
investigation of alterations affecting this gene. In addition to non-synonymous
mutations and deletions, we detected ATRX structural variants from WGS data
in 5% of the core set samples (n=26/473). In order to detect ATRX structural
variants across the extended set, we used DNA copy number calls to detect
breakpoints in ATRX (Figure 6-11b). Despite the high detection threshold of this
method (34% sensitivity, 100% specificity), ATRX structural variants were pre-
dicted in 70 of 6,835 samples (1%). ATRX fusion transcripts were found in seven
extended set samples (Figure 6-T1c). ATRX was the 5’ gene partner in five fusion
genes and the fusions were predicted to result in retaining less than 10% of the
ATRX protein sequence. ATRX was the 3’ partner in two fusion transcripts and
functional protein domains were retained in both.
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/™ Figure 6-12. ATRX altered tumors show profound telomere elongation.

a. Boxplot of ATRX expression in groups of ATRX alterations. Only non-synonymous mutations
are considered. ATRX expression in ATRX altered groups was compared to the ATRX wt group
using a two-sided t-test. b. Boxplot of TL ratio in groups of ATRX alterations. TL ratio in ATRX
altered groups was compared to the ATRX wt group using a two-sided t-test. e. Barplot indicating
the percentage of TERRA expressing tumors per group of ATRX alterations. Proportion of TERRA
expressing samples in ATRX altered samples was compared to ATRX wt samples using a two-sided
Fisher’s Exact test. *** P<0.0001; ** P<0.001; * P<0.05; N.S. not significant.
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We observed a significant decrease in ATRX expression in samples showing muta-
tions, deletions, fusions and structural variants compared to cases with wild type
ATRX (Figure 6-12a). We found that all of types of ATRX alteration associated with
significantly longer TL compared to wild type ATRX, consistent with the previously
established association between ATRX deactivation and ALT (Figure 6-12b).

Recent studies found that ATRX knockdown resulted in elevated levels of
telomeric repeat containing RNA (TERRA) [127]. We estimated TERRA levels using
RNA sequencing in the extended set and in 566 non-neoplastic samples. Our
results demonstrate a significantly higher fraction of TERRA expressing sam-
ples in all groups of ATRX altered samples (Figure 6-12, Fisher’s Exact test P <
0.05) compared to the group of ATRX wild type samples. TERRA expression was
associated with relative TL elongation (two-sided t-test TL ratio 113, 95%CI 1.07-
1.017, P < 0.0001). Significantly more samples expressed TERRA in tumors lacking
TERT expression, compared to samples expressing TERT (Fisher’s Exact OR 0.73,
95%Cl 0.65-0.82, P < 0.00071). In contrast, comparison of the TERRA levels of tumor
samples to their matched normal controls (n = 596, Fisher’s Exact test P = N.S.)
showed no significant differences.

A substantial fraction of cancer samples lacks detectable TERT
expression and mechanisms of ATRX deactivation

Due to the association between somatic ATRX and TERT alterations with TL, we
grouped tumors in the extended set as TERT expressing (TERT®*", n = 5,001/6,835,
73%) and ATRX or DAXX altered (ATRX/DAXX®t, n = 309/6,835, 5%). ATRX/DAXX
mutations were found in 210 TERT expressing samples, representing 3% of the
cohort. These events were in majority non-truncating, while ATRX/DAXX muta-
tions in TERT-negative cases were mostly truncating (Figure 6-13a). TERT-express-
ing ATRX/DAXX mutants showed higher telomerase signature scores compared
to ATRX/DAXX altered samples lacking TERT expression (Figure 6-13b). Based on
these observations we included these samples in the TERT®*" category. The re-
maining 22% of samples had neither detectable TERT expression, nor somatic
alterations in ATRX or DAXX (wt/wt, n =1,525/6,835, Figure 6-14a). Both TERT®*"
and wt/wt groups showed significantly higher telomerase signature scores than
the ATRX/DAXX** group (Figure 6-14b, two-sided t-test P < 0.0001).
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/™ Figure 6-13. Classification of tumors based on TERT expression and ATRX/DAXX ge-
nomic alterations.

a. Comparison of ATRX variant classification between samples classified as TERT**"and samples
classified as ATRX/DAXX". Silent mutations, DAXX alterations, deletions and structural variants
were omitted. Truncating variants consist of frameshift, nonsense and splice site variants. Non-
truncating mutations consist of missense mutations and in-frame indels. P-value was calculated
using a Fisher’s Exact test. b. Distribution of telomerase signature score across TERT/ATRX/DAXX
groups in the core set. A small group, TERT®-TERT**"-ATRX/DAXX", has only 2 cases thus were
excluded from the comparison. All p values are derived from comparisons with the ATRX/DAXXt
group (blue). Red are TERT expressing groups, and purple is the double wild type group. The group
in black is TERT®" but without expression. e. Number of copy number segments by TERT**"-ATRX/
DAXX" group. Number of segments between groups was compared using two-sided t-tests.
d. Mutational burden by TERT**"™-ATRX/DAXX®" groups. Mutational burden between groups was
compared using two-sided t-tests. e. Survival differences between TERT**"-ATRX/DAXX" groups
by cancer type. Number of patients included, number of events (deaths) and univariable log-
rank P-values are indicated in the bottom left corner for each tumor type. Hazard ratios and
95% confidence intervals comparing survival in the double wild-type group (green) and ATRX/
DAXX®" group (blue) relative to the TERT*P" group are shown in the top right corner of each tumor
type. Groups with less than six samples were omitted. *** P<0.0001; ** P<0.001; * P<0.05; N.S.
not significant.
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sion and mechanisms of ATRX deactivation.

a. Frequency of TERT**-ATRX/DAXX " groups across cancer types in the extended set. Definitions
for tumor type acronyms can be found in the Online Methods. b. Telomerase signature score
by TERT*P-ATRX/DAXX" groups. Telomerase signature score between groups was compared
using two-sided t-tests. e. T/N TL ratio by cancer type. TERT*P-ATRX/DAXX"" groups are shown
in different colors. Groups with less than 6 samples were omitted. Error bars indicate 95%
confidence interval. Definitions for tumor type acronyms can be found in the Online Methods.
d. Scatterplot showing gene to T/N TL ratio associations within the wt/wt group (N=1,525).
P-values were calculated using a two-sided t-test and adjusted for multiple testing using FDR.
*** P<0.0001; ** P<0.001; * P<0.01; N.S. not significant.

TERT®® samples showed relative TL attrition in most cancer types, ATRX?" sam-
ples tended to show relative TL elongation and wt/wt samples demonstrated
cancer type dependent patterns (Figure 6-14c¢). For example, wt/wt sarcoma
(TL ratio 1.27, 95%CI 1.1-1.47) and glioma (TL ratio 1.33, 95%CI 1.01-1.75) samples
demonstrated relative TL elongation, whereas wt/wt thyroid (TL ratio 0.69, 95%ClI
0.62-0.77), kidney chromophobe (TL ratio 0.74, 95%Cl 0.67-0.81) and kidney clear
cell (TL ratio 0.57,95%CI 0.48-0.67) cancer samples showed relative TL attrition.
Patterns of relative TL change from the wt/wt group may indicate that some
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tumors were detected before having acquired immortalized cells [284], or that
other mechanisms to develop ALT exist.

Because this analysis suggests that the prevalence of ALT may be underesti-
mated by ATRX/DAXX inactivation alone, we sought to compare the prevalence
of ATRX/DAXX alteration to published prevalence of ALT across 26 cancer types,
including 40 histological subtypes (Supplementary Table 6, available online with
the full-text of this article at www.nature.com/ng) [285]. The prevalence of ALT
exceeded that of ATRX/DAXX alterations in seven histological subtypes and was
reduced in two, reinforcing the notion of cancer type specific and ATRX/DAXX
independent ALT mechanisms.

The intermediate telomerase activity levels and variable TLs suggested that
the wt/wt group comprises a heterogeneous set of tumors, some of which may
have undergone ALT through mechanisms independent of ATRX and DAXX. The
wt/wt samples were most frequent amongst pheochromocytoma (n = 141/160,
88%), kidney papillary (n = 113/161, 70%), kidney chromophobe (n = 52/65, 80%)
and thyroid cancer (n = 343/449, 79%). Seven of the 101 wt/wt samples in the
core set showed a somatic TERT alteration in absence of TERT expression, includ-
ing a TERTp mutation (n = 1), TERT amplification (n = 2), TERTp or TERT structural
variant (n = 4).

To better understand alternative mechanisms that may contribute to telo-
mere maintenance, we conducted an unsupervised search for TL ratio associated
somatic alterations within the wt/wt group in the extended set. This analysis
recovered strong associations between relatively long TL, IDHT(TL ratio 1.8, 95%Cl
1.39-2.33,FDR=0.0001), and TP53 (TL ratio 1.39, 95%CI 1.23-1.57, FDR<0.00071), both
of which were also identified in the analysis of TL length in the entire dataset.
The finding of IDHT may reflect a glioma-specific effect. In addition to IDHT and
TP53, RB1(TL ratio 1.5,95%Cl 1.2-1.87, FDR=0.001) and MDM2 (TL ratio 1.51,95%Cl
114-2, FDR=0.01) were revealed to associate with relatively long TLs. The finding
of RB1is consistent with experimental data demonstrating markedly elongated
telomeres in Rb1 deficient mice independent of telomerase [286, 287]. In the
opposite direction, somatic alterations in PBRM1(TL ratio 0.67,95%Cl 0.55-0.83,
FDR=0.001), NRAS (TL ratio 0.68, 95%CI 0.52-0.9, FDR=0.02) and VHL (TL ratio
0.7, 95%CI 0.57-0.85, FDR=0.002) were associated with relative TL shortening
(Figure 6-14d).

We compared global genomic characteristics between the three groups and
found that wt/wt samples contained a lower number of copy number segments
(two-sided t-test P < 0.0001, Figure 6-13c), and a reduced mutation rate (two-sid-
ed t-test P < 0.0001, Figure 6-13d) compared to TERT** and ATRX/DAXX?"* sam-
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ples. Survival analyses within cancer types showed that wt/wt samples perform
better than TERT®*" samples in sarcoma and thyroid carcinoma (Figure 6-13e).
Telomerase activity score in wt/wt samples in these two cancer types were sig-
nificantly lower (two-sided t-test P = 7.0e-7 and P = 7.8e-3, respectively), sug-
gesting telomerase activity might represent a relevant prognostic factor in these

cancers.

Telomere position effect

Provided the quantification of TL, we sought to relate TL to gene expression
changes using the extended set and 566 adjacent tissue normal samples
(Supplementary Table 7, available online with the full-text of this article at www.
nature.com/ng). We first investigated the telomere position effect (TPE), a phe-
nomenon that describes TL mediated transcriptional regulation [288]. We found
expression of genes close to telomeres to be negatively correlated with TL, and
such effect attenuated with increased distance to telomeres (Figure 6-15a-b).
Since tumors on average had shorter telomeres than matched normal sam-
ples, genes close to telomere showed higher expression in tumor than normal
(Figure 6-15c¢). The TPE was no longer detectable beyond the distance of 10 million
base pairs from telomeres.

To identify genesets associated with TL attrition and elongation in an unsu-
pervised fashion, we associated gene expression to TL attrition and elongation.
Pathway analysis of the top 500 correlated genes indicate that relative TL at-
trition and elongation were associated with immunoreactive and proliferative
signatures, respectively (Figure 6-15d). These patterns may reflect differences
in telomere maintenance rather than telomere attrition and elongation, and
describe frequently observed patterns of expression across cancer, potentially
related to more and less aggressive tumors [289].
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/™ Figure 6-15. Telomere position effect.

a. Negative log10(P-value) for genes showing a correlation or an anti-correlation to tumor TL
shown relative to the distance to the respective telomere. Spearman correlation tests were
conducted individually within cancer types. P-values for n = 3,477 genes were averaged across
cancer types. b. Spearman correlation coefficient across all cancer types for n=2,016 genes
significantly associated to TL (FDR < 0.25) shown relative to the distance to the respective
telomere. c. Average gene expression (in TPM, transcripts per million) for tumor and normal
samples relative to distance to the respective telomere. Mean expression was calculated for
n = 3,477 genes. d. Reactome gene expression pathway analysis on the extended set (n= 6,835
samples) of the top 500 genes most associated with relative TL elongation and relative TL
shortening, respectively. Top ten pathways for each set of 500 genes shown.
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Discussion

This study represents the largest in-depth integrative analysis of telomere length
and related somatic alterations performed to date. As expected, tumor TL was
shorter compared to normal tissue TL, and TL was inversely correlated with age
in both tumor and non-neoplastic tissues. Amongst TERT expressing tumors, 32%
carried at least one of three TERT abnormalities: promoter mutation, amplifica-
tion or chromosomal rearrangement. Of TERT expressing and wild type tumors,
91% was TERT promoter methylated compared to 40% of tumors lacking TERT
transcription. This paradoxical association between TERT promoter methylation
and increased TERT expression may result from loss of CTCF binding, a tran-
scriptional repressor reported to bind to the unmethylated TERT promoter [290].
Structural TERT variants have been documented [258, 291,292] and we detected
these across several novel cancer types, including sarcoma, prostate and liver
carcinoma. Hepatitis B virus and adeno-associated virus type 2 integration in
TERT was found in about 5% of hepatocellular carcinomas [293]. The absence of
similar observations in other virus-related cancer types, including head and neck,
bladder, and gastric cancers, suggest it is a liver cancer specific mechanism thus
was not considered in our study.

Whether TERT expression directly translates to active telomerase activity is
unclear. Only the full-length transcript and not known isoforms were found to
activate telomerase [274, 281]. TERC expression is additionally needed for telo-
merase activity [294]. An estimated 5-10% of TERC and TERRA carry the poly-A
tails required for oligo-dT primer-based RNA sequencing quantification [295-297].
We detected TERC and TERRA expression across our cohort, suggesting that if
expression is sufficiently high, transcripts can be detected using conventional
RNA sequencing approaches. Lacking telomerase activity data, we sought to infer
telomerase activity using a gene signature driven approach. Our results suggested
a positive correlation between TERT expression and telomerase activity, corrob-
orating recent findings in bladder cancer [126]. We also observed a positive cor-
relation between TERC expression and telomerase activity, as well as increased
telomerase activity in TERT expressing tumors compared to ATRX/DAXX altered
tumors and double wild-type tumors. This gene signature may serve as a useful
proxy for estimating telomerase activity using transcriptional profiles.

Deactivation of ATRX and/or DAXX has been related to ALT [262,263,298], and
was observed in five percent of the cases in our core set. A detailed review of
ATRX somatic changes revealed a large spectrum of potentially protein truncating
changes, including inactivating mutations, deletions and structural variants. DAXX
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alterations were much less frequent. Our analysis reinforced the association of
inactivate ATRX/DAXX and ALT, demonstrating relative TL elongation in samples
affected by somatic alterations in one of these two genes and a higher frequency
of TERRA expression in tumors with these alterations.

The twenty two percent of cases that lacked detectable TERT expression and
known ALT related abnormalities provide an important result from our analy-
sis. It is plausible that TERT transcription below the currently applied detection
threshold may be sufficient for telomere maintenance, that not all tumors harbor
immortalized cells with a telomere maintenance mechanism [284], or that addi-
tional telomere maintenance mechanisms exist. Such mechanisms may involve
some RBTand TP53 alterations, as somatic changes in these genes were associ-
ated with telomere elongation within this group. Interestingly, double wild-type
tumors were mostly pheochromocytoma and paraganglioma, kidney chromo-
phobe and papillary thyroid tumors. Pheochromocytoma is generally (>90%)
labeled benign. Chromophobe renal cell carcinoma and papillary thyroid cancer
are malignant tumors but are generally well differentiated, infrequently metas-
tasize and demonstrate a favorable outcome compared to other cancer types
[299-302]. Future studies are needed to elucidate the telomere maintenance
mechanisms, or lack thereof, in these tumor types.

In summary, our analysis has broadened the scope of potential TERT activating
changes, completed the spectrum of ATRX truncating alterations and provided
new insights into the telomere biology of tumors lacking these classic alterations.
Combined these findings help us better understand telomere biology, and opens
avenues for functional studies to help us understand how to target this crucial
pathway in oncogenesis.

Methods

Sample selection

The 31 cancer types included in this study were: LAML acute myeloid leukemia;
ACC Adrenocortical carcinoma; BLCA Bladder Urothelial Carcinoma; LGG Brain
Lower Grade Glioma; BRCA Breast invasive carcinoma; CESC Cervical squamous
cell carcinoma and endocervical adenocarcinoma; CHOL Cholangiocarcinoma;
COAD Colon adenocarcinoma; ESCA Esophageal carcinoma; GBM Glioblastoma
multiforme; HNSC Head and Neck squamous cell carcinoma; KICH Kidney Chro-
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mophobe; KIRC Kidney renal clear cell carcinoma; KIRP Kidney renal papillary cell
carcinoma; LIHC Liver hepatocellular carcinoma; LUAD Lung adenocarcinoma;
LUSC Lung squamous cell carcinoma; DLBC Lymphoid Neoplasm Diffuse Large
B-cell Lymphoma; OV Ovarian serous cystadenocarcinoma; PAAD Pancreatic
adenocarcinoma; PCPG Pheochromocytoma and Paraganglioma; PRAD Prostate
adenocarcinoma; READ Rectum adenocarcinoma; SARC Sarcoma; SKCM Skin
Cutaneous Melanoma; STAD Stomach adenocarcinoma; TGCT Testicular Germ
Cell Tumors; THYM Thymoma; THCA Thyroid carcinoma; UCS Uterine Carcino-
sarcoma; UCEC Uterine Corpus Endometrial Carcinoma; UVM Uveal Melanoma.

We removed cases that were annotated as having a bad DNA quality or fail-
ing a QC step. We also removed technical replicates and samples from patients
who had prior systematic treatment or revised pathological diagnosis. Tumor
and control samples from each patient were paired, selecting a blood-derived
control if both blood and solid tissue control were available. A comprehensive
sample selection procedure can be found in the Supplementary Note (available
online with the full-text of this article at www.nature.com/ng) and a schematic is
shown in Figure 6-2a.

Data Generation

Raw RNA and DNA sequencing data (n = 35,978 samples) was downloaded from
CGHub and processed through a flowr pipeline consisting of various components
depending on the data type [303, 304]. Processed clinical, gene expression, DNA
methylation, copy number segmentation and mutation data were downloaded
and compiled from previously published TCGA papers, the Firehose data portal
(Broad Institute, Cambridge, MI) and the TCGA data portal (NIH, Washington, DC).
GISTIC was employed on the processed segmentation files to infer somatic copy
number changes [170]. A more detailed description of the data collection and
generation process is described in the Supplementary Note.

Telomere length quantification

Quantification of telomere length (TL) was performed using the TelSeq tool [264].
Briefly, this tool counts the number of reads containing any (range k to «) amount
of telomeric repeats (n,), or TTAGGG |, , and the GC-adjusted coverage s. The
quotient of the number of telomeric repeats and the GC-adjusted coverage is
then multiplied by the average chromosome length ¢ (c=332720800/46000, in
Kbp), resulting in the estimated telomere length in Kbp 1.
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L%
l=c*x—
S

We used a k of 7, as per the author’s recommendations. Using the default settings
from TelSeq, this calculation is done individually for each read group within a
sample. In order to calculate the average TL for each sample, the weighted average
length was used, supplying the total number of reads in each read group as weight.

RNA-seq BAM files were also processed using TelSeq (k = 7) to obtain an esti-
mate of TERRA expression. Because TERRA expression demonstrated a bimodal
distribution, and over 40% of samples lacked any detectable TERRA expression,
TERRA expression was dichotomized using a cutoff of zero.

TERT promoter mutation detection

We used GATK pileup to determine bases mapping to each position 200 bp up-
stream of the TERT transcription start site (chr5:1295162-1295404, hg19) in 1,771
tumor samples and matched normal controls from 20 cancer types where whole
genome or low-pass whole genome sequencing data was available [305].

We first performed an unsupervised screen, testing each of 200 sites in every
tumor and matched normal. For each site we required a minimum coverage of
10 reads, minimum variant allele fraction of 25% in tumor and maximum vari-
ant allele fraction of 2% in normal. Fisher’s test was used to determine signifi-
cance and a threshold of 0.05 was used. Samples with TERT expression below
a threshold of 2 reads were filtered from the analysis. Four sites demonstrated
significance in at least one sample: C228, C250, C242/243 and C169. We then
determined the nucleotides called in each of the affected sites, and found that
all affected sites underwent a C>T transition.

Next, we performed a supervised analysis using the four sites above in all
tumor samples to 5nd papillary thyroid carcinoma (n = 384) for a grand total
of n=1807 TERTp mutation calls. In cases where WGS and targeted sequenc-
ing-based calls disagreed we selected the mutated variant.

Structural variant detection

We used SpeedSeq in order to call structural variants in WGS-based BAM files
[247]. The SpeedSeq pipeline was built using our in-house pipeline building tool
Flowr, and ran on a high performance computing cluster at the UT MD Anderson
Cancer Center [303]. BAM files were realigned using BWA-MEM [306]. The re-
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sulting calls in VCF format were filtered against matching normal. Only somatic
events with at least 3 supporting reads were retained.

Because we were only interested in variants involving TERT (chr5:1253287-
1315162, including 20kb upstream of the TSS) and ATRX (chrX:76760356-77041719),
variants not overlapping one of these regions were excluded. An overview of all
included variants can be found in Supplementary Table 2 (available online with
the full-text of this article at www.nature.com/ng).

Fusion transcript detection

All fusion transcripts were detected using the pipeline of RNA-seq Data Analysis
(PRADA) as previously described [271, 272]. Briefly, chimeric fusion transcripts
were detected from the realigned bam files mapped to a combined genome and
transcriptome reference, based on the evidence of both discordant read pairs
and fusion-spanning reads, where discordant read pairs represent the paired
read-ends that map uniquely to two protein coding genes, fusion-spanning reads
mapped to the exon-exon junctions between two coding genes. Then the confi-
dence of the detected fusions were evaluated based on the number of junction
spanning reads and discordant read pairs, gene partner uniqueness, gene ho-
mology, open reading frame preservation, transcript allele fraction and presence
of DNA breakpoints in adjacent distal regions. A complete overview of all gene
fusions can be found on our fusion web portal (http://tumorfusions.org/). All fu-
sions harboring TERT or ATRX transcripts were considered bona fide fusion calls
based on the criteria described previously and therefore included in this study.
A summary of included fusions can be found in Supplementary Table 2 (available
online with the full-text of this article at www.nature.com/ng).

TERT isoform detection

PRADA aligned RNA-seq BAM files were available for n = 6,625 (97% of the ex-
tended set) samples, missing data on ovarian carcinoma (OV, n = 27) and prostate
cancer (PRAD, n = 175).

We applied the mixture of isoforms (MISO) model to each BAM to infer the relative
abundance of full-length and minus beta TERT transcripts in each sample [282].
Because the detection of isoforms is limited by the high GC-content of TERT com-
bined with a 3’ bias by regular polyA enrichment RNAseq protocol and unevenly
spread expression across exons, we limited the analysis to exons 6-9 only and
applied a coverage threshold of at least twelve reads within this region. These
filters reduced the sample cohort to 24% (n = 1,201) of 5,001 tumors classified
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as TERT expressing in the extended set. The exon model used to infer isoform
abundance has been included in Supplementary Table 4 (available online with the
full-text of this article at www.nature.com/ng). Briefly, the minus beta isoform skips
exons 7 and 8, and samples demonstrating predominantly minus beta transcripts
should therefore demonstrate low coverage in exons 7 and 8 relative to 6 and 9,
and show junction spanning reads between exons 6 and 9.

Structural variant breakpoint super enhancer and ChiP-seq analysis

Super enhancer coordinates were downloaded from dbSuper as of March 15,
2016 [268]. At this time, the database consisted of 65,950 super-enhancers
across 107 tissue and/or cell types. After excluding low-complexity regions and
telo- and centromeres, regions in this database spanned approximately 18% of
the genome. We used the UCSC genome browser to browse the database, and
inspected the position of each of the juxtaposed genomic coordinates [307]. This
analysis found overlapping super-enhancers in 11/17 TERTp structural variants, and
this was significantly more than expected by chance (Chi-Square test P=0.001).

Publicly available ChIP sequencing data was downloaded from the NIH Road-
map Epigenomics Mapping Consortium [308]. This dataset consists of 183 bio-
logical samples, from multiple individuals, sequencing centers, tissue and/or cell
types and was further consolidated into 111 unique epigenomes. We identified
n = 44 tissue and/or cell types with H3K27ac (enhancer) sequencing, n = 53 tissue
and/or cell types with H3K4me1 (enhancer) sequencing and n = 55 tissue and/
or cell types with H3K27me3 sequencing (inactive promoter). Altogether we col-
lected data from 71 distinct tissue and/or cell types across these three marks.
Collected BED files were converted to BAM format and a total number of reads
was computed for each sample and mark.

ChlP-seq data was downloaded as previously described. For each structural
variant proximal (adjacent to the TERT promoter) and distal breakpoint (juxta-
posed to the TERT promoter) we calculated the number of reads mapping to
each of three histone marks (H3K27ac, H3K27me3 and H3KmeT) individually
within each tissue and cell/type. Breakpoint coordinates were flanked on either
side to form a 2kbp bin. Read counts were normalized to RPKM based on the
total number of reads for each mark and sample. We then compared the RPKM
between distal and proximal breakpoints for each histone mark for each set
of breakpoint coordinates individually (Figure 6-5d), and subsequently with all
breakpoints pooled together (Figure 6-6b). P-values were calculated using a
two-sided t-test for each mark individually.
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Telomerase activity signature inference

Microarray gene expression data from eight dedifferentiated liposarcoma sam-
ples were downloaded from the Gene Expression Ominibus (GEO, GSE20559). We
performed a differential expression analysis comparing four telomerase positive
and four telomerase negative (ALT) samples and identified 1302 genes associ-
ated with telomerase positive tumors (fold-change = 1.5). Intersecting with 420
genes associated with embryonic stem cells [309], which are known to be telo-
merase positive, further refined this geneset and resulted in a list of 43 genes
(Supplementary Table 4, available online with the full-text of this article at www.
nature.com/ng). Validation of the resulting gene signature using matched telo-
merase activity and RNA sequencing data from eleven urothelial cell carcinoma
cell lines provided some evidence that this gene signature may be able to predict
telomerase activity (Rho=0.58, P-value = 0.07, Figure 6-9a). A detailed description
of the strategy used to infer a telomerase activity signature may be found in the
Supplementary Note.

Candidate gene selection and telomere length association

In order to narrow down the list of candidate gene and increase the FDR adjust-
ed significance threshold, we took the union of the MutSig2CV gene list (FDR <
0.05, downloaded and compiled from publicly available Firehose analyses) from
all cancer types, and combined this list with genes within significant GISTIC 2.0
peaks (FDR < 0.10) after filtering peaks larger than 1 Mbp [310].

Each gene was annotated as putative tumor suppressor or putative oncogene
depending on the mutational patterns (see Supplementary Note) or whether it
was found within an amplification or deletion peak. In those cases where the
mutation-based classification did not agree with the copy number based classi-
fication (eg. gene with highly frequent hotspot mutations was found in a deletion
peak), we selected to prefer the mutation-based classification. Genes lacking
classification and genes where the mutation-based classification demonstrat-
ed contradicting evidence (eg. genes that could be classified as either tumor
suppressor or oncogene) were dropped, unless the gene was present on a list of
telomere related genes, in which case it was annotated as significantly mutated
gene.The list of candidate genes was further reduced by removing multiple genes
from the same peak, additionally leaving only those genes closely tied to telomere
function when multiple genes present in the peak (eg. shelterin complex genes)
and genes that were also found in the MutSig2CV gene list. The final list of genes
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can be found in Supplementary Table 5 (available online with the full-text of this
article at www.nature.com/ng).

For each candidate gene and sample we determined whether it was altered
or not depending on the classification. For genes classified as tumor suppressors
we classified samples as altered when they showed a somatic mutation, a focal
deletion or both. For genes classified as oncogenes we classified the sample
as altered when they showed a somatic mutation, focal amplification or both.
For genes classified as significantly mutated gene only somatic mutations were
counted. Each candidate gene was then correlated to the TL ratio in all samples
and within diseases individually. This analysis was repeated specifically within
samples classified as double wild type.

Statistical analysis

Summary statistics of telomere length was provided in mean, SD, and range by
tumor type and tissue type. Telomere length was transformed to the logarithmic
scale due to skewness.

A linear mixed model was used to estimate mean telomere length of tumor
and normal samples for each tumor type. Age, center and gender were includ-
ed as a covariate in all models. Interaction between disease type and center,
gender, and age were assessed and none was significant. Patient was modeled as
arandom effect in the mixed model to account for correlation between samples
from the same patient.

Linear regression was used to correlate TL ratio to various biomarkers. Back-
wards elimination was then used to select the best model with only significant
factors. All tests were two-sided and p-values of 0.05 or less were considered
statistically significant.

Spearman correlation was used to associate TERT expression and methyl-
ation, and to correlate gene expression and TL. A two-sided t-test was used to
correlate somatic alterations and TL. P-values were adjusted for multiple testing
using the Benjamini-Hochberg false discovery rate (FDR). An FDR of 0.25 or lower
was considered statistically significant.

Survival curves were estimated and plotted using the Kaplan-Meier method.
Log-rank tests were used to compare curves between groups. Univariate and multi-
variate Cox modeling were used to compute hazard ratios and confidence intervals.
All statistical analyses were carried out using SAS version 9 (SAS Institute, Cary,
NC) and R (R Foundation for Statistical Computing, Vienna, Austria).
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CHAPTER 7

Reconstructing the
Molecular Life History of Gliomas

This chapter is based on the following review paper (published in print)
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018-1842-y.
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Abstract

At the time of their clinical manifestation, the heterogeneous group of adult and
pediatric gliomas carry a wide range of somatic genomic alterations, ranging from
somatic single nucleotide variants to structural chromosomal rearrangements.
Somatic abnormalities may have functional consequences, such as a decrease,
increase or change in mRNA transcripts, and cells pay a penalty for maintain-
ing them. These abnormalities therefore must provide cells with a competitive
advantage to become engrained into the glioma genome. Here, we propose a
model of gliomagenesis consisting of the following five consecutive phases that
glioma cells have traversed prior to clinical manifestation: | initial growth; Il onco-
gene-induced senescence; Il stressed growth; IV replicative senescence/crisis; V
immortal growth. We have integrated the findings from a large number of studies
in biology and (neuro)oncology and relate somatic alterations and other results
discussed in these papers to each of these five phases. Understanding the story
that each glioma tells at presentation may ultimately facilitate the design of
novel, more effective therapeutic approaches.
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In this charter, | will reflect on what I've learned about the molecular anatomy of
these tumors to propose five phases in gliomagenesis that occur more or less se-
quentially and ultimately lead to its clinical manifestation (Figure 7-1). Each phase
is characterized by distinct molecular alterations and phenotypic characteristics,
such as differences in growth dynamics and evolutionary mechanisms. A critical
assumption in this model is the existence of two growth barriers, which we refer
to as oncogene-induced and replicative senescence. Similar barriers have been
described in detail in the context of cultured epithelial cells and fibroblasts and
much of this work has paved the road for our understanding of these mechanisms
in gliomagenesis [311-313].

In the model we propose, the first phase of initial growth (phase I) follows the
acquisition of a glioma initiation event and is characterized by aberrant prolif-
eration of pre-tumor cells. Continued oncogenic exposure may impede tumor
growth and trigger a durable form of cell cycle arrest termed oncogene-induced
senescence (phase Il) in a majority of tumor cells. Some phase I/l cells may ac-
quire molecular changes to bypass oncogene-induced senescence and continue
growth in spite of unfavorable and stressful conditions including DNA damage
and dysfunctional telomeres. Continued growth despite incremental genomic
instability marks the third phase of stressed growth (phase Ill). This second round
of glioma cell growth under harsh conditions triggers a second round of durable
growth arrest termed replicative senescence (phase V) and in some cases, brings
forth a state of cellular crisis characterized by widespread cell death. Rare cells
may acquire stem-like characteristics and a means to continue growth indefinite-
ly, giving rise to a final phase of immortal growth (phase V). Such phase V glioma
stem-like cells uphold the tumor progenitor cell population via their capacity for
self-renewal and may also give rise to more differentiated and growth arrested
stage IV cells, losing their stem-like properties. In this manuscript, we system-
atically review the evidence for this model and propose candidate mechanisms
where definitive evidence is lacking. Acknowledging that this model is an abstract
simplification of gliomagenesis, we also provide some examples of exceptions
and conflicting evidence. While the focus of this chapter is on various molecular
categories of diffuse glioma recognized by the most recent WHO classification,
a few examples in the realm of non-diffuse gliomas are touched upon as well.
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/™ Figure 7-1. Model of the molecular life history of gliomas, prior to becoming clinically
manifest.

The temporal sequence of events can be subdivided in five phases (I - V) represented in different
colors. a. The number of dividing cells (or proliferation rate) across each phase. Proliferation
peaks towards the end of growth phases and dips going into senescence phases. b. The tumor
mass across each phase. Tumor mass increases exponentially during growth phases and
logarithmically during senescence phases. c. Telomere length across each phase. Telomere length
over time follows a pattern that is inverse to tumor mass. d. Cell doubling diagram indicating the
growth barriers (senescence phases) and resulting selection bottleneck. e. Somatic alterations
associated with different phases in gliomagenesis. The timing of each event is indicated on the
x-axis of panel C. Genomic Instability events are accumulated during phase IlI-IV. Of note, this
model is a simplified representation of true gliomagenesis. The x-axis is not drawn to scale, in
part because the duration of the phases likely varies from cell to cell and between various tumor
types. Furthermore, the position of the curves is arbitrary as cells in a tumor may not be in sync.
BFB = breakage-fusion-bridge, DM = double minute, ALT = Alternative lengthening of telomeres
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A Model for the Temporal Molecular Pathogenesis of Gliomas

Phase I: Initial Growth

The theory that cancer results from accumulation of mutations over time, in a
subset of patients combined with contribution of inherited risk factors, has been
around for over six decades and has been refined over the years [314-319]. For the
purpose of this review we will consider a glioma initiation event to be the first
acquired (somatic) event towards developing glioma. This event should provide
a competitive growth advantage, either by directly increasing proliferation or
by creating the conditions in which increased proliferation may happen. Cells
and their progeny characterized by such an event will be primed to outcom-
pete neighboring cells giving rise to an initial submicroscopic tumor mass. While
germline events that contribute to glioma risk precede such glioma initiation
events, their incomplete penetrance suggests that they cannot be considered
as causal for glioma formation and instead prime the environment for tumor
formation [320]. Furthermore, even if a glioma initiation event marks the first
somatic event in the formation of a tumor it may not be responsible for initiating
growth directly. Instead, this event may promote tumorigenesis indirectly via
stochastic activation of oncogenes or repression of tumor suppressors. Genetic
or epigenetic selection pressures will prioritize daughter cells with growth advan-
tages over those without and daughter cells with lethal genotypes will rapidly
disappear [51, 321, 322].

IDH-mutant diffuse gliomas
Mutations in IDH1/IDH2 are commonly considered to be glioma initiating. Several
studies have shown that they are amongst the few alterations highly shared
amongst gliomas at first presentation and their recurrences [99, 323, 324] which
is explained by their presence in the cell of origin and all cells derived thereof.
Comparing multiple biopsies from the same tumor, IDH mutation can be con-
fidently detected in each tumor segment and thus fit the proposed criteria of
a glioma initiation event [73, 99, 325]. In vitro experiments have demonstrated
that IDH mutations alone are sufficient to reprogram the transcriptome and
epigenome of normal cells to prevent these cells from entering a terminally dif-
ferentiated state [82-84].

IDH dysregulation likely contributes to gliomagenesis via the accumulation
of the oncogenic metabolite R(-)-2-hydroxygulatarate (2HG) [326, 327]. Wildtype
IDH enzymatically converts isocitrate into a-ketoglutarate (a-KG) as part of the
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citric acid cycle, whereas mutant IDH metabolizes a-KG into 2HG [328, 329].
Both mutant and wildtype IDH alleles are therefore essential for the oncogenic
function of IDH. IDH mutations in glioma result in genome-wide hypermethyla-
tion [23, 84], most likely due to effects of 2HG on the Ten-eleven translocation
methylcytosine dioxygenase (Tet) family of proteins [81, 82, 330]. This hypermeth-
ylation may provide a growth advantage to cancer cells due to the epigenetic
activation of oncogenes via stochastic activation of alternative gene regulatory
programs, some conferring added fitness [51]. One such mechanism in glioma
may be through methylation induced disruption of a CCCTC-binding factor (CTCF)
binding site, resulting in aberrant activation of Platelet-Derived Growth Factor
Receptor Alpha (PDGRFA) [50].

Although most experimental models of IDH involve overexpression of mutant
IDH in vitro, several transgenic mouse models have been described [331, 332].
Early transgenic models showed that conditional knock-in of mutant IDH in
the murine brain led to perinatal lethality [333]. A more recent inducible model
demonstrated that mutant IDH led to increased proliferation and infiltration
in the CNS parenchyma of murine neural stem cells [334]. Though these mice
eventually died due to hydrocephalus and did not develop malignant tumors,
they showed symptoms of the initial phases of gliomagenesis. Thus, while exper-
imental models of mutant IDH are generally insufficient to cause glioma, mutant
IDH leads to changes that could be interpreted as early tumor development.

IDH-wildtype diffuse astrocytomas

Approximately 70% of IDH-wildtype diffuse astrocytomas are characterized at
the molecular level by a single copy loss of chromosome 10 and gain of chromo-
some 7 (+7/-10) [15, 335]. Loss or diploid loss of heterozygosity of chromosome
10, and of chromosome arm 10p in particular have been reported to occur more
frequent and may precede gain of chromosome 7 [336]. Based on evolutionary
modeling using primary-recurrent tumor pairs and multisector tumor sampling,
several independent groups have found that +7/-10 is homogeneous and longi-
tudinally preserved and thus likely the first and glioma initiation event in a large
fraction of IDH-wildtype diffuse astrocytomas/glioblastomas [71, 73, 105, 139,
337]. Arecent study suggested that gains of chromosome 7 likely occur early in
tumorigenesis, amongst the first 10% of driver events [337]. In the past several
years there has been a lot of interest in the role of TERT promoter mutations in
oncogenesis and an increasing body of evidence suggests that these mutations
precede +7/-10 [103]. Nevertheless, a potential role for TERT promoter mutations

210



Reconstructing the Molecular Life History of Gliomas

to promote proliferation in the initial growth phase and as a glioma initiation
event is speculative and will be discussed later in this review.

Chromosome 7 is home to several oncogenes that have been implicated in
gliomagenesis such as Cyclin Dependent Kinase 6 (CDK6), MET Proto-Oncogene
(MET) and Epidermal Growth Factor Receptor (EGFR), while chromosome 10 hosts
several tumor suppressor genes, including Tet family member Tet Methylcytosine
Dioxygenase 1(TETT) and Phosphatase and Tensin Homolog (PTEN). Though these
genes comprise the prime suspects, it is unlikely that they alone are responsible
for initiating glioma development [105]. Studies across different diseases and
in various model organisms have shown that large chromosomal copy number
changes led to gross gene dosage fluctuations impacting various specific and
general cellular functions [338]. Such changes may therefore act in concert to
promote tumor development.

Some IDH-wildtype diffuse gliomas show cytogenetically intact chromo-
somes 7 and 10, implying that other initiation events give rise to these tumors
as well. Such events may include activating or inactivating alterations in the phos-
phoinositide 3-kinase (PI3K), receptor tyrosine kinase (RTK) and mitogen-acti-
vated protein kinase (MAPK) pathways [339]. PI3K-pathway alterations include
mutations in PI3-Kinase Subunit Alpha (PIK3CA), PI3-Kinase Subunit P85-Alpha
(PIK3R1), or inactivation the aforementioned tumor suppressor PTEN [340-342].
Glioma initiation events may also include point mutations in RTK-pathway genes
such as EGFR and PDGFRA or in MAPK-pathway genes such as Neurofibromin 1
(NFT) [22]. Much is already known about the effect of these mutations on cancer
growth but additional research is needed to secure their potential role as glioma
initiation events.

A particular subgroup of diffuse IDH-wildtype gliomas is characterized by
mutations in H3 histone family members and these gliomas occur most often
in children [86, 283, 343]. The diffuse midline glioma, H3 K27M-mutant, shows a
lysine to methionine substitution at position 27 of the H3 Histone Family Member
3A (H3F3A) or Histone Cluster 1 H3 Family Member 3B (HISTIH3B) gene and is
included in the WHO 2016 classification as a separate entity. Other H3-mutant
diffuse gliomas in children and adolescents occurring predominantly in the ce-
rebral hemispheres often show H3 G34R/V mutation (implying a glycine 34 to
arginine or valine substitution) [86,106, 343, 344].In contrast to hypermethylated
IDH-mutant gliomas, these H3-mutant gliomas have a general DNA hypometh-
ylation phenotype [345]. A recent study showed that expression of mutant H3
K27M in neonatal mice brains led to ectopic proliferation, indicating a possible
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pre-cancerous change [346]. Although additional support is needed, combined
with their apparent mutual exclusivity with mutations in IDH and changes char-
acteristic for IDH-wildtype tumors, these findings indicate that H3 K27M and H3
G34R/V mutations may be glioma initiation events [347].

Non-diffuse gliomas

Recent studies have shown that pilocytic astrocytomas near universally harbor
abnormalities in the MAPK-pathway, and most commonly a tandem duplication
targeting chromosome 7q, which gives rise to a KIAA1549-BRAF fusion gene con-
sisting of the N-terminus of KIAA1549 and the kinase domain of v-RAF murine
sarcoma viral oncogene homolog B1(BRAF) [19]. Alternative alterations include the
oncogenic V60OE missense mutation also targeting BRAF [17]. The BRAF V60OOE
mutation results in an activating change due to a substitution of valine with glu-
tamic acid at codon 600. In a non-cancer setting, BRAF activates kinases MEK and
ERK, which in turn activate transcriptional machinery to promote differentiation,
proliferation, growth and apoptosis [348]. Both BRAF V600E mutation and BRAF
fusion genes contribute to tumorigenesis by constitutively activating the kinase
domain of BRAF, resulting in overactive signaling activity and a selective growth
advantage for affected cells [349-351]. In most pilocytic astrocytomas (even
after thorough analysis) an activating change in BRAF or other MAPK-pathway
members is the only genomic change that can be confidently detected, implying
that it is the glioma initiation event in this disease [352].

Phase IIl: Oncogene-induced senescence

Continued oncogenic signaling in the initial growth phase prompts the activation
of tumor suppressive signaling via activation of the p16™“2/p14AR*-RB-p53 cell
cycle and cell stress pathways (Figure 7-2), slowing tumor growth and transi-
tioning a majority of cells with intact pathways into a terminal state called on-
cogene-induced senescence [353]. First discovered over five decades ago in cul-
tured fibroblasts, senescence is a stress-induced durable cell-cycle arrest [354].
The role of senescence in cancer has been reviewed extensively [355-360]. Briefly,
senescence provides a major tumor suppressive barrier and dividing tumor cells
are put under selection pressure to acquire molecular events to prevent or over-
come its onset. Hallmarks of senescence include durable growth arrest; short,
dysfunctional telomeres; and a marked increase in DNA damage and stress sig-
naling [357]. Although senescent cells are growth arrested, they are metabolically
active and release a plethora of signaling molecules to the microenvironment,
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also known as the senescence-associated secretory phenotype [360]. Distinc-
tion must be made between oncogene-induced senescence which is discussed
here and is triggered by chronic oncogenic signaling, and replicative senescence
discussed later, describing senescence triggered by telomere dysfunction fol-
lowing extensive replicative cycles [358]. Oncogene-induced senescence poses
a significant growth barrier,and most cells will not acquire molecular alterations
that allow them to bypass this barrier and will therefore become senescent [353].
However, rare cells may acquire such alterations, eliciting a selective sweep by a
subclone that will rapidly dominate the neoplastic cell population.

Replicative Senescence

Initiating Factors Initiating Factors
Oncogenic stimuli DNA damage
Mitogenic stimuli Telomere shortening
p1eiNKdd ATM/ATR p14ARF CHD5

CDKs p53 MDMs

1 l =3 Stimulatory

RB p21 =] [nhibitory

b} ¥
Senescence

/N Figure 7-2. Process diagram indicating the p16INK4a/p14ARF-RB-p53-pathway in
normal conditions.

Disruption of one or multiple components through mutation or copy number change may
prevent or suppress the onset of senescence. Various stimuli use different routes to activate the
senescence response, leaving compensatory mechanisms in place in case components fail. For
example, if oncogene-induced senescence is repressed via CDKN2A/Binactivation, DNA damage
and telomere shortening could still trigger replicative senescence via ATM and ATR. CDKs = Cyclin
Dependent Kinases (eg. CDK2), MDMs = Murine Double Minutes (eg. MDM2)

In some cancer types a senescent precursor stadium can be identified, such
as intestinal polyps in colon cancer and dysplastic naevi in melanoma [361]. In
contrast to the catastrophic karyotypes demonstrated by their later stage deriv-
atives, these growth-arrested senescent precursor lesions entered a senescent
state via the activation of single oncogene such as BRAF and are otherwise ge-
netically unremarkable [362-365]. This begs the question if such premalignant
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precursor changes exist for diffuse gliomas as well. If so, such precursor lesions
may however well be (sub)microscopic in size and go unnoticed in imaging or
autopsy studies.

The tumor suppressor proteins p16'N¥42 p144*F RB and p53 can be considered
as gatekeepers of senescence. The INK4a/ARF locus on chromosome 9 contains
both Cyclin Dependent Kinase Inhibitor 2A (CDKN2A) and 2B (CDKN2B), combined
encoding for both p16™4@ and p14**¥ via alternative splicing. Tumor suppressors RB
and p53 on the other hand are encoded for by the genes Retinoblastoma 1(RBT)
and Tumor Protein 53 (TP53) on chromosomes 13 and 17, respectively. Inactivation
of one or multiple of these genes via genomic deletion and/or inactivating muta-
tions has been linked to repression of senescence signaling and are a common
event in all cancers including gliomas [249, 355, 366, 367]. For the purpose of this
review, we define the term ‘senescence bypass event’ as any molecular alteration
that suppresses the onset of oncogene-induced senescence.

IDH-mutant diffuse astrocytomas

IDH-mutant astrocytomas are often characterized by loss of one allele of TP53,
combined with a loss-of-function mutation in the remaining allele. The frequency
of TP53 mutations in IDH-mutant (‘secondary’) glioblastomas is comparable to
that in lower grade IDH-mutant astrocytomas from which these glioblastomas
are derived via malignant progression, suggesting that TP53 aberrations are early
lesions in these tumors [368]. Furthermore, and in contrast to IDH-wildtype glio-
mas, TP53 mutations were shared between all TP53-mutant cases of primary and
recurrent tumors in a recent study [323]. Analysis of multiple biopsies from the
same IDH-mutant tumors indicated that samples mutant for TP53 were always
IDH mutant, while some IDH-mutant samples lacked TP53 mutations, suggest-
ing that IDH mutations precede TP53 inactivation [49]. IDH mutation and TP53
inactivation therefore both comprise early events in gliomagenesis, with TP53
inactivation generally following mutation in IDH.

The p53 tumor suppressor protein is involved in many different functions,
and especially its role in cell cycle arrest and senescence is very well understood
[369]. While enzymatically active wildtype p53 triggers senescence in response
to oncogenic stress, mutant p53 inadequately blocks proliferation thereby by-
passing the onset of oncogene-induced senescence. In addition, p53 takes a
prominent role in the senescence pathway (Figure 7-2) and loss of its enzymatic
activity impacts replicative senescence, triggering crisis [249]. This is discussed
further in phase IV (paragraph 2.4).
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IDH-mutant oligodendrogliomas, 1p/19q-codeleted
The majority of IDH-mutant tumors wildtype for TP53 demonstrate a com-
bined single copy loss of the complete chromosome arms 1p and 19q (complete
Tp/199-codeletion) [11, 370]. These tumors are the canonical oligodendroglio-
mas according to the revised WHO criteria [60]. Though it has been suggested
that 1p/19qg-codeletions are the result of an unbalanced translocation, much
about the contribution of this event to oncogenesis remains to be resolved [371].
Tp/199-codeletion was found to be stable across longitudinal samples and mul-
tiple biopsies, suggesting that they are early events [372-374]. The finding that
codeleted tumors are almost exclusively IDH-mutant, while the reverse is not
true, suggests that mutations in IDH precede codeletion. This suggestion may
implicate a common cell of origin for both astrocytoma (IDH-mutant, non-code-
leted) and oligodendroglioma (IDH-mutant and 1p/19q-codeleted). Indeed, recent
evidence was provided that substantiates this hypothesis, demonstrating that
differences in inferred cell identity between oligodendrogliomas and astrocy-
tomas may be entirely explained by different microenvironment makeup and
the impact of the 1p/19g-codeletion on the expression of genes on these chro-
mosome arms [132]. The authors found that although these histological tumor
types differ in morphology, these histological subtypes share a comparable de-
velopmental hierarchy and glial lineage. Transcription factors involved in oligo-
dendrocyte differentiation are also expressed in both histologies [375]. Several
case reports have highlighted ‘dual genotype’ oligoastrocytomas, demonstrating
molecular features of both bona fide astrocytic and bona fide oligodendroglial
tumor cells [376, 377]. Such a dual genotype may be explained by assuming that
very early in gliomagenesis a subset of IDH-mutant cells experiences a complete
1p/19g-codeletion and a TERT promoter mutation, while another IDH-mutant
subset acquires a mutation in TP53 and/or ATRX. Detailed and sufficiently pow-
ered longitudinal studies of primary and recurrent diffuse gliomas may help to
elucidate the actual frequency of such ‘dual genotypes’, how they are related to
mixed histological appearances, and how they evolve over time [378].
Additional loss-of-function mutations in far-upstream element binding pro-
tein (FUBPT) on 1p31.1 and capicua transcriptional repressor (CIC) on 19q13.2 are
observed in over 60% of 1p/19q-codeleted gliomas [129]. A paired analysis of
primary and recurrent 1p/19q-codeleted oligodendrogliomas described distinct
alterations in CIC and FUBPT1in the primary and the recurrent tumor [324]. Another
report described that these events were frequently private to either primary or
recurrence, but not both [374]. Both findings corroborate observations of CIC and
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FUBPTmutation heterogeneity across nine distinct samples from the same oligo-
dendroglioma, including finding five distinct CIC mutants across nine tumor sam-
ples [99]. Loss-of-function mutations in these genes led to a loss of protein ex-
pression and the FUBPTmutation was associated with adverse survival compared
to wild type tumors [379, 380]. These findings suggest an important role for these
genes and indicate that in cases in which these events were not found in one
sample of the tumor, they still might be present elsewhere. Despite their apparent
importance, the role of these events in gliomagenesis remains to be understood.

Itis not clear whether 1p/19q-codeleted oligodendrogliomas undergo senes-
cence or acquire mechanisms to bypass senescence. 1p/19q-codeleted gliomas
generally lack alterations in genes associated with oncogene-induced senescence
such as BRAF or senescence bypass such as TP53, RBTor CDKN2A. Nevertheless,
given their continued clinical growth it appears that these tumors have somehow
evaded growth arrest and senescence barriers. Perhaps the 1p/19g-codeletion
allows pre-cancerous cells to avoid senescence through the mono-allelic inacti-
vation of tumor suppressor genes on these chromosome arms [381]. One mech-
anism that was previously proposed may be via a dosage-dependent repression
of Chromodomain Helicase DNA Binding Domain 5 (CHD5) on 1p36 [382-384].
A study that used genetic engineering to create mouse models with gains and
losses of a region corresponding to human 1p36 found that duplication of this
region led to decreased proliferation and senescence whereas a single-copy de-
letion led to immortalization [384].

IDH-wildtype diffuse astrocytomas

Amongst IDH-wildtype astrocytomas/glioblastomas, one of the most frequent
alterations is a homozygous loss of CDKN2A and CDKN2B [385]. Mathematical
modelling has suggested that homozygous CDKN2A/B loss occurs after +7/-10
but before other molecular events [105]. Homozygous CDKN2A/B loss alone is
insufficient for tumor formation in mice, requiring the activation of an oncogene
to generate tumors in vivo [386]. As such, homozygous CDKN2A/B loss is likely a
second event in the tumorigenesis of IDH-wildtype astrocytoma or glioblasto-
ma. The role of protein products p16™*a and p14*%F in senescence are very well
understood. Indeed, astrocytes with a homozygous deletion of CDKN2A/B can
grow indefinitely in culture, and introduction of p16™*42 in immortal human glioma
cell lines with this deletion leads to cell cycle arrest and senescence [387, 388].
Taken together, these results indicate that loss of CDKN2A/B may provide adult
IDH-wildtype astrocytomas with a reliable means for senescence bypass.
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Mutations in TP53 sometimes co-occur with homozygous CDKN2A/B loss in
IDH-wildtype glioma [389]. While TP53 mutations are often shared across all
tumor cells in IDH-mutant astrocytoma, TP53 mutations in IDH-wildtype as-
trocytomas are frequently unique to one or a few tumor subclones [73]. In this
same study, it was found that amongst IDH-wildtype astrocytomas, whereas
CDKN2A/Bis consistently deleted, TP53 mutations are frequently lost or gained at
tumor recurrence. These observations suggest that, in IDH-wildtype astrocytoma,
CDKN2A/B may be primarily important for senescence regulation

Pediatric H3-mutant/IDH-wildtype diffuse gliomas are TP53 mutant in about
50% of cases, which may act as a senescence bypass event in these tumors
[283]. Amongst remaining H3-mutant tumors, approximately 20-30% of H3 K27
mutant diffuse gliomas show mutations in Activin A Receptor Type 1 (ACVR1)
[390-393]. There is no evidence that ACVRT has any role in sentence regulation,
however ACVRI1 alterations were found to be mostly mutually exclusive with al-
terations in TP53 and PPM1D. PPM1D is a protein phosphatase downstream of p53
involved in apoptosis regulation following DNA damage and thus likely involved
in senescence [394]. Expression of ACVRT mutants in Tp53™!" murine astrocytes
implanted in mouse brains failed to induce tumors, likely because H3 K27 mu-
tations are required as a tumor initiation event and thus suggesting that ACVR1
does not meet the criteria for a tumor initiation event [393]. Thus, while about
half of pediatric H3-mutant gliomas demonstrate TP53 mutations that may act
to bypass senescence, it remains unclear if and how TP53-wildtype H3-mutant
pediatric gliomas bypass senescence.

Non-diffuse gliomas

Several lines of evidence suggest that pilocytic astrocytomas (WHO grade |,
IDH-wildtype) are arrested in a senescent phase Il state and do not advance to
later phases. First, these tumors were found to frequently demonstrate several
biomarkers of senescence at tumor detection, including widespread b-galac-
tosidase activity and p16™¥4 staining [395-397]. Second, these tumors are very
quiescent genetically, often demonstrating but a single activated oncogene, such
as a BRAF fusion, BRAF V600E mutation or rarely an activating mutation in FGFR1
or PTPNT1[116, 398, 399]. Third, these tumors generally grow slowly, have excel-
lent outcomes and sometimes regress, perhaps because the tumor cells do not
immortalize [400-403]. Fourth, expression of activated BRAF V60OE alone does
not lead to tumor development in in vitro and in in vivo mouse models, while the
combined activation of BRAF and loss of CDKN2A/B is transforming, suggest-
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ing that additional mutations to bypass senescence are required to advance to
phase Ill [404-406]. The clinical presentation of pilocytic astrocytoma may be
the result of senescence-mitigating circumstances, such as a cell-of-origin with
proliferative potential in absence of senescence-bypass.

Phase lll: Stressed Growth
Cells presenting with continued proliferative signaling beyond the oncogene-in-
duced senescence barrier are generally characterized by defective DNA damage
response signaling and continued growth in a stressed environment. During
this phase the repetitive DNA at the telomeric terminal ends of chromosomes
become increasingly important [87]. Telomeres progressively shorten as cells
divide due to the linear conformation of chromosomes and directional repli-
cation machinery, a phenomenon that is critically important for diseases like
cancer which are characterized by often rampant proliferation [88]. Telomeric
DNA takes on a lasso conformation called the t-loop, and these loops are bound
by the shelterin DNA binding protein complex. Together, these characteristics
protect chromosome ends from being recoghized as DNA double strand breaks
and prevent inadvertent activation of DNA damage response pathways [89].
Dysfunctional telomeres are critically short and improperly protected telo-
meres lacking t-loops and shelterin complexes. They trigger the activation of
DNA damage response pathways via ataxia telangiectasia mutated (ATM) and
ataxia telangiectasia and Rad3-related (ATR) kinase, which are triggered by ex-
posed and unprotected double stranded and single stranded DNA break ends,
respectively. The exposed ends then fall victim to homology directed repair (HDR)
and non-homologous end joining (NHEJ) repair processes, intended to repair
accidental DNA breaks but lead to gross genomic instability when triggered by
dysfunctional telomeres. When telomeres are unprotected, these repair pro-
cesses prompt sister chromatids to fuse with one another, forming a dicentric
chromosome. During the anaphase, the dicentric chromosome will form a bridge
spanning the mitotic spindle and connecting the two daughter cells. Resolution
of the chromatin bridge via cytoplasmic 3’ nuclease TREX1results in breakage of
the dicentric chromosome at a locus not necessarily at the site where the fusion
had occurred, resulting in an unbalanced inheritance of genetic material between
the two daughter cells. Because the resulting daughter cells also lack telomeres,
this process of breakage-fusion-bridge (BFB) cycles (Figure 7-3a) will repeat itself
every subsequent cell division until telomeres are restored [251] [407-410]. The
detrimental genomic instability acquired via telomere dysfunction and BFB-cy-
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cles endows these cells with powerful stochastic mutational mechanisms to
acquire changes that provide a survival benefit under selective pressure.

The intensity of genomic instability endured during the stressed growth phase
may depend on the severity of senescence pathway dysregulation incurred over-
coming oncogene-induced senescence (Figure 7-2). In the case of H3-mutant,
IDH-wildtype and IDH-mutant astrocytoma/glioblastoma this pathway is per-
turbed close to the source via the direct loss of RB, p53 or p16'**2 protein func-
tion. In IDH-mutant and 1p/19qg-codeleted oligodendroglioma this pathway may
be repressed indirectly, for example via the modulation of p144%¥ activity through
a partial deletion of CHD5. This may explain why the latter group of tumors show
significantly less genomic instability compared to the former tumor types. More-
over, in pilocytic astrocytoma this pathway may not be affected at all and these
tumors may not advance beyond oncogene-induced senescence. While genomic
instability incurred during phase Ill demonstrate some patterns that are unique
to a certain glioma subtype, these features are generally shared across all gliomas
regardless of subtype. We therefore did not separate this section according to
tumor type as we did for the other phases. More research is needed to carefully
delineate the selective pressures at play to better understand differences and
similarities between various glioma entities in this respect.

The advent of high-throughput sequencing has led to remarkable progress in
understanding the complexity of genomic instability in cancer, including complex
deletions, amplifications and translocations [322]. It is important to note that the
genomic organization that can be reconstructed using sequencing at the time
of analysis are those changes that resulted in viable cells and were selected for.
Recent work has shown that telomere dysfunction directly leads to catastrophic
genomic events, including genome shattering (chromothripsis), clustered regions
of focal hypermutation (kataegis) and whole genome doubling (tetraploidization)
[411-413]. Although the incidence of chromotripsis across the spectrum of gliomas
is not known, a recent report suggests that chromotripsis is very common in
glioblastoma [414]. Comparison of primary and recurrent tumors across various
tumor types including gliomas demonstrated that recurrent tumors lack addi-
tional genomic instability, suggesting that these events occurred during a stress-
ful period the initial development of the tumor that was later stabilized [412].
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Recently there has been a renewed interest in circular extrachromosomal DNA
elements called double-minute (DM) chromosomes in cancer, and it was shown
that such DMs are common in gliomas [415, 416]. Although DM chromosomes
have been long recognized as a cytogenetic feature of cancer, relatively little was
known about its biological relevance. DM chromosomes have a predisposition
to involve cancer oncogenes such as MYC Proto-Oncogene Protein (MYC), MDM2
Proto-Oncogene (MDM2) or Cyclin Dependent Kinase 4 (CDK4) [130, 417-420]. A
unique feature of DM is that they lack centromeres and telomeres to dictate the
organization of the mitotic spindle during mitosis, and are therefore randomly
distributed across daughter cells [421]. Interestingly, this feature hypothetically
provides DM chromosomes with an impressive fitness advantage over linear
chromosomes as they do not need telomeres to protect them from inadvertent
DNA damage response pathways and are not subjected to detrimental BFB-cy-
cles. It has been proposed that DM chromosomes are the result of the fusion
and circular assembly of stretches of linear DNA consisting of highly homologous
sequences of inverted duplications in tandem following sequential BFB-cycles
(Figure 7-3b) [422]. Others have proposed that ineffective DNA repair following
chromotripsis can lead to linear DNA fragments getting pieced together in a
circular fashion (Figure 7-3c) [423]. A study by our group found evidence of chro-
motripsis in several glioblastoma samples localized to chromosome 12 involving
MDM2 and CDK4 and suggested that these segments may be arranged in extra-
chromosomal DMs [130]. Because these are inherently random processes, it is
possible that DM-chromosomes that promote survival are positively selected for
during telomere dysfunction. Compared to IDH-mutant gliomas, DMs in IDH-wild-
type tumors more often involve established glioma oncogenes, despite what
appears to be a comparable frequency of DMs in both glioma categories [415].
More research is needed to precisely determine the frequency of DMs in glioma
subtypes and to pinpoint the genetic origin of these structures.

A recent study of paired primary and recurrent IDH-mutant gliomas reported
that in some cases allelic imbalances of the IDH-mutant allele occurred upon
recurrence, which led to a change in mutant protein expression and consequent-
ly decreased 2HG production [424]. Furthermore, IDH-mutant tumors are very
hard to culture, and when it succeeds, IDH mutations that were present initially
have been reported missing, raising the possibility that losing an IDH mutation
is advantageous for survival in culture [425]. Introduction of mutant IDH in cell
cycle checkpoint deficient cells rapidly transforms these cells into competent
tumor cells [426]. However, IDH inhibition in these cells after as little as four days
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after its first introduction did little to slow tumor growth. These findings suggest
that some IDH-mutant gliomas may rapidly evolve and acquire additional driver
events to uphold the tumor cell population.

To summarize, telomere dysfunction and stressed growth may promote the
context-dependent evolution of glioma cells, rendering glioma initiation events
redundant and providing gliomas with new fuel that rapidly increase intratumoral
heterogeneity and can deal with various toxic stresses and bottlenecks. While
stochastic mutational mechanisms in the stressed growth phase provide ample
selection pressure to acquire beneficial changes, the detrimental genomic insta-
bility under which cells must operate acts as a powerful tumor suppressive barri-
er. Unchecked growth will rapidly lead to another round of DNA-damage induced
replicative senescence, or when those checkpoints fail completely, cell crisis.

Phase IV: Replicative senescence/crisis

Sustained stressed growth is not durable and will eventually lead tumor cells
down to one of two possible roads. Tumor cells with a partially intact senescence
response (i.e. functional p53 and RB) may undergo a second round of senescence
called replicative senescence in response to dysfunctional telomeres. Tumor cells
with a completely dysfunctional senescence response (i.e. loss-of-function mu-
tation in TP53 or RB1) instead continue proliferating in a state of cellular crisis
leading to cell death in a vast majority of cells [427]. Replicative senescence and
crisis both pose a second population bottleneck to further tumor formation. It is
essential that tumor cells transition to a less stressful environment with proper
telomere maintenance to prevent further BFB-cycles and other catastrophic
events. Cell culture experiments have demonstrated that direct immortaliza-
tion of cells prior to a stressed growth phase enables them to bypass genomic
instability and immortalize lacking the wild karyotypes typically associated with
malignant transformation [254, 428]. These observations suggest that genomic
instability in cancer development generally precedes immortal growth and is
required to generate errors enabling telomere maintenance [428].

Acquisition of a telomere maintenance mechanism endows cancer cells with
immortal growth, meaning that they are bestowed a limitless replicative potential
[429]. Telomere maintenance is established once a tumor cell has reactivated
telomerase or activated alternative lengthening of telomeres. Moreover, resto-
ration of telomere function may prevent further BFB-cycles and restore genome
stability. The canonical pathway involves the reactivation of the ribonucleopro-
tein telomerase which is transcriptionally silent in differentiated adult cells [253].
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The telomerase catalytic component telomerase reverse transcriptase (TERT) is
expressed in over 80% of human cancers and is thought to be rate limiting for
telomerase activity [255]. In the alternative pathway tumors become immor-
talized via a recombination driven mechanism called alternative lengthening of
telomeres (ALT) [259].

IDH-mutant diffuse astrocytomas

IDH-mutant diffuse astrocytomas almost universally demonstrate ALT [285].
ALT cells present with several defining characteristics, including a heterogeneous
distribution of telomere length across chromosomes, extrachromosomal telo-
meric DNA fragments in a circular configuration (c-circles), increased expression
of telomeric repeat-containing RNA (TERRA) from telomeres, the formation of
ALT-associated promyelocytic leukaemia bodies (APBs), frequent telomere sister
chromatid exchanges (T-SCEs) and recombination between telomeres from dif-
ferent chromosomes [430]. Telomeres in ALT cells are heterogeneous in length
and relatively long, demonstrating telomere lengths much longer than telomerase
positive cells on average [431]. ALT provides cancer cells with stabilizing telomere
maintenance in a telomerase negative setting. Although it remains unclear how
ALT becomes activated, its presence has been tightly associated to loss-of-func-
tion events targeting the a-thalassemia/mental retardation syndrome X-linked
(ATRX) or death-domain associated protein (DAXX) genes and these events are
also a hallmark feature of IDH-mutant astrocytomas [52, 262, 432]. ATRX func-
tions as an ATP-dependent helicase within the SWI/SNF family and combined
these two genes form the ATRX-DAXX complex, which functions as a histone
chaperone to deposit the histone variant H3.3 at telomeres [433]. Telomeric
DNA has a tendency to form secondary quadruplex structures that challenge
the replication machinery and need to be resolved for proper replication [434].
How exactly these two genes protect telomeres from recombination and ALT is
still unknown. It has been suggested that the combined helicase activity of ATRX
and the histone chaperone capabilities of the ATRX-DAXX complex can resolve
the secondary quadruplex structure at telomeres, thereby enabling proper pro-
gression of the replication fork during S-phase and preventing the inadvertent
activation of recombination (ALT) mechanisms [435, 436].

The presence or absence of inactivating ATRX and DAXX mutations present a
strong correlation with ALT in many tumor types including gliomas [262, 283, 437].
Recent in vitro studies have shown that knockout of ATRX alone is insufficient to
cause ALT, however, ATRX knockout combined with inactivation of p53 and RB
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enzymatic activity led to an increased incidence of ALT after enduring several
cycles of telomere induced crisis [263,298, 438]. Furthermore, the reintroduction
of ATRX expression in ATRX mutant ALT cells led to a repression of T-SCE, APBs
and c-circle formation [298, 438].

IDH-mutant oligodendrogliomas, 1p/19q-codeleted

Oligodendrogliomas, IDH-mutant and 1p/19q-codeleted almost universally
use telomerase to maintain telomeres and virtually all of these tumors carry
an activating TERT promoter mutation [103]. These TERT promoter mutations
are amongst the most common non-coding mutations in cancer [103,104, 256,
267]. Recurrent hotspot point mutations substitute a cytosine at -228 or -250
relative to the promoter to a thymine (C228>T or C250>T) to create a de novo
e-twentysix (ETS) transcription factor binding site that recruits the ETS family
member GA-binding protein alpha chain (GABPA) to activate transcription [439].
Although the timing of TERT promoter mutations is still under debate, several
lines of evidence suggest that TERT promoter mutations arise early in gliomagen-
esis and perhaps even occur prior to the glioma initiation event. TERT promoter
mutations preferentially occur in tissues with a lower rate of self-renewal and
there are numerous reports on the extra-telomeric functions of TERT, includ-
ing effects on the NF-kB and WNT/B-catenin pathway promoting tumor growth
and invasiveness [103, 440, 441]. Combined this raises the possibility that these
mutations may contribute to tumorigenesis via other pathways than its effect
on telomerase alone, providing a biological reason for these mutations to con-
tribute to gliomagenesis early in phase | and before the onset of dysfunctional
telomeres. In a glioma-specific analysis it was found that nearly all tumors with
the ‘phase | event’ +7/-10 or ‘phase Il event’ 1p/19g-codeletion have TERT pro-
moter mutations, whereas not all TERT promoter mutant gliomas have +7/-10
or 1p/19g-codeletions, which may indicate that TERT promoter mutations even
precede +7/-10 and 1p/19qg-codeletions [15]. Another group studied the mutation
fraction using multi-sector sequencing in 1p/19g-codeleted oligodendrogliomas
and found that TERT promoter mutations indeed are early events and may occur
before IDH mutations [99]. The idea that TERT promoter mutation occurs early is
further corroborated by the finding that genetically engineered TERT promoter
mutations in telomerase positive embryonic stem cells do not affect telomerase
activity, while upon differentiation these engineered cells remain telomerase
positive and acquire immortality [442]. More recently, it was found that TERT
promoter mutations in melanoma initially do not support telomere maintenance
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and telomeres shorten to critically short length despite harboring promoter mu-
tations [443]. The effect on telomere length was not observed until later, which
the authors attributed to a two-step immortalization process. One study even
reported canonical (-228 and -250) somatic TERT promoter mutations in the
blood of multiple non-cancer patients, indicating that these events could even
occur before the onset of cancer and act to prime the tumor bed [444]. Although
roles for TERT outside of telomere maintenance remain to be understood, these
observations provide a sound argument that TERT promoter mutations can occur
early in or even before gliomagenesis while providing a means towards immor-
talization at a later stage.

IDH-wildtype diffuse astrocytomas

The majority of IDH-wildtype diffuse gliomas use telomerase for telomere main-
tenance [445]. Re-analysis of previously published samples reclassified according
to WHO 2016 criteria demonstrated that approximately 75% of diffuse IDH-wild-
type gliomas are TERT promoter mutant [446]. Thus, TERT promoter mutations are
common in both the most and the least aggressive diffuse gliomas (IDH-wildtype
diffuse astrocytomas and IDH-mutant and 1p19g-codeleted oligodendrogliomas,
respectively), suggesting that TERT promoter mutations are not dictating their
biological behavior. It was further found that ATRX mutations occur in approxi-
mately 5% of IDH-wildtype diffuse astrocytomas [446]. The prevalence of ALT
in IDH-wildtype diffuse gliomas is higher than the frequency of ATRX mutations,
suggesting that some of these tumors may use ATRX-independent mechanisms
to activate ALT [285]. In a similar fashion, the prevalence of telomerase activity
is higher than the prevalence of TERT promoter mutations in this tumor type,
suggesting that these tumors may use TERT promoter independent mechanisms
for the reactivation of telomerase [445]. Several candidate mechanisms have
been previously described in glioma, including TERT promoter methylation or TERT
amplifications [447]. Contrary to adult IDH-wildtype diffuse glioma, H3-mutant
malignant pediatric glioma frequently demonstrate ALT [448], and several stud-
ies reported frequent co-occurrence of ATRX mutations in both H3 K27 and G34
mutant gliomas. However, reports of co-occurrence vary between 30% and 60%
for K27 and 75% to 100% for G34, suggesting that there is a role for telomerase
in many of these tumors as well [449].
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Phase V: Immortalization & Dedifferentiation

The glioma stem cell theory states that amongst all cancerous cells in a tumor, a
subset of cells act as progenitor or stem cells with reproductive capabilities and
sustaining the cancer, much like normal bone marrow stem cells are responsible
for replenishing the population of circulating leukocytes [450]. It has often been
contrasted to the theory of clonal evolution, which suggests that cancers evolve
through an iterative process of clonal expansion of from a single cell [451]. Recent
advances in single-cell sequencing and lineage tracing have unveiled multiple
populations of tumor cells in bulk tumor samples, providing fuel for the cancer
stem cell hypothesis [132,133,452, 453]. One study used single cell RNA sequenc-
ing on IDH-mutant and 1p/19g-codeleted oligodendroglioma patient samples and
uncovered distinct cell populations of undifferentiated tumor stem cells and cells
that are more differentiated along various glial lineages [452]. In a similar study
of IDH-mutant astrocytoma the authors were able to detect the same cellular
populations but with a higher ratio of stem-like to differentiated cells that in-
creased with increasing WHO grades [132]. Another study used DNA barcoding
of repeatedly in vivo transplanted glioblastoma cells to trace the lineage during
their engraftment and found a population of progenitor cells that sustained the
tumor and gave rise to differentiated non-proliferative cells [453].

These studies all provide support for a cancer stem cell hypothesis and raise
the question how these findings fit with our model, which leans towards a model
of clonal evolution. In fact, current evidence may suggest that both mechanisms
are acting together (Figure 7-4a). Whereas clonal evolution is important to es-
tablish the initial cancer stem cell population, neutral evolution (in line with the
cancer-stem cell hypothesis) may fit better once the initial cancer core has been
established, especially so when further evolutionary stimuli (e.g. senescence bar-
riers, hypoxia, treatment) are lacking. The concept of neutral evolution holds that
most molecular changes are not caused by natural selection but rather by the
stochastic allelic variation that are neutral and do not affect cellular fitness [454].
Arecent study analyzed cancer genomes from TCGA and found neutral evolution
in approximately one-third of a wide spectrum of over 900 tumors, including 35
gliomas of which 8 (23%) suggested evidence in support of a neutral evolution
process [151]. The authors conclude that all clonal selection must have occurred
before the onset of cancer growth and not in later arising subclones. Several
groups have since challenged these findings and suggested that their analysis
does not univocally prove neutral evolution starting from the first malignant cell
[455-457]. While it may be possible that tumors evolve neutrally beyond the most
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recent selective sweep we do not agree with the conclusion that these findings
suggest that all clonal selection must occur before the onset of tumor growth.
The authors do not take into account that at the time the tumor presents itself
and is surgically removed, all remnants of a selection process that have been
outcompeted or died will have completely disappeared, in contrast to “neutral”
variants which do not affect fitness and will remain. According to our simplified
model, tumorigenesis sequentially follows phase | to V. Once the cancer stem
cell population has been established, tumor cells will follow neutral evolution,
as long as new evolutionary or other stimuli for opportunistic growth are lacking
(Figure 7-4a).

CLONAL EVOLUTION

—Glioma initiation event

. Non-tumor cell

[[] mitial growth
— Senescence bypass event
- Oncogene-induced
Clinical [m senescence
Manifestation
— Immortalization event ‘ . Stressed growth

‘ . Replicative
senescence/crisis

O Immortal growth
CANCER STEM CELL

, | l |

SASP
ILs
_
CXCLs

CCLs

/I Figure 7-4. Integration of a clonal evolution and cancer stem cell model for gliomagenesis.

a. This model assumes that sequential mutations and selection pressure drive the evolution of
cancer stem-like cells. At the same time these stem-like cells may give rise to more differentiated
(ie. phase V) offspring that may divide further but rapidly become growth arrested. b. According
to this model these cells may be senescent and contribute to the cancer phenotype by eliciting
a micro-environment response via SASP.

SASP = senescence-associated secretory phenotype; ILs = interleukines; CXCLs = chemokines
(C-X-C motif); CCLs = chemokines (C-C motif)
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Aforementioned studies supporting the cancer stem cell hypothesis suggest
that multiple cellular populations exist within a tumor, including a self-renewing
cancer stem cell population and a less-proliferative differentiated population. A
recent paper demonstrated that cells derived from glioma stem cells may differ-
entiate and subsequently undergo senescence [458]. We speculate that phase V
tumor cells represent cancer stem cells that may give rise to more differentiated,
phase IV cells (Figure 7-4a). The transition from phase IV to V and vice versa is
likely volatile in nature owing to transcriptional reprogramming including the ac-
tivation of the stemness factors Oligodendrocyte Transcription Factor 2 (OLIG2),
Sex Determining Region Y - Box 2 (SOX2) and the reactivation of telomerase [112].
On the other hand, the transition from phase | to phase IV is more rigid in nature,
involving various changes on a genomic level, including somatic mutations and
copy humber changes as described. This important distinction in flexibility led us
to believe that phase V cells may re-differentiate and assume a phase IV state.

Although they are growth arrested, senescent cells are metabolically active
and release a plethora of signaling molecules to the microenvironment. The se-
nescence associated secretory phenotype (SASP) is a feature of senescent cells
that curtails these cells with the release of proinflammatory cytokines [459].
SASP does not depend on p16™¥2 or p21 activity and senescence with intact
p16™ka function actually suppresses SASP [460]. Similarly, activated p53 signaling
also suppresses SASP while TP53 loss induces SASP [461-463]. These findings
suggest that the SASP response is stronger when senescence pathway genes are
lost. Indeed, IDH-wildtype astrocytomas often harbor homozygous deletions in
CDKN2A/B and are known to have a highly active microenvironment [74]. Genes
associated with SASP were shown to be overexpressed in higher grades of glioma
and older patients, the latter group more likely to be affected by high-grade
IDH-wildtype astrocytoma [464]. Moreover, it was found that primary glioblasto-
ma cells retain a functional senescence program despite mutations in the TERT
promoter and CDKN2A/B locus [465]. These findings imply that senescent and
differentiated phase IV cells may be crucial for shaping the immune microenvi-
ronment in gliomas (Figure 7-4b).

A Broader Perspective

While there are not many known environmental risk factors that predispose to
glioma, large cohort genome wide association studies over the past two de-
cades have identified multiple heritable polymorphisms conferring glioma risk
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[320,466-470]. Notably, several of these risk loci are localized to genes involved
in telomere maintenance, including the telomerase reverse transcriptase TERT,
telomerase RNA component TERC, and other telomere maintenance associated
genes STNT, CST Complex Subunit (OBFC1), Protection Of Telomeres 1(POT1) and
Regulator of Telomere Elongation 1 (RTELT) [466]. Moreover, there appears to be
a significant increased glioma risk in people with increased leukocyte telomere
lengths [471]. Unsurprisingly, glioma risk alleles at aforementioned genes are also
associated with increased leukocyte telomere length [472-474]. Telomeres thus
play an important role in not only the development of gliomas, but also in glioma
risk [475]. In fact, the positive association between leukocyte telomere length and
cancer risk is not specific to glioma and shared across many cancers. A recent
Mendelian randomization study found that longer leukocyte telomere length was
associated with an increased risk to cancer but a reduced risk to non-neoplastic
disease such as cardiovascular disease [476]. It has been suggested that this
difference is due to individuals with longer telomeres being more likely to acquire
driver mutations due to an increased proliferative potential whereas the inverse
relationship observed for non-neoplastic disease may be due to the impact of
telomere shortening on tissue degeneration [477, 478].

Several hereditary disorders are associated with an increased risk of glioma
development, including neurofibromatosis type 1and type 2 (NF1, NF2) and the
TP53 germline mutation/Li-Fraumeni syndrome. NF1 and NF2 are autosomal dom-
inant hereditary disorders with germline mutations in NF1and NF2 and clinically
characterized by multiple benign nerve sheath tumors (especially neurofibromas
in NF1, schwannomas in NF2), but also by a markedly increased risk on particular
gliomas (especially pilocytic astrocytoma in NF1 and ependymomas in NF2) [479-
481]. Both genes are well-known tumor suppressor genes and key components in
the MAPK-pathway [482]. It has been demonstrated that senescence commonly
occurs in benign nerve sheath tumors and that prolonged NF1disruption leads to
oncogene-induced senescence in a model system, providing a rationale as to why
these germline disorders present with tumors that are often relatively indolent
[483]. A germline perturbation affecting NF1 or NF2 can be considered a tumor
initiation event, explaining why this germline disorder guarantees the formation
of multiple benign nerve sheath tumors over one’s lifetime.

Li-Fraumeni syndrome is a rare autosomal dominant hereditary disorder that
is caused by the germline perturbation of TP53 or CHK2, which regulates p53
activity [484-486]. Whereas NF1and NF2 guarantee the formation of especially
multiple benign tumors (including non-diffuse gliomas) in a lifetime, Li-Fraumeni
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patients pose a greater risk to developing a malignant tumor, including a diffuse
glioma [487].This risk increases with age and is over 50% at age 30, with a lifetime
cancer risk of over 70% in men and almost 100% in women [485]. Moreover, 15%
and 4% of affected individuals were found to develop a second and third cancer
[488]. Li-Fraumeni syndrome germline mutations affect phase Il and prevent
onset of oncogene-induced senescence following the acquisition of a glioma
initiation event, thus increasing the risk of developing cancer over a lifetime.

The germline mutations underlying NF1/NF2 and Li-Fraumeni syndrome rep-
resent pathways that both need to be disrupted for a malignant tumor to form.
The fact that nearly all patients with NF1/NF2 develop one or more benign tumors
can be understood by acknowledging that in these disorders a germline tumor
initiation event is involved. Unless this pathway is supplemented by a senescence
bypass event these tumors do not readily proceed to malignancy. In contrast,
Li-Fraumeni syndrome is characterized by an increased risk for malignant tumors
in many (but not all) patients. In this syndrome, the germline senescence bypass
event needs to be supplemented by a tumor initiation event for a tumor to de-
velop, and such tumors may be more aggressive/malignant due to the defective
senescence barrier, allowing the tumor (precursor) cell to instantly progress to
phase Il and instigate genomic instability.

Conclusion

Our knowledge on the molecular events driving cancer has grown exponentially
over the years. This review has aimed to put this new knowledge into the per-
spective of the temporal molecular pathogenesis of glioma, starting from the
first aberrant cell all the way to a symptom-causing glioma. To this end we have
combined what is known on gene (mal)function, tumor evolution, genomic in-
stability and telomere maintenance to develop a model of gliomagenesis. This
model describes five sequential phases cancer cells undergo during their glio-
magenesis. We speculate that transitions from one phase to the next can be
characterized by acquisition of tumor driving events that sequentially contrib-
ute to the hallmarks of cancer as previously proposed, including proliferation,
evasion of apoptosis and limitless replicative potential [318, 319]. Our model is a
simplified abstraction of what may be the truth and new insights will refine and
improve our understanding. Meanwhile, we hope that our model will help foster
hypotheses leading to new insights on the molecular life history of glioma, that
will help identify convincing therapeutic vulnerabilities.
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Summary and Future Perspectives

This final chapter provides a brief summary of the preceding chapters, some of
my thoughts on molecular neuropathology in clinical practice and perspectives
on translating these new insights in tumor biology into new avenues for precision
medicine. In Chapter 11 discussed the traditional histopathological distinction
between lower grade glioma (grade II-11l) and glioblastoma (grade IV) based on a
tumors’ histology including the presence or absence of various grading criteria.

/N Figure 8-1. Relationship between histology and molecular diagnosis.

Sankey plot indicating the relationship between histology (left), DNA methylation subtype
(middle) and IDH/codel subtype (right). LGG = lower grade glioma, GBM = glioblastoma.

In Chapter 2 | presented a comprehensive molecular analysis of primary diffuse
gliomas across histological types. This work revealed that molecular subtypes are
not always faithful to a specific histological type (Figure 8-1). Using methylation
analysis, we discovered two previously undescribed tumor subtypes. One subtype
specific to IDH mutant tumors that we called “G-CIMP-low” harbored low levels
of DNA methylation and was associated with poor outcomes. Another subtype
we coined “PA-like” that was specific to IDH wild-type tumors demonstrated
few baseline abnormalities in DNA methylation and frequently showed driver
mutations rarely seen in diffuse gliomas such as BRAF V60O0E. These patients
also had a remarkably favorable outcome when compared to other IDH wild-type
tumors. Overall, molecularly defined subtypes provided a much more refined
and accurate prognostication of patients when compared to a purely histolog-
ical classifier. This research, combined with the work of many others in the field
promoting a molecular take on neuropathology, influenced recent updates to the
WHO diagnostic standards of CNS tumors, which are increasingly dependent on
molecular testing for making a conclusive diagnosis.
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Unfortunately, despite our best efforts to treat diffuse glioma patients with
radio- and chemotherapy, tumor recurrence is inescapable, and all patients even-
tually succumb to the disease. In Chapter 3, | set out to use genomics to determine
why these tumors are so refractory to the prevailing treatment regiments. To this end
we collected a set of over two hundred temporally separated initial and recurrent
(posttreatment) diffuse glioma samples spanning the full range of disease subtypes.
Recurrent tumors demonstrated higher mutation rates compared to initial tumors
and in some cases showed hypermutation after systemic treatment with alkylating
agents. Recurrent IDH mutant tumors were enriched in de novo Cyclin Dependent
Kinase Inhibitor 2A/B (CDKN2A/B) deletions, a finding that was further associated
with impaired survival and increased aneuploidy. Contrary to our initial expectations,
we observed a striking overall similarity of recurrent tumors when compared to their
primary counterparts. Analyses into selection and tumor evolution indicated little
to no selection secondary to treatment. Rather than an orderly pattern of resis-
tance-specific changes we found that drivers from the initial disease were mostly
retained, indicating that the same features driving tumor growth in the initial tumor
were likely driving its growth at recurrence. In some cases, we could observe common
recurrence-associated changes, including the aforementioned deletion of the tumor
suppressor CDKN2A/B, suggesting that the acquisition of this feature could play a role
in tumor progression. Taken together these results argued that the strongest selective
pressures occur early in gliomagenesis and that the effects of current therapies are
largely stochastic. Therefore, while treatment effectively slows tumor growth and
slightly prolongs survival, the inevitable tumor recurrence shows that more effective
treatments are needed to provide a sufficient evolutionary bottleneck to tumor cells.

A key question that had remained unanswered, is whether the DNA methyl-
ation subtypes proposed in Chapter 2 were subject to the same extent of spa-
tial heterogeneity and uncertainty that is seen with transcriptomic subtypes.
Chapter 4 set out to answer this question and results from this analysis indicate
that DNA methylation subtypes are relatively robust and show little heteroge-
neity. This result is important and has clinical implications because it suggests
that such an unbiased molecular analysis may not be subject to the intra- and in-
terobserver disagreement that is quite common in a purely histological diagnosis.

One of the more surprising results to come from the work presented in
Chapter 3 was the lack of a clear association between systemic therapy and
selection, suggesting that existing treatments do little to drive tumor evolution
in a particular direction. Because previous studies had found a distinct genomic
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sighature associated with alkylating agent treatment secondary to thymine mi-
spairing with alkylated guanine, we wanted to assess if radiotherapy treatment
could be associated with a similarly distinct genomic signature. In Chapter 5 |
discuss our work using pre- and posttreatment data from diffuse glioma patients
to study radiotherapy treatment failure. We found that radiotherapy treatment
was associated with the acquisition of small deletions 5-15 bp in size without
evidence for microhomology at breakpoint junctions. These characteristics were
reminiscent of DNA repair by the classical pathway of non-homologous end join-
ing, suggesting it is the predominant pathway for the repair of radiation-induced
DNA damage. These deletions were randomly spread throughout the genome and
were not biased to fragile regions of the genome, suggesting that radiotherapy
pervasively invades tissue. Large deletions >100 bp were similarly affected and
we surprisingly found convergence at the CDKN2A/B locus in post-treatment IDH
mutant tumors, raising the possibility that radiotherapy-induced DNA damage
could be responsible for the acquisition of this feature of tumor progression.
Together these results suggest that radiotherapy may be driving tumor evolution
in ways beyond what we had previously recognized and reported in Chapter 3.
Results from Chapter 2 suggested that distinct glioma subtypes might harbor
unique mechanisms to maintain their telomeres, the ends of chromosomes de-
scribed in more detail in Chapter 1. Following these findings, | pursued an interest
in mapping telomere maintenance mechanisms across different cancer types
beyond the brain in Chapter 6. There we found frequent overexpression of the
telomerase component gene telomerase reverse transcriptase (TERT), sugges-
tive of telomere maintenance utilizing the reverse transcriptase telomerase for
telomere extension. We proposed several mechanisms for its transcriptional
reactivation including rearrangements involving enhancer elements and meth-
ylation of a potential repressor element upstream of the TERT promoter. Some
tumors lacked TERT expression but demonstrated genomic alterations affecting
a-thalassemia/mental retardation syndrome X-linked (ATRX) or Death Domain
Associated Protein (DAXX) and showed significantly longer telomeres in tumors
compared to matched control samples, suggesting telomerase-independent
telomere maintenance via alternative lengthening of telomeres. Finally,a number
of relatively indolent tumors in this large cohort did not show evidence of any
telomere maintenance mechanism, suggesting that the clinical detection of
these lesions could precede telomere maintenance (Table 8-1). Collectively, my
analyses demonstrated the universal nature of telomere maintenance in cancer
and emphasized the role of this pathway as a promising therapeutic target.
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Table 8-1. Molecular subgroup and suspected telomere maintenance mechanism
(TMM).

Molecular subgroup TMM
TERT expressing (73%)

Tumor TL > control TL

Cancer type enrichment

Likely telomerase-driven Colorectal adenocarcinoma
Esophageal adenocarcinoma
Gastric adenocarcinoma
Lung adenocarcinoma
Pancreatic adenocarcinoma
Prostate adenocarcinoma

Cervical squamous cell
carcinoma

Esophageal squamous cell
carcinoma

Lung squamous cell
carcinoma

Oral squamous cell
carcinoma

Hepatocellular carcinoma
Serous ovarian carcinoma
Urothelial cell carcinoma

Melanoma

ATRX/DAXX altered (5%)
Tumor TL < control TL

Likely ALT-driven

Diffuse glioma*

Sarcoma**

TERT non-expressing, ATRX/
DAXX wild-type (22%)
Tumor TL = control TL

Possibly ALT-driven
Possibly telomerase-driven
Possibly lacking TMM

Possibly novel TMM

Pheochromocytoma
Kidney papillary carcinoma

Kidney chromophobe
carcinoma

Thyroid papillary carcinoma

Thyroid follicular carcinoma

Table indicating the relationship between molecular subtype and suspected TMM. The total
proportion of the entire cohort (n=6,835) for each molecular subgroup is indicated in parenthesis.
Cancer types enriched in a specific molecular subgroup are indicated in the rightmost column.
* IDH mutant astrocytoma is likely ALT-driven, whereas IDH mutant oligodendroglioma and IDH
wild-type diffuse glioma tend to be telomerase-driven. ** Similar subtype specificities are noted
for other tumor types, including sarcoma, but such level of detail goes beyond the scope of this
table. ALT = alternative lengthening of telomeres, TL = telomere length.

Combining the results from all the main chapters, we began to realize that diffuse
gliomas across the major subtypes can be grossly characterized by a combina-
tion of hits directly or indirectly influencing the major pathways of proliferation,
cell cycle and immortalization (Table 8-2). We condensed this observation into
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a model for the life history of glioma, that | describe in detail in Chapter 7. In
summary, the collection of hits across all three pathways provides the molecular
ingredients for gliomagenesis.

Table 8-2. Essential pathway activation across major diffuse glioma subtypes.

Proliferation Cell Cycle Telomere Maintenance
IDH wild-type EGFR CDKN2A/B TERT promoter

PTEN TP53

+7/-10
IDH mut IDH TP53 ATRX
IDH mut and 1p/19q-codel IDH 1p/19q (?) TERT promoter

Indicates major genes hit in a predominant share of tumors across the three subtypes determined
by IDH and 1p/19q status.

The role of molecular neuropathology in the diagnostic workup of glioma patients
Since the start of this PhD trajectory, molecular testing is increasingly being used
in a clinical setting for diagnostic purposes. The discovery of a highly sensitive
and specific IDH1R132H antibody forimmunohistochemistry (IHC) use has been
instrumental in making molecular neuropathology much more widely available
for clinical practice [489]. The R132H IDH1 variant makes up the majority of IDH
mutations in diffuse glioma. Moreover, the IHC test is highly sensitive and specif-
ic and requires no specialized equipment. In fact, as | will argue in the following
paragraphs, IHC testing alone at a minimum provides an excellent starting point
and, in many cases, can provide a definitive diagnosis according to the revised
4t edition WHO classification (Table 8-3).

Especially in children and younger adults, histone 3 (H3) variants affecting
a lysine at position 27 (K27) or glycine at position 34 (G34) are prevalent. Fortu-
nately, much like IDH R132H, good IHC antibodies exist for all three H3 variants
(H3G34R/V, H3K27M), enabling the detection of subtypes characterized by this
variant without resorting to more comprehensive testing.

As discussed elsewhere in this thesis, patients with an IDH mutant astro-
cytoma frequently demonstrate loss-of-function variants of ATRX, and these
variants are rarely seen in IDH wild-type glioma. Because ATRX mutations are
not seen in IDH mutant oligodendrogliomas, negative ATRX protein expression
on IHC (indicative of an ATRX mutation) can help steer the diagnosis towards IDH
mutant astrocytoma [21].
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Further IHC testing can provide additional evidence to assist the diagnosis. Evi-
dence for elevated Epidermal Growth Factor Receptor (EGFR) protein expression
can support a glioblastoma diagnosis. Positive staining for BRAF V60OE can sup-
port a non-diffuse glioma diagnosis or support the diagnosis of an IDH wild-type
diffuse astrocytic tumor when backed by other evidence of this tumor type.
Strong nuclear positivity of p53 is often observed alongside ATRX mutations in
IDH mutant astrocytoma and can help support this diagnosis.

Taken together, with a comprehensive combination of surrogate markers, IHC
alone can provide an impressively complete molecular diagnosis fitting neatly
into categories defined by the WHO criteria (Table 8-3). Moreover, IHC is both
relatively affordable and widely available and applicable. Therefore, IHC alone
can make a partial molecular neuropathology workup possible even in non-aca-
demic lower-resource clinical settings. While DNA sequencing can provide even
more complete information, its high cost and limited availability is prohibitive in
many clinical settings.

Table 8-3. Comparison of key biomarkers for molecular neuropathology across

assays.
IHC FISH DNA methylation array DNA sequencing

Cost low medium medium high
Access/availability high medium low medium
IDH mutation

IDH1R132H X X* X
others X*

1p/19q codeletion

partial 1036/19q13 X

complete codeletion

Combined +7/-10

partial X X X
complete

MGMT

promoter methylation X

EGFR

amplification X X X

mutation

vlil variant X

CDKN2A/B

deletion X X X
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Table 8-3. Comparison of key biomarkers for molecular neuropathology across
assays. Continued

IHC FISH DNA methylation array DNA sequencing
Cost low medium medium high
Access/availability high medium low medium
TP53 (p53)
mutation X** X
ATRX
mutation X X
BRAF
V600E mutation X X* X
fusion X X*
H3F3A, HISTIH3B/C
K27 mutation X X*
G34 mutation X X*
TERT
promoter mutation X
Other RTK alteration***
fusion X X*

Relative cost of each test is indicated in the second row. Note that other techniques for the
assessment of molecular markers exist, but the discussion of these techniques is outside the
scope of this thesis [490]. * DNA methylation array is not able to directly test for the presence or
absence of this marker, however it is able to test for the resulting phenotype with extremely high
accuracy. ** p53 mutations are notoriously difficult to detect from IHC because missense mutants
may lead to nuclear accumulation and deleterious mutants lead to loss of protein expression. ***
Includes fusion involving MYB, MYBL, FGFR1, FGFR3, NTRK, MET, RELA.

As this thesis emphasizes the value of DNA methylation in patient prognostica-
tion,  would not do this work justice if | did not argue in favor of its clinical appli-
cation. As discussed in several chapters of this thesis, DNA methylation profiling
using the lllumina 450k or EPIC (850k probe) microarray platform can predict
tumor subtypes with extremely high accuracy [94]. While these tests require spe-
cialized equipment and expertise, they provide a substantial amount of clinically
relevant information with a single test. Several centers worldwide have started to
incorporate this test as a part of the workup for most brain tumor patients. In one
center, analysis of patient material using the methylation microarray platform
led to a change or refinement of the diagnosis in 73% of cases [491].
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DNA methylation arrays can also replace other tests on several fronts. Methyla-
tion arrays can supersede fluorescence in situ hybridization (FISH) in the detec-
tion of copy number events including broad changes such as the 1p/19q codele-
tion as well as focal events including an EGFR amplification and CDKN2A/B loss.
Unlike FISH, array-based tests provide a picture of the entire genome and are not
prone to reporting false positive partial copy number events as changes affecting
entire chromosome arms. While DNA sequencing can also provide comprehen-
sive copy number information, because this requires broad coverage across the
genome, array-based tests (including lllumina EPIC methylation profiling) for copy
number are several orders of magnitude more affordable.

A shortcoming of the DNA methylation array is that it cannot test directly for
specific mutations or gene fusions, which can be accurately detected by DNA se-
quencing or FISH, respectively. However, we and others have found that clinically
relevant biomarkers such as IDH, H3 and MAPK/RTK fusion positive tumor subtypes
can be predicted from the DNA methylation data with high confidence, overriding
the need for direct testing to detect these variants. Thus, in my opinion, in com-
bination with traditional histology and IHC, the DNA methylation microarray test
should be considered the “gold standard” for the diagnostic workup of CNS tumors.

Tumor genomics paving the road for precision medicine in glioma

A critical next step is translating breakthroughs in the molecular taxonomy of
tumors into targeted treatment and effective therapies. One group of variants
that has drawn particular translational interest over the past decade are vari-
ants affecting the EGFR gene. EGFR is often amplified and/or mutated in IDH
wild-type glioma. Moreover, it is commonly affected by the EGFR variant Ill (EG-
FRvlII) variant. In this variant, exons 2-7 of EGFR are lost, affecting the extracel-
lular receptor domains of this transmembrane glycoprotein and leading to its
constituent activity. Unfortunately, trials using the EGFR inhibitor erlotinib, the
EGFRvlll-specific peptide vaccine rindopepimut or the EGFR antibody-drug con-
jugate depatuxizumab mafodotin have been unsuccessful [492-494]. It remains
to be seen whether new strategies to target EGFR variants will arise, or whether
responders to existing drugs can be accurately identified, but so far this area of
investigation is looking grim.

Protein kinases such as EGFR are attractive therapeutic targets because of
the strong dependency of protein kinase driven signaling pathways in oncology.
While drugs targeting EGFR have not led to benefits for glioma patients, trials
directed at other kinases have been somewhat more successful. Drugs target-
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ing the BRAF V60OE hotspot variant, BRAF fusion, NTRK fusion and FGFR3 fusion
have shown promise in preclinical studies and phase Il/Ill clinical trials [495-498].
Nevertheless, these latter alterations, although frequent in certain subtypes, are
rare events among all diffuse glioma and collectively make up about 5% of glioma
patients [499, 500]. Thus, optimistically assuming that these new drugs lead to a
breakthrough in disease management for these patients, at least 95% of glioma
patients would remain without good treatment options.

One possible explanation for EGFR inhibition treatment failure in glioma is
that these changes are rarely clonal, meaning that they arise late during tumor
development and are not a characteristic feature of all tumor cells [501]. Thus,
therapies targeting EGFR may only affect a variable subset of the tumor cell pop-
ulation. It is now broadly recognized that effective therapies need to preferably
target a tumor at its trunk, defined by the set of changes that are shared across
all tumor cells [502]. An obvious target to consider is the IDH mutation, which is
the characteristic feature of all canonical oligodendrogliomas and IDH-mutant
astrocytomas. While drugs directly repressing mutant IDH protein activity have
been approved for use in leukemia, they are still in trial for use in glioma [503].
One potential pitfall of this strategy is that pre-clinical studies using these drugs
have shown that, while critical for tumor development, the effects of the mutant
IDH protein are dispensable for tumor maintenance [426]. Therefore, suppressing
mutant IDH activity in a symptomatic tumor may not have the desired effect of
tumor suppression. A second strategy utilizing truncal IDH mutations as a ther-
apeutic target is the cytotoxic targeting of the IDH1 R132H neoantigen, which
appears to be strongly expressed in all tumor cells [503, 504]. Exciting results
from a very recent phase 1 trial of a vaccine targeting IDH1 R132H show that this
therapeutic strategy is safe and leads to treatment response in a large number
of patients [505].

Closing thoughts

Genomic sequencing has progressed with leaps and bounds over the past two
decades. Interestingly, somewhat similar to Moore’s Law (born from the obser-
vation that computing power doubled every two years), data from the National
Human Genome Research Institute indicated that the cost to sequence a human
genome approximately halved every year for the first decade following the mil-
lennium. However, since the start of 2008 the decline of sequencing costs rapidly
outpaced Moore’s Law. In other words, at the turn of the millennium the costs for
sequencing an entire human genome were anywhere between $100 and $300
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million, while these costs were reduced to roughly $10 million in 2008, and today
are approximately $1000.

Such advancements have brought along with them unprecedented changes
to our view of human health and disease. New insights gained from sequenc-
ing are already driving disease diagnosis. However, history has taught us that
translation of such information into improved patient outcomes is years behind
biological discovery. The Philadelphia chromosome was first discovered in 1960
in patients with chronic myelogenous leukemia [506, 507]. It took over forty years
for the first phase | and Il trials on imatinib to complete, the inhibitor of the BCR-
ABL tyrosine kinase expressed on the Philadelphia chromosome that provided a
curative treatment for a previously uncurable disease [508, 509]. For comparison,
IDH mutations were discovered in 2008 and TERT promoter mutations were first
described in 2013 [48, 256]. So, if historical data can be extrapolated to today,
then we are not too far away from a life changing therapy for glioma and the
question is not “if”, but “when”.
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Nederlandse samenvatting

Diffuse gliomen betreffen een diverse groep tumoren van het centraal zenuw-
stelsel, met name van de hersenen. Ondanks behandeling met chirurgie, radio-
en chemotherapie is de prognose slecht en overlijdt de patiént meestal binnen
een paar maanden tot enkele jaren. Al langer dan een eeuw is de geaccepteerde
gouden standaard voor de klinische diagnose en bepaling van de vervolgbehan-
deling gebaseerd op histologische evaluatie van de tumor. Dit proefschrift omvat
een aantal studies waarin de moleculaire analyse van diffuse gliomen centraal
staat. Deze maken deel uit van een grote reeks publicaties in het laatste decen-
nium waaruit blijkt dat moleculaire diagnostiek ons in staat stelt tot een veel
meer eenduidige bepaling van het behandelingstraject van patienten met een
diffuus glioom.

Ter inleiding biedt hoofdstuk 1 een uitgebreide samenvatting van de histori-
sche aspecten van met hame de histopathologische diagnostiek van gliomen.
In hoofdstuk 2 bespreek ik een moleculaire indeling van gliomen. We weten door
middel van de analyse van epigenetische aanpassingen van het DNA (zogeheten
DNA methylatie aanpassingen) zeven verschillende tumor subtypen te onder-
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scheiden in een set van zeker 1100 primaire gliomen. Uit onze analyse bleek dat
deze subtypen niet zomaar overlappen met de histologische subtypen. Belangrijk
daarbij is dat de via DNA methylatie bepaalde subtypen nauwer geassocieerd
bleken te zijn met het biologische gedrag van de tumor en zo dus een betere
voorspelling van de prognose van de patiént mogelijk maakten.

In hoofdstuk 3 bestudeer ik recidief groei van diffuse gliomen. Ondanks (hui-
dige) optimale behandeling keert deze tumor in nagenoeg alle gevallen terug en
veroorzaakt het uiteindelijk het overlijden van de patiént. Om hier meer grip op
te krijgen hebben wij weefsel van zowel primaire als recidief tumoren verzameld
van ruim 200 patiénten. In recidief tumoren konden wij over het algemeen meer
DNA-mutaties opsporen dan in primaire tumoren, en soms was er sprake van
hypermutatie ten gevolge van behandeling met alkylerende middelen. In recidi-
verende IDH-gemuteerde tumoren troffen wij in een aantal gevallen nieuw ont-
stane deleties aan van het gen CDKN2A, wat inmiddels een criterium is voor een
hogere graad tumor. Ondanks dat er sprake was van een hogere mutatie last en
zeldzame CDKN2A deleties, kwamen recidief tumoren moleculair bekeken nauw
overeen met de bijbehorende primaire tumor. Dit suggereert dat, ondanks dat
de huidige behandelingen de groei van de tumor vertragen, deze therapieén de
tumor onvoldoende genetische uitdaging bieden. Immers, het blijkt dat onder
druk van de huidige behandelingen het voor gecontinueerde groei van een diffuus
glioom niet noodzakelijk is om zich significant genetisch verder te ontwikkelen.

In hoofdstuk 4 ga ik in op de vraag of DNA methylatie subtypen (eerder in
hoofdstuk 2 bepaald) consistent zijn over het gehele volume van de tumor. In
een set van 16 patiénten bekeken we 8-12 verschillende sectoren per tumor en
constateerden we dat DNA methylatie subtypen over het algemeen homogeen
zijn. Dit is een belangrijk resultaat omdat dit aangeeft dat moleculaire DNA met-
hylatie diagnostiek van diffuse gliomen robuust is. Dit is in tegenstelling tot his-
tologische diagnose waarbij er regelmatig sprake is van onderwaardering van de
maligniteitsgraad vanwege ‘sampling effect’ alsmede van inter-observer variatie
bij beoordeling door verschillende (neuro)pathologen.

Hoofdstuk 5 vormt een logisch vervolg op hoofdstuk 3 en gaat dieper in op de
vraag hoe DNA-mutaties verschillen tussen primaire en recidief-tumoren en wat
de invloed van radiotherapie hierop is. Hiervoor hebben we de gliomen dataset uit
hoofdstuk 3 aangevuld met ruim 3.500 patiénten met metastatische tumoren
van de Hartwig Medical Foundation, waarbij bekend was of de patiént voorbe-
handeld was met radiotherapie of niet. We stelden vast dat behandeling met
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radiotherapie geassocieerd was met een toename van kleine en grote deleties.
Op basis van de omringende nucleotidesequentie bepaalden we dat DNA-repa-
ratie door middel van de klassieke niet-homologe DNA-reparatie waarschijnlijk
ten grondslag ligt van de reparatie van radiatie-geinduceerde DNA-schade. In
gliomen was de acquisitie van nieuwe CDKN2A deleties in recidief tumoren zeer
sterk geassocieerd met status na radiotherapie, wat een mogelijk oorzakelijk
verband suggereert.

Volgend op resultaten uit hoofdstuk 2 bespreek ik in hoofdstuk 6 verschillen in
onderhoudsmechanismen van de uiteinden van het DNA, zogeheten telomeren,
in een dataset van bijna 7.000 patiénten en 31 verschillende tumor typen. Door
middel van de analyse van DNA-sequentie gegevens was het mogelijk om de
gemiddelde telomeer-lengte van tumoren in te schatten. Vervolgens konden we
kijken naar de expressie van het gen TERT, dat voor het enzymatische onderdeel
van het eiwit telomerase codeert dat verlenging van telomeren bewerkstelligt.
We constateerden een aantal genetische en epigenetische afwijkingen die sterk
correleerden met een toename van TERT. In een klein aantal tumoren leek er
ook sprake van TERT-onafhankelijke onderhoud van telomeren. Bij deze patién-
ten was waarschijnlijk een alternatief, telomerase-onafhankelijk mechanisme
verantwoordelijk voor telomeer-onderhoud. Bij sommige tumoren leek er geen
sprake van telomeer-onderhoud, deze tumoren werden vaak gekenmerkt door
(relatief) indolent gedrag. Samengevat gaven mijn analyses de universele rol van
telomeer-onderhoud in kanker aan en benadrukte het dit mechanisme als een
veelbelovend therapeutisch aangrijpingspunt.

Ter afsluiting van dit proefschrift destilleer ik in hoofdstuk 7 de kennis uit de
voorafgaande hoofdstukken en verwerk ik die in een model voor de moleculai-
re ontwikkeling van gliomen. Hierbij identificeerden we drie moleculaire eigen-
schappen die elk glioom kenmerkt, te weten een toename van proliferatie, een
ononderbroken celcyclus en telomeer-onderhoud. Tot slot vat ik in hoofdstuk 8
de voorgaande hoofdstukken samen en bediscussieer ik de rol van moleculaire
diagnostiek in de kliniek.
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When | first came to the US in February 2014 to join Roel Verhaak’s lab at MD
Anderson, | had no idea that more than 8 years down the road Id still be in this
country. My naive initial plan was simple: stay for a short 6-month research in-
ternship, publish paper(s) to build my CV and return to the Netherlands to do my
clinical residency. Easy, right?

A few months into my internship, Roel called me into his office and suggested
that we reach out to Pieter Wesseling at the VU to ask if there was a possibility
for me to join a PhD program in the Netherlands, while continuing my research
in the US with him. | was just starting to realize that | needed more time to finish
the work | had embarked on and importantly, the open-ended exploratory nature
of science gave me a new creative outlet that | desperately needed.

I had met Pieter before while working on an imaging study. Pieter was excited
about the idea and we met in the Netherlands during one of my visits to discuss
these plans further. In the following months the graduate program office got
involved to go over the relevant paperwork. Signing those documents effectively
set in motion the trajectory leading up to this thesis over the past eight years,
eventually concluding into the start of my own research group.
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Roel and Pieter, | am grateful for believing in me and giving me the opportunity
to learn from the both of you. Roel, you've trusted me to be the front man on sev-
eral key lab projects, starting with the TCGA follow-up analysis and culminating
in the GLASS consortium. Watching your career (and family) develop in the time
that | was a part of your team inspired me to follow in your footsteps. Pieter,
you’ve downplayed your role in this thesis but | strongly disagree: | have learned
so much from you. Your comments on my writing, your interactions with others,
were done all done so diligently and respectfully in a style were exemplary to me
and that | now try to emulate.

To all the members of my thesis committee: prof. de Witt Hamer, dr. Brands-
ma, prof. Cuppen, dr. French, and dr. Niclou and prof. Holstege. Thank you for
taking the time to review my tiny contribution to this field. Philip, we’ve known
each other longer than the others. You were the one who first introduced me
to programming in R, which turned out to be quite an important skillset when
joining Roel’s group. We’'ve had some exciting projects together with Niels and |
hope we’ll have more chances to work together in the future.

Nearly eight years in the Verhaak lab meant | got to experience quite a few
people joining and leaving. Starting that journey at MD Anderson | was so for-
tunate to have my first desk right next to Siyuan Zheng. Siyuan, you were an
incredible mentor during those first years. Thanks for sustaining my daily inter-
ruptions with programming questions and random small talk. Kosuke, Qianghu,
Kathy, Emmanuel and everyone else who was there during that time: we had a
great time together.

About three years into my PhD the whole lab moved to The Jackson Labora-
tory in Connecticut. Some of us transitioned into new roles; others stayed at MD
Anderson while a few dared to make the jump out east. Hoon and Samir: I’'m glad
we made that jump together. Both being computational heroes, you’ve taught
me many tricks on making my work more efficient. Kevin Johnson, you were quite
literally the first team member on-site at JAX, and | was lucky to get a desk right
next to you. We juggled a few projects between the two of us, and somehow, we
managed to pull things together irrespective of the slightly challenging, if not
insane, timelines Roel gave us. Kevin Anderson, occasionally | would get lucky and
beat you (or Shirley) at a board game, but | was no match for your encyclopedic
knowledge in trivia. Fred, you really outdid yourself putting together a worthy
GLASS successor. Eunhee and Amit, the two of you essentially ran the Verhaak
wet lab: you’ve taught me a lot about molecular biology and you’ve had some
beautiful papers. Moly and Dacheng, you helped bridge the generational gap that
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was starting to form in the lab by introducing us all to TikTok. To everyone in the
lab, we were such a fun group of people that would also occasionally hang out
outside of our office. | was fortunate to get a chance to meet up with Fred again
at a conference recently and | hope for more of those moments with many of
you from now on.

To some it is puzzling that | was able to start my lab before defending my PhD.
From the start, my position at MD Anderson and JAX was complicated because
having graduated from medical school (which is considered a graduate program
in the US), | was both a postdoctoral fellow (in the US) and a graduate student
(in the Netherlands) in parallel. Therefore, there was minimal pressure to finish
my thesis and moreover, COVID-19 prevented having an in-person defense for
well over a year. | am thankful to Jeff Trent and Mike Berens at TGen for believing
in me, and a special mention to Russ Rockne at City of Hope for making some of
those critical first connections that made this happen. A very special mention to
my team thus far (Yi-An, Noelle, Mimi) who are the real MVPs. Without reservation
| believe that | have the best job in the planet.

| am thankful to many friends, both in the US and Netherlands, with whom |
have shared food, drinks, arts, music and culture. Houston, New York, Phoenix,
Netherlands friends: | look forward to many more chances to spend time to-
gether as we all grow old together. A very special mention goes out to my two
paranymphs. Frank, we met through our roles as research exchange officers at our
national chapter of the IFMSA and quickly became friends. It’s somehow fitting
that both of us have largely given up our clinical careers and are now working as
full-time scientists. Jorn, we were roommates for several years and really bonded
during that time, including dealing with a devastating loss in our circle of friends.
We don’t see each other as much these days living so far separated but | look
forward to our next video calls and in-person dinners.

Then of course, my family. Mom, you’ve had a rough 2021 and it has been dif-
ficult for me to be so far away and not be able to help when you needed it most.
Dad, although you’ve now retired you can’t seem to stop working. | hope you'll
find the time to finally build that train table you’ve been dreaming of. Josine,
you’ve really picked things up in the last year and it’s encouraging to see you
shine. I’'m so glad that you’ve found someone to confide in. Having the whole
family visit us in Phoenix has been such a welcome treat. | already look forward
to your next visit and making another trip together.
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To all the rest of my family in the Netherlands: we don’t see each other often
enough, which | realize is mostly my fault for being so far away. I’'m glad for all the
chances that we do get to see each other. Perhaps we can all plan a big reunion
sometime in the next few years? Know that our doors in Phoenix are always open
so if you’re ever planning a trip in the US, we’re just a phone call or e-mail away.
Last but not least: lieve Oma, wat ben ik blij dat u hier bij kunt zijn!

Then my in-laws: Becky, Lutz and the rest of the family in Manilla, Eastern
Samar, Australia and New York City. You have all been so incredibly hospitable
and kind to me from the first time that | came to visit the Philippines. Every trip
| would gain at least a few pounds because of all the new foods you’d have me
try. ’m thankful for introducing me to Filipino culture and for welcoming me into
your family. | am looking forward to showing you everything the Netherlands has
to offer.

Most importantly, my wife Nina: | could not have done this without you. You
have been by my side since the start of this trajectory as we met right at the
beginning in 2014. I’'m grateful that you were one of the few who rarely asked me
when | was finally going to “graduate”, and trusted that it would all work out in the
end. | can’t wait to finally get all our immigration documents in order, so we can
finally travel the world freely like we’ve always dreamed of. I'm so lucky to have
you in my life and | cannot wait to find out what the future has in store for us.
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Diffuse gliomas encompass a diverse group of tumors of the central nervous system
that primarily affect the brain. Patients suffer from a poor prognosis despite radical
treatment with surgery, radio- and chemotherapy. Microscopic evaluation by a
neuropathologist has been the established method for the clinical diagnosis and
determination of follow-up for over a century. Nevertheless, pathology assessment
suffers from sampling biases and interobserver variability. This thesis details a
number of studies that focus on the molecular analysis of this tumor type. They
are a part of a larger series of papers in the past decade that demonstrate that
molecular diagnostics can provide an unambiguous diagnosis and determination of
follow-up treatment.

Floris Pieter Barthel was born on August 24, 1987 in the historical fortified town of
Naarden, The Netherlands. In 2014 he obtained his MD degree at the VU University
Medical Center in Amsterdam, The Netherlands. During his studies he developed
an interest in neuro-oncology and joined the laboratory of Roel Verhaak at the MD
Anderson Cancer Center (Houston, Texas, United States) and later The Jackson
Laboratory (Farmington, Connecticut, United States). There he conducted a scientific
traineeship studying the molecular makeup of glial brain tumors, leading to several
scientific publications, including those described in this thesis. He currently leads
his own research group at the Translational Genomics Research Institute (TGen) in

Phoenix, Arizona.





