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Project 1: Comparison of human & murine PA/PXA characteristics

Pediatric low-grade gliomas (pLGGs) are the most common brain tumors in this age group.
Despite their favorable prognosis, the young patients often have to suffer from long-term
sequalae of the (repeated) therapy or the tumor itself for the rest of their lives. Recent large-
scale sequencing studies have advanced the molecular characterization of pLGGs to a new
level and are driving the development of a tumor classification based on molecular features
rather than primarily histology. However, this is hampered by the enormous heterogeneity of
pLGGs, and even the separation of established tumor types is typically not acknowledged, for
example in clinical trial stratification. Pilocytic astrocytoma (PA; WHO grade I) and pleomorphic
xanthoastrocytoma (PXA; WHO grade ll) are two of these pLGG types. They can be difficult to
distinguish based on histology alone, but PXA tumors show a clearly worse clinical course than
PA tumors and are in many cases lethal. Nevertheless, in clinical trials, both are often simply
referred to as “pLGG” and thus treated in the same way. In the first part of this dissertation, |
therefore investigated and compared the molecular characteristics of PA and PXA in more
detail.

Using molecular data from 89 human pediatric tumor samples, | identified considerable
differences between the methylome and transcriptome profiles of PA and PXA. The
differentially expressed genes between both tumor types were highly enriched for cell cycle
and developmental processes. My results confirm the distinctively more proliferative nature of
PXA and suggest fundamental differences in the regulatory circuits that are implicated in tumor
development and growth. While most PXA samples in the analysis cohort harbored the typical
BRAF V600E mutation, | also identified NTRK fusions as a previously underappreciated genetic
driver event for this tumor type and, in a separate case, discovered an EGFR:BRAF fusion for
the first time. In addition, some tumors apparently retained expression of the CDKN2A/B locus,
which is typically deleted in PXA. Given the important role of the tumor microenvironment, |
extracted information on the immune cell content from the bulk sequencing data of PA and
PXA. While both tumor types displayed similarly strong signs of overall immune cell infiltration
(about 20%), | found a distinctive upregulation of a CD8 T cell gene signature in PXA tumors,

which might represent a vulnerability for immunotherapeutic intervention.

In addition, | further developed a genetic mouse model for PXA tumors on the basis of previous
work in the group. It relies on viral introduction of the human gene sequence for the BRAF
VB0OE oncogene into neural progenitor cells of Cdkn2a knockout mice and nicely
complements an existing PA mouse model. | demonstrate that tumors from both models
faithfully resemble their human counterparts at the levels of growth behavior, histology, gene
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expression and immune cell infiltration. Strikingly, in contrast to the PA model, the murine PXA-
like tumors were lethal for the mice, again indicating that the designation of this tumor type as
“low-grade” might be inappropriate and should be reconsidered. In addition, these tumors
showed the same characteristic CD8 T cell signature that | had observed in human PXA. My
work thus paves the way for further molecular and preclinical research on these pLGG entities
and suggests that the potential use of immunotherapy should not be rejected prematurely.
(Sommerkamp et al., in preparation)

Project 2: KIAA1549:BRAF fusion detection from RNA-Seq data

The most common genetic alteration observed in human PA is the KIAA7549:BRAF fusion. It
shows high specificity for this tumor type and is therefore of great diagnostic and prognostic
value. In addition, it constitutes a vulnerability for targeted therapy. Thus, it is of major
importance to reliably detect the KIAA1549:BRAF fusion in a clinical setting. RNA sequencing
(RNA-Seq) is now widely used in research, and has also become increasingly popular for
diagnostic purposes. In addition to providing gene- and isoform-specific expression data,
RNA-Seq can be used to identify expressed fusion genes in an unbiased (i.e. not pre-selected)
way. The KIAA1549:BRAF fusion, however, seems to be expressed at low levels and has
previously proven difficult to detect by RNA-Seq. In the second part of this dissertation, |
therefore examined the detection reliability of this fusion and developed an optimized workflow
for detection from RNA-Seq data.

By analyzing the RNA-Seq data from known fusion-positive PA tumor samples in my analysis
cohort, | found that deep sequencing alone is not sufficient to reliably detect the fusion.
Instead, the detectability is influenced by different factors, including RNA integrity / library size,
tumor cell content, KIAAT1549 expression levels as well as the library preparation protocol.
Strikingly, all samples in which the fusion was initially not identified did harbor supporting reads
in their raw data that could in principle provide a basis for fusion detection. | identified
bottlenecks in standard workflows of the alignment algorithm STAR and the fusion caller
Arriba, and show that proper alignment of split reads is a major hurdle for reliable detection of
the KIAA1549:BRAF fusion. An optimized workflow based on adjusted STAR parameters and
a new version of Arriba significantly improved confidence of already detected fusions and
allowed identification of fusions that had previously been missed. In an independent diagnostic
cohort from Montreal, | demonstrate that this workflow considerably outperforms the
previously used standard analysis tools. Moreover, | prove that the higher detection sensitivity
is not accompanied by the identification of false positive fusions in an RNA-Seq dataset of
> 1000 formalin-fixed, paraffin-embedded (FFPE) samples of diverse origin.

In summary, my work provides a novel workflow that substantially improves the detection of
this important fusion from RNA-Seq data, and which will most likely also result in increased
fusion detection performance in other tumor contexts. (Sommerkamp et al., 2020)
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Projekt 1: Vergleich humaner und muriner PA/PXA Charakteristika

Péadiatrische niedriggradige Gliome (pLGG) sind die haufigsten Hirntumore in dieser
Altersgruppe. Trotz ihrer guten Prognose mussen die jungen Patienten oft ihr Leben lang unter
den Spatfolgen der (wiederholten) Therapie oder des Tumors leiden. Neue gro3 angelegte
Sequenzierstudien haben die molekulare Charakterisierung von pLGG deutlich verbessert und
treiben nun die Entwicklung einer Tumorklassifikation voran, die auf molekularen Eigenschaften
statt primé&r auf Histologie basiert. Dies wird allerdings durch die starke Heterogenitat von
pLGG erschwert und selbst die Unterscheidung etablierter Tumortypen wird, zum Beispiel bei
der Stratifizierung fur klinische Studien, typischerweise nicht anerkannt. Das pilozytische
Astrozytom (PA; WHO Grad ) und das pleomorphe Xanthoastrozytom (PXA; WHO Grad Il)
sind zwei dieser pLGG Typen. Beide sind histologisch nicht immer leicht zu unterscheiden,
jedoch zeigen PXA Tumore einen deutlich schlechteren klinischen Verlauf als PA Tumore und
sind in vielen Fallen todlich. Dennoch werden beide in klinischen Studien oft einfach als ,,pLGG"
zusammengefasst und somit in der gleichen Art und Weise behandelt. Im ersten Teil dieser
Dissertation habe ich daher die molekularen Charakteristika von PA und PXA eingehend
untersucht und vergleichen.

Auf der Grundlage molekularer Daten von 89 humanen padiatrischen Tumorproben habe ich
erhebliche Unterschiede in den Methylom- und Transkriptom-Profilen von PA und PXA
identifiziert. Die differenziell exprimierten Gene zwischen beiden Tumortypen zeigten eine
Uberreprasentation von Zellizyklus- und Entwicklungs-Prozessen. Meine Ergebnisse
bestatigen die unverkennbar starker proliferative Natur des PXA und deuten auf fundamentale
Unterschiede in den regulatorischen Schaltkreisen hin, die an Tumorentstehung
und -wachstum beteiligt sind. Wahrend die meisten PXA Proben in der Analysekohorte die
typische BRAF V600E Mutation aufwiesen, konnte ich zusétzlich NTRK Fusionen als bisher
unterschatzte genetische Verédnderungen in diesem Tumortyp identifizieren und in einem
weiteren Fall erstmals eine EGFR:BRAF Fusion nachweisen. Einige Tumore behielten zudem
scheinbar die Expression des CDKN2A/B Lokus bei, der im PXA typischerweise deletiert wird.
Da die Mikroumgebung eine wichtige Rolle in Tumoren spielt, habe ich zudem Informationen
zum Immunzellgehalt aus den Sequenzierdaten von PA und PXA extrahiert. Wahrend beide
Tumortypen gleich starke Zeichen von allgemeiner Immunzellinfiltration zeigten (ca. 20%),
konnte ich eine markante Hochregulation einer CD8 T Zell Gensignatur in PXA Tumoren
identifizieren, die moglicherweise eine Anfalligkeit fur immuntherapeutische Intervention
darstellt.
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Daruber hinaus habe ich auf der Grundlage friherer Arbeiten der Gruppe ein genetisches
Mausmodell fir PXA Tumore weiterentwickelt. Es basiert darauf, die humane Gensequenz flr
das BRAF V600E Onkogen mittels eines Virus in neurale Vorlauferzellen von Cadkn2a Knockout
Mausen einzubringen, und erganzt so optimal ein bereits existierendes PA Mausmodell. Ich
zeige, dass die Tumore beider Modelle ihren humanen Pendants in Bezug auf ihr
Wachstumsverhalten, ihre Histologie, ihre Genexpression und ihre Immunzellinfiltration stark
ahneln. Dabei fiel besonders auf, dass die murinen PXA-ahnlichen Tumore im Gegensatz zum
PA Modell todlich fir die Mause waren, was erneut darauf hinweist, dass die Einstufung dieses
Tumortyps als ,,niedriggradig“ mdglicherweise nicht passend ist und Uberdacht werden sollte.
Zusatzlich zeigten diese Tumore die gleiche charakteristische CD8 T Zell Signatur, die ich auch
in humanen PXA Tumoren beobachtet hatte. Meine Arbeit ebnet daher den Weg flr
weiterfUhrende molekulare und praklinische Forschung an diesen pLGG Entitaten und legt
nahe, dass der potenzielle Einsatz von Immuntherapie nicht voreilig verworfen werden sollte.

(Sommerkamp et al., in Vorbereitung)

Projekt 2: Detektion der KIAA1549:BRAF Fusion in RNA-Seq Daten

Die haufigste genetische Verdnderung, die man im humanen PA beobachten kann, ist die
KIAA1549:BRAF Fusion. Sie zeigt eine hohe Spezifitat flr diesen Tumortyp und ist daher von
groBem diagnostischem und prognostischem Wert. Zudem stellt sie eine Anfalligkeit flr
zielgerichtete Therapie dar. Aus diesem Grund ist es von wesentlicher Bedeutung, die
KIAA1549:BRAF Fusion in einem Kklinischen Umfeld zuverldssig zu detektieren. RNA
Sequenzierung (RNA-Seq) ist in der Forschung mittlerweile weit verbreitet und wird auch flir
diagnostische Zwecke immer haufiger genutzt. RNA-Seq kann dabei neben der Bereitstellung
Gen- und Isoform-spezifischer Expressionsdaten auch zur unvoreingenommenen (d.h. nicht
vorselektierten) Identifikation exprimierter Fusionsgene genutzt werden. Die KIAA1549:BRAF
Fusion scheint jedoch nur schwach exprimiert zu sein und es hat sich in der Vergangenheit als
schwierig erwiesen, sie in RNA-Seq Daten zu detektieren. Im zweiten Teil dieser Dissertation
habe ich daher die Detektionszuverlassigkeit dieser Fusion untersucht und einen optimierten
Arbeitsablauf fur die Detektion in RNA-Seq Daten entwickelt.

Indem ich RNA-Seq Daten von PA Tumorproben analysiert habe, bei denen eine Fusion bereits
bekannt war, konnte ich herausfinden, dass eine tiefe Sequenzierung alleine nicht ausreicht,
um die Fusion zuverlassig zu detektieren. Stattdessen wird die Detektierbarkeit von
verschiedenen Faktoren einschlieBlich RNA Integritdt / Library GroBe, Tumorzellgehalt,
KIAA 1549 Expressionslevel sowie dem Protokoll zur Library Praparation beeinflusst. Dabei war
auffallig, dass die Rohdaten aller Proben, in denen die Fusion initial nicht identifiziert werden
konnte, dennoch unterstitzende Reads beinhalteten, die prinzipiell eine Grundlage fir die
Fusionsdetektion darstellen kdnnten. Ich habe Engpéasse in Standardablaufen des Alignment
Algorithmus STAR und des Fusions Callers Arriba identifiziert und zeige, dass ein

Y
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ordnungsgemaBes Alignment von geteilten Reads eine groBe Hlrde fUr die zuverlassige
Detektion der KIAA1549:BRAF Fusion darstellt. Ein optimierter Arbeitsablauf, der auf
angepassten STAR Parametern und einer neuen Version von Arriba beruht, verbesserte die
Nachweissicherheit bereits detektierter Fusionen signifikant und ermdglichte die Identifizierung
von Fusionen, die zuvor Ubersehen worden waren. In einer unabhangigen diagnostischen
Kohorte aus Montreal demonstriere ich zudem, dass dieser Arbeitsablauf die zuvor genutzten
Standard-Analysewerkzeuge deutlich Ubertrifft. Darlber hinaus weise ich nach, dass die
hohere Detektionssensitivitat in einem RNA-Seq Datensatz von dber 1000 mit Formalin
fixierten und in Paraffin eingebetteten (FFPE) Proben diversen Ursprungs nicht mit der
Identifikation falsch-positiver Fusionen einhergeht.

Zusammenfassend lasst sich sagen, dass meine Arbeit einen neuen Arbeitsablauf bereitstellt,
der die Detektion dieser wichtigen Fusion in RNA-Seq Daten erheblich verbessert und
héchstwahrscheinlich auch zu einer besseren Erkennungsleistung von Fusionen in anderen
Tumor-Zusammenhangen flhren wird. (Sommerkamp et al., 2020)
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Introduction

1 Introduction

1.1 Pediatric cancer

Cancer is one of the leading causes of death in children (Siegel et al., 2020). Every vyear,
approximately 400,000 new cases occur worldwide, including many undiagnosed cases in
low-income countries (Ward et al., 2019). Significant advances in the understanding and
treatment of childhood cancer have substantially reduced the mortality rate for these patients
over the last decades. While the overall 5-year survival rate was about 60% in the mid-1970s,
it has now exceeded 80% (Siegel et al., 2020), although this strongly depends on the tumor
(sub)type. Many cancer survivors, however, have to suffer from treatment-induced long-term
sequelae later in life, including organ damage, endocrine deficiency, psycho-social problems
and secondary tumors (Bhakta et al., 2017).

Originating from an organism that is still in development, pediatric cancer is biologically very
distinct from adult cancer. On the one hand, this applies to the putative cells and tissue types
of origin. While adult cancers are mostly carcinomas, i.e. develop from epithelial tissues,
pediatric cancers usually originate from mesenchymal or neuroectodermal tissues (Friedman
and Gillespie, 2011). On the other hand, this also applies to the underlying genetic alterations.
In particular, childhood tumors are characterized by a lower number of somatic mutations,
likely reflecting the shorter time span for cells to acquire these mutations (Alexandrov et al.,
2013; Kandoth et al., 2013). At the same time, this means that single genetic events can be
sufficient to induce cancer in children. Recent large-scale landmark studies on the genetics of
various tumor types have demonstrated that pediatric cancer is not only very different from
adult cancer but also highly heterogeneous in itself (Grobner et al., 2018; Ma et al., 2018). The
diverse tumor entities harbor a plethora of different mutational signatures, driver genes and
structural variants. This strong heterogeneity stresses once more that personalized medicine
is the only way to effectively tackle these diseases by individually characterizing each tumor on
a molecular level and applying tailored therapy regimens.

Broadly speaking, pediatric cancer can be subclassified into hematological malignancies (i.e.
leukemias and lymphomas), tumors of the central nervous system (CNS) and other solid
tumors. The following paragraphs will focus on the special characteristics of CNS tumors in
children.
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1.1.1 Pediatric brain tumors

Brain and other CNS tumors are the most common non-hematological tumor type and the
primary cause of cancer-related death in children 0-14 years of age (Ostrom et al., 2019). Like
other pediatric cancers, they are characterized by a remarkable heterogeneity. Their
classification is defined by the World Health Organization (WHO) and was last updated in 2016
(Louis et al., 2016). While it is still mostly based on traditional histological criteria, this update
was a major step forward, as it was the first to incorporate molecular definitions into the
classification. As in the previous editions, the different tumor entities are graded from | to IV,
reflecting their degree of malignancy.

Naming of the different entities has mainly been based on the suspected cell of origin (or
closest lookalike) so far. Among all pediatric CNS tumors, gliomas constitute the largest group
with over 50% (Figure 1.1). These tumors are thought to arise from glial progenitor cells, as
they display an astrocytic, oligodendroglial, ependymal or mixed neuronal-glial morphology.
Grade | and Il gliomas are commonly referred to as “low-grade gliomas” (LGGs), while grade
Il and IV gliomas are grouped as “high-grade gliomas” (HGGs) (Sturm et al., 2017).
Accordingly, HGGs have a much worse prognosis than LGGs and are therefore treated much
more aggressively (Sturm et al., 2017). The dissertation at hand will focus on pediatric LGGs.
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Figure 1.1 | Relative frequency of CNS tumor subtypes by histology in children

Distribution of primary brain or other CNS tumors in children 0-14 years of age based on their histology. The “all
other” group includes glioma subtypes like (anaplastic) oligodendroglioma but also non-glioma tumors. NOS = not
otherwise specified. Adapted and modified from Ostrom et al. (2019) with permission from Oxford University Press.
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1.1.2 Pediatric low-grade gliomas

Pediatric LGGs (pLGGs) account for the largest single subgroup of childhood brain tumors
and comprise a heterogenous group of entities, with pilocytic astrocytoma (PA) being most
common (Ostrom et al., 2019). In general, pLGGs have an excellent prognosis with a 5-year
overall survival of about 90% (Gnekow et al., 2017). Surgery represents the mainstay of
treatment for this group of tumors and is usually followed by a “watch-and-wait” approach.
This is fundamentally different from pediatric HGGs (pHGGs), where patients directly receive
chemo- and radiotherapy (Jones et al., 2019b). With a value of about 50% at 5 years (Gnekow
et al., 2017), progression-free survival, however, paints a rather bleaker picture for pLGGs.
Albeit not deadly, tumors can recur several times and become a chronic disease, especially if
total resection cannot be achieved initially (Wisoff et al., 2011). Upon progression, patients
usually receive adjuvant chemotherapy and/or radiation, which again may entail devastating
long-term effects. Nevertheless, it is important to note that pediatric LGGs are very distinct
from adult (typically IDH7-mutated) LGGs, and do not share their propensity for malignant
transformation (Jones et al., 2018a).

Pediatric LGGs can arise throughout the CNS and show a wide range of histological features.
These features have traditionally been used for tumor classification, and this still holds true
when following the current WHO guidelines. Unlike adult LGGs, which have seen the addition
of molecular markers for the specification of certain subgroups in the 2016 update of the WHO
classification, the definition of pediatric LGG entities is currently still solely based on histology
(Louis et al.,, 2016). While many histological entities are easily distinguishable, there is
considerable morphological overlap in other cases (Ryall et al., 2020a). In addition, some very
benign entities can show similarities to more malignant glioma types (Collins et al., 2015). This
obviously poses challenges for accurate classification and expedient treatment of these

tumors.

Recent large-scale sequencing efforts have revolutionized our biological understanding of
pLGGs and paved the way for a more molecularly-based classification. Not only are more and
more previously unappreciated subgroups being discovered, these studies have also
illustrated the discrepancy between histological and genetic features (Jones et al., 2019a).
While some genetic marks are enriched in certain histological entities (and vice versa), there
are no true one-to-one associations of both (Figure 1.2). Although the molecular classification
of pLGGs is still not as well-developed as for other brain tumor types, mounting evidence
suggests that it is more accurate and thus superior to a classification based on histology alone
(Jones et al., 2019a). Therefore, an adoption into the WHO classification is very likely to happen
in the 5™ edition, which is currently being written.
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Figure 1.2 | Pediatric LGG subgroups and their molecular alterations

Pediatric LGGs comprise both glial and glioneuronal tumors with diverse histological entities. The most established
entities are illustrated and usually lack a clear association with one specific genetic driver. In addition, more and
more novel molecular entities are being discovered in genetic profiling studies. Adapted from Jones et al. (2019a)
with permission from Annual Reviews, Inc..

Despite the high number of distinct molecular subgroups evolving, pLGGs are considered
rather simple genetically. They show a low frequency of somatic mutations and are often driven
by a single genetic alteration (Jones et al., 2019a). These oncogenic events can hit different
genes (Figure 1.2), but there is one overarching theme that connects virtually all of them:
activation of the RAS/mitogen-activated protein kinase (MAPK) pathway (Jones et al., 2013;
Zhang et al., 2013). Aimost all pLGGs feature an upregulation of this pathway, making them a
“single pathway disease”. This is especially true as the RAS/MAPK alterations are directly
involved in tumor initiation and do not occur as secondary genetic events during tumor

progression, as is the case for other tumor types (Jones et al., 2019b).

The first clear indication that RAS/MAPK pathway activation and pLGGs are linked was the
observation that about 15% of patients with neurofioromatosis type 1 (NF1) develop optic
pathway gliomas (Listernick et al., 1999). NF1 is a tumor predisposition syndrome caused by
germline mutations in the neurofibromin 1 (NF7) gene. The product of this gene, neurofibromin,
is an inhibitor of RAS, and inactivation therefore leads to aberrant upregulation of RAS/MAPK
signaling (Rasmussen and Friedman, 2000). Over the years, the involvement of this pathway
in pLGG development has been supported by the discovery of many other drivers (Figure 1.3)
(Jones et al., 2019a). Two of these, KIAA1549:BRAF and BRAF V600E, will be discussed in
the following sections. Notably, recent sequencing efforts also identified some genetic events
that do not have a (yet known) direct link to the RAS/MAPK pathway, like alterations of
MYB/MYBL1 (Ramkissoon et al., 2013; Tatevossian et al., 2010; Zhang et al., 2013). However,
latest studies suggest that these tumors still show the same level of RAS/MAPK activation,
although the exact mechanism remains to be determined (Ryall et al., 2020b).
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Figure 1.3 | RAS/MAPK alterations in pLGGs

Different genetic alterations can be observed in pLGGs, but aimost all affect the RAS/MAPK pathway. Their
frequency is shown, with KIAA1549:BRAF fusions (35%), BRAF VB00E mutations (15%) and NF1 alterations (15%)
being most common. Adapted from Ryall et al. (2020a) under a Creative Commons license.

Essentially being a disease of one single pathway, targeting the RAS/MAPK pathway is an
obvious therapeutic strategy for the treatment of pLGGs (Jones et al., 2019b). Clinical trials of
BRAF and MEK inhibitors are currently underway, with first results being promising (Banerjee
et al., 2017; Fangusaro et al., 2019; Hargrave et al., 2019).

1.1.2.1 KIAA1549:BRAF fusion

The KIAA1549:BRAF fusion (Figure 1.4) is the most abundant alteration in pLGGs and usually
associated with PA (see 1.1.3), particularly when located infratentorially (Jones et al., 2019a).
Therefore, its detection is generally indicative of a very good prognosis. Originally, the fusion
was indirectly identified as a focal 7934 gain in genome-wide DNA copy number data of PA,
which was shown to result in increased BRAF expression (Pfister et al., 2008). Subsequently,
it was discovered that the focal gain originated from a tandem duplication, which caused the
formation of the previously unknown KIAA1549:BRAF fusion (Jones et al., 2008). Depending
on the exact combination of exons, different variants of the fusion can occur. While the most
common variants are 16:9 and 15:9, in which exon 16 or 15 of KIAA1549 is fused to exon 9
of BRAF, respectively (Jones et al., 2008), more variants have been identified, including 16:11,
18:10, 19:9 (Forshew et al., 2009; Jones et al., 2008; Sievert et al., 2009) and more recently
16:10 (Dahiya et al., 2012), 15:11, 17:10 (Lin et al., 2012), 13:9 and 15(+34 bp of intron 15):10
(Jones et al., 2013). Nevertheless, all fusion variants have in common that the N-terminal
regulatory domain of BRAF is lost, while the kinase domain is preserved in frame (Figure 1.4).
As a consequence, the BRAF kinase domain is constitutively active and drives downstream
MAPK signaling (Jones et al., 2008).
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Figure 1.4 | The KIAA1549:BRAF fusion

The KIAA1549:BRAF fusion gene is generated by a focal tandem duplication at 7q34. It usually comprises exons
1-16 or 1-15 of KIAA1549 and exons 9-18 of BRAF. In the illustration, the exon combination 15:9 is shown. The
KIAA1549:BRAF fusion protein retains the kinase domain and ATP binding pocket of BRAF but not its N-terminal
regulatory domain including conserved regions 1 and 2 (CR1/CR2). This renders the kinase domain constitutively
active and leads to permanent signaling. Adapted and modified from Subbiah et al. (2014) under a Creative
Commons license.

In addition, alternative BRAF/RAF fusions have been observed in pLGGs that follow the same
oncogenic mechanism. Amongst others, these include SRGAP3:RAF1 (Jones et al., 2009),
FAM131B:BRAF (Cin et al., 2011), RNF130:BRAF, CLCN6:BRAF, MKRN1:BRAF and
GNAIT:BRAF (Jones et al., 2013), with new variants still being identified.

1.1.2.2 BRAF V600E mutation

Mutations in BRAF constitute another group of genetic events in pLGGs and are also found in
a variety of other cancers (Davies et al., 2002). In most cases, a genetic missense mutation
results in the substitution of the amino acid valine at position 600 by glutamic acid (V60OE).
This mutation mimics phosphorylation of BRAF and thus induces constitutive MAPK signaling
(Garnett and Marais, 2004; Wan et al., 2004). Again, rare variants of BRAF mutations have
been described in pLGGs that harbor single amino acid insertions very close to position 600
(Jones et al., 2009) but share the same mechanism of action.

In contrast to the KIAA1549:BRAF fusion, which is only rarely seen outside of PA, BRAF
mutations can occur in various pLGG entities (see Figure 1.2). They are most commonly
encountered in pleomorphic xanthoastrocytoma (PXA; see 1.1.4) and ganglioglioma (GG) but
can also be found in PA, dysembryoplastic neuroepithelial tumor (DNET) and many more
(Schindler et al., 2011).
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1.1.2.3 CDKNZ2A/B deletion

Some tumor entities that formally belong to the pLGG group can also harbor additional genetic
alterations that are not related to the RAS/MAPK pathway. One of them is deletion of the
cyclin-dependent kinase inhibitor 2A/B (CDKN2A/B) locus at 9p21, which is recurrently found
across pediatric cancer types (Grobner et al., 2018). The fact that it is usually accompanied
by one of the typical RAS/MAPK pathway alterations, like BRAF V60OE (Ryall et al., 2020a),
and that it shows an enrichment in relapsed tumors (Eleveld et al., 2015), underlines its role as
a secondary genetic hit. In the pLGG spectrum, CDKN2A/B deletion is mostly found in PXA
(Weber et al., 2007).

The CDKNZ2A locus encodes for two tumor suppressors by alternative exon usage, p16INK4a
and p14ARF (Figure 1.5), which act as regulators of the cell cycle. While p16INK4A activates
the retinoblastoma (Rb) family of proteins via inhibition of cyclin dependent kinases 4 and 6
(CDK4/6) (Liggett and Sidransky, 1998; Ruas and Peters, 1998), p14ARF is a negative
regulator of mouse double minute 2 homolog (MDM2) and thus indirectly activates p53 (Ko et
al., 2018). The neighboring CDKNZ2B locus encodes for p15INK4B, which has a similar function
as p16INK4A (Figure 1.5).

RDINK/ARF
——] (] (] i+
[ (1] 1
p15INK4b /p16INK4a ARF
Cyclin D J-
CDK4/6 ME]-MQ
pRB R58

Figure 1.5 | The CDKN2A/B locus

The CDKN2A/B locus encodes three different tumor suppressors. Both p16INK4A and p14ARF are transcribed
from the same part of the locus, using alternative first exons and a different reading frame of exons 2 and 3. In
contrast, p15INK4B is transcribed from another part of the locus. All three regulate the cell cycle, p16INK4A and
p15INK4B negatively regulate CDK4/6 and thus activate pRB, while p14ARF activates p53 by inhibiting MDM2.
Adapted from Kim & Sharpless (2006) with permission from Elsevier.

[t has been shown that oncogenic MAPK signaling, e.g. caused by BRAF V600E, activates
these products of the CDKN2A/B locus as a counter mechanism to induce so-called
oncogene-induced senescence (OIS) (Jacob et al., 2011; Michaloglou et al., 2005; Serrano et
al., 1997). Deletion of CDKN2A/B can thus serve as a mechanism for tumor cells to evade this
tumor-suppressive process and promote cell cycle progression.
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1.1.3 Pilocytic astrocytoma

PA is the most common childhood brain tumor (see Figure 1.1). It shows benign growth and
is therefore classified as WHO grade | (Louis et al., 2016). Malignant progression is rarely
observed, and affected pediatric patients accordingly have an excellent prognosis with a 10-
year survival rate of more than 95% (Ostrom et al., 2019). PA tumors occur mostly in younger
children and are preferentially found in the cerebellum and supratentorial locations (Burkhard
et al., 2003).

Histologically, PA is characterized by a biphasic pattern of compact densely fibrillated areas
with abundant Rosenthal fibers and loose microcystic areas (Collins et al., 2015). The term
“pilocytic” refers to the appearance of tumor cells in the compact areas, which display long
hair-like processes. Matching its non-malignant growth pattern, PA shows a very low
proportion of cells positive for the proliferation marker Ki-67 (Tu et al., 2018). Histopathological
identification of PA is often clear but might be challenging in cases of “non-classical histology”.
Among others, morphological overlap has been observed with GG, DNET and PXA (Collins et
al., 2015; Jones et al., 2019a). Similarly, PA with a diffuse appearance might be confused with
high-grade tumors due to the presence of microvascular proliferation, with great implications
in terms of prognosis and treatment (Collins et al., 2015).

On a molecular level, PA is a prime example for being a “single pathway disease” with almost
all cases featuring activating alterations of the RAS/MAPK pathway (Jones et al., 2012). The
most common events are BRAF fusions (mainly KIAA1549:BRAF), NF1 alterations and BRAF
mutations (mainly BRAF VE0OE). Notably, while PA can occur virtually everywhere in the CNS,
the distribution of genetic alterations is not uniform, as it has been observed for other pLGG
types as well (Sturm et al., 2017). KIAA1549:BRAF fusions, for example, are mostly found in
infratentorial PA, whereas BRAF VB0OOE mutations are rather found in supratentorial PA (Jones
et al., 2012). Other, less common, affected driver genes include fibroblast growth factor
receptor 1 (FGFRT1), neurotrophic receptor tyrosine kinase 2 (NTRK2), KRAS proto-oncogene,
GTPase (KRAS) and protein tyrosine phosphatase non-receptor type 11 (PTPN17) (Jones et
al., 2013).

Importantly, all of these genetic alterations are usually mutually exclusive (Figure 1.6), again
underlining that one is sufficient to induce PA. This is also supported by the absence of any
secondary genetic hits that are independent of RAS/MAPK signaling.
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Figure 1.6 | Genetic alterations in PA

Overview of genetic alterations identified in 96 PA tumors by DNA and RNA sequencing. The events (colored boxes)
all affect the RAS/MAPK pathway and are, with rare exceptions, mutually exclusive. By far the most frequent
alteration is the KIAA1549:BRAF fusion. Adapted and modified from Jones et al. (2013) with permission from
Springer Nature.

Further research has demonstrated that the aberrant RAS/MAPK activation, despite initially
driving tumor growth, eventually leads to OIS in PA (Jacob et al., 2011; Raabe et al., 2011).
This “rescue mechanism” is mediated by the senescence-associated secretory phenotype
(SASP) (Buhl et al., 2019) and is thought to be one of the main reasons for the benign
phenotype of PA (Jones et al., 2012).

1.1.4 Pleomorphic xanthoastrocytoma

PXA is a rare neoplasm that mostly affects children and adolescents. It is almost exclusively
found in supratentorial regions of the brain, mostly in the temporal lobe (Ida et al., 2015). In
contrast to PA, it is associated with inferior prognosis and a 10-year overall survival rate of
around 67% (Perkins et al., 2012). This means that one in three patients will die within 10 years
after diagnosis. PXA is therefore classified as WHO grade Il (Louis et al., 2016). During the last
years, it has been acknowledged that PXA can also display anaplastic features, which are
atypical for low-grade tumors, and that these tumors have a worse clinical outcome (Ida et al.,
2015). As a result, “anaplastic PXA” was added to the 2016 WHO classification as a separate
entity and assigned to WHO grade lll (Louis et al., 2016). The usefulness of this split, however,
is debated, as it is primarily based on the histopathological assessment of proliferative activity
and separates tumors with a similar molecular profile and largely overlapping histological
appearance into low- and high-grade (Jones et al., 2019a), resulting in completely different
clinical approaches (see 1.1.2). For this reason, a group of intermediate grade might be of use
in the future, which contains tumor types like PXA that show a worse clinical outcome than PA
but still more favorable than glioblastoma (GBM).

In general, PXA is histologically characterized by cellular pleomorphism of spindle cells and
giant multi-nucleated cells with xanthomatous cytoplasm and nuclear atypia (Giannini et al.,
1999). In addition, it often shows a dense network of reticulin surrounding the tumor cells,
particularly in BRAF VB0OOE-mutated cases (Koelsche et al., 2014), something that is rarely
observed in other tumor types. Nevertheless, morphological overlap can be found with GG
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(Aisner et al., 2014) as well as epithelioid glioblastoma (eGBM), a recently defined GBM variant
that might be related to PXA (Alexandrescu et al., 2016; Furuta et al., 2018; Korshunov et al.,
2018).

Genetically, PXA tumors mainly harbor the BRAF V600E mutation, which drives RAS/MAPK
signaling (Schindler et al., 2011). Unlike PA, they are typically characterized by at least one
additional secondary mutation. In most cases, this is a deletion of the CDKN2A/B locus (Weber
et al., 2007; Zhang et al., 2013), which is clearly associated with a worse prognosis (Lassaletta
etal., 2017; Mistry et al., 2015). Most likely, this also reflects the potential of PXA for malignant

transformation.

1.1.5 Tumor microenvironment

Solid tumors are complex “organs” composed of tumor cells and non-neoplastic cells. A
mounting body of evidence indicates that these other normal cells are not only bystanders but
heavily communicate with the tumor at various levels and significantly influence its
development, maintenance and evolution (Broekman et al., 2018). Several cell types can
contribute to this microenvironment in which the tumor develops, including stromal cells as
well as immune cells. For gliomas, these are mainly tumor-associated microglia or
macrophages (TAMs), which can constitute up to 30-50% of the whole tumor mass in some
cases (Hambardzumyan et al., 2016). A role of great importance has also been demonstrated
for other cell types and structures including normal brain cells (like neurons, astrocytes and
oligodendrocytes), blood vessels, the extracellular matrix (ECM), other cells of the innate
immune system (like neutrophils and mast cells) and cells of the adaptive immune system (like
T cells) (Figure 1.7). The degree of infiltration as well as the composition of the different cell
types in the microenvironment strongly varies between tumor types. For example, LGGs
generally show a lower extent of immune infiltration compared with HGGs (Yang et al., 2011).
In addition, high-grade tumors are particularly capable of hijacking the cells in their environment
for their own benefit. This involves shifting the polarization of TAMs towards an anti-
inflammatory phenotype, in which they release signaling molecules that actively support tumor
growth, and inactivating the effector function of T cells, which sets them in a state of so-called
exhaustion (Broekman et al., 2018).
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Figure 1.7 | Microenvironment of brain tumors

Different cell types and structures can be part of the microenvironment of brain tumors, particularly in high-grade
tumors like glioblastoma. They closely interact and communicate with the tumor and can both support (+) or inhibit
(=) its growth. The cellular part of the microenvironment encompasses normal brain cells as well as immune cells.
The latter are either resident (like microglia) or infiltrate the brain via the blood. The extracellular matrix (ECM) and
blood vessels represent the non-cellular part of the microenvironment and also substantially influence tumor growth.
Adapted from Broekman et al. (2018) with permission from Springer Nature.

As introduced before, pediatric tumors are very distinct from adult tumors. Their lower
mutational burden (Alexandrov et al., 2013; Kandoth et al., 2013) is thought to result in the
expression of fewer neoantigens, which could be recognized by the adaptive immune system.
This would also explain why pediatric tumors are less immunogenic compared with adult
cancer (Majzner et al., 2017). A notable exception are mismatch repair-deficient tumors, which
possess the highest number of somatic mutations across all human cancer types due to the
lack of appropriate DNA repair mechanisms (Shlien et al., 2015). In addition to the genetic
differences of tumor cells, the innate and adaptive immune system of children is still immature
and thus substantially different from adults (Simon et al., 2015). This even refers to differences
between neonates and older children, as their immune system is strongly evolving during this
phase of life. It appears likely that these differences in development also functionally affect the

immune response to tumors.
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A limited number of studies has been conducted on the immune microenvironment of pediatric
brain tumors, but their exact composition and functional role remain largely unknown (Jones
et al., 2019b). Surprisingly, some studies have indicated that pediatric low-grade tumors are
more strongly infiltrated by immune cells compared with pediatric high-grade lesions. For
example, PA showed a higher number of infiltrating myeloid cells and lymphocytes as well as
a more robust activation of the myeloid cell compartment in comparison to GBM (Griesinger
et al., 2013). Another recent study confirmed that pLGGs have a higher number of infiltrating
T cells than pHGGs and that the presence of certain T cell subsets correlated with mutational
load (Plant et al., 2018). Immune profiling of a pHGG trial cohort revealed that the highest CD8
T cell infiltration was encountered in PXA-like, i.e. intermediate grade, tumors, besides
hypermutator cases (Mackay et al., 2018).

Thus, pediatric low-grade tumors seem to harbor a substantial immune infiltrate despite their
predicted paucity of neocantigens and display significant differences to their adult counterparts.
Nevertheless, further studies on the exact composition in different pLGG groups are urgently
needed.

1.1.5.1 Immunotherapy

Given the high number of infiltrating immune cells in many tumors and the intimate molecular
crosstalk between both, immunotherapy aims at harnessing the immune system for
therapeutic purposes and redirecting it against the tumor (Mellman et al., 2011). Different
immunotherapeutic strategies have been developed, including immune checkpoint inhibition,
chimeric antigen receptor (CAR) T cells and vaccine approaches. Immune checkpoint inhibition
refers to the blockade of costimulatory immune checkpoint molecules like PD-1 or PD-L1 that
modulate and suppress T cell immune responses (Pardoll, 2012). In comparison, CAR T cell
therapy is a form of adoptive cell therapy and involves the modification of patient-derived T
cells to express a CAR hybrid receptor directed against a tumor antigen (Sadelain et al., 2013).
These cells are subsequently reinfused into the patient and become activated upon antigen
recognition. Therapeutic cancer vaccines, on the other hand, can be based on different
designs and are thus sub-classified into cellular vaccines, protein/peptide vaccines and
genetic vaccines (Guo et al., 2013). Despite the large variety of approaches, all of them are
aimed at enhancing the patient’s immune response against the tumor.

Some of these immunotherapeutic strategies have recently shown tremendous success in
clinical studies of adult patients (Maude et al., 2018; Motzer et al., 2018; Wolchok et al., 2017).
Immunotherapy thus has the potential to expand the therapeutic toolbox, especially in difficult-
to-treat cancers. This applies in particular also to pediatric cancer, in which alternatives to
chemo- and radiotherapy would be welcome additions due to the numerous long-term
sequalae of these established treatments.
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Unfortunately, the special characteristics of childhood brain tumors pose difficulties for the use
of immunotherapy in these entities and age groups. In adult patients, tumor mutational load
has been identified as one of the key determinants of therapy success (Havel et al., 2019;
Samstein et al., 2019). However, as already alluded to above, pediatric cancers are
characterized by a low number of somatic mutations and this also holds true for brain tumors
(Grébner et al., 2018). In addition, most childhood brain tumors occur in the posterior fossa, a
region of the brain that contains very sensitive structures and where immunotherapy-induced
inflammation could lead to serious clinical issues (Plant and Hwang, 2018).

So far, immune checkpoint inhibition for pediatric patients has only been successful for
mismatch repair-deficient tumors (Bouffet et al., 2016). Most of the other clinical studies have
largely failed to live up to expectations (Davis et al., 2020; Geoerger et al., 2020a; 2020b).
However, this might to a large extent be due to a poor understanding of the immune
microenvironment of many pediatric tumors and the lack of predictive biomarkers, even for the
very small subset of patients that do respond. Further research is hence needed to uncover
those cancer types or patient populations that are susceptible to immune checkpoint inhibition.

1.2 Molecular diagnostics

For many years, morphology-based histopathological examination has been considered the
gold standard for the classification and diagnosis of brain tumors, and most diagnostic labs
are equipped with the necessary tools to perform this type of analysis. However, brain tumors
are highly complex, and tumors with distinct underlying biology can possess similar histological
characteristics (see above). In addition to this morphological overlap, histopathological
examination itself is prone to substantial inter-observer variability (Capper et al., 2018a; van
den Bent, 2010). Naturally, this hampers an accurate classification of the tumor type and thus
a reliable prediction of the clinical course. The field is therefore seeing a strong shift towards
the additional inclusion of molecular diagnostic assessment. This is further being fueled by a
growing body of evidence showing that a molecular classification represents the landscape of
tumor types more accurately than one that is based on histopathology alone (Jones et al.,
2019a).

Nowadays, multiple profiling platforms are at the disposal of diagnostic institutions for the
molecular classification of tumor types as well as the identification of potentially targetable
genetic alterations. These include gene panel sequencing, whole exome sequencing (WES),
low-coverage or full-coverage whole genome sequencing (WGS), RNA sequencing (RNA-
Seq), DNA methylation arrays and gene expression arrays (Figure 1.8). While some of these
platforms are to a limited extent interchangeable, most provide different types of information
that allow different genetic features to be evaluated. In parallel with increasing accessibility and
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affordability of these profiling platforms, several precision medicine programs have been
launched around the world (Jones et al., 2019b). Some of these, including the Individualized
Therapy for Relapsed Malignancies in Childhood (INFORM) study in Germany (Worst et al.,
2016), make extensive use of the variety of profiling platforms (Figure 1.8) to provide a basis
for an informed choice of targeted or conventional therapies with the aim to ultimately improve
clinical outcome for pediatric brain tumor patients. In addition, the data collected in these
programs will help to refine the molecular assessment of tumors in the future and to identify
novel therapeutic targets as well as prognostic and predictive biomarkers.
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Figure 1.8 | Overview of molecular profiling platforms and pediatric precision medicine programs

Several molecular profiling platforms are nowadays available for clinical diagnostics. These include gene panel
sequencing, whole exome sequencing (WES), low-coverage whole genome sequencing (ICWGS), regular whole
genome sequencing (WGS), RNA sequencing (RNA-Seq), DNA methylation arrays and gene expression arrays.
Each platform can only be used to identify specific types of genetic alterations. Precision medicine programs for
pediatric oncology therefore typically use a combination of these methods. Adapted and modified from Jones et al.
(2019b) with permission from Springer Nature.

In the following, two commonly used molecular profiling platforms will be described in more
detail, DNA methylation arrays and RNA-Seq.
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1.2.1 DNA methylation array

Methylation arrays have emerged as one of the primary tools for the molecularly-based
classification of brain tumors (Capper et al., 2018a) and are starting to be utilized for the
classification of other cancers like sarcomas (Koelsche et al., 2018; Renner et al., 2013; Wu
et al., 2017). Methylation arrays can determine genome-wide DNA methylation patterns, i.e.
the so-called methylome, by quantifying CpG methylation at more than 850,000 sites (Pidsley
et al., 2016). This is achieved by targeted quantitative “genotyping” of DNA methylation. First,
the genomic DNA undergoes bisulfite treatment, which converts non-methylated cytosines to
uracil, while methylated cytosines remain unchanged. The DNA is subsequently amplified, and
specific probes on a microarray are used to detect the presence of a cytosine or uracil at pre-
defined CpG sites throughout the genome in a highly multiplexed manner (Bibikova et al.,
2011). This information can then be used to infer the methylation status at these sites.

It is believed that changes in methylation patterns are tightly linked to cell lineage and
differentiation. As a consequence, the methylome of cancer cells is likely reminiscent of their
cell of origin, with an additional component shaped by the acquired somatic mutations that
underlie the altered transcriptional programs (Fernandez et al., 2012; Hovestadt et al., 2014).
Importantly, this molecular “fingerprint” seems to be stable during tumor evolution (Pajtler et
al., 2015). This is underlined by the fact that methylome data can be used to uncover the origin
of metastases for which the primary tumor is not known (Moran et al., 2016) and that patient-
derived cell lines retain their methylation pattern (at least initially) despite in vitro culture and
manipulation (Selt et al., 2017). Furthermore, DNA methylation arrays may give robust results
also from samples of small size or low quality, like formalin-fixed, paraffin-embedded (FFPE)
tissue (Hovestadt et al., 2013).

Due to these advantages, methylation arrays have been widely adopted and used to split
tumor entities into molecular subgroups that had previously been considered homogeneous
(Capper et al., 2018a; Pajtler et al., 2015; Sturm et al., 2016; 2012). In addition, the first
comprehensive methylation-based tumor classifier was published in 2018 (Capper et al.,
2018a). It allows mapping of newly diagnosed brain tumors to an existing reference set (Figure
1.9) and is now actively being used to aid diagnosis (Capper et al., 2018b; Pickles et al., 2020).
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Figure 1.9 | DNA methylation-based CNS tumor reference cohort

The reference cohort of the brain tumor classifier was established on the basis of DNA methylation profiles from
2801 tissue samples. Unsupervised clustering shows the 91 distinct methylation classes, including 82 tumor
classes and 9 control tissue classes. The tumor methylation classes are color-coded based on their closest
histological equivalent. With the help of a machine-learning algorithm, diagnostic tumor samples can be assigned
to one of these classes. Adapted from Capper et al. (2018a) with permission from Springer Nature.

1.2.1.1 Copy number variation calling

Notably, the data generated by methylation arrays can also be used to identify copy number
variations (CNVs). For every CpG site included in the array, the intensity of a methylated and
an unmethylated probe is measured. The sum of both can therefore be used to determine the
copy number in relation to a normal reference profile, showing very similar results compared
with approaches based on single nucleotide polymorphism (SNP) profiling (Sturm et al., 2012),
albeit at a lower resolution. The resulting genome-wide copy number plots allow identification

of large-scale as well as focal copy number variations (Figure 1.10).
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Figure 1.10 | Typical genome-wide copy number plot

DNA methylation array data can be used to generate copy number plots, and a typical example is shown. Large-
scale variations, i.e. gain of chromosomes 7 and 19 and loss of chromosome 10 (arrows), as well as focal variations,
i.e. loss of the CDKN2A/B locus at 9p21 (circle), can be identified.

1.2.2 RNA sequencing

In contrast to DNA methylation arrays, RNA-Seq provides information on the expressed genes,
i.e. the so-called transcriptome. It therefore uses extracted RNA as starting material, which is
differently processed depending on the type of RNA-Seq. For the standard short-read
workflow, the RNA is subsequently enriched for mRNA or freed from ribosomal RNA,
fragmented, transcribed into cDNA and ligated to adaptors to eventually generate a
sequencing library (Stark et al., 2019). This library is then sequenced on high-throughput
machines to the desired read depth, usually employing a paired-end sequencing approach.
The base-called sequencing reads are saved as FASTQ files (Cock et al., 2010). To make use
of the data, the raw sequencing reads have to be aligned to the reference genome using tools
like STAR (Dobin et al., 2013), TopHat (Kim et al., 2013) or HISAT (Kim et al., 2015). The
alignment allows the reads to be assigned to the genes and transcripts they originated from.
This information can then be used to determine the expression levels of individual genes as

well as specific transcript isoforms in an unbiased manner.

1.2.2.1 Fusion calling

Importantly, RNA-Seq data can also serve as a basis for identifying expressed gene fusions
(Maher et al., 2009), which play a major role in cancer (Mertens et al., 2015). This is
accomplished by identifying split reads, i.e. chimeric reads that contain sequences of two
different genes, as well as discordant mates, i.e. paired-end reads from the same library
fragment that map to two different genes. Several algorithms have been developed that build
on the aligned data to identify fusion-supporting reads (Latysheva and Babu, 2016), like Arriba,
FusionCatcher and STAR-Fusion. Notably, these tools do not rely on prior knowledge and thus
allow the discovery of novel fusions. In (pediatric) oncology, the identification of fusion
transcripts is of pivotal importance. On the one hand, fusions are promising drug targets,
particularly when involving a kinase like BRAF, NTRK or anaplastic lymphoma kinase (ALK)
(Clarke et al., 2020; Jones et al., 2019b). On the other hand, some fusions show high specificity
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for a certain tumor type and are therefore of great diagnostic and prognostic value. For
example, detection of the KIAAT549:BRAF fusion is under normal circumstances a strong
indicator for the diagnosis of pediatric PA and thus of a favorable clinical outcome (Jones et
al., 2019a), although it can also occur in some other contexts. Accurate and reliable tools for
the detection of gene fusions from RNA-Seq data are thus of major clinical relevance.

1.3 Preclinical modeling

Up to now, the vast majority of drugs used in early phase clinical trials for pediatric cancer
have originally been developed for the treatment of adults. Given the manifold differences
between children and adults in terms of their developmental status and physiology as well as
the biology of their cancers, it is not surprising that many of these drugs show poor efficacy
(Waligora et al., 2018). Therefore, preclinical modeling is more than ever a key resource not
only to gain a more detailed understanding of tumor initiation and progression but also to aid
drug development and patient stratification. Robust preclinical data generated in models of
pediatric cancer can help to decide which oncogenic alterations are promising therapeutic
vulnerabilities and which drugs for adult cancer are likely to be efficacious in a pediatric setting

as well.

Over time, several model systems for oncology have emerged, both in vitro and in vivo. These
include cell lines, organoids, genetically engineered mouse models (GEMMs), humanized
mouse models and patient-derived xenografts (PDXs), all of which have individual advantages
and drawbacks (Jones et al., 2019b). PDX models have gained a lot of popularity in the last
years and are now available also for various pediatric tumor types (Brabetz et al., 2018; Stewart
et al., 2017). Depending on the preclinical question, however, PDX models have two major
disadvantages: 1) Benign tumors like PA usually fail to engraft in vivo due to the lack of
proliferative activity and the onset of senescence (Selt et al., 2017). 2) PDX models rely on
immunocompromised mice and are thus not suitable for studies of the immune
microenvironment, which is an integral component of solid tumors (see 1.1.5), or
immunotherapeutic agents like immune checkpoint inhibitors (ICls) (Hermans and Hulleman,
2020).

For these questions, GEMMs are the method of choice. By introducing defined genetic driver
alterations into the relevant cell type, GEMMSs can be used to study the biology of both slow-
and fast-growing tumors and allow them to originate in their native and immunocompetent
environment (Dobson and Gopalakrishnan, 2018). One method that uses GEMMs for tumor
induction is the RCAS/TVA system.
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1.3.1 RCAS/TVA system

The RCAS/TVA system is based on the replication-competent avian sarcoma-leukosis virus
(ASLV) long terminal repeat (LTR) with splice acceptor (RCAS) vector family. These vectors
were derived from Rous sarcoma virus A (RSV-A), a retrovirus, by modifying it to express genes
of interest instead of the viral oncogene v-src (Hughes et al., 1987). Like all retroviruses, RCAS
viruses express a glycoprotein as part of their envelope, which needs to bind to its target
receptor for cell entry, and this interaction thus mediates cellular specificity. For the most
commonly used RCAS virus, this receptor is tumor virus A (TVA), which is exclusively
expressed in avian cells (Bates et al.,, 1993; Young et al.,, 1993). As a consequence, RCAS
viruses can infect and propagate in avian cells, like the DF-1 cell line (Himly et al., 1998;
Schaefer-Klein et al., 1998), but not mammalian cells. This can be exploited by equipping
certain cell types with the TVA receptor, which thereby acquire exclusive susceptibility to RCAS
infection (Bates et al., 1993; Young et al., 1993). Upon cell entry, the virus integrates into the
host genome and drives expression of the experimentally introduced gene of interest.

In oncology research, the RCAS/TVA system is used to deliver oncogenes to certain cell types
in vivo and thus mimic somatic alterations in these cells of origin. This is facilitated by the
availability of many different transgenic mouse lines that have been designed to express tv-a,
the gene that encodes for the TVA receptor, in specific cell types (Ahronian and Lewis, 2014).
The transgenic Nestin-tv-a (Ntv-a) line, for example, expresses TVA in Nestin-positive cells
(Holland et al., 1998). After embryonic development, Nestin expression in the brain is primarily
detected in neural stem cells (NSCs) of the subventricular zone (SVZ) (Bernal and Arranz,
2018). The Ntv-a line has therefore widely been used for modeling gliomas (Hambardzumyan
et al., 2009).

In 2011, our lab has published an RCAS/TVA-based mouse model for pediatric PA (Gronych
et al., 2011). It is based on introducing the kinase domain of the human BRAF gene harboring
the oncogenic V600E mutation into NSCs using the Ntv-a mouse line. The resulting tumors
show strong similarities to human PA and corroborate that a single genetic alteration can be

sufficient to drive tumorigenesis in vivo.
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2 Aim of the thesis

Despite recent progress in the molecular characterization and classification of pLGGs, the
separation of specific tumor types is still not fully established. This is also true for PA and PXA,
which can be difficult to distinguish based on histology alone (Collins et al., 2015). Although
PXA shows a much more aggressive growth pattern and a higher frequency of recurrence than
PA (Ida et al., 2015), both are often simply grouped as “pLGG” in clinical trials without further
stratification (Ater et al., 2016; 2012; Chintagumpala et al., 2015; Gnekow et al., 2017;
Lassaletta et al., 2016). As a consequence, PA and PXA are treated similarly despite clearly
different clinical courses. In the first part of this dissertation, | therefore aimed to uncover how
exactly these distinct molecular subgroups of pLGG differ by analyzing their methylome and
transcriptome. Given the significant role of the immune microenvironment in solid tumors and
the recent advent of immune checkpoint inhibition in the pediatric setting, another aim of this
thesis was to characterize the immune infiltration of both tumor types to elucidate their
susceptibility to immunotherapy. While mouse models of pediatric cancer are urgently needed
for preclinical studies, a GEMM for PXA has not yet been developed. Hence, | aimed to develop
such a model using the RCAS/TVA system as a complement to the already existing PA model
(Gronych et al., 2011). Detailed characterization of both models, also in comparison to their
human counterparts, was aimed at supporting their validity.

The KIAA1549:BRAF fusion is the most abundant genetic alteration in human PA. Its presence
is largely specific for this tumor type and is therefore of immense diagnostic and prognostic
value. In addition, it is a biomarker for targeted therapy. Thus, it is critical to reliably detect the
KIAA1549:BRAF fusion in molecular diagnostics. RNA-Seq has become increasingly popular
for diagnostic purposes (Byron et al., 2016) and is now even applied to FFPE material (Stichel
et al., 2019). However, the KIAA1549:BRAF fusion seems to be expressed at low levels and
has proven difficult to reliably detect by RNA-Seq (Lin et al., 2012; Stichel et al., 2019; Tomi¢
etal., 2017). In the second part of this dissertation, | therefore aimed to examine the detection
reliability of the KIAA1549:BRAF fusion from RNA-Seq data and to optimize the fusion calling
workflow to improve detectability.
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3 Results

3.1 Comparison of human & murine PA/PXA
characteristics

To unravel the molecular differences between PA and PXA, we assembled a cohort of 89
human pediatric fresh-frozen tumor samples that were subjected to different types of analysis
(see 3.1.1). In a second step, we generated a PXA mouse model and compared it with an
existing PA mouse model as well as with human tumors (see 3.1.2).

3.1.1 Human data analysis

3.1.1.1 PA and PXA show distinct methylome profiles

DNA methylation analysis has emerged as the primary tool for molecular tumor classification
and is routinely used in our division to generate a tumor “fingerprint” and determine its identity.
The t-distributed stochastic neighbor embedding (t-SNE)-based clustering of an existing set
of 64,097 diverse tumor samples shows separation of the different tumor types and allows
allocation of newly profiled samples (Figure 3.1a). We generated genome-wide DNA
methylation profiles for all 89 PA/PXA tumor samples and were able to confirm their identity,
as they clustered with the PA and PXA samples of the reference set (Figure 3.1b). Importantly,
the PA and PXA clusters are clearly separated, suggesting that the underlying methylation
profiles are consistently distinct from each other.
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Figure 3.1 | t-SNE-based methylome analysis in comparison to the reference cohort

a) t-SNE analysis of genome-wide DNA methylation profiles of 64,097 tumor samples from various tissues. b)
Enlargement of the area in a) containing the PA and PXA clusters. The encircled dots represent the 89 samples of
the analysis cohort.
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Individual t-SNE-based clustering of the analysis cohort without the reference set similarly
revealed two distinct clusters, further supporting our results (Figure 3.2).
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Figure 3.2 | Individual t-SNE-based methylome analysis of the PA/PXA cohort

t-SNE analysis of genome-wide DNA methylation profiles of the 89 PA/PXA samples constituting the analysis
cohort.

3.1.1.2 PA and PXA feature different sets of genetic alterations

Subsequently, we performed bulk RNA sequencing for all 89 PA/PXA samples to further
investigate the molecular differences of both groups. We also used this data to identify the
underlying genetic alterations of all tumors, if not already known from previous studies
(International Cancer Genome Consortium PedBrain Tumor Project, 2016; Jones et al., 2013),
and found a mix of the different mutations, fusions and deletions usually observed in PA and
PXA (Table 3.1). This data was supplemented by methylation array-derived copy number
analysis to identify focal deletions, e.g. of the CDKN2A/B locus, and Sanger sequencing to
confirm BRAF mutations. Furthermore, we added RNA-Seq data of two human brain tumor
cell lines that served as controls for parts of the analysis. The BT-66 cell line is derived from a
PA and features the typical KIAA71549:BRAF fusion (Selt et al., 2017), whereas the BT-40 cell
line is derived from a PXA and is characterized by a BRAF VB0OOE mutation and a loss of
CDKNZ2A/B (Bid et al., 2013).
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Table 3.1 | Cohort overview
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FGFR1 ITD (3)
FGFR1 N546K (1)
SRCINT:FGFR1 (1)
Non-BRAF oth 11 NACC2:NTRK2 (2)
ers QKI:NTRK2 (1)
KRAS E63K (1)
KRAS E63K R73M (1)
SRGAP3:RAF1 (1)

BRAF V600OE CDKN2A/B Del 14

ETV6:NTRK2 (1)
ETV6:NTRK3 (1)
BRAF WT CDKN2A/B Del 5 SPECCIL:NTRK2 (1)
Putative NTRK2 Fus (1)
EGFR:BRAF (1)

FGFR2:CLIP2 (1)
Unknown (1)

PXA

BRAF WT CDKN2A/B WT 2

Control BT-66 (PA), BT-40 (PXA) 2

Overview of the 89 PA/PXA samples of the analysis cohort and the two cell lines used as controls. The different PA
and PXA subgroups, their genetic alterations as well as the number of samples in each group are indicated. Mut =
mutation, Fus = fusion, Del = deletion, WT = wildtype, Cereb = cerebellar, ITD = internal tandem duplication.

For the PA samples, the identified alterations could be grouped into BRAF mutations, BRAF
fusions and alterations not involving BRAF (Table 3.1). The mutations in BRAF mainly caused
the common VB0OOE amino acid substitution, while some samples featured the rarer ins598T
and ins599T insertions. As expected, the vast majority of BRAF fusions had KIAA7549 as the
5’ partner (16:9 or 15:9 exon combination), both in the cerebellum and elsewhere. In addition,
there were some tumors with a FAM131B:BRAF, GNAI1:BRAF or MKRN1:BRAF fusion. The
non-BRAF PA samples harbored NF7 mutations, FGFR7 internal tandem duplications (ITDs),
FGFR1 mutations (FGFR1 N546K) and FGFR1 fusions (SRCINT:FGFRT), NTRK2 fusions
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(NACC2:NTRK2, QKI:NTRK2) as well as KRAS mutations (KRAS E63K, R73M) and one RAF1
fusion (SRGAP3:RAFT).

For the PXA samples, two thirds showed the typical combination of BRAF VEOOE and a focal
deletion of the CDKN2A/B locus (Table 3.1). Five other samples also had a CDKN2A/B deletion
but lacked a BRAF mutation. Instead, they were mostly driven by NTRK2 or NTRK3 fusions
(ETV6:NTRK2, ETV6:NTRK3, SPECCT1L:NTRK?2). Interestingly, one sample harbored a so far
unknown in-frame fusion of epidermal growth factor receptor (EGFR) and BRAF (Figure 3.3).
As with the KIAA1549:BRAF fusion, the kinase domain of BRAF, which drives MAPK signaling,
is retained in this fusion. In contrast, the tyrosine kinase domain of EGFR is not fully included
in the expressed fusion protein. The same tumor also expressed an in-frame BRAF.EGFR
fusion, suggesting that both fusions were generated by the same genetic event.
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Figure 3.3 | EGFR:BRAF fusion

lllustration of the EGFR:BRAF fusion identified in the RNA-Seq data of one PXA tumor. The breakpoints and the
exons being retained in the fusion transcript are depicted. For EGFR, the breakpoint is between exons 19 and 20.
For BRAF, the breakpoint is between exons 8 and 9. The resulting EGFR:BRAF fusion transcript thus has a 19:9
exon combination.

Furthermore, two samples in the PXA group stood out as they lacked the typical deletion of
the CDKN2A/B locus. Analysis of the RNA-Seq data revealed that these samples indeed
expressed both CDKN2A and CDKNZ2B, whereas the CDKN2A/B-deleted PXA samples
showed the expected reduction in expression (Figure 3.4). In terms of activating RAS/MAPK
alterations, one of the two samples harbored a FGFR2:CLIP2 fusion. The driving alteration for
the other sample could not be identified.
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Figure 3.4 | CDKN2A/B expression in PA and PXA

Expression of @) CDKN2A and b) CDKN2B in PA as well as PXA with and without a loss of the CDKN2A/B locus.
Mean + SD. One-way ANOVA followed by Tukey multiple comparisons test.

3.1.1.3 PA and PXA activate MAPK signaling to a different degree

Having identified the underlying genetic alterations in our analysis cohort, we wondered if the
different PA and PXA subgroups are differently capable of driving MAPK signaling. To this end,
we calculated the MAPK Pathway Activity Score (MPAS), which is based on the expression of
10 MAPK target genes (Wagle et al., 2018). The PXA tumors showed a significantly higher
MPAS compared with the PA group (Figure 3.5). Interestingly, the two CDKN2A/B wildtype
PXA samples showed an MPAS more similar to the PA samples, albeit this has to be verified
with more samples. Of note, PA tumors driven by a BRAF fusion seem to have a lower degree
of MAPK activation compared with the other PA subgroups, potentially suggesting that BRAF
fusions are moderately less potent inducers of MAPK signaling.
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Figure 3.5 | MAPK pathway activity in different subgroups of PA and PXA

Estimation of the MAPK pathway activity in the previously presented subgroups of PA and PXA by calculating their
MAPK Pathway Activity Score (MPAS). For statistical testing, the indicated groups of three were combined,
respectively. Box with median and interquartile range and whiskers from minimum to maximum. Kruskal-Wallis test
followed by Dunn’s multiple comparisons test.
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3.1.1.4 PA and PXA show distinct transcriptome profiles

Switching to a more global view of the transcriptome, we performed t-SNE analysis using the
generated RNA-Seq data and again found PA and PXA to separate (Figure 3.6). Even though
this difference was not as pronounced as for the methylome analysis, it clearly indicates that
distinct transcriptional programs are active in these two tumor types.

PA
- . PXA

Figure 3.6 | t-SNE-based transcriptome analysis of the PA/PXA cohort

t-SNE analysis of RNA-Seq data of all 89 PA/PXA samples in the analysis cohort using the 1000 most variably
expressed genes.

To investigate this in more detail, we performed differential gene expression analysis. A basic
gene ontology (GO) analysis of the 1000 most differentially expressed genes showed that cell
cycle- and development-associated genes were more frequently found in this list than would
be expected by chance (Table 3.2). Signal transduction genes were borderline significant as
well (o = 0.05).

Table 3.2 | Basic ontology analysis

All 610 9536 6.4 1.00
DNA repair 16 207 7.7 0.43
Apoptosis 35 623 5.6 0.43
Cell cycle 69 483 14.3 1.4e-12
Development 145 1582 9.2 6.8e-06
Differentiation 50 670 7.5 0.26
Drug target 62 1142 5.4 0.18
Kinase 43 640 6.7 0.74
Membrane 292 4819 6.1 0.34
Signal transduction 164 2977 55 0.05
Transcription factor 54 809 6.7 0.75

Basic ontology analysis of the 1000 most differentially expressed genes between PA and PXA using their annotation
to one or more ontology groups. The number of genes in each group is depicted for the 1000 genes in this set as
well as in total for the entire genome. The resulting percentages as well as the p-values are shown as well. Chi-
square test.
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A more advanced GO analysis confirmed that the difference in gene expression between PA
and PXA is mainly caused by these processes. The most significant GO term hit was “nervous
system development” (p = 1.2e-24), which showed a very clear separation of PA and PXA
(Figure 3.7a). This includes genes like orthodenticle homeobox 1 (OTX1), carbonic anhydrase
10 (CA10) and GDNF family receptor alpha 1 (GFRAT) (Figure 3.7b-d). These results suggest
a key difference in the regulatory circuits involved in the growth of PA and PXA.
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Figure 3.7 | Differentially expressed genes related to nervous system development

a) Heatmap of the 223 differentially expressed genes between PA and PXA related to nervous system development.
b)-d) Expression of three exemplary genes from this list, OTX7, GFRAT and CA70. Mean + SD. # = significant
according to differential gene expression analysis.

Again mimicking the basic ontology analysis, cell cycle-related GO terms like “mitotic cell cycle”
(p = 1.1e-17), “mitotic sister chromatid segregation” (p = 4.9e-17) or “cell division” (p = 9.4e-
14) were among the most differentially regulated processes. As expected from its more
proliferative nature, the majority of mitotic cell cycle-associated genes had a higher expression
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in PXA (Figure 3.8a), like E2F transcription factor 7 (E2F7) or cyclin O (CCNO) (Figure 3.8b-c).
However, some genes like phosphotyrosine interaction domain containing 1 (PID7; Figure
3.8d) were downregulated in PXA.
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Figure 3.8 | Differentially expressed genes related to mitotic cell cycle

a) Heatmap of the 112 differentially expressed genes between PA and PXA related to mitotic cell cycle. b)-d)
Expression of three exemplary genes from this list, E2F7, CCNO and PID7. Mean + SD. # = significant according
to differential gene expression analysis.

3.1.1.5 PA and PXA show qualitative differences in immune infiltration

3.1.1.5.1 Quantitative comparison

Given the important role of the tumor microenvironment, we next extracted information on the
infiltrating non-neoplastic cells from the generated bulk RNA-Seq data. We used the
ESTIMATE algorithm to deconvolute the data and get a first evaluation of the immune and
stromal cell content of the tumors. We included the data of the two human cell lines, BT-66
and BT-40, in this analysis, as they only consist of tumor cells and are hence free of stromal
and immune cells. The means of their calculated ESTIMATE scores were used to set the
baselines for a zero proportion of immune cells and stromal cells, respectively. Both PA and
PXA showed a strong signal of immune infiltration with immune scores of about 1000, but with
no significant quantitative difference between the groups (Figure 3.9a). The estimation of the
stromal cell content yielded very similar results (Figure 3.9b).
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Figure 3.9 | ESTIMATE analysis of immune and stromal cells

ESTIMATE analysis of human PA and PXA to get an evaluation of the a) immune and b) stromal cell content. Two
brain tumor cell lines were used as negative controls to set the baseline. Box with median and interquartile range
and whiskers from minimum to maximum. One-way ANOVA followed by Tukey multiple comparisons test.

3.1.1.5.2 Qualitative comparison

Having identified a similarly high degree of immune infiltration in PA and PXA, we continued by
investigating if there was a qualitative difference between both groups. As some immune cell
types, like microglia, are naturally present in healthy brain tissue, we switched to a largely
overlapping microarray (rather than RNA-Seq) dataset of human PA and PXA, as this allowed
inclusion of expression data from normal human cerebellum and cerebral cortex as controls
for PA and PXA, respectively. Using gene signatures that are characteristic for different immune
cell populations, we were able to detect significant qualitative differences not only between
tumors and controls but also between tumor types (Figure 3.10). Both PA and PXA showed a
stronger signature of infiltrating microglia/macrophages relative to normal brain (Figure 3.10a).
Although the mean signature score for PXA was higher than for PA, this difference was not
statistically significant. For activated CD4 T cells, both tumor types again showed higher
signature scores compared with non-cancerous tissue (Figure 3.10b). Interestingly, the mean
score was significantly higher in PA compared with PXA. In contrast, only PXA presented a
significantly elevated signature of activated CD8 T cells, while PA was indistinguishable from

normal brain (Figure 3.10c).
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Figure 3.10 | Gene signature analysis of different immune cell subsets

Gene signature analysis of human PA and PXA to get an evaluation of the a) microglia/macrophage, b) activated
CD4 T cell and c) activated CD8 T cell content. Healthy cerebellum and cerebral cortex are shown in comparison.
Box with median and interquartile range and whiskers from minimum to maximum. One-way ANOVA followed by
Tukey multiple comparisons test. Colored significance levels refer to respective control.

3.1.2 Mouse model development and characterization

3.1.2.1 Expansion of a PA mouse model by Cdkn2a KO establishes a PXA model

Mouse models closely recapitulating key characteristics of the corresponding human primary
tumors are a vital tool for preclinical research. They can not only be used to get a more detailed
understanding of the biological processes involved in tumor initiation and progression but also
for preclinical studies of novel or established therapeutic compounds. One example is the PA
mouse model that has been developed by our lab (Gronych et al., 2011). It is based on the
RCAS-mediated introduction of a human sequence coding for the VBOOE-mutated BRAF
kinase domain into newborn Ntv-a mice. To complement the existing PA model and pave the
way for further research on PXA, we generated an additional model by adding a second
genetic hit. As described before, PXA tumors, in addition to expressing BRAF VEOOE, usually
show a deletion of the CDKN2A/B locus (see Table 3.1). For the PXA model, we therefore
introduced the oncogenic BRAF sequence into Ntv-a Cakn2a” mice (Figure 3.11). These mice
indeed developed tumors, which were subsequently analyzed in more detail.
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Figure 3.11 | Overview of PA and PXA mouse models

lllustration of the generation of PA- and PXA-like tumors in the respective mouse models. DF-1 cells, which allow
propagation of RCAS viruses, are transfected with the RCAS vector containing the oncogenic human sequence
coding for the BRAF VB0OE kinase domain. The DF-1 cells thereupon start producing the RCAS virus harboring
the BRAF sequence. The virus-expressing DF-1 cells are subsequently injected into the brain of newborn (p0) mice.
Injection into Ntv-a mice generates PA-like tumors, whereas injection into Ntv-a Cakn2a” mice generates PXA-like
tumors.

3.1.2.2 Both mouse models resemble human growth patterns

Comparing the growth characteristics of both models revealed striking differences. PA-like
tumors started to grow initially but then ceased proliferation. Their benign growth was not lethal
for the mice. In contrast, the newly generated PXA model proved more aggressive (Figure
3.12a). Mice developed symptoms after six to eight weeks and had to be sacrificed thereupon.
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Figure 3.12 | Growth characteristics of the PA-like and PXA-like model

a) Schematic observation-based growth curve of both mouse models over time. b) Expression of Mki67 extracted
from microarray data of both models over time. Each dot indicates one mouse that was analyzed at the respective
time point. The goodness of fit (R% as well as the p-values indicating if the slope of the linear regression lines
significantly deviate from zero are shown.
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This was also reflected by the expression of the proliferation marker gene marker of
proliferation Ki-67 (Mki67; Figure 3.12b). Its level was generally lower in the PA model and
decreased over time. In contrast, the PXA-like tumors showed higher levels of Mki67, which
further increased during tumor progression. Both models therefore faithfully resemble growth
patterns and proliferation characteristics of their human counterparts.

3.1.2.3 Both mouse models show typical histological features of human tumors

Next, we investigated the histology of the murine tumors. Similar to the published
morphological concordance of the PA model and human PA (Gronych et al., 2011), the PXA
model closely resembled human PXA. The PXA-like tumors grew close to the ventricle, often
ventral of the hippocampus, and were characterized by the typical pleomorphic combination
of giant and spindle cells. Notably, they also showed a strong staining for reticulin fibers, which
surrounded the individual tumor cells (Figure 3.13). This staining pattern is very typical for
human PXA and rarely observed in other brain tumors, let alone normal CNS tissue, again
proving a close resemblance to the human counterpart.

H&E Reticulin

Figure 3.13 | H&E and reticulin staining of murine PXA-like tumors

a),c) Hematoxylin and eosin (H&E)- and b),d) reticulin-stained slides from two different areas of a PXA-like tumor
showing diffuse tumor regions and a superficial node, respectively. 100x magnification.
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3.1.2.4 Both mouse models show similar expression patterns as human tumors

3.1.2.4A1 Individual genes of interest

Going one step further, we performed microarray expression analysis of the murine tumors
and normal brain tissue from non-injected age-matched animals. Using this data, we had a
look at the expression of individual genes of interest (Figure 3.14). In addition to Mki67 (see
Figure 3.12b), the PXA-like tumors had a higher expression of another typical proliferation
marker gene, DNA topoisomerase Il alpha (Top2a), compared with the PA-like tumors (Figure
3.144a). This was also true for the TWEAK receptor gene TNF receptor superfamily member
12A (Tnfrsf12a, also known as Fn14) and periostin (Postn) (Figure 3.14c,e), both of which are
known to be upregulated in HGGs and to be associated with more malignant tumor growth
(Mikheev et al., 2015; Perez et al., 2016; Zhou et al., 2015). Given the success of immune
checkpoint inhibition in some tumor entities, we also checked expression of the suppressive
immune checkpoint gene Cd274, also known as Pd-/1, which is expressed on tumor cells.
The expression of Pd-/7 was significantly upregulated in PXA-like tumors compared with the
PA model (Figure 3.14Q).

For verification, we checked expression of these genes in the aforementioned microarray
dataset of human PA, PXA, cerebellum and cerebral cortex. Although the relative gene
expression in tumor and corresponding normal tissue did not reflect the results obtained in the
mouse model, all four genes notably were also significantly upregulated in human PXA
compared with PA (Figure 3.14b,d,f,h). Analysis of our human BRNA-Seq dataset confirmed
these differences between PA and PXA (data not shown).
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Figure 3.14 | Expression of selected genes in both mouse models and their human counterparts

Expression of a) Top2a, c) Fn14, e) Postn and g) Pd-/7 in murine PA- and PXA-like tumors as well as normal brain
tissue of non-injected Ntv-a and Ntv-a Cdkn2a”" mice of the same age based on microarray data. In comparison,
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expression of b) TOP2A, d) FN14, f) POSTN and h) PD-L1 in human PA and PXA tumors as well as normal
cerebellum and cerebral cortex based on microarray data. Fn14 and Pd-/1 are also known as Tnfrsf12a and Cd274,
respectively. The same holds true for the human orthologs. Mean + SD. One-way ANOVA followed by Tukey
multiple comparisons test. Colored significance levels refer to respective control. XFM = Ntv-a Cdkn2a™, CB =
cerebellum, Ctx = cerebral cortex.

3.1.2.4.2 MAPK pathway activation

Next, we also wanted to compare the relative degree of MAPK pathway activation between
PA and PXA in mouse models and human tumors. Therefore, we evaluated the expression of
the 10 marker genes constituting the MPAS. Although the MPAS level in murine PA-like tumors
was indistinguishable from normal brain, PXA-like tumors showed a significantly higher score
compared with the PA model (Figure 3.15a). This was partly reflected by the analysis of the
human microarray data. Similar to the results of the human RNA-Seq dataset (see Figure 3.5),
PXA tumors had a higher MPAS compared with PA tumors (Figure 3.15b). However, also the
PA tumors showed stronger MAPK activation compared with normal brain.
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Figure 3.15 | MAPK pathway activity in both mouse models and their human counterparts

a) Estimation of MAPK pathway activity in murine PA- and PXA-like tumors as well as normal brain tissue of non-
injected Ntv-a and Ntv-a Cdkn2a” mice of the same age in terms of their MAPK Pathway Activity Score (MPAS)
based on microarray expression data. b) In comparison, estimation of the MAPK pathway activity in human PA and
PXA tumors as well as normal cerebellum and cerebral cortex by calculating their MPAS based on microarray
expression data. Box with median and interquartile range and whiskers from minimum to maximum. One-way
ANOVA followed by Tukey multiple comparisons test. Colored significance levels refer to respective control. XFM =
Ntv-a Cdkn2a™, CB = cerebellum, Ctx = cerebral cortex.

3.1.2.5 A cross-species analysis validates the authenticity of both mouse models

As a continuation of the analysis of selected genes, we aimed to compare the gene expression
of human and murine tumors in a more global and unbiased manner. In collaboration with
Konstantin Okonechnikov (DKFZ), we performed a cross-species analysis, which is based on
identifying differentially expressed genes and their orthologs in other species. To make this
analysis as accurate as possible, we generated RNA-Seq data for four PA-like and five PXA-
like mouse tumors and compared it with RNA-Seq data of those human tumors most closely
matching the model characteristics. This means that we only used human PA with a BRAF
mutation and supratentorial location. Similarly, we only used human PXA with a combination
of BRAF mutation and CDKN2A/B deletion as well as supratentorial location. As expected,
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principle component analysis (PCA) based on the differentially expressed genes again showed
a clear separation of human PA and PXA (Figure 3.16a). Importantly, the murine PA- and PXA-
like tumors clustered with their human counterparts, i.e. clustering was based on the overall
tumor type and not on the species. This was confirmed by unsupervised hierarchical clustering,
which also separated samples by tumor type rather than species (Figure 3.16b). These results
convincingly underline that the generated mouse models faithfully resemble human PA and
PXA.
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Figure 3.16 | Cross-species comparison of human and murine PA and PXA

Cross-species comparison based on RNA-Seq data of murine PA- and PXA-like and human PA and PXA tumors
visualized by a) principle component analysis (PCA) and b) unsupervised hierarchical clustering. All human cases
were supratentorial and had a BRAF mutation. All human PXA cases were additionally characterized by CDKN2A/B
deletion. PC = principle component.

3.1.2.6 Both mouse models show similar immune infiltration as human tumors

Given this high degree of similarity, we finally wanted to check if the mouse models also show
similar qualitative differences in immune infiltration compared with the human tumors (see
Figure 3.10). We again deconvoluted the bulk expression data using gene signatures to identify
differences. As in the human analysis, both PA- and PXA-like mouse tumors showed a stronger
signature of microglia/macrophages compared with normal brain (Figure 3.17a). However, the
score in PXA-like tumors was now significantly higher than in PA-like tumors. In terms of T

38



Results

cells, PXA-like tumors had a weaker signature of activated CD4 T cells (Figure 3.17b) and a
stronger signature of activated CD8 T cells (Figure 3.17¢) compared with PA-like tumors, which
is similar to the results obtained in the human analysis.
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Figure 3.17 | Gene signature analysis of different immune cell subsets in both mouse models

Gene signature analysis of murine PA- and PXA-like tumors as well as normal brain tissue of non-injected Ntv-a
and Ntv-a Cakn2a™ mice of the same age to get an evaluation of the a) microglia/macrophage, b) activated CD4 T
cell and ¢) activated CD8 T cell content. Box with median and interquartile range and whiskers from minimum to
maximum. One-way ANOVA followed by Tukey multiple comparisons test. Colored significance levels refer to
respective control. XFM = Ntv-a Cdkn2a™", CB = cerebellum, Ctx = cerebral cortex.

In summary, we identified fundamental molecular differences between PA and PXA on multiple
levels that were faithfully recapitulated by our corresponding mouse models.
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3.2 KIAA1549:BRAF fusion detection from RNA-Seq data

3.2.1 Standard workflow

For the identification of fusion genes in the generated RNA-Seq dataset of human PA and PXA
(see 3.1.1.2), we employed our standard workflow involving STAR and Arriba (Figure 3.18).
STAR is an algorithm that aligns the raw data to the reference genome, while Arriba identifies
fusion genes on the basis of the aligned data. In the course of the analysis, we realized that
the KIAA1549:BRAF fusion proved difficult to detect with these standard settings, and decided
to investigate this further.

Sequencing Alignment Fusion calling

Raw data (FASTQ) STAR Arriba

Figure 3.18 | Standard fusion calling workflow

lllustration of our standard analysis workflow to identify gene fusions from RNA-Seq data. Sequencing generates
raw FASTQ files, which contain all recorded reads. These reads are subsequently aligned to the reference genome
by the STAR algorithm. Eventually, Arriba identifies split reads and discordant mates in the aligned sequencing data
to identify expressed fusion genes.

3.2.1.1 Deep RNA sequencing alone is not sufficient for reliable detection

For 22 PA samples in our cohort, a KIAA1549:BRAF fusion had previously been found by WGS
(Jones et al., 2013). Due to the relatively high number of about 200 million total reads per
sample (Figure 3.19a), we expected to identify these fusions in our RNA-Seq data as well.
Surprisingly, however, Arriba only reported the fusion in 14/22 samples (Figure 3.19b). In
addition to the main output file, Arriba also creates a separate list of potential fusions that are
discarded due to certain filtering criteria. Checking these files revealed three additional samples
for which the fusion had been discarded due to a low number of supporting reads. For the
following analysis, these were still counted as “detected” together with the other reported
fusions. However, our standard workflow completely missed the KIAA1549:BRAF fusion in five
samples. Despite a read count that is already considered to be sufficient for the identification
of important driver fusions (S. Uhrig, personal communication), we sequenced those five
samples again and merged the data. This considerably increased sequencing depth and
generated a mean read count of about 600 million reads per sample (Figure 3.19a).
Nevertheless, we were surprised to see that detection of the KIAAT549:BRAF fusion was
barely improved (Figure 3.19b). One sample now showed the fusion in the discarded file with
a single supporting read. However, Arriba still missed the fusion in four of five samples despite
extensive sequencing.
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Figure 3.19 | Performance of the standard workflow in detecting KIAA1549:BRAF fusions

a) Total read count of the 22 PA samples of our RNA-Seq analysis cohort that were known to harbor a
KIAA1549:BRAF fusion. In those cases where the fusion was missed in the initial analysis (marked in orange), the
respective libraries were re-sequenced, the raw data was merged and the analysis was repeated. Mean + SD. b)
Percentage of KIAA1549:BRAF fusions that were reported, discarded or missed by the standard workflow in the
initial analysis and after re-sequencing. Chi-square test on the underlying absolute values.

3.2.1.2 Different factors might have a potential influence on detectability

Given these surprising results, we wondered which factors might influence detectability of the
KIAA1549:BRAF fusion.

3.21.21 Fusion variant and library size

First, we compared the different exon combinations of KIAA7549 and BRAF. The samples in
our cohort had either a 16:9 or a 15:9 fusion. While the detection rate for the 15:9 fusions was
slightly higher (10/11 vs. 8/11), this difference was far from significant (Figure 3.20a).

Next, we had a look at the estimated library size, which is a measure of the information content
of the library. Samples in which the fusion could be detected showed a trend towards having
a higher estimated library size (Figure 3.20b).
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Figure 3.20 | Effect of the exon combination and the estimated library size on detectability

a) Percentage of KIAA1549:BRAF fusions that were detected (reported/discarded) or missed depending on their
exon combination (16:9 or 15:9). Fisher's exact test on the underlying absolute values. b) Estimated library size of
samples in which the KIAA71549:BRAF fusion had been detected (reported/discarded) or missed. Mean + SD.
Unpaired t test.
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3.2.1.2.2 Tumor cell content

Tumor cell content is an obvious potential factor that might influence the reliability of detection.
To get an estimation of the tumor cell content, we used two different approaches.

First, we compared the ESTIMATE immune scores of both groups as already calculated before
(see 3.1.1.5). Samples in which the fusion could be detected showed a significantly lower

immune score, which is synonymous with a higher tumor cell content (Figure 3.21a).
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Figure 3.21 | Effect of the tumor cell content on detectability

a) ESTIMATE-based evaluation of the immune cell content of samples in which the KIAA7549:BRAF fusion had
been detected (reported/discarded) or missed. Mean + SD. Unpaired t test. b) Amplitude of the genomic 7934
gain, which is characteristic for the KIAA1549:BRAF fusion and correlates with tumor purity, in samples in which
the KIAA1549:BRAF fusion had been detected (reported/discarded) or missed. Mean + SD. Unpaired t test. )
Typical copy number plot derived from methylation array data showing the typical focal gain at 7g34. The amplitude
was calculated as the difference between gain and baseline.

Secondly, we used methylation array-derived copy number data as the basis for calculating
the amplitude of the genomic 7g34 gain, which is characteristic for the KIAA1549:BRAF fusion

42



Results

(Figure 3.21c). This is an alternative measure of tumor cell content, as the amplitude is
expected to correlate with tumor purity. Although not significant, the results showed a similar
trend (Figure 3.21b). Samples in which the fusion was identified on average showed a higher
7934 gain amplitude, i.e. a higher tumor cell content, compared with the ones in which the

fusion was missed.

3.2.1.2.3 Fusion expression level

As the expression level of the KIAAT549:BRAF fusion itself is difficult to measure, we
subsequently extracted the expression values of both fusion partner genes from our RNA-Seq
data. The expression levels of KIAA7549, which drives expression of the fusion, as well as
BRAF were both significantly elevated in cases where the fusion was detected (Figure 3.22a,b),
suggesting that a stronger expression of the fusion facilitates detection.

For comparison, we also had a closer ook at seven PA samples harboring BRAF fusions with
a different fusion partner. Strikingly, these fusions could be detected reliably, and their
alternative 5’ partners (FAM131B, GNAIT, MKRN1 or RNF130) were all expressed at higher
levels than KIAA1549 (Figure 3.22a). This again suggests that the fusion expression level is a
key determinant of detectability.
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Figure 3.22 | Effect of the expression of both fusion partners on detectability

a) Expression of KIAA1549 in samples in which the KIAA1549:BRAF fusion had been detected (reported/discarded)
or missed as well as expression of the 5’ partners (FAM131B, GNAIT, MKRN1 and RNF130) in PA samples with
an alternative BRAF fusion. Mean + SD. One-way ANOVA followed by Tukey multiple comparisons test. b)
Expression of BRAF in samples in which the KIAA1549:BRAF fusion had been detected (reported/discarded) or
missed. Mean + SD. Unpaired t test.

3.21.24 Library preparation protocol

As part of the analysis, we also ran our standard workflow for fusion detection on an older
RNA-Seq cohort including 54 PA samples that were known to have a KIAA1549:BRAF fusion.
The only obvious difference between both cohorts was that the old cohort had been generated
using a ribosome-depleted total RNA (RiboZero) library preparation protocol, while our new
analysis cohort was generated using a polyA enrichment approach. Surprisingly, detection of
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the KIAA71549:BRAF fusion was significantly more sensitive in the old cohort (51/54) compared
with the new one (17/22) (Figure 3.23). This indicates that the library preparation protocol might
be another factor influencing fusion detectability.
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Figure 3.23 | Effect of the library preparation protocol on detectability

Percentage of KIAA1549:BRAF fusions that were detected (reported/discarded) or missed in the analysis cohort in
comparison to RNA-Seq data of an older cohort, which had been generated using a different library preparation
protocol (RiboZero vs. polyA capture). Fisher's exact test on the underlying absolute values.

3.2.1.3 Tumor cell content and fusion expression level limit detectability most

In an attempt to explain why the KIAA1549:BRAF fusion was missed in the four difficult
samples, we ranked all samples by their “performance” regarding the identified factors that
might affect detection reliability. KIAA71549 expression as well as tumor cell content (evaluated
by ESTIMATE) emerged as the most decisive factors for detectability of the KIAAT549:BRAF
fusion in our cohort. Those samples in which the fusion was missed ranked significantly worse
for both of these factors in comparison to the samples in which the fusion was reported (Figure
3.24). Fittingly, the cases where the fusion was identified but then discarded had intermediate
ranks.
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Figure 3.24 | Ranking of samples by KIAA1549 expression and ESTIMATE immune score

a) Ranking of samples, in which the KIAA1549:BRAF fusion had been reported, discarded or missed, by their
KIAA1549 expression (see Figure 3.22a). The sample with the highest expression was assigned the highest rank.
Mean + SD. Kruskal-Wallis test followed by Dunn’s multiple comparisons test. b) Ranking of samples, in which the
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KIAA1549:BRAF fusion had been reported, discarded or missed, by their ESTIMATE immune score (see Figure
3.21a). The sample with the lowest immune score was assigned the highest rank. Mean + SD. Kruskal-Wallis test
followed by Dunn’s multiple comparisons test.

3.2.1.4 Using a different fusion calling algorithm does not improve detectability

Next, we ran a different fusion calling algorithm on our analysis cohort to probe whether that
would improve fusion detection. We chose FusionCatcher, as it does not only rely on STAR
but uses the output of several aligners as a basis for fusion detection. The overall detection
sensitivity of FusionCatcher was very similar to that of our standard workflow (16/22, vs. 18/22
for Arriba), but, notably, the set of samples in which the fusion could be identified was different
(Table 3.3). For example, FusionCatcher detected the KIAA7549:BRAF fusion in one sample
(#3) that had been missed by Arriba. Thus, we hypothesized that the raw data of this sample
actually contains fusion-derived reads that are differently aligned and detected by the distinct
workflows and that this might also apply to other samples.

Table 3.3 | Detection result comparison of the standard workflow and FusionCatcher

1 KIAA1549:BRAF 16:9

2 KIAA1549:BRAF 16:9

3 KIAA1549:BRAF 15:9 v

4 KIAA1549:BRAF 16:9

5 KIAA1549:BRAF 15:9 v

6 KIAA1549:BRAF 15:9

7 KIAA1549:BRAF 15:9 v

8 KIAA1549:BRAF 16:9 v

9 KIAA1549:BRAF 15:9 v v
10 KIAA1549:BRAF 15:9 v v
11 KIAA1549:BRAF 15:9 v v
12 KIAA1549:BRAF 15:9 v v
13 KIAA1549:BRAF 15:9 v v
14 KIAA1549:BRAF 16:9 v

15 KIAA1549:BRAF 16:9 v v
16 KIAA1549:BRAF 16:9 v v
17 KIAA1549:BRAF 16:9 v v
18 KIAA1549:BRAF 15:9 v v
19 KIAA1549:BRAF 16:9 v v
20 KIAA1549:BRAF 16:9 v v
21 KIAA1549:BRAF 15:9 v v
22 KIAA1549:BRAF 16:9 v

Overview of all 22 PA samples that were known to harbor a KIAA1549:BRAF 16:9 or 15:9 fusion and the results of
FusionCatcher compared with our standard Arriba workflow in identifying the fusion. v = reported by Arriba, -/ =
detected but discarded by Arriba, v = detected by FusionCatcher.
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3.2.1.5 All samples harbor supporting reads in their raw data

To check if the raw data of all four samples in which the fusion had been missed by our
workflow contained fusion-relevant information, we examined the raw FASTQ files in detail.
Using the UNIX utility grep, we scanned these files for 20 bp sequences that span the fusion
point of KIAA1549 and BRAF in the mRNA of both the 16:9 and the 15:9 variant. Surprisingly,
we were able to identify matching reads in all four samples (Figure 3.25). Some samples even
had multiple fusion-supporting reads in their raw data.

= Tumor 2 ]
= Tumor 1 ]
= Tumor 4 ]
__________ TCCCTGCAGT|GACTTGATTA poAEEw o
5@‘_415_48 §X_1_6_ AGGGACGTCA|CTCAACTAAT _ _ _B_R_Af_E)_( ?
[ Tumor 2 ]

[ Tumor 3 ]

Figure 3.25 | Identification of raw reads comprising fusion-derived sequences

lllustration of the strategy to identify raw reads that are derived from the KIAA1549:BRAF fusion and could therefore
be used for fusion detection. Using 20 bp sequences spanning the fusion point of a) the 16:9 and b) the 15:9 fusion
variant, matching sequences could be determined in the FASTQ files. Shown are the identified unique reads of
those samples in which the KIAA1549:BRAF fusion had been missed by the standard Arriba workflow (see Table
3.3) and how they align to the input sequence. Arrows indicate read orientation. Ex = exon.

3.2.1.6 Proper alignment of split reads is a major hurdle for reliable detection

Further investigation revealed that not Arriba per se but rather STAR was the major bottleneck
in our standard workflow. STAR is known to have problems with aligning overlapping paired-
end reads as well as split reads with a short overhang, and this turned out to be the problem
here as well. The identified fusion-supporting reads were not at all or only partially aligned by
STAR. Partially aligned reads are “soft-clipped” and could indeed be identified by manually
checking the aligned data (Figure 3.26). Problematically, these reads are not visible to Arriba
and thus cannot be used for downstream fusion calling.
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:::::::::::::::
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CCACGAAATCCTTGGTCTCTAATCAAGT

CAACATCTTGCCCATCAGAGAAT TCTAGAAGGCCAGTACTTACACTGCAGGGAT T TGTTGGCCGTCTGGGCTGGGCTGTAGAAGGACGCC
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AAAAAAAA

Figure 3.26 | Soft-clipped reads derived from the KIAA1549:BRAF fusion

lllustration of exemplary reads that were aligned to exon 16 of the KIAA7549 gene in two samples. In each sample,
one read is only partially aligned and thus displays a soft-clipped part, respectively. These reads originate from the
KIAA1549:BRAF fusion, and the soft-clipped parts accordingly match to a sequence in exon 9 of the BRAF gene.

3.2.2 Optimized workflow

Having demonstrated that the raw data of all samples harbored supporting reads that could
in principle provide a basis for fusion identification, one option would be to always manually
check the raw data for matching sequences. However, considering the translation into a
diagnostic setting, this did not seem practical. Instead, we opted for optimizing the different
components of the workflow and worked together with Sebastian Uhrig (DKFZ), the developer
of Arriba.

3.2.2.1 The workflow can be optimized by adjusting its individual components

Despite the fact that alignment by STAR was the major hurdle for reliable identification of the
KIAA1549:BRAF fusion, we adjusted both STAR and Arriba for maximum benefit.

3.2.2.1.1 STAR

As STAR continues to be developed further, new parameters and functions are being added.
Serendipitously, some parameters have recently been built into STAR that are intended to
address the mentioned issues but are not active by default. We tested and tweaked these
parameters and found --peOverlapNbasesMin 10 and --alignSplicedMateMaplLminOverLmate
0.5 to substantially enhance the alignment of those critical reads that had previously been
processed incorrectly.

3.2.21.2 Arriba

In addition, we had the objective to reduce the number of fusions that were erroneously being
discarded by Arriba, so that all KIAA1549:BRAF fusions would be reported in the main output
file. As part of the collaboration with Sebastian Uhrig (DKFZ), we created a new version of this
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tool, which handles known fusions differently. Now, when providing a curated list of known
gene fusions, one supporting read is usually sufficient for Arriba to confidently identify and

report the fusion.

3.2.2.2 The optimized workflow improves fusion detection

Subsequently, we applied this optimized workflow of STAR and Arriba to our analysis cohort.
The overall detection sensitivity was considerably improved, with 21/22 KIAA1549:BRAF
fusions now being identified (Figure 3.27a). As intended, all fusions were directly reported in
the main output file. Importantly, the optimized workflow also improved the confidence of
already detected fusions by supporting them with a significantly higher number of fusion-
derived reads (Figure 3.27b).

a b
n=22
100+ KIAA1549:BRAF 14+
[ Reported 12-
_ 75- - 3
q [ Discarded g 104
@ [ Missed X g-
QL 50— =
= ¥y
£ 2 6
* s
25- E-3 4
2-
0- 0
Optimized Standard Optimized

Workflow -
Arriba Workflow

Figure 3.27 | Performance of the optimized workflow in detecting KIAA1549:BRAF fusions

a) Percentage of KIAA1549:BRAF fusions that were reported, discarded or missed by the optimized workflow. b)
Number of fusion-supporting split reads identified before and after workflow optimization in those cases where the
KIAA1549:BRAF fusion had initially been reported. Mean. Paired t test.

3.2.2.3 The optimized workflow outperforms previously used standard analysis tools

To test its performance in a diagnostic setting, we asked our collaborators in Montreal to use
the optimized workflow for the analysis of an independent diagnostic PA cohort. In contrast to
the previously used standard analysis tools, FusionCatcher (17/28) and STAR-Fusion (23/28),
our workflow clearly performed better and was able to detect the KIAA1549:BRAF fusion in all
28 samples (Figure 3.28).
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Figure 3.28 | Performance of the optimized workflow in an independent diagnostic cohort

Percentage of KIAA1549:BRAF fusions that were reported or missed by the optimized workflow in an independent
diagnostic cohort from Montreal compared with the locally used standard analysis tools, FusionCatcher and STAR-
Fusion. Fisher's exact test on the underlying absolute values.

3.2.2.4 The higher detection sensitivity is not accompanied by false-positive fusions

Lastly, we wanted to make sure that the higher detection sensitivity is not accompanied by the
identification of false-positive fusions. Therefore, we applied our workflow to RNA-Seq data
derived from a diagnostic cohort of > 1000 FFPE tissue samples of diverse origin (Stichel et
al., 2019). We were able to confirm all previously identified KIAA71549:BRAF fusions and,
importantly, did not identify any false-positive fusions, neither in other PA samples nor in any
other tumor type. The optimized workflow thus had a specificity of 100% in the analyzed
cohorts.
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4 Discussion

4.1 Comparison of human & murine PA/PXA
characteristics

Over the last years, large-scale sequencing studies have massively expanded our
understanding of pediatric brain tumors but also made us realize how heterogeneous this
group of cancers is (Grobner et al., 2018). For pLGGs, it has more than ever become clear
that these tumors are fundamentally different from adult lower-grade gliomas, which are usually
characterized by mutations of isocitrate dehydrogenase 1/2 (IDH1/2) in combination with
1p/19q co-deletion or tumor protein 53 (TP53) mutations (Cancer Genome Atlas Research
Network et al., 2015) and are thought to inevitably undergo malignant transformation (Rees et
al.,, 2009). At the same time, pLGGs have shown an astonishing diversity of molecular
subgroups and genetic alterations, whose classification thus lags behind that of other
childhood brain tumors like medulloblastoma (Northcott et al., 2017; Taylor et al., 2012) or
ependymoma (Pajtler et al., 2015).

On the one hand, genetic driver events keep being identified for known histological entities of
pPLGG, like protein kinase C alpha (PRKCA) fusions in papillary glioneuronal tumor (PGNT)
(Bridge et al.,, 2013; Hou et al.,, 2019; Pages et al., 2015) or FGFR1:TACC1 fusions in
extraventricular neurocytoma (EVNCYT) (Sievers et al., 2018). On the other hand, more and
more new molecular subgroups are being discovered, like pleomorphic neuroepithelial tumor
of the young (PLNTY) characterized by FGFR2/FGFR3 fusions (Huse et al., 2017), myxoid
glioneuronal tumor of the septum pellucidum / lateral ventricle (MYXGNT) characterized by
platelet derived growth factor receptor alpha (PDGFRA) mutations (Solomon et al., 2018) or
diffuse glioneuronal tumor with oligodendroglial features and nuclear clusters (DGONC)
characterized by chromosome 14 loss (Deng et al., 2019). Integration of histological and
molecular information is further complicated by the fact that some molecular subgroups
display a wide spectrum of histological characteristics. One example are tumors characterized
by alterations of MYB/MYBL1, which can resemble angiocentric glioma and diffuse
astrocytoma but also many other morphologies (Ramkissoon et al., 2013; Tatevossian et al.,
2010; Zhang et al., 2013), including isomorphic diffuse glioma, as recently shown (Wefers et
al., 2020).

In addition, the separation of distinct subgroups is not always acknowledged in clinical
practice. This refers to PA and PXA, which were the main focus of this thesis. These tumor
types can be challenging to distinguish, both in magnetic resonance imaging (She et al., 2018)
and histopathological evaluation (Collins et al., 2015), which can pose diagnostic challenges
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(Ballester et al., 2018). Besides, both show mutational overlap, as they are characterized by
alterations of the RAS/MAPK pathway like BRAF V60OE (Schindler et al., 2011). Nevertheless,
PXA typically harbors secondary genetic alterations, like CDKN2A/B deletion (Weber et al.,
2007; Zhang et al., 2013), and, importantly, a clearly worse clinical outcome (Perkins et al.,
2012). While this translated into their different grading in the WHO classification (grade | vs.
grade ll) (Louis et al., 2016), a practical difference in the selected treatment regime is often not
noticeable. This can partly be attributed to the fact that clinical practice effectively distinguishes
two pediatric glioma groups, LGG and HGG, rather than four WHO grades (or even finer
discrimination) for initial treatment decisions (Sturm et al., 2017). Hence, the different grading
of PA and PXA is not reflected at the bedside. This is demonstrated by numerous clinical trials
that are eligible for any pLGG tumor without further stratification and thus also include PXA
cases despite their distinct clinical course (Ater et al., 2012; 2016; Chintagumpala et al., 2015;
Gnekow et al., 2017; Lassaletta et al., 2016). Meanwhile, the recognition that PXA with marked
anaplastic features can have an even worse prognosis (Ida et al., 2015) led to the creation of
a separate tumor entity assigned WHO grade lll (Louis et al., 2016). However, the details of
this separation leave the impression of being somewhat arbitrary (Jones et al., 2019a). The
distinction of anaplastic PXA and “regular” PXA is purely based on histopathology, with tumors
displaying five or more mitoses per 10 high-power fields being termed anaplastic. Thus, a
single mitotic figure can decide whether a patient receives chemo- and radiotherapy upfront

or not.

The discrepancy between these malignant characteristics and the fact that PXA is nevertheless
often grouped with extremely benign tumors like PA motivated me to investigate the molecular
differences between these two tumor types in more detail. This was fueled by the higher
proportion of targetable lesions like BRAF V60OE (and potentially NTRK fusions) in PXA, which
show good response to specific inhibition, e.g. using BRAF/MEK inhibitors. Rather than
grouping PXA and other pLGGs together and treating them similarly, it is important to routinely
detect these genetic alterations in a clinical setting and apply personalized therapies.

4.1.1 Cohort characteristics

The 68 PA and 21 PXA samples of our analysis cohort faithfully resembled the “fingerprints” of
previously analyzed samples of these two tumor types, proving their validity. The fact that PA
and PXA form separate clusters in a methylation-based analysis has previously been reported
as part of the brain tumor classifier (Capper et al., 2018a) and could indicate that both originate
from a different cellular precursor or that the secondary genetic alterations of PXA have an
impact on genome-wide DNA methylation. The methylation profile of PA has been shown to
separate PA samples by tumor location (Aichmuiller et al., 2020; Antonelli et al., 2018; Lambert
et al., 2013; Sexton-Oates et al., 2018). In contrast, we have not observed a separation of
PXA into sub-clusters so far. This is supported by recent data showing that tumors
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histopathologically diagnosed as anaplastic PXA do not possess a unique methylation profile
but mostly result in a molecular classification of regular PXA or GBM (Capper et al., 2018a;
Nakamura et al., 2019; A. Ebrahimi, personal communication). However, another report
suggests that samples of the PXA cluster might still be separated into low- and high-grade
tumors with different clinical outcomes based on pathological grade (Fukuoka et al., 2020).
Thus, the exact composition of the PXA cluster currently remains unclear.

By stepwise assembling the analysis cohort and identifying the relevant genetic aberrations,
we were able to compile a set of tumors with a balanced mixture of different driver events. It
should be noted, though, that the ratio of different PA subgroups was intentionally not
representative of that statistically observed in patients. While about 70% of PA harbor the
characteristic KIAA1549:BRAF fusion and are mainly located in the cerebellum (Collins et al.,
2015), we intended to generate a dataset with a more equal representation of the different
genetic subgroups. Hence, the standard KIAA1549:BRAF fusion is strongly underrepresented,
while particularly non-BRAF events like NFT mutations are overrepresented in the cohort. We
also made sure to include some non-cerebellar PA tumors with a KIAA1549:BRAF fusion to
be able to check for differences between tumors with the same genetic profile but different
location. Not surprisingly, all KIAA1549:BRAF fusions were defined by either a 16:9 or 15:9
combination of exons, as these are the most prevalent fusion events (Jones et al., 2008).

For PXA tumors, we were much more limited by the availability of fresh-frozen tissue samples,
and the distribution of genetic alterations is thus more representative. As expected, most
samples featured the combination of BRAF V600E mutation and CDKN2A/B deletion that is
observed in the majority of PXA (Schindler et al., 2011; Weber et al., 2007). A recent study
even found biallelic inactivation of CDKN2A and BRAF/RAF1 alterations in all 19 (anaplastic)
PXA tumors (Phillips et al., 2019) and another study in 24/27 cases classified by methylation
profiling (Fukuoka et al., 2020). Interestingly, NTRK fusions emerged as the most common
driver event in our cohort when BRAF V600E was not present. While NTRK fusions have been
observed in several pLGG entities (Jones et al., 2019a), mainly PA (Jones et al., 2013), reports
in PXA are rare (International Cancer Genome Consortium PedBrain Tumor Project, 2016;
Pehlivan et al., 2020; Zhang et al., 2013). Our results therefore highlight NTRK fusions as driver
alterations in PXA with potential relevance for treatment options.

Another interesting finding was the presence of an in-frame EGFR:BRAF fusion transcript in
one of the CDKN2A/B-deleted tumors without BRAF V600E. This fusion has not been
described in any cancer type before and, to our knowledge, marks the first time that an EGFR
alteration has been associated with PXA. Generally, genomic events involving EGFR are rare
in pediatric cancer (Jones et al., 2019b) but have been found in some HGG entities. For
example, bithalamic glioma, a pHGG subtype, has recently been described to feature recurrent
EGFR alterations (Mondal et al., 2020). The concurrent identification of an in-frame
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BRAF:EGFR fusion in our tumor sample indicates that both fusions were generated by a focal
inversion on chromosome 7. Looking at the exons of both genes that are retained in the fusion
transcript, it becomes clear that the EGFR:BRAF fusion protein comprises the EGF binding
domains as well as the transmembrane domain of EGFR. For BRAF, the breakpoint is the
same as for the KIAA71549:BRAF 16:9/15:9 fusions, and its kinase domain is thus preserved
in the fusion protein. It therefore seems likely that this fusion joins the ranks of a growing list of
BRAF fusions in pLGG (Tomi¢ et al., 2017) that have various 5’ partners but share the common
mechanism of activating BRAF by dropping its inhibitory N-terminal domain (Jones et al.,
2008). Nevertheless, it remains unknown whether the EGFR-derived domains tether the fusion
protein to the cell membrane or make it responsive to EGF binding. The BRAF:EGFR fusion
protein, on the other hand, presumably retains part of the tyrosine kinase domain as well as
the autophosphorylation domain of EGFR. While gene fusions with EGFR as the 3’ partner are
known drivers for example in other gliomas (Stransky et al., 2014) or lung cancer (Konduri et
al., 2016), they usually retain the full tyrosine kinase domain. The truncation observed in the
BRAF:EGFR fusion raises doubts if this protein is functional, but further studies are needed to

answer this question conclusively.

Two PXA tumors without detectable CDKN2A/B loss indeed showed unchanged levels of
CDKNZ2A and CDKNZB transcripts. At this point, however, it cannot be ruled out that
CDKN2A/B was inactivated by another mechanism. In a recent study, Phillips et al. describe
a heterozygous loss of CDKN2A in one anaplastic PXA tumor, with the other allele seemingly
still intact (Phillips et al., 2019). However, p16INK4A, one of the proteins encoded by the
CDKNZ2A locus, was completely absent. Thus, other inactivating mechanisms seem to exist
that are not detectable by copy number analysis. Further analysis showed that the two
samples in our cohort harbored a mutation of TP53 (R273C) and phosphatase and tensin
homolog (PTEN; R130G), respectively. While mutations of these genes have only been
described in combination with CDKN2A loss in the mentioned study, they might to some
extent have the same functional outcome on their own and thus explain why these tumors
blend into the PXA cluster for the methylome- and transcriptome-based analysis of this thesis.

Notably, the study of Phillips et al. also suggested a role for telomerase reverse transcriptase
(TERT) promoter mutations in anaplastic PXA (Phillips et al., 2019). In follow-up, we could only
detect these mutations in a small fraction of samples and will have to investigate their functional
consequences further.

4.1.2 Transcriptional differences

Consistent with their more malignant growth and the avoidance of OIS, the PXA group showed
a higher score of MAPK activity compared with PA. However, it was interesting to notice that
BRAF fusions do not seem to elicit the same degree of MAPK activation as other genetic
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alterations in PA. This stands in contrast to the publication that originally presented the
discovery of the KIAA1549:BRAF fusion (Jones et al., 2008). The authors used a cell-free
chemiluminescent kinase assay to demonstrate that the KIAA1549:BRAF fusion protein has a
higher kinase activity than BRAF V600E. The opposing results might therefore be explained by
the differences in methodology, with the cell-free assay representing an artificial context lacking
many regulatory aspects compared with vital tumor cells. It has previously been reported that
pLGGs with KIAA1549:BRAF have a better prognosis in comparison to BRAF V60OE (Hawkins
et al., 2011; Ryall et al., 2020b). However, studies like this are often confounded by the fact
that the BRAF VBOOE group includes the more malignant PXA tumors and that the frequency
of different genetic events is not evenly distributed throughout the brain. The prognostic value
of BRAF V600E is thus highly debated (Jones et al., 2018b; Lassaletta et al., 2017) and
requires further investigation.

One of the most important results of this thesis was the distinct transcriptome of PA and PXA,
which was mainly caused by genes associated with cell cycle and nervous system
development. On the one hand, this demonstrates that the genetic developmental programs
in both tumor types are fundamentally distinct. Again, this indicates that the secondary
alterations in PXA shape its transcriptional profile and/or that both tumor types arise from
different cells of origin. On the other hand, the fact that cell cycle-associated genes clearly
separated PA and PXA and were mostly upregulated in the latter supports the more
proliferative nature of PXA and renders its low-grade designation somewhat inappropriate.
These results thus underline the observation that the loss of COKN2A/B is associated with a
worse clinical outcome in pLGG (Lassaletta et al., 2017; Ryall et al., 2020b). They might also
explain why tumors characterized by BRAF V600OE mutation and CDKN2A/B deletion, i.e.
molecular “PXA-like” tumors, are often histopathologically diagnosed as pediatric GBM
(Korshunov et al., 2015) and can undergo malignant progression to become secondary HGGs
(Mistry et al., 2015). In both studies, these PXA-like tumors had a better outcome than
molecular GBM but still clearly worse than low-grade lesions. This is also supported by analysis
of the HERBY trial (Grill et al., 2018), which revealed a subset of “PXA-like” tumors that had
been diagnosed as pHGGs and showed an intermediate outcome (Mackay et al., 2018).

In light of these results, it does not come by surprise that eGBM, a GBM variant that was
added to the 2016 WHO classification, shows strong similarities to PXA (Alexandrescu et al.,
2016; Furuta et al., 2018) and can even arise from PXA (Tanaka et al., 2014). A recent study
confirmed that a subset of eGBM shows molecular characteristics of PXA including the
presence of BRAF V600E mutation and CDKN2A/B deletion in most samples (Korshunov et
al., 2018). Importantly, this study also reported that grade Il PXA, grade Il PXA and PXA-like
eGBM tumors formed one collective cluster in a methylation-based analysis and were evenly
distributed. This supports the hypothesis that all three histological groups are very closely
related or even represent a spectrum of the same molecular tumor type.
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Interestingly, the malignancy-promoting effect of COKN2A/B loss has also become evident by
the recent molecular characterization of anaplastic astrocytoma with piloid features (AAP).
Besides alterations of the RAS/MAPK pathway and ATRX, 80% of these tumors possess a
deletion of CDKN2A/B and have a much more dismal prognosis than regular PA (Reinhardt et
al., 2018).

The results of this thesis together with the described studies therefore support the position
that PXA as well as other CDKN2A/B-deleted pLGG tumors should be expected to have a
more aggressive growth (Jones et al.,, 2019a) and might thus be treated clinically as
intermediate malignancy tumors. Fittingly, a recent study has listed the combination of BRAF
V600E mutation and CDKN2A/B loss as a high-risk biomarker for pLGG together with the
H3.3 K27M mutation, as both induce rapid tumor progression and are often lethal (Ryall et al.,
2020b). In any case, a precise molecular diagnosis is essential to identify these more malignant
pLGG cases, including PXA. In addition, it helps to uncover those HGG tumors that are more
PXA-like and might thus unexpectedly be susceptible to MAPK inhibitor treatment, with partly
dramatic responses (Robinson et al., 2014).

4.1.3 Microenvironmental differences

In addition to tumor cell-intrinsic differences between PA and PXA, we also detected a distinct
signature of the immune microenvironment, which is known to affect tumor growth on various
levels (Broekman et al., 2018). Interestingly, both tumor types showed similarly high levels of
a general immune infiltration signature. Simulations have shown that ESTIMATE immune
scores of 1000, which corresponds to the levels observed in our analysis, represent an
absolute immune infiltration of approximately 20% (P. Sun, personal communication). Thus,
while pediatric cancers are thought to be less immunogenic than adult cancers (Majzner et al.,
2017) and adult LGGs are often less infiltrated by immune cells than adult HGGs (Yang et al.,
2011), our results suggest that this might not be true for pediatric glioma. This is supported by
studies showing that pLGGs have a higher relative degree of immune infiltration compared
with pHGGs (Griesinger et al., 2013; Plant et al., 2018), albeit subtype-specific variance might
exist (Engler et al., 2012). A recent single-cell sequencing study of pediatric PA even reported
an immune cell fraction of up to 40% (Reitman et al., 2019), but it remains unclear if this number
is biased by the single-cell sequencing method itself. Our qualitative analysis of different
immune cell types marked the first direct comparison of PA and PXA in this regard. While both
tumor types showed a similarly strong signature of microglia/macrophages in comparison to
normal brain, the CD4 T cell signature was enriched in PA and the CD8 T cell signature was
enriched in PXA. The phenomenon that microglia/macrophages are recruited to the tumor and
accumulate in its microenvironment is commonly observed in gliomas (Hambardzumyan et al.,
2016). Microglia also constituted the majority of immune cells in the mentioned single-cell
sequencing study of PA (Reitman et al., 2019). The enrichment of CD8 T cells in PXA seems
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plausible in the light of a recent analysis of the HERBY trial, which demonstrated that those
pHGG tumors that biologically resembled PXA were substantially infiltrated by CD8 T cells
(Mackay et al., 2018). This was otherwise only the case for hypermutator cases on the basis
of an underlying mismatch repair deficiency.

Given the marked signatures of immune infiltration in both tumor types, the question arises if
patients might benefit from immunotherapy. Generally, it is believed that pediatric cancers are
less susceptible to immunotherapy due to their lower mutational load compared with adult
cancers (Jones et al., 2019b). This would particularly apply to pLGGs, as these tumors have a
very low number of somatic mutations, even within the pediatric landscape (Grébner et al.,
2018). However, a recent systematic analysis by Samstein et al. demonstrated that glioma
was one of the cancer subtypes in which overall survival after immune checkpoint inhibitor (ICl)
treatment was not associated with mutational load (Samstein et al., 2019). It has to be verified
if this is true for all age groups and subtypes, but this result opens doors for the use of
immunotherapy in pLGGs. In particular, it should be further investigated if PXA tumors are
susceptible to ICI treatment given the more extensive CD8 T cell infiltrate. Additionally, using
expression data from a large collection of tumors, we found PXA to have the highest PD-L1
expression across all glioma subtypes (data not shown), which is a potential biomarker for ICI
response (Havel et al., 2019). Furthermore, PXA mostly occurs in supratentorial regions, which
are not as sensitive to the risk of inflammatory mass effect as infratentorial regions (Plant and
Hwang, 2018). If a paucity of neoantigens indeed emerges as a potential problem for ICI
treatment, one idea could also be to combine it with epigenetic modifiers (Jones et al., 2019¢).
A study by Brocks et al. demonstrated that histone deacetylase (HDAC) inhibitors trigger
widespread transcription of cryptic non-annotated transcription start sites (TSSs), which often
lead to the generation of potential neoantigens (Brocks et al., 2017). This could to some extent
compensate the low mutational burden and increase the efficacy of immunotherapy, which
hitherto has primarily shown benefit in pediatric patients with hypermutant tumors (Bouffet et
al., 2016).

Other immunotherapy approaches besides immune checkpoint inhibition should also not be
disregarded for the treatment of pediatric gliomas. For example, CAR T cells directed against
the disialoganglioside GD2 have recently shown encouraging efficacy in attacking PDX models
of diffuse midline glioma (DMG), an aggressive childhood brain tumor, in mice (Mount et al.,
2018). Due to the pre-existence of an immune infiltrate, pLGGs might also benefit from
vaccine-based approaches (Griesinger et al., 2014). For example, this has successfully been
exploited in adult lower-grade gliomas, where a peptide vaccine for mutant IDH1 induced an
effective antitumor response in mouse models (Schumacher et al., 2014) and demonstrated
immunogenicity in a first-in-man clinical phase | trial (Platten et al., 2018). It is conceivable that
a similar strategy could be exploited for the treatment of PXA using a BRAF VB0OOE vaccine.
Previous reports have shown that BRAF V600E peptide vaccines elicit a specific T cell
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response and reduce tumor growth in mouse models of BRAF-driven melanoma (Cintolo et
al., 2016; Liu et al., 2018). Moreover, it has been demonstrated that T cells from patients
respond to BRAF VBOOE vaccines and exert cytotoxic activity against BRAF VEOOE-positive
melanoma cells (Somasundaram et al., 2006). Thus, although the absolute degree of CD8 T
cell infiltration in human PXA should be verified by other methods like immunohistochemistry
(IHC), a vaccine-based approach might be promising. The fact that the BRAF VGOOE mutation
is found in the majority of PXA and also other tumor types like GG and extracerebellar PA
(Schindler et al., 2011) suggests the possibility of broad applicability in pLGGs.

4.1.4 PXA mouse model

Another achievement described in this dissertation was the generation of a PXA mouse model.
Animal models in general are an essential tool for preclinical research. Recent years have seen
an advent of PDX models, which mimic the genetic heterogeneity of patient tumors (Rokita et
al.,, 2019). While the concept of single-mouse testing (Gao et al., 2015) might improve the
translation of preclinical results into practice and thus be the future for many drug testing
studies, it requires a high number of molecularly characterized PDX models (Jones et al.,
2019b). This is a problem for less aggressive tumors like pLGGs, which usually fail to engraft
(Hermans and Hulleman, 2020; Hidalgo et al., 2014). In a study by Selt et al., the authors
report that their efforts to generate a PA PDX model were unsuccessful in all cases (Selt et al.,
2017). For PXA, only two PDX models have been published so far (Rokita et al., 2019), one of
which is characterized by the typical combination of BRAF VEBOOE mutation and CDKN2A/B
loss (Kogiso et al., 2017). Since PDX models are also not suitable for studying the immune
microenvironment, we decided to follow the GEMM approach, which has been providing
valuable insights also for other childhood brain tumors like medulloblastoma (Gibson et al.,
2010) or DMG (Larson et al., 2019). Expanding an existing BRAF V600E-driven PA mouse
model (Gronych et al.,, 2011) by Cdkn2a knockout allowed us to generate the, to our
knowledge, first GEMM for PXA. Also in the light of pLGG being considered a genetically rather
simple disease and the vast majority of human PXA harboring both BRAF V60OOE mutation and
CDKNZ2A/B deletion, it seemed an acceptable compromise to forego the genetic heterogeneity
that is achieved with PDX models in favor of our GEMM.

The PXA model, as well as the PA model, showed astonishing similarities to human tumors on
multiple levels. The growth behavior of both tumors was particularly striking. In the original
publication, Gronych et al. demonstrated that the PA-like tumors did not induce any symptoms
in mice for at least four months after induction despite the proven presence of tumors (Gronych
et al.,, 2011). We were able to confirm this very benign growth, which mimics the “chronic
disease” behavior of human PA. Most probably, this is mediated by the onset of OIS, and we
were able to prove an upregulation of SASP factors in the PA model as part of a recent
publication (Buhl et al., 2019). In contrast, the PXA-like tumors in our model were lethal 6-8
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weeks after induction, underlining the distinctively more aggressive growth of PXA. To put this
into context, a similar RCAS-based model for GBM driven by a TFG:MET fusion in combination
with Cdkn2a knockout was lethal after about three weeks (International Cancer Genome
Consortium PedBrain Tumor Project, 2016). This closely matches the observation of human
PXA-like HGG tumors having an intermediate outcome between LGG-like tumors and true
GBM (Korshunov et al., 2015) and underlines once more that tumors characterized by BRAF
VB00E mutation and CDKN2A/B loss should be expected to show a clinical course that does
not deserve a low-grade designation. This is further supported by a related mouse model
driven by BRAF V600E mutation and CdknZ2a deletion, which developed brain tumors that did
not show a PXA-like histology but were also highly malignant (Robinson et al., 2010). The
distinct growth patterns of PA- and PXA-like tumors were closely reflected by the expression
of proliferation marker genes, which were clearly different three weeks after tumor induction
and then drifted even further apart over time.

Histopathological assessment of our PXA model verified its authenticity. This included cellular
pleomorphism of giant and spindle cells as well as the presence of a reticulin network, which
is very characteristic of human PXA (Koelsche et al., 2014) and thus a strong indicator for its
diagnosis.

The analysis of gene expression profiles further strengthened the authenticity of both mouse
models. Interestingly, when extracting RNA from the PXA-like tumors, we often noticed a poor
integrity. This might be attributed to necrosis within the tumor, which is known to involve RNA
degradation (Gallego Romero et al., 2014) and is a feature of high-grade tumors like GBM or
anaplastic PXA (Louis et al., 2016). The differences in the expression of selected genes and
the MPAS in PA- and PXA-like tumors were consistently matched by their human counterparts.
Notably, this was not the case for the difference between tumors and controls. Human
cerebellum and cerebral cortex mostly had a lower expression of the analyzed genes as well
as a lower MPAS compared with PA and PXA tumors. In contrast, the results obtained from
murine brain tissue were mostly indistinguishable from the PA model. On the one hand, this
could be due to the different analysis timepoints of both mouse models, which were on
average later for the PA-like tumors, and might thus have captured different phases of growth.
On the other hand, this might be explained by the relative age of the controls. While age-
matched, i.e. young, healthy mice were used as controls for the mouse analysis, the
expression profiles of human control tissue were extracted from a dataset of adult post-
mortem donors (23-53 years old) (Roth et al., 2006). At a young age, the brain is still actively
developing and thus expected to show a higher expression of genes and pathways that are
associated with proliferation compared with adulthood. This might be the reason why the
murine controls had the same high expression level of these markers as PA-like tumors. The
only exception was PD-L1, whose expression pattern was exactly opposite, i.e. low levels in
the murine controls but high levels in the human controls. This may also be explained by the
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age bias, as PD-L1 is upregulated with age, both in healthy tissue (Luan et al., 2016) as well
as tumors (Hamid et al., 2018). Finally, an unbiased assessment of the mouse models was
rendered by a cross-species comparison based on differentially expressed genes, which
clearly confirmed that both models faithfully resemble their human counterparts on a genetic
level. The mouse models and the associated results presented in this thesis therefore pave the
way for further research on PA and PXA within the scientific community.

In a last step, we were able to verify similar patterns of immune signatures in our models as
compared with human tumors. The clear enrichment of the microglia/macrophage signature
in both models matched the results in human PA and PXA. PXA-like tumors showed a higher
score than PA-like tumors, which had been observed as a trend in the human analysis as well
and might become more evident with more PXA samples. The relative differences in signature
gene expression of CD4 T cells in both models similarly mimicked the human analysis. Notably,
however, this was the only case where the scores in control mice were not concordant.
Potentially, the global Cdkn2a knockout in XFM animals could affect the physiology of CD4 T
cells or the expression patterns of signature genes. In any case, the results from the tumor
comparison should be validated by IHC to exclude that the immune signature analysis is biased
by knockout-induced transcriptomic changes. Most importantly, the analysis of a CD8 T cell
signature perfectly matched the human results, increasing the value of the PXA model for
preclinical proof-of-concept studies involving immunotherapy approaches like immune
checkpoint inhibition.

The question might arise if the immune response in the mouse models is directed against the
tumor cells or rather caused by the injection-induced tissue injury or the RCAS virus itself.
While both factors might indeed play a role at the tumor initiation step, we believe it is unlikely
that they have an effect at a later stage. The injection is a single event, and the RCAS virus
cannot replicate in mammalian cells (Werder et al., 2012) and should thus disappear from the
tumor site shortly after injection. In addition, the qualitative differences between both models
cannot be explained by these factors, as the injection procedure and the virus type were
identical. Instead, these differences have to originate from tumor-intrinsic characteristics. This
allows further analysis of the close interaction between tumor and immune cells in the
microenvironment of both PA and PXA, as is successfully being pursued in other mouse
models of pLGG, for example driven by NfT alterations (Guo et al., 2019; 2020; Simmons et
al., 2011) or KIAA1549:BRAF (Chen et al., 2019).

Albeit the immune signatures in the PXA model showed good concordance with the human
data, a note of caution should be sounded concerning the global Cdkn2a knockout in the
model. It simplifies and possibly increases the effectiveness of tumor generation due to the
avoidance of a secondary mechanism needed to specifically inactivate Cdkn2a in target cells.
However, this might at the same time be a disadvantage when using the model to study the
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immune microenvironment. It is unclear to what extent the Cdkn2a knockout affects immune
cell biology and function in our tumor model. On the one hand, the study that originally
described the knockout allele with the associated loss of p16INK4A and p19ARF reported
features of abnormal extramedullary hematopoiesis in mice carrying a complete knockout
(Serrano et al., 1996). In addition, a related mouse model with loss of p16INK4A but retention
of p19ARF exhibited thymic hyperplasia as well as higher numbers and enhanced mitogenic
responsiveness of T cells (Sharpless et al., 2001). On the other hand, the Cdkn2a locus is
mostly repressed in young healthy organisms. Expression of Ink4a and Arf mBNA, for example,
is almost undetectable in different tissues of 9-12 weeks old mice (Zindy et al., 1997), a
timepoint that is not even reached in our model due to the aggressive growth of PXA-like
tumors. Transcript levels subsequently increase with age, and this has also been observed for
the different compartments of bone marrow, spleen and lymph node, including T cells
(Krishnamurthy et al., 2004).

Even though it might be hypothesized that the functional consequences of the global Cadkn2a
knockout on the immune microenvironment of PXA-like tumors are thus negligible, it should
be considered to modify the mouse model in a way that allows specific Cadkn2a deletion only
in tumors cells. One option would be to use a floxed Cdkn2a allele, which has already been
generated (Krimpenfort et al., 2001), in combination with an RCAS virus carrying both BRAF
VB0O0E and Cre. Another option would be to expand the RCAS/TVA system by CRISPR/Cas9
and use transgenic mice that express both Ntv-a and Cas9 in Nestin-positive cells to induce
a knockout of Cdkn2a in these cells, as recently described (Oldrini et al., 2018).
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4.2 KIAA1549:BRAF fusion detection from RNA-Seq data

The detection of gene fusions has become a valuable resource for both research and
diagnostics. While there are many different sequencing-based approaches (Heyer and
Blackburn, 2020), RNA-Seq is most popular and has recently been used to create fusion
catalogs across a variety of cancer types (Gao et al., 2018; Hu et al., 2018). The second part
of this dissertation focused on the detection of the KIAA1549:BRAF fusion, which is largely
specific for pediatric PA (Jones et al., 2019a). This is supported by the fact that its frequency
is significantly lower in adult PA (Hasselblatt et al., 2011). Notably, there are at least two
exceptions in which KIAA1549:BRAF fusions can be encountered in other tumor entities,
diffuse leptomeningeal glioneuronal tumor (DLGNT) (Deng et al., 2018; Rodriguez et al., 2015)
and anaplastic astrocytoma with piloid features (AAP) (Reinhardt et al., 2018). However,
besides a different histology, these tumors usually harbor additional genetic alterations like 1p
deletion for DLGNT and CDKN2A/B and ATRX loss for AAP. Comprehensive molecular
profiling should thus be able to differentiate those KIAA1549:BRAF-positive tumor entities from
PA. Independent of the exact tumor type, the identification of a KIAA1549:BRAF fusion might
qualify tumors for treatment with targeted MAPK pathway inhibitors (Fangusaro et al., 2019;
Usta et al., 2020), further increasing its value as a diagnostic marker.

Previous studies had reported that the KIAA1549:BRAF fusion is expressed at low levels and
thus difficult to detect from RNA-Seq data (Stichel et al., 2019; Tomi¢ et al., 2017). The
expression level seems to be significantly lower than that of wildtype BRAF (Lin et al., 2012).
The fact that we also had issues detecting the KIAA1549:BRAF fusion in our PA analysis cohort
using Arriba, which has recently proven to be one of the most accurate fusion calling
algorithms (Haas et al., 2019; Stichel et al., 2019), motivated me to investigate this further.

4.2.1 Factors affecting detectability

We found out that simply increasing the sequencing depth was not sufficient to reliably detect
the KIAA1549:BRAF fusion. Subsequently, we provided evidence that the detectability might
be influenced by different factors, including library size, tumor cell content, fusion expression
level as well as the library preparation protocol. The library size presumably correlates with the
integrity of the starting material but was higher than 30 million in both groups, which is usually
considered the minimum for reliable fusion detection (unpublished observations). Tumor cell
content and fusion expression level, on the other hand, are intrinsically prone to affecting
detectability, as they limit the number of fusion-supporting reads, and emerged as the most
decisive factors.

The library preparation protocol was the only factor that can actively be influenced. Our
conclusion that it might play a role was based on the comparison of two independent PA
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cohorts that seemingly only differed in the type of library preparation protocol. We found a
higher detection rate in the dataset based on ribosomal RNA depletion compared with our
new dataset based on the enrichment for polyA-tailed mRNA. While this association is not
necessarily causative, it has also been observed in a transcriptomic profiling study of leukemia,
in which a ribosomal RNA depletion approach recovered more gene fusions (Kumar et al.,
2017). Particularly for degraded samples, polyA enrichment induces a 3’ bias in the data and
thus impedes identification of fusions with breakpoints that are distant from the 3’ end (Davila
et al., 2016). We indeed found signs of 3’ bias in our data, but it was difficult to judge the full
impact of this on KIAA71549 and BRAF due to their low expression levels. In addition, the fusion
point of both is rather close to the 3’ end of the transcript (about 1 kb) (Jones et al., 2008), so
further investigation is needed to elucidate to what extent the library preparation protocol
affects KIAA1549:BRAF fusion detection. As RNA-Seq is not only used for fusion detection,
the advantages and drawbacks of the different protocols for gene quantification should be
considered as well (Zhao et al., 2018).

4.2.2 Analysis bottlenecks and optimization strategies

Driven by the result that FusionCatcher identified the fusion in a sample that was completely
missed by Arriba, we checked the raw data and were surprised to find fusion-supporting split
reads in all samples. The phenomenon that fusions can only be identified by manually scanning
the raw reads has previously been observed for the fusion of capicua transcriptional repressor
(CIC) and double homeobox 4 (DUX4) (Panagopoulos et al., 2014). However, in this case, the
reason seems to be that there are numerous copies of DUX4 within the genome (Gabriéls et
al., 1999), and the reads are thus not properly mapped by the alignment algorithms. Recently,
Stichel et al. also identified KIAA1549:BRAF-supporting reads in the raw data that had been
missed by three different fusion callers (Stichel et al., 2019).

We subsequently identified proper alignment of split reads by STAR as the major hurdle for
reliable detection of the KIAAT549:BRAF fusion. This obviously poses the question why
FusionCatcher did not have a better detection rate, as it integrates the information from several
alignment algorithms (Nicorici et al., 2014). Our hypothesis is that FusionCatcher uses other
or stricter filters that discard these reads again. To our knowledge, it does not create a list of
discarded fusions that could be used to scan for KIAA1549:BRAF entries, as we successfully
did for Arriba. Having identified insufficient alignment as the bottleneck of our workflow,
different ideas for optimization emerged:

One idea was to use an assembly-based approach, which assembles reads de novo into
transcripts and only then aligns them to the genome (Haas et al., 2019). While the alignment
of transcripts might indeed be more dependable, these algorithms require a certain number of
fusion-supporting reads to be able to build a transcript. However, the low number of reads
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originating from the KIAA1549:BRAF fusion would likely not be sufficient, and assembly-based
approaches thus do not reach the sensitivity of alignment-based approaches (Haas et al.,
2019).

Another idea was to replace STAR with a different alignment algorithm. However, this idea
failed for two main reasons. First, no method is perfect, and other alignment algorithms likely
have other issues that affect fusion detection. While some fusion callers like FusionCatcher try
to balance out these weaknesses by utilizing multiple alignment algorithms, this requires a high
amount of computing power and might obstruct widespread application. Despite its
shortcomings, STAR is most probably still one of the best RNA alignment algorithms.
Secondly, there are technical limitations that render an exchange almost impossible. Many
alignment algorithms do not support chimeric alignments, which is a prerequisite for the
detection of fusion transcripts. Moreover, STAR is, to our knowledge, the only algorithm that
reports chimeric reads not in a proprietary but a standardized format. Arriba has been
developed to handle this format, and an exchange would thus involve considerable effort to
re-develop the software tool.

4.2.3 Optimized workflow

While manually scanning for matching sequences in the raw data might be the most sensitive
way to detect KIAA1549:BRAF fusions, it is limited to known fusion points, sensitive to
mutations and would likely not see widespread implementation either. We therefore decided
to optimize our automated fusion detection workflow to supersede the need for a separate
complementary analysis. Based on adjusted STAR parameters and a new version of Arriba,
the optimized workflow improved confidence of already detected fusions and allowed
identification of fusions that were previously missed. In our analysis cohort, there was only one
case where the fusion was still not identified. Checking the raw reads revealed that they barely
overlapped with the fusion point, making alignment a difficult task.

The significantly higher KIAA1549:BRAF detection rate in an independent diagnostic cohort
compared with the previously used standard analysis tools underlines that the choice of fusion
calling workflow can indeed offer tangible advantages in a clinical setting, with direct impact
on diagnosis, prognosis and treatment.

In a final step, we proved that the detection specificity did not suffer from the enhanced
sensitivity by confirming the absence of false positive KIAA1549:BRAF fusions in a diagnostic
RNA-Seq dataset of FFPE samples. This also demonstrated that our workflow is compatible
with the modified RNA-Seq protocols that are needed for processing FFPE-derived RNA
(Stichel et al., 2019). However, the different type of protocol might be the reason why some
KIAA1549:BRAF fusions with only one supporting read were again discarded (data not shown),
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despite the fact that this should have been prevented with the new version of Arriba.
Seemingly, despite a clearly lower number of total reads, FFPE RNA-Seq can generate a high
coverage for KIAA1549 and/or BRAF. A high coverage, however, is associated with false
positive fusion calls, and Arriba therefore limits the coverage of fusions that will be rescued
from the “discarded” file. This has to be kept in mind when analyzing similar data.

In summary, we provide a novel workflow that significantly improves the detection of this
important fusion in both research and diagnostics. We expect that the presented modifications
will most likely also result in increased fusion detection performance in other contexts.
Nevertheless, it should be noted that, even after optimization, it was not possible to extract all
evidence of KIAA1549:BRAF fusions from the raw data. Therefore, additional optimizations will
likely be possible in an ongoing iterative process as STAR, Arriba and other tools continue to

be further developed.

It might also be considered to combine RNA-Seg-based fusion detection with other methods
to achieve maximum sensitivity. As previously mentioned, the KIAA1549:BRAF fusion is
generated by a focal tandem duplication at 7934 (Jones et al., 2008). This characteristic gain
is readily visible in methylation array-based copy number plots and has shown significant
concordance with sequencing-based fusion identification (Capper et al., 2018b). This also
includes the tumor samples presented in this thesis. It is currently not clear if there are cases
where the KIAA7549:BRAF fusion is only identifiable by RNA-Seq and cannot be deduced
from the copy number plot. Either way, available methylation array data should be used to
identify those cases that are likely to harbor the fusion and might require a closer look if not
directly identified by RNA-Seq.
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Materials & Methods

5 Materials & Methods

5.1 Materials

5.1.1 Human tumor samples

All human tumor samples had been diagnosed as gliomas in pediatric patients (< 18 years of
age). They originated from different institutions, and informed consent was obtained from all
patients.

Molecular data for some samples in the cohort has been published previously (International
Cancer Genome Consortium PedBrain Tumor Project, 2016; Jones et al., 2013).

5.1.2 Transgenic mouse lines

5.1.2.1 Ntv-a

The Ntv-a mouse line harbors a single transgene and expresses the tv-a receptor gene under
the control of the Nestin promoter (Tg(NES-TVA)J12Ech; MGI:2663944) (Holland et al., 1998).

Ntv-a mice were maintained on a mixed background.

5.1.2.2 XFM

The XFM mouse line harbors the Ntv-a transgene and two additional genetic changes. First,
the Cdkn2a gene is knocked out (Cdkn2a™'"%: MGI:1857942), eliminating expression of both
p16INK4A and p19ARF (corresponds to p14ARF in humans) (Serrano et al., 1996). Secondly,
the Pten gene is flanked by loxP sites (Pten™2'7PP: MGI:2679886) (Trotman et al., 2003). The
latter can be used for Cre-mediated excision of the Pten gene but this was not part of our
tumor modelling strategy. Pten was thus still intact in all mice. XFM mice were maintained on
a mixed background.

5.1.3 Cell lines

DF-1 cells had been obtained from the American Type Culture Collection (ATCC) in February
2012 (catalog no. CRL-12203), expanded for two passages and cryopreserved in aliquots.

RNA from BT-66 (passage 15) and BT-40 (passage 16) cell lines was a gift from the lab of Dr.
Till Milde at the DKFZ.
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5.1.4 Chemicals, reagents and medium

Table 5.1 | Chemicals, reagents and medium

Agarose Standard

Aluminium sulfate

Ammonia solution 25%

Ammonium iron(lll) sulphate dodecahydrate
Colorless GoTaqg Reaction Buffer (5X)
DMEM - high glucose

DNA Loading Dye (6X)

dNTP Mix (10 mM each)

Dulbecco’s Phosphate Buffered Saline (PBS)
Eosin Y solution 0.5% in water
Ethanol absolute

Eukitt Mounting Medium

Fetal bovine serum (FBS)
Formaldehyde solution, non-acidic
Formalin solution, neutral buffered, 10%
FUGENE HD

GeneRuler 1 kb DNA Ladder
GeneRuler 100 bp DNA Ladder
GoTag DNA Polymerase

L-Glutamine (200 mM)

Mayer’s Hematoxylin solution

Nuclear fast red

Nuclease-Free Water

Opti-MEM

Paraffin Histo-Comp
Penicillin-Streptomycin (10.000 U/mL)
pegGREEN DNA/RNA Dye
Potassium disulphite

Potassium hydroxide

Potassium permanganate

Silver nitrate

Sodium thiosulfate pentahydrate
Tetrachloroauric(lll) acid trihydrate
Trypan Blue Dye 0.4%

Trypsin — EDTA Solution 0.25%
Xylene (mixture of isomers)
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3810.3
1102

1.056432.1000

P734.1
M792A
D5796
R0O611
R0192
14190-094
X883.2
20821.330
12871

S 0115
P733.1
HT501128
E2311
SMO0311
SM0241
M300A
25030081

254766.1611

5189
AM9O937
31985-062
VO-5-1001
15140148
37-5000
P019.1
5033
8004.1
7908.2

1.06513.2500

3867.1
1450013
14049
28975.325

Carl Roth

Merck

Merck

Carl Roth

Promega

Sigma-Aldrich

Thermo Fisher Scientific
Thermo Fisher Scientific
Thermo Fisher Scientific
Carl Roth

VWR Chemicals

O. Kindler GmbH
Biochrom

Carl Roth
Sigma-Aldrich

Promega

Thermo Fisher Scientific
Thermo Fisher Scientific
Promega

Thermo Fisher Scientific
AppliChem

Merck

Ambion

Thermo Fisher Scientific
Vogel

Thermo Fisher Scientific
Peqglab

Carl Roth

Merck

Carl Roth

Carl Roth

Merck

Carl Roth

Bio-Rad

Sigma-Aldrich

VWR Chemicals
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5.1.5 Buffer and culture medium composition

Table 5.2 | Buffer and culture medium composition

50x TAE buffer 50 mM EDTA disodium salt
2 M Tris-base
1 M Glacial/Acetic acid
In water
DF-1 culture medium DMEM - high glucose
10% FBS

1% Penicillin-Streptomycin
1% L-Glutamine

Silver staining solution 15 mL 20% silver nitrate solution
15 mL deionized water
6 mL 10% potassium hydroxide
Add ammonia solution dropwise until
solution becomes clear.
Add 20% silver nitrate solution until the
precipitate is only very slightly soluble.
Double the volume with deionized water.

5.1.6 Plasmids and primers

Table 5.3 | Plasmids

Plasmid Source
RCAS-BRAF 6% Gronych et al. (2011)
RCAS-GFP Gronych et al. (2011)

Table 5.4 | Primers

Primer Sequence (5’ - 3)
BRAF for TGCTTGCTCTGATAGGAAAATG
BRAF rev AGCATCTCAGGGCCAAAAAT

5.1.7 Kits and arrays

Table 5.5 | Kits and arrays

Item Catalog No. Manufacturer
Bioanalyzer RNA 6000 Nano Kit 5067-1511 Agilent Technologies
Bioanalyzer RNA 6000 Pico Kit 5067-1513 Agilent Technologies
GeneChip Human Genome U133 Plus 2.0 Array 900467 Affymetrix

GeneChip Mouse Genome 430 2.0 Array 900497 Affymetrix

IDT for lllumina — TruSeq RNA UD Indexes 20022371 [llumina

Infinium MethylationEPIC Kit WG-317-1003  lllumina

Maxwell RSC simplyRNA Tissue Kit AS1340 Promega

Maxwell RSC Tissue DNA Kit AS1610 Promega

QIAquick Gel Extraction Kit 28706 QIAGEN

TruSeq Stranded mRNA kit 20020595 lllumina
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5.1.8 Consumables

Table 5.6 | Consumables

Biopsy embedding cassettes Swingsette

Centrifuge Tube 50
Conical Tube 15

Counting Slides, Dual Chamber for Cell Counter

Cover Slips 24 x 60 mm
Disposable Scalpel

Microscope Slides Superfrost Ultra Plus

PCR Foil Seal Strong

PCR SingleCap 8er-SoftStrips 0.2 mL

Petri Dishes 94X16

Razor blades

Safe-Lock Tubes
SafeSeal-Tips professional
Stripette 10 mL

Stripette 25 mL

Stripette 5 mL

Stripette 50 mL

Tissue Culture Flask 25

twin.tec microbiology PCR Plate 96, skirted, 150 pL, clear

5.1.9 Equipment

Table 5.7 | Equipment

Agarose gel chamber

Animal hood

Automated cell counter
Automated DNA/RNA Extractor
Bioanalyzer instrument

Cell culture hood

Centrifuge

Centrifuge

Centrifuge

CO, incubator

Drying oven

Electrophoresis power supply
Embedding workstation
Freezer -20°C

Freezer -80°C

Fridge 4°C

Gel comb

Gel imager

Gel tray
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Midi 450.000

BS48

TC20

Maxwell RSC Instrument
2100 Bioanalyzer
Safe 2020

Fresco 17

Multifuge 3 s
Biofuge pico

Innova CO-48

UT 6060

EV231

HistoStar

Mediline LKexv 3910
Innova U 725-G
Mediline LKexv 3910
Diverse

c200

BAA26900018

Carl Roth

TPP

Corning

Bio-Rad

Thermo Fisher Scientific
Feather

Thermo Fisher Scientific
4titude

Biozym

Greiner Bio-One

Leica

Eppendorf

Biozym

Corning

Corning

Corning

Corning

TPP

Eppendorf

Labortechnik Armin Baack
Techniplast

Bio-Rad

Promega

Agilent Technologies
Thermo Fisher Scientific
Heraeus

Heraeus

Heraeus

New Brunswick Scientific
Heraeus

Consort

Thermo Fisher Scientific
Liebherr

New Brunswick Scientific
Liebherr

Labortechnik Armin Baack
Azure Biosystems
Labortechnik Armin Baack
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Halogen light source
Histology cooling plate
Histology water bath
Homogenizer

Injection syringe 10 pL
Inverted microscope
Mercury light source
Microtome

Mini centrifuge

PCR cycler

Pipette controller
Pipettes

Precision balance
Sequencing system
Sequencing system
Spectrophotometer
Spin Tissue Processor
Stereo microscope
Surgical instruments
Transilluminator

5.1.10 Software

Table 5.8 | Software

2100 Expert Software
Affinity Designer

Arriba

BLAT

Bowtie

Brain tumor classifier
ComBat

cSeries Capture Software
ESTIMATE

Excel 2019 for Mac
FusionCatcher

Integrative Genomics Viewer (IGV)
macOS Terminal
Mastercycler ep CycleManager
NanoDrop 1000 3.8.1
Papers 3

PowerPoint 2019 for Mac
Prism 8

R

R package conumee
RNA-SeQC

RStudio

PL 3000

EG1130

HI1210
Mikro-Dismembrator S
801 RN (26s gauge)
Eclipse TS100
Intensilight C-HGFI
HistoCore AUTOCUT
Spectrafuge 3-1810
Mastercycler epgradient S
PIPETBOY 2
Pipet-Lite

PLJ 1200-3A
NovaSeq 6000

HiSeq 4000
NanoDrop ND-1000
Microm STP 120
SMz445

Diverse

LBO100

Photonic

Leica

Leica

B. Braun Biotech
Hamilton

Nikon

Nikon

Leica

neolLab

Eppendorf

INTEGRA Biosciences
Rainin

Kern

lllumina

lllumina

Thermo Fisher Scientific
Thermo Fisher Scientific
Nikon

Fine Science Tools
Thermo Fisher Scientific

Agilent Technologies

Serif

https://github.com/suhrig/arriba

Kent et al. (2002)

Langmead et al. (2009)
Capper et al. (2018a)
Johnson et al. (2007)

Azure Biosystems

Yoshihara et al. (2013)

Microsoft

https://github.com/ndaniel/fusioncatcher
Robinson et al. (2011)

Apple
Eppendorf

Thermo Fisher Scientific
Springer Science+Business Media

Microsoft
GraphPad
R Core Team

http://bioconductor.org/packages/conumee/
Deluca et al. (2012)

RStudio, PBC
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SnapGene Viewer GSL Biotech LLC

STAR Dobin et al. (2013)

STAR-Fusion https://github.com/STAR-Fusion/STAR-Fusion
Word 2019 for Mac Microsoft

5.1.11 Internet resources

Table 5.9 | Internet resources

Resource Website

COSMIC Cancer Gene Census https://cancer.sanger.ac.uk/census
ENCODE: Encyclopedia of DNA Elements https://www.encodeproject.org

Ensembl Genome Browser https://www.ensembl.org

Gene Ontology Resource http://geneontology.org

HomoloGene https://www.ncbi.nlm.nih.gov/homologene
HUGO Gene Nomenclature database https://www.genenames.org

PubMed https://www.ncbi.nim.nih.gov/pubmed

R2: Genomics analysis and visualization https://r2.amc.nl

platform
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5.2 Methods

5.2.1 Nucleic acid extraction

Depending on the size, fresh-frozen tissue pieces from human and murine tumors or healthy
mouse brain were either first manually crushed or directly homogenized using a Mikro-
Dismembrator S. Subsequently, DNA and RNA were extracted in an automated way using a
Maxwell RSC instrument according to manufacturer’s instructions. Elution was performed in a
volume of 50-75 L. DNA concentration was measured using a Nanodrop spectrophotometer.
The integrity and concentration of RNA was evaluated using an Agilent Bioanalyzer.

Isolated DNA was stored at -20°C, RNA was stored at -80°C.

5.2.2 Methylation array

Genome-wide methylation analysis of human tumor DNA was performed by the Genomics
and Proteomics Core Facility (GPCF) at the DKFZ using Infinium MethylationEPIC BeadChip
arrays, quantifying over 850,000 methylation sites. For some samples, methylation data was
already available and had been generated some years ago with Infinium HumanMethylation450
BeadChip arrays, which cover about 450,000 methylation sites.

5.2.2.1 Brain tumor classification

The generated methylation data was fed into version 11b4 of the brain tumor classifier (Capper
et al.,, 2018a). By comparing the data to a reference set of 2,801 samples, each tumor is
assigned to one of 91 methylation classes. A score ranging from O to 1 indicates how confident
the prediction is and should be above 0.9 for a clear result. In addition, the data is added to a
t-SNE plot of all tumor samples that have been processed by the classifier. At the time of the
analysis, the dataset comprised about 64,000 cases. Determining the position of individual
samples within the plot often allows a more accurate classification if the classifier score was

low.

An internal tool for methylation data clustering developed by Martin Sill (DKFZ) was used to
create individual t-SNE plots for defined sets of tumor samples.

5.2.2.2 Copy number analysis

Genome-wide copy number plots were generated with the help of the Bioconductor package
conumee. It is based on the combined intensities of methylated and unmethylated probes from
the methylation arrays, as previously described (Sturm et al., 2012). Among others, the
resulting copy number data was used to identify CDKN2A/B deletions and the 7934 gain that
is characteristic for the KIAA1549:BRAF fusion.
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5.2.2.3 Amplitude of the genomic 7q34 gain

The amplitude of the genomic 7g34 gain was quantified by calculating the average of the log.
copy humber values of features chr7-0773 to chr7-0792 that are reported by conumee. These
features cover chromosome 7 from position 138,550,001 to 140,400,000 (reference genome
hg19) and thus correspond to the region that is duplicated in KIAA1549:BRAF-positive tumors.

5.2.3 RNA sequencing

Sequencing of human and murine tumor RNA was performed by the Genomics and
Proteomics Core Facility (GPCF) at the DKFZ. Libraries were prepared using the lllumina
TruSeq Stranded mRNA kit, which is based on polyA enrichment of total RNA. Subsequently,
libraries were sequenced on a NovaSeq 6000 or HiSeq 4000 machine with a 100 bp paired-
end configuration. The raw FASTQ files were transferred to the Omics IT and Data
Management Core Facility (ODCF) at the DKFZ for storage and further processing, which is
handled by the One Touch Pipeline (OTP) (Reisinger et al., 2017).

5.2.3.1 Post processing

Initial post processing involved alignment of reads to the reference genomes hg19 and mm10
for human and mouse data, respectively, using STAR (Dobin et al., 2013) version 2.5.3a with
the following parameters:

--runThreadN 8\

--genomeDir "$STAR_INDEX_DIR" --genomel.oad NoSharedMemory \

--readFilesin "$READ1" "$READ2" --readFilesCommand zcat \

--outStd BAM_Unsorted --outSAMtype BAM Unsorted --outBAMcompression 0\
--outFilterMultimapNmax 1 --outFilterMismatchNmax 3 \

--chimSegmentMin 10 --chimOutType WithinBAM SoftClip --chimJunctionOverhangMin 10
--chimScoreMin 1 --chimScoreDropMax 30 --chimScoreJunctionNonGTAG 0
--chimScoreSeparation 1 --alignSJstitchMismatchNmax 5 -1 5 5
--chimSegmentReadGapMax 3

The mapped data was saved as BAM files. The total read count as well as the estimated library
size were calculated by BNA-SeQC (DelLuca et al.,, 2012). To make use of the STAR
parameters --peOverlapNbasesMin and —alignSplicedMateMaplLminOverl mate as part of the
optimized workflow, the data was re-aligned with version 2.7.3a.

For further analysis, transcripts per kilobase million (TPM) values of all genes were uploaded to
the genomics analysis and visualization platform R2. As this platform only supports single
values per gene but some genes were represented with more than one ENCODE ID, we always
chose the lowest ID, as this is supposed to be the canonical isoform.
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5.2.4 Fusion detection

5.2.4.1 Fusion calling algorithms

Fusion transcripts were identified by running Arriba version 1.1.0 on the aligned data (BAM
files) using standard parameters. A list of known fusions was provided (parameter -k) that was
based on the COSMIC Cancer Gene Census (Sondka et al.,, 2018) and included the
KIAA1549:BRAF fusion. To turn the more sensitive detection parameters for known fusions as
part of the optimized workflow into account, Arriba version 1.2.0 was used instead, which was
developed in the course of this project.

Alternatively, FusionCatcher version 1.20 was used to identify fusion transcripts on the basis
of the raw FASTQ files. By default, FusionCatcher integrates the data from three different
alignment algorithms, Bowtie (Langmead et al., 2009), BLAT (Kent, 2002) and STAR (Dobin et
al., 2013).

5.2.4.2 Manual detection

Manual detection of KIAA7549:BRAF fusions was performed by scanning the raw FASTQ files
for 20 bp sequences spanning the fusion point of KIAA7549 and BRAF using the UNIX utility
grep. These sequences as well as their reverse complements are listed in the following table

for the three most common fusion variants.

Table 5.10 | KIAA1549:BRAF fusion point sequences

16:9 TCCCTGCAGTGACTTGATTA TAATCAAGTCACTGCAGGGA
15:9 CGGATGCCCAGACTTGATTA TAATCAAGTCTGGGCATCCG
16:11 TCCCTGCAGTAAAACACTTG CAAGTG ACTGCAGGGA

Partially aligned fusion-supporting reads were identified by opening BAM files in Integrative
Genomics Viewer (IGV) and looking for soft-clipped reads. If such reads in KIAA1549 could
manually be mapped to BRAF or vice versa, they had originated from a fusion transcript.

5.2.5 Microarray

Microarray gene expression analysis of RNA from human and murine tumors as well as healthy
mouse brain was performed by the Genomics and Proteomics Core Facility (GPCF) at the
DKFZ. The GeneChip Human Genome U133 Plus 2.0 Array was used for human RNA, while
the GeneChip Mouse Genome 430 2.0 Array was used for murine RNA. For analysis, raw CEL
files were uploaded to the R2 platform and MAS5.0 normalized.

The expression data of normal human cerebellum and cerebral cortex was adopted from a
publicly available dataset of different tissues from ten post-mortem donors (GEO accession
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GSE3526) (Roth et al., 2006). The data had been generated with the same type of microarray
and could thus be added to our dataset of human PA and PXA for joint analysis after MAS5.0

normalization.

5.2.6 Sanger sequencing

Sanger sequencing was used to verify BRAF mutations on a genomic level. First, the region of
interest was amplified from human tumor DNA using the following PCR.

Table 5.11 | BRAF PCR mastermix

5X Colorless GoTaqg Reaction Buffer 10 yL
dNTP Mix (10 mM each) 1L
Primer BRAF for 0.3 uL
Primer BRAF rev 0.3 pL
GoTag DNA Polymerase 0.25 L
Nuclease-Free Water 36.15 L
Human DNA 2 uL

Table 5.12 | BRAF PCR program

Denaturation 95°C 3 min
95°C 30 sec

Amplification 62°C 25 sec 35
72°C 30 sec

Final elongation 72°C 10 min

Storage 4°C oo

Subsequently, the PCR reaction mix was subjected to gel electrophoresis. A suspension of
1.5% agarose in 1x TAE buffer was boiled, and peqGREEN was added (1:20,000). Before
complete cooling, the solution was casted into a gel tray, and a comb was inserted. The PCR
products were mixed with DNA Loading Dye and loaded onto the gel together with a DNA
ladder. A voltage of 120 V was applied to separate the fragments by size. The presence of the
expected 230 bp amplicon was validated and documented with a gel imager. Then, the bands
were cut out on a transilluminator, and the PCR product was extracted using the QlAquick Gel
Extraction Kit according to manufacturer’s instructions. In a last step, the DNA was diluted to
a concentration of 10-50 ng/uL, and 20 pL were sent to Eurofins Genomics for Sanger
sequencing. The presence of BRAF mutations in the sequencing results was evaluated using
SnapGene Viewer.
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5.2.7 Gene expression and ontology analysis

In general, gene expression analysis was based on log.-transformed expression values and
performed using the R2 platform, unless otherwise noted. For RNA-Seq data, only a single
TPM value per gene had been uploaded to R2 (see 5.2.3.1). For microarray data, in contrast,
gene expression could be defined by more than one probeset per gene. In these cases, the
probeset with the highest average present signal was chosen.

Differential gene expression analysis consisted of the identification of the 1,000 most
differentially expressed genes between the groups of interest based on p-values calculated by
ANOVA and corrected for multiple testing by false discovery rate (FDR).

The basic ontology analysis is a feature of the R2 platform and was used to get a quick but
limited overview of the ontologies in the set of differentially expressed genes. It is based on the
affiliation of genes to no, one or more than one of 10 gene categories. Overrepresented
categories could be identified by comparing the number of genes in each category to the
counts that would on average be expected in a similarly sized cohort.

The more advanced ontology analysis was done using the GO term analysis in R2. It works in
a similar fashion and tests which GO terms are enriched in the set of differentially expressed
genes between the groups. Corresponding heatmaps were based on z-scores of those
differentially expressed genes that were associated with the respective GO term.

5.2.8 Gene signature analysis

Unless otherwise noted, gene signature analysis was performed in R2 by evaluating the
expression of the signature genes in the samples of interest. For each sample, the signature
score was calculated as the mean of z-scores of the individual genes.

5.2.8.1 MPAS

The MPAS was calculated as the signature score from 10 MAPK-specific genes (PHLDAT,
SPRY2, SPRY4, DUSP4, DUSP6, CCND1, EPHA2, EPHA4, ETV4 and ETV5) published by
Wagle et al. (2018). For mouse data, the murine homologs of these genes were identified in
the HomoloGene database and used as a signature.

5.2.8.2 Immune signatures

The signatures for different immune cell subsets were adopted from Engler et al. (2012).
Originally, the signature for glioma-infiltrating microglia/macrophages had been published by
Murat et al. (2009), whereas the signature for activated CD4/CD8 T cells had been published
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by Chambers et al. (2007). For mouse data, the murine homologs of the signature genes were
identified in the HomoloGene database.

5.2.8.3 ESTIMATE

ESTIMATE scores for immune and stromal cells were calculated using the original ESTIMATE
method (Yoshihara et al., 2013). The underlying algorithm is also based on gene signatures
and comprises 141 genes for the immune and for the stromal signature, respectively.

5.2.9 Cross-species analysis

Cross-species analysis of human and murine tumors was performed as previously described
(Pajtler et al., 2019; Tao et al., 2019). Briefly, computed read counts from the RNA-Seq data
of human PA and PXA were used to identify differentially expressed genes between both tumor
types. Subsequently, human-mouse orthologous genes were selected based on this set of
genes, and their expression was extracted from the RNA-Seq data of PA- and PXA-like mouse
models. Following batch effect adjustment with ComBat (Johnson et al., 2007), these
orthologous genes were used as an input for principal component analysis (PCA) as well as
unsupervised hierarchical clustering (ward.D2 method).

5.2.10 Mouse lines

Mice were housed at the animal facility of the DKFZ and kept in individually ventilated cages
(IVCs) under specific pathogen-free (SPF) conditions. A homozygous status was maintained
for both the Ntv-a transgene and the Cdkn2a knockout in all animals. After a breeding was set
up to generate offspring for tumor induction, the vaginal plug (VP)-positive date was used to
estimate the date of p0 injections. Both male and female mice were used for experiments.

5.2.11 Tumor induction in mice

5.2.11.1 DF-1 cell culture and transfection

For each experiment, DF-1 cells were freshly thawed two to three weeks before injection and
cultured in medium at 39°C and 5% CO. in a humidified incubator. Cells were usually split
twice per week. Four days before the expected birth date of Ntv-a or XFM pups, DF-1 cells
were seeded into T25 cell culture flasks, with 200,000 cells and 5 mL medium per flask. After
24 hours, the cells were transfected with the RCAS-BRAF'®¢ vector. To this end, Opti-MEM
was equilibrated to room temperature, and 200 pL were added to 4 ug plasmid DNA together
with 10 uL FUGENE HD transfection reagent. The mixture was incubated for 15 minutes at
room temperature and added dropwise to the DF-1 cells using a 1000 pL pipette. After gentle
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but thorough mixing, the cells were put back into the incubator. As a transfection control, one
flask received an RCAS-GFP vector instead of RCAS-BRAF 0%,

5.2.11.2 Preparation and p0 injections

On the day of birth, i.e. usually three days after transfection, GFP fluorescence was confirmed
in the control cells. The DF-1 cells that had been transfected with RCAS-BRAFY* were
detached using 10x Trypsin-EDTA, centrifuged and resuspended in 1 mL medium.
Subsequently, cell number was determined using a TC20 automated cell counter. The cells
were centrifuged again, resuspended in DMEM to a concentration of 100,000 cells/uL and
kept on ice.

The pO injections were performed under a sterile hood. A 10 pL Hamilton syringe was filled
with the prepared cell suspension, and 1 uL was slowly injected into the striatum of each
newborn mouse by puncturing the left cerebral cortex from the lateral side in a 45° angle and
inserting the needle to a depth of 2-3 mm. To avoid leakage of the injected suspension, the
syringe was slowly retracted from the brain. Subsequently, all pups were put back into the
cage and observed until the mother took care of them. All animal procedures were performed
according to protocols approved by the German authorities (Regierungsprasidium Karlsruhe;
G-69/13, G-212/16, G-38/18, G-229/18, DKFZ342).

5.2.11.3 Follow-up and tissue processing

From that point on, mice were observed daily for symptoms. At an age of three weeks, they
were weaned and separated by sex. Mice were sacrificed after different timepoints but latest
when first symptoms became visible. Isolated brains were either snap frozen in liquid nitrogen
and stored at -80°C until nucleic acid extraction (see 5.2.1) or stored in 10% formalin at 4°C
until paraffin embedding (see 5.2.12). As healthy controls for gene expression analysis,
corresponding brain regions were isolated from age-matched but non-injected Ntv-a and XFM

mice.

5.2.12 Histology

For paraffin embedding, brains were first dehydrated using increasing concentrations of EtOH:
70% EtOH, 2x 80% EtOH and 2x 100% EtOH. Subsequently, they were put twice into xylene
and twice into melted paraffin baths. The whole procedure was carried out automatically in a
HistoStar embedding workstation and took about 60 hours. Finally, the brains were placed
into embedding cassettes, which were then filled with melted paraffin and allowed to cool

down.
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Paraffin blocks were cut using a microtome. The 3 um sections were shortly kept in a water
bath (42°C) before being mounted onto microscope slides. To ensure complete drying, the
slides were placed in a 37°C incubator overnight.

5.2.12.1 H&E staining

Prior to hematoxylin and eosin (H&E) staining, sections were deparaffinized in xylene for 2x 15
minutes and rehydrated with 100% EtOH, 100% EtOH, 95% EtOH, 70% EtOH and deionized
water for 5 minutes, respectively. To color nuclei blue, the sections were stained with
hematoxylin for 1.5 minutes. Subsequently, they were placed in tap water for up to 5 minutes
and rinsed with deionized water to remove excess staining. Eosin was used as a counterstain,
as it colors the cytoplasm and some components of the extracellular matrix pink. After staining
the sections for 1 minute, they were rinsed with deionized water again to remove excess
staining. This was followed by 5 minutes in 70% EtOH, 95% EtOH, 100% EtOH and 100%
EtOH, respectively, and 2x 15 minutes in xylene. As a last step, sections were embedded in
Eukitt mounting medium, covered with a cover glass and let dry overnight.

5.2.12.2 Reticulin staining

For the reticulin staining, sections were deparaffinized and rehydrated as described for the
H&E staining (see 5.2.12.1). Subsequently, sections were placed in 2% potassium
permanganate, 2% potassium disulphite, 2% ammonium iron sulphate and the silver staining
solution (see Table 5.2) for 1 minute, respectively, and in 4% formaldehyde for 3 minutes.
Between each step, the sections were briefly washed in deionized water. To avoid
formaldehyde deposits, sections were rinsed with tap water for 3 minutes and briefly washed
in deionized water. Then, sections were placed into 0.1% tetrachloroauric acid for 1 minute,
briefly washed in deionized water, placed in 2% potassium disulphite and 5% sodium
thiosulfate for 1 minute, respectively, and again briefly washed in deionized water. To visualize
nuclei, sections were stained with a solution of 5% aluminum sulfate and 0.001% nuclear fast
red for 3 minutes. Excess staining was washed away with deionized water. Finally, sections
were dehydrated using 70% EtOH, 95% EtOH, 2x 100% EtOH and 2x xylene and embedded
in Eukitt mounting medium similar to the H&E staining.

5.2.13 Statistical analysis

Statistical analysis was performed with GraphPad Prism or the R2 platform. The statistical test
for each experiment is mentioned in the figure caption. Significance levels are depicted as
*1p<0.05 " p<0.01, ™ p<0.001, ™ p <0.0001, n.s.: not significant.
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