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Abstract

Using high-throughput sequencing to study the progression of cancer

by

Mia Grifford

Cancer is a deadly disease that affects 1 in 2 men and 1 in 3 women in the United
States. The development of high throughput sequencing technologies has allowed for
great advancements in cancer therapy, though, we still have a long way to go. Many
cancer patients do not receive care soon enough due to late diagnosis, they do not receive
the optimum treatment for their specific tumor type or they receive the optimum treat-
ment, but then develop resistance to it. This thesis will address these three problems
and describe how high throughput sequencing technology has allowed us to continue to
make advancements in cancer treatment. Specifically, I will describe one example of how
understanding the mechanism of oncogenesis can lead to new options for early diagnosis
and monitoring of disease progression in about a quarter of glioblastoma multiforme
and IDH wild-type lower grade glioma patients, harboring double minute chromosomes.
I show how comprehensive characterization of lower grade glioma patients has lead to
the discovery of a new, more accurate method of subtyping patients, which will allow
for patients to receive more appropriate treatment for their specific tumor type. This

is especially important for one subtype of lower grade glioma patients who have poor

ix



prognosis and appear very similar to glioblastoma multiforme patients, and therefore
should receive similar treatment. I will also describe how development of HER2+ breast
cancer cell lines that are resistant to the targeted therapy lapatinib, has led to greater
understanding of a mutation-independent mechanism of drug resistance involving ac-
tivation of the Notch pathway. Patients with a similar mechanism of resistance may
benefit from treatment with Notch inhibitors, several of which are currently being tested
in clinical trials. All of these findings display ways in which high throughput sequenc-
ing can be used to make advances in our understanding of cancer, ultimately moving

towards better treatment for patients and better patient outcomes.



I dedicate this disseration to my fiancé Alex,

who continuously loved, supported and encouraged me throughout this process.
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Chapter 1

Introduction

1.1 Overview

Cancer is the second leading cause of death in the United States [40]. Men have a 1 in
2 risk of developing cancer in their lifetime and women have a 1 in 3 risk [133]. Can-
cer treatment has advanced greatly with the invention of high throughput sequencing
technology, which has provided great insights into cancer genomes and allowed for the
development of targeted therapies which are more effective and have less harmful side
effects than traditional chemotherapy. Though several problems with cancer treatment
still exist. This thesis will discuss three key problems with cancer treatment and how
high throughput sequencing technology has allowed us to make progress in the areas of

diagnostics, subtyping and drug resistance.



One of the biggest problems with cancer treatment is late diagnosis. Many times patients
don’t know they have cancer until it is too late, and in these cases treatment is less
effective than if the tumor had been detected earlier. Chapter 2 of this thesis will
discuss one feature of gliomas that occur in about a quarter of glioblastoma multiforme
patients that may allow for earlier detection and more effective monitoring of disease
progression after diagnosis. These features are small circular amplicons called double
minute chromosomes, which may be detectable in the blood. The ability to detect and
monitor disease progression through the blood would be especially helpful in patients
with tumors in places where surgery and biopsies can be risky, like the brain. The
computational method for identifying these double minute chromosomes from whole-
genome sequencing data will be discussed, as well as a method for predicting the presence

and features of double minute chromosomes using exome sequencing data.

Another problem with cancer treatment is determining which treatments are appropri-
ate for each individual. Patients are often categorized into groups, which determine the
optimal treatment. Though, proper treatment can only be given if patients are accu-
rately classified into treatment groups. Chapter 3 will discuss why the current method
of categorizing patients in lower grade glioma, by histological type and grade, is not
ideal and will propose a new method of subtyping patients that is supported by several
independent data types and computational techniques, including high throughput se-
quencing of both DNA and RNA. This will allow patients to receive the best treatment

for their tumor. In particular, this new method of subtyping patients allows for identi-



fication of one group of patients with especially aggressive tumors that behave similarly

to glioblastoma multiforme, and should therefore be treated similarly.

When patients are treated with drugs appropriate for their specific tumor type, treat-
ment can be very successful. Often times this involves the use of targeted therapies
that directly inhibit proteins critical for tumor growth. These targeted therapies have
less side effects than traditional chemotherapy or radiation and can be very effective.
Although, there is one critical problem with targeted therapies. Patients often acquire
resistance to these drugs and the therapy becomes ineffective. The fourth chapter of
this thesis will discuss a mechanism of resistance to the targeted therapy, lapatinib,
which was discovered using RNA-sequencing of HER2+ breast cancer cell lines. These
cells acquire a mutation independent mechanism of resistance involving activation of
the Notch pathway. These findings could explain what is underlying resistance in many

patients and provide new treatment options for these patients.

1.2 Background

1.2.1 Detecting alterations in cancer with high-throughput technolo-

gies

Cancer occurs when normal functioning of a set of genes goes haywire. Alterations in

oncogenes can cause cells to divide uncontrollably and altered tumor suppressor genes



can prevent cells from undergoing apoptosis, or programmed cell death. There are
many different types of alterations that can occur in cancer and can either disrupt
protein function, cause a protein to signal more than usual or even create novel protein

function.

The most well studied genetic alterations are mutations, where a single DNA nucleotide
is changed. Alternatively, larger regions of DNA can be either lost (deleted) or dupli-
cated one or more times (amplified). These changes can be as small as a few bases to
as large as an entire chromosome, and are referred to as copy number alterations. The
DNA can also be broken and reconnected incorrectly. Portions of DNA can be incor-
rectly connected to other regions of DNA or they can be flipped or reversed. We refer to
these types of changes as rearrangements or structural variations. These rearrangements
can cause two protein coding genes to connect in novel ways, which are referred to as
gene fusions. All of these alterations in DNA can be observed with either whole-genome
sequencing (sequencing the entire genome) or exome sequencing (sequencing only the
portion of genes that code for proteins). Copy number changes can also be observed
using a microarray that is specially designed to measure the amount of DNA throughout

the entire genome.

DNA can also be altered epigenetically through histone modification or methylation.
DNA methylation typically silences the DNA causing genes to no longer be expressed,
while histone modification can cause either silencing or activation of genes. Histone

modifications can be observed using ChIP-Seq, combining chromatin immunoprecipita-



tion with sequencing, and DNA methylation is typically measured using methylation

arrays.

Instead of looking at the specific genetic or epigenetic alterations, we can also observe
the effects of these alterations on both RNA production and proteins. Messenger RNA
expression can be observed using RNA sequencing and microRNAs can be observed
using microRNA sequencing. We can also observe overall amounts of proteins and

phosphorylation of proteins using reverse phase protein arrays.

All of these methods allow us to get a more thorough view of what is happening in the

cell and help us to determine what is driving cancer progression.

1.2.2 Cancer types

Several different high-throughput technologies were used in this thesis to study the

progression of both glioma and breast cancer.

1.2.2.1 Glioma

Glioma is a type of tumor that arises from glial cells in the brain. Like many other
cancer types, they are identified by the cell type that the tumor is thought to have
arisen from and tumor aggressiveness is labelled with a grade (I - IV). This thesis will

discuss several types of gliomas: astrocytomas, which are thought to have arisen from



astrocytes, oligodendrogliomas, which are thought to have arisen from oligodendrocytes
and oligoastrocytomas, which have a mixed histology with features of both astrocytes
and oligodendrocytes. Grade IV astrocytoma is the most aggressive type of glioma and

is called glioblastoma multiforme.

1.2.2.2 HER?2+ Breast Cancer

Another type of cancer discussed in this thesis is HER2+ breast cancer. Breast cancer
patients are routinely tested for several markers and classified into subgroups which
help guide treatment. Because there are drugs that specifically target human epidermal
growth factor receptor 2 (HER2), and therefore only work for HER2+ patients, breast
cancer patients are routinely tested for HER2 amplification and/or over-expression using
fluorescence in situ hybridization (FISH) and/or immunohistochemistry (IHC). They are
also routinely tested for the presence of estrogen receptors (ER status) and progesterone
receptors (PR status) using nuclear staining. These tests help stratify patients into
subtypes, allowing different subtypes to receive the type of treatment most appropriate

for their cancer.

HER?2 is also referred to as HER-2/neu or ERBB2 and is a member of the ErbB or
epidermal growth factor receptor (EGFR) protein family [130]. It is a membrane surface-
bound receptor tyrosine kinase involved in signal transduction pathways. Expression of

HER2 leads to cell growth and differentiation. In a normal mammary gland, HER2 is



involved in lobuloalveoli development and milk protein secretion [59]. Although HER2
is expressed throughout most developmental stages of the mammary gland, it’s ligands
are only expressed during defined stages [28]. HER2 receptors can either homodimerize
or heterodimerize with other HER receptors upon ligand binding, and HER2 is the
preferred heterodimeric partner for EGFR, HER3 and HER4 [48]. Amplification of
HER2 can lead to overexpression, thereby creating an abundance of receptors on the cell
surface, which, because of their close proximity, allows for dimerization in the absence
of the ligand [147]. This dimerization leads to autophosphorylation and signaling, and,

because HER2 is a proto-oncogene, this excess signaling can cause cancer.

HER2 is overexpressed in about 20% of breast cancer patients [106], and these patients
have significantly worse prognosis than other patients [147]. Figure 1.1 is a Kaplan-
Meyer plot from The Biology Of Cancer textbook showing the proportion of breast
cancer patients that have not had a recurrence of cancer over time [147]. The patients
are grouped into HER24 and HER2- groups, and the HER2+ patients have significantly
worse prognosis than the rest of the patients. This figure was taken from a 1987 paper
by Slamon et. al. [130], and since then other groups have shown similar results using
different methods of grouping patients from various datasets [103, 134]. Figure 1.2 is
a figure I made, which also shows that HER2 positive patients (as well as luminal B
patients) have worse prognosis than other types of breast cancer, when they are grouped
into subtypes using a method developed by Parker et. al. [103], called PAMS50, which

uses the gene expression data from a set of 50 different genes to group the patients into
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Figure 1.1: Kaplan-Meyer plot showing disease-free survival for HER2+ and
HER2- patients. Figure is from The Biology Of Cancer textbook [147].

subtypes. This Kaplan-Meyer plot shows the percentage of patients who have not yet
had a distant metastasis, meaning the cancer has not yet spread to another location
in the body. I generated this plot using a data set from 683 breast cancer patients
composed by Christina Yau [157]. These results make it clear that HER2+ breast

cancer is an important type of breast cancer to study.

One drug that is commonly used to treat HER2+ patients and has also been used
in previous studies is lapatinib. This thesis will discuss how lapatinib was used to
generate resistant cell lines. lapatinib, or Tykerb, is a HER2 kinase inhibitor from
GlaxoSmithKline used to treat advanced or metastatic HER2+ breast cancer. It is

usually given in combination with capecitabine, a chemotherapeutic agent, to patients
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Figure 1.2: Kaplan-Meyer plot showing the percent of patients that have
not yet had a distant metastasis over time. Patients are divided into PAM50
[103] subtypes using gene expression data from 683 breast cancer patients composed by
Christina Yau [157].



who have already received prior therapy [43]. It crosses the cell membrane and binds to
the tyrosine kinase domain of HER2, preventing phosphorylation of HER2 and therefore

preventing signal transduction [154].
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Chapter 2

Double Minute Chromosomes in
Glioblastoma Multiforme Are Revealed
by Precise Reconstruction of Oncogenic

Amplicons

As discussed in the introduction, high-throughput sequencing technology has enabled
many discoveries in cancer research, helping scientists better understand the mechanisms
behind cancer growth. Tools developed by Zachary Sanborn that compute copy number
and detect structural variants allowed us to gain insights into the mechanisms driving
tumor growth in glioblastoma multiforme (GBM), the most aggressive form of glioma.

One of these mechanisms, which occurs in over 20% of patients, involves oncogenic

11



circular amplicons called double minute chromosomes. Because these double minute
chromosomes may be detectable in the blood, they may be used for easier diagnosis and
monitoring of disease progression. This chapter describes these amplicons in detail for
two GBM patients with whole-genome sequencing data, and describes the estimation of

the presence of these amplicons in the larger cohort using exome sequencing data.

This chapter contains text from the paper “Double Minute Chromosomes in Glioblas-
toma Multiforme Are Revealed by Precise Reconstruction of Oncogenic Amplicons”
by J. Zachary Sanborn, Sofie R. Salama, Mia Grifford, Cameron W. Brennan, Tom
Mikkelsen, Suresh Jhanwar, Sol Katzman, Lynda Chin and David Haussler that was
published in Cancer Research in 2013. Much of this work was completed by Zachary
Sanborn. I contributed to the RNA-Seq analysis, with the help of Sol Katzman in table
2.1 and section 2.2.4. I performed the exome analysis to estimate prevalence of double
minute chromosomes and the association of double minute chromosomes/HSR, samples
with other glioblastoma multiforme tumor features in tables 2.2 and C.1 and sections
2.2.6, 2.3.5 and 2.2.7. I characterized the novel exon, which was discovered by Zachary
Sanborn, in section 2.3.3. I also performed the validation of exome sequencing-based
prediction of double minute chromosomes/HSR-containing samples in table C.2 and

section 2.3.6.
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2.1 Introduction

High-throughput methods for whole-genome sequencing have provided researchers with
an unprecedented ability to measure the complex state of genomic rearrangements char-
acteristics of most cancers. Numerous methods for inferring structural variation from
paired-end sequencing data have been developed [127, 24, 9], but the structural variants
called by such methods are often considered only in isolation, and used primarily to
identify potential fusion genes. The difficulty in discovering all true structural variants
and filtering out false positives makes it hard to use the output of such methods to
reassemble large regions of the tumor genome. However, such tumor genome assemblies
can reveal the complex structure of the tumor genome and can be used to infer the
mechanism by which somatic alterations critical to cancer progression occur, such as
amplifications of oncogenes and deletions of tumor suppressors. Ideally, these tumor
assemblies will also reveal unique features of the cancer that can be used as diagnostic

features to monitor disease progression in the patient.

It is well documented that one mechanism by which genes become highly amplified in
tumors is via the circularization of double-stranded DNA into what are known as double
minute chromosomes [8]. Double minute chromosomes have been shown to confer resis-
tance to certain drugs, as well as pass along this resistance nonuniformly to daughter
cells. They have been observed up to a few megabases in size, and contain chromatin

similar to actual chromosomes, but lack the centromere or telomeres found in normal

13



chromosomes. Because double minute chromosomes lack centromeres, they are, like
mitochondria, randomly distributed to daughter cells during cell division [81]. They are
generally lost in future generations unless there is some selective pressure to maintain
them. For example, when they confer selective growth advantage to tumor cells, they
are readily retained at high copy number. In particular, double minute chromosomes
containing oncogenes may serve to amplify these genes to hundreds of copies per cell.
Double minute chromosomes are common in several types of cancer, including brain can-
cers, with an estimated 10% of glioblastoma multiforme tumors bearing double minute

chromosomes [11].

Homogeneously staining regions (HSR) represent another common mode of extreme
gene amplification in cancer, observed in both solid and hematologic cancers [6, 159,
137, 136]. An HSR arises from high copy number tandem duplication of a genomic
segment such that it expands the affected chromosome. Because they are embedded
within larger chromosomes, fluorescent in situ hybridization (FISH) probes specific to
genomic sequences within the HSR give a broad band of staining in a specific position
within the larger chromosome, distinct from the focal staining usually observed with a
locus specific FISH probe. It is believed that double minute chromosomes and HSRs are
related, in that double minute chromosomes can derive from HSRs as well as create HSRss
via chromosomal reinsertion [6, 16, 112]. FISH is used to distinguish whether HSRs,
double minute chromosomes, or both are present in a given tumor sample. Whatever

their form, these highly amplified oncogenes are often key drivers of their respective

14



tumors, and may be vital in their detection, diagnosis, and treatment.

Here, we present methods that analyze high-throughput whole-genome sequencing data
from tumor and matched normal samples to detect these extremely amplified and re-
arranged regions of the tumor genome. We show that these low-level results can be
synthesized to construct accurate local genome assemblies that are circular in nature,
suggesting the existence of double minute chromosomes and/or HSRs in the tumor. We
use FISH analysis to independently identify double minute chromosomes and HSRs in
two tumors samples. In addition, we show that RNA-seq data further supports our
circular assemblies, in one case identifying a novel isoform of the gene CPM that co-
opts intergenic DNA to create a novel exon. Further analysis of the amplicons is done
to distinguish likely driver genes, such as MDM2, from likely passenger genes, such as
those disrupted by the amplicon structure. We show that this is made possible by the
configuration of the rearranged regions represented by the predicted circular assembly.
Finally, our analysis of a much larger set of samples with whole-exome sequencing data
suggests that 20% of glioblastoma multiforme samples harbor highly amplified oncogenic

amplicons.
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2.2 Methods

2.2.1 Tumor and normal genome sequencing data

Tumor and matched-normal whole-genome BAM files were downloaded from CGHub
(cghub.ucsc.edu) under the following sample identifiers: The Cancer Genome Atlas
(TCGA)-06-0648-01A-01D-0507-08, TCGA-06-0648-10A-01D-0507-08, TCGA-06-0145-
01A-01D-0507-08, and TCGA-06-0145-10A-01D-0507-08. In addition, 264 exome BAM
files were downloaded from CGHub, with sample identifiers given in Supplementary
Table C.1. Whole-genome and exome BAM files were indexed by samtools [76] and pro-
cessed by BamBam (See Supplementary Materials and Methods) to determine relative
copy number, allele fraction, and structural variants. Supplementary Tables C.1 and S2
list the copy number and rearrangement breakpoints detected by BamBam for exome

and whole-genome sequencing data, respectively.

2.2.2 Determining breakpoints related to highly amplified regions

The read support (number of overlapping reads) for a given breakpoint is directly pro-
portional to the copy number of the regions it connects. Thus, by requiring breakpoints
to have a high level of read support, we can filter out breakpoints that are part of a
copy-neutral rearrangement, and breakpoints that led to low-copy amplifications and

deletions. We can then focus on the breakpoints that are part of highly amplified regions

16



in the tumor. The particular read support threshold is selected such that breakpoints
that have read support expected of copy neutral regions of the tumor genome are re-

moved.

2.2.3 Reconstructing amplicons by walking a breakpoint graph

Similar to a recently published method [49], we construct a breakpoint graph by defining
a node for each side of an amplified segment of the tumor genome, connecting these two
nodes by a segment edge that represents the amplified segment, and defining a set
of bond edges, each of which represents a pair of segment sides that are adjacent in
the tumor genome. Which amplified segments of the tumor genome are included as
segment edges in the breakpoint graph is determined by relative copy number. The
bond edges are the highly supported breakpoints found in the manner described earlier.
If an amplified segment is interrupted by a breakpoint, then that segment will be split

into two segment edges.

We visualize the graph with the segments laid out according to genomic position. As-
suming all segments have the same relative copy number and each segment side has
exactly one bond edge attached to it, we determine the arrangement of the amplified
segments in the tumor genome by starting at the node for the left side of the first seg-
ment and traversing the segment edge to the node at the other side. The path then

follows a bond edge attached to that node over to the segment side to which it is con-
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nected, then traverses the new segment edge, continuing in this manner of alternatively
traversing segment and bond edges until we have returned to the starting node. If there
are segment edges remaining that we have not traversed, then we select a new starting
node among them and repeat this procedure, until all segment edges are accounted for.
Each cyclic path we determine defines a separate circular chromosome via the concate-
nation of its segments in the direction of traversal. This interpretation of the graph is
unambiguous, as the overall direction of traversal of any circular chromosome is imma-
terial, as is the order in which we discover them. When the number of bond edges per
segment side (i.e., node) in the graph is not uniformly one, or not all segments have
the same relative copy number, some segments may require more than one traversal to
account for the extra copies, and some walks may terminate at segment sides that have
no bond. Whenever multiple walks can be made through the set of bond edges and
segments, we enumerate the different solutions, including potentially circular solutions
that cannot close the loop due to one or more missing bond edges. A single solution
that features multiple independent cyclic paths occurs when multiple circular walks are
required in the procedure described earlier. Here, distinct sets of bond edges and seg-
ments are connected in independent closed loops that lack any bond edges that could
fuse the independent loops together into a single, larger closed loop. A toy example

breakpoint graph and its solution are described in Supplementary Fig. S1.

When there are multiple solutions, the optimal path(s) through the graph are taken to

be those that most closely agree with the observed relative copy number. The number of
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times a solution traverses a given segment produces an estimate of that segment’s copy
number. The root mean square deviation (RMSD) of the segment traversal counts to the
observed relative copy number for each solution is calculated, and then the solution(s)

with the smallest RMSD value are labeled as optimal.

2.2.4 RNA-Seq analysis

RNA-Seq reads were mapped using BWA [75] and coverage was calculated using BED
tools [109]. We calculated the total coverage per transcript per million uniquely mapped
read pairs for each gene within the TCGA-06-0648 double minute chromosomes. For
CPM, the coverage over a truncated version of the gene was used as described in the
text. These normalized expression metrics of TCGA-06-0648 were compared with a
set of nine other TCGA glioblastoma multiforme samples that comprised the original

RNA-Seq cohort for glioblastoma multiforme (Table 2.1).

2.2.5 FISH analysis

FISH was conducted for EGFR/Cep7 and MDM2/Cep12 using prelabeled probes (Vy-
sis, Abbott Molecular). Charged slides with 4-mm paraffin sections were dewaxed,
rinsed, microwaved in 10 mmol/L sodium citrate buffer, then digested in pepsin-HCI (40
mg/mL, 10 minutes at 37°C), rinsed, and dehydrated. Probe and slides were codena-

tured using a HYBrite automated hybridizer at 80 °C for eight minutes then hybridized
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for two to three days at 37°C.

2.2.6 Exome analysis to estimate prevalence of double minute chro-

mosomes

Additional samples that potentially bear double minute chromosomes were identified in
TCGA glioblastoma multiforme exome datasets as follows. Tumor and matched normal
exomes were processed by BamBam to compute relative coverage and identify somatic
rearrangements. High copy number peaks were defined as regions with 5-fold increased
relative coverage versus their matched normal, a threshold selected to conservatively
filter out peaks caused by low-level amplifications and noise (see Supplementary Mate-
rials and Methods for details). Glioblastoma multiforme tumors with multiple such high
copy number peaks were manually analyzed to discover any oncogenes within peaks, as-
sociate peaks with nearby somatic rearrangements, and determine if a sample exhibits
multiple peaks with similar copy number levels. Samples were scored as having possible
double minute chromosomes if they either contain multiple distinct high copy number
peaks with similar copy number levels and at least one peak contained an oncogene,
or a single distinct peak containing an oncogene, spanning approximately 1 Mb, and

having an associated rearrangement.
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2.2.7 Association of double minute chromosomes/HSR samples with

other glioblastoma multiforme tumor features

Samples containing likely chromothripsis events were identified from the set of 26 sam-
ples with whole-genome sequencing data determined to have possible double minute
chromosome(s) by selecting the subset that had multiple (> 3) high copy number peaks
(18 samples), and were compared with samples containing no high copy number peaks
as determined by whole-exome data (112 samples). There after, t tests were conducted
in R comparing several features between the two groups, including molecular subtype,
survival, and mutation in PTEN, TP53, KEL, IDH1, PIK3R1, PIK3CA, POTEB, NF1,
RB1, and EGFR, amplification of PRDM2, MET, MDM2, EGFR, CDK4, CCNE1,
and CCND2, and deletion of RB1, PTEN, PRDM2, MET, and CCND2. Bonferroni-
adjusted P values were reported. TP53 mutations within the two groups were further

evaluated using a two-tailed Fisher’s exact test.

2.3 Results

2.3.1 BamBam: a robust method for identifying tumor-specific varia-

tion

Considering that a BAM file storing a single patient’s whole-genome sequence at high

coverage (> 30) can be hundreds of gigabytes in compressed form, a serial analysis of
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two sequencing datasets requires researchers to store intermediate results that must be
merged to conduct a comparative analysis, such as identifying mutations found only
in the tumor sample. To overcome this problem, we developed BamBam, a tool that
conducts a comparative analysis of a patient’s tumor genome versus his/her germline by
simultaneously processing the tumor and matched-normal short-read alignments stored
in SAM/BAM-formatted files [76]. Simultaneous processing of both BAM files enables
BamBam to efficiently calculate tumor relative coverage and allele fraction, discover
somatic mutations and germline SNPs, and infer regions of structural variation. The
relative coverage and allele fraction estimates made by BamBam can be used to estimate
tumor copy number and normal contamination in the sequenced tumor sample (See

Supplementary Methods for details).

2.3.2 Reconstruction of candidate double minute chromosomes using

whole-genome sequencing

We focused on three samples from the initial set of 19 glioblastoma multiforme samples
from TCGA subjected to whole-genome sequence analysis where we detected highly
amplified segments overlapping oncogenes, suggestive of double minute chromosomes.
We applied these methods to samples designated TCGA-06-0152, TCGA-06-0648, and
TCGA-06-0145. In each case, whole-genome sequencing of a tumor biopsy was avail-
able separately from whole-genome sequencing of a blood sample (matched normal tissue

sample). For two of these samples (TCGA-06-0152 and TCGA-06-0648), multiple seg-
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ments had similar levels of amplification whereas the third sample (TCGA-06-0145) had

one large amplified region with further rearrangements internal to the region.

Sample TCGA-06-0648 had a striking pattern of genome amplification in which 16
distinct segments (15 from chromosome 12 and a small fragment from chromosome 9)
had similarly high levels of amplification (> 10 copies) and also appeared to be linked
to each other by high confidence rearrangement events identified by BamBam (Fig.
2.1A). One of the chromosome 12 segments contains the MDM?2 oncogene. Out of
the total of 701 putative somatic breakpoints called, 97 breakpoints met the filtering
criteria specified in Supplemental Methods. Only 16 of these 97 breakpoints further met
or surpassed a chosen minimum read support threshold of 100 to identify breakpoints
likely associated with highly amplified regions, including two breakpoints that did not
have split read evidence. All of these highly supported breakpoints are proximate to
the boundaries of the highly amplified segments clustered on chromosome 12, suggesting
that the highly supported breakpoints and the amplifications are directly associated and
may represent the rearranged configuration of one (or multiple) amplicons in the tumor’s

genome.

Figure 2.1B shows a schematic of the amplified segments of TCGA-06-0648 and their
associated breakpoints. This diagram predicts a circular path that completely accounts
for all observed breakpoints and amplified segments, resulting in a single 891-kb circular
amplicon containing a single copy of MDM?2. Because all but two breakpoints were

refined by split read solutions, the estimated size of this amplicon is accurate to within
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approximately 100 bp. This reconstructed circle is consistent with either an array within
a larger chromosome of precise tandemly duplicated copies of an initial circular amplicon
formed from these 16 genomic segments (assuming single-copy breakpoints joining this
tandem array to non-repeated DNA were not sufficiently covered to be observed) or
an extra chromosomal circular DNA (double minute chromosomes; [67]) with average
copy number of approximately 84 in the tumor sample. As we can assume neither a
perfectly clonal tumor nor a stable number of double minute chromosome copies in
every generation of tumor cells, the average copy number of 84 should be considered the
number of double minute chromosome copies in the average tumor cell sequenced. We
specifically searched for breakpoints with lower read support within the amplicon region
connecting it to other single-copy genomic locations, as these could provide evidence
for an insertion site of a tandem array, but found none. Thus, the presence of a double
minute chromosome is the more parsimonious explanation of these data, as it does not
require us to postulate the existence of one or more pairs of unobserved breakpoints
where one or more HSRs each containing multiple exact copies of this 891-kb region are

inserted into larger chromosomes.

Double minute chromosomes have been identified in many tumor types where they of-
ten contain oncogenes important for that cancer, such as EGFR in the case of glioblas-
toma multiforme [146]. The TCGA-06-0648 double minute chromosome contains sev-
eral protein-coding genes from chromosome 12, including intact copies of the MDM?2

oncogene and CAND1, which encodes an inhibitor of cullin ring-ubiquitin ligase com-
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plexes [36]. In addition, it includes a truncated allele of carboxypeptidase M (CPM),
a membrane-bound and secreted protease that cleaves the C-terminal residue of epi-
dermal growth factor (EGF; [35]) . The amplified allele of CPM lacks the last exon,
which should not affect the catalytic or major structural domains of the protein, but
removes the amino acids necessary for GPI anchoring of CPM to the plasma membrane
and would be expected to result in an exclusively secreted form of CPM [114]. A partial
allele of the ras-family gene RAP1B is also present, but as it lacks the promoter and
first exon, it is unlikely that this allele is expressed. It seems likely that MDM?2 drove
the high copy maintenance of this double minute chromosome in TCGA-06-0648, but

CPM and CAND1 could contribute as well.

This region of the tumor genome has all of the hallmarks of a chromothripsis event,
suggesting that the double minute chromosome was created by connecting shattered
fragments of chromosome 12 and a small region of chromosome 9 into a single cir-
cular episome [135]. The observation that multiple regions with uniformly high read
depths are connected by a set of structural variants with similarly high-read support
suggests that these alterations likely occurred together during a single event, such as
chromothripsis, instead of a series of independent focal rearrangements. Furthermore,
all breakpoints lack homology or exhibit 2 to 6 bp microhomologies at their junctions,
indicating that nonhomologous end-joining (NHEJ) and microhomology-mediated end
joining (MMEJ) are the primary DNA double-stranded break-repair mechanisms re-

sponsible for constructing the double minute chromosome [88].
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Figure 2.1: Reconstruction of TCGA-06-0648 double minutes. A, tumor browser
view of a region of chromosome 12 from TCGA-06-0648. The bottom track shows
protein-coding genes overlapping the amplified segments. The track above shows rel-
ative copy number of the tumor DNA compared with the normal, showing distinct
blocks of elevated copy number with similar total copy number between blocks. The
next two tracks show intra- and interchromosomal rearrangement breakpoints. All re-
arrangements shown are supported by at least 100 discordant reads. The type of re-
arrangement is indicated by the color of the line: duplication (red), deletion (blue),
inversion (yellow and green), and interchromosomal rearrangement (purple). B, a di-
agram of the amplified segments and structural variants identified on chromosome 12
and 9 is shown. Walking through this diagram results in a circular solution, suggesting
the double minute chromosomes diagrammed in C where segments inverted relative to
their orientation in the reference genome are colored blue. The letters inside the circle
correspond to the segments in B. The numbers inside the circle indicate the number of
sequencing reads supporting each breakpoint.
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We applied these same methods to sample TCGA-06-0152, which also had several highly
amplified segments, including segments containing the MDM2, CDK4, and EGFR onco-
genes (TCGA; [15]). This analysis predicted two amplicons, in which each amplicon

harbored at least one oncogene (Supplementary Fig. S2).

The final case, TCGA-06-0145, exhibits an extreme level of amplification (> 50-fold) of
a single approximately 800 kb genomic segment including EGFR that could indicate the
presence of an EGFR-double minute chromosome or HSR (Fig. 2.2). In contrast with
the other samples, the amplified region of TCGA-06-0145 contains significant variations
in the major and minor allele frequency as well as deletion and duplication events with
lower read support, which are more compatible with an HSR interpretation. However,
again, we were unable to find evidence of breakpoints that would link this amplicon to

another genomic region, which argues against an HSR.

The solution to the breakpoint graph of TCGA-06-0145 shows the possibility of three
distinct paths that incorporate all breakpoints and explain the observed copy number,
and each path predicts a different form of EGFR. EGFR is intact in the dominant
path (seven of every nine copies). The remaining two paths, each present in one of nine
copies, feature breakpoints that are internal to the EGFR gene, with one path producing
a nonfunctional form of EGFR and the other deleting exons 2 to 7 of EGFR. This form
of EGFR is known as EGFRvVIII, a highly oncogenic, constitutively active form of EGFR
that is expressed in multiple tumor types [89]. This is interesting because it suggests

two scenarios: (i) EGFRvVIII emerges after wild-type EGFR is significantly amplified
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or (ii) EGFRVIII is created early but cells with more copies of wild-type EGFR have a
selective advantage in the tumor population. The former scenario seems most plausible,
as the increased EGFRvIII mutant will emerge. Regardless of the true scenario, the
ratio of EGFRvIII to wild-type EGFR. suggests that a high copy number of oncogenic
EGFRvIII may not be necessary to provide significant advantage over the wild-type

amplification to the growing tumor cell.

2.3.3 Transcriptome data reveals a novel double minute chromosome-

associated fusion protein

For one of the three tumor samples examined in this study (TCGA-06-0648), RNA
sequencing was also conducted by TCGA. We analyzed these data together with that
from the nine other samples in the initial glioblastoma multiforme RNA-Seq batch to
examine the expression of alleles associated with the TCGA-06-0648 double minute
chromosome. As expected from the absence of the promoter and first exon, RAP1B
expression was half that of the other glioblastoma multiforme samples that do not
have amplifications in this region, suggesting that only the intact copy of RAP1B on
chromosome 12 is expressed and the double minute chromosome allele is not expressed.
In contrast, MDM2, CANDI1, and the first eight exons of CPM were expressed at more
than 15-fold higher levels than was observed in the glioblastoma multiforme samples

lacking amplification of these genes (Table 2.1).
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Figure 2.2: Reconstruction of 06-0145 amplicons. A, browser shot of the amplicon
on chromosome 7. Tracks as described for Fig. 2.1. The two “Amp. Germline SVs” are
known germline breakpoints present on the amplicon. B, diagram of the three paths
that together form a potential solution of the breakpoint graph for sample TCGA-06-
0145 that accounts for all observed, highly supported breakpoints. The location of the
gene EGFR is noted. Note that all paths, A, B, and C, can create circular solutions
by using the encompassing tandem duplication shown in red to connect the end of each
path to the beginning. The tandem duplication may also connect path A to path B,
path C to path B, and so on. C, the effects of each path on the EGFR gene, showing
that path B creates an oncogenic form of EGFR, EGFRvVIII, through specific deletion

of exons 2 to 7.
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Expression?®

Sample MDM2 CPM (exons 1-8) CAND1 RAP1B
TCGA-GBM-02-0033 2,849 1,180 18,717 22,098
TCGA-GBM-06-0124 3,504 662 15,256 14,654
TCGA-GBM-06-0126 3,247 906 14,808 10,403
TCGA-GBM-06-0155 1,955 911 17,741 32,690
TCGA-GBM-06-0214 5,382 2,783 15,000 15,429
TCGA-GBM-06-0216 3,050 143 20,966 14,595
TCGA-GBM-06-0648 57,126 9,888 480,414 8,493
TCGA-GBM-06-0879 1,235 498 12,833 14,488
TCGA-GBM-12-0692 909 224 14,716 11,022
TCGA-GBM-14-0786 2,305 514 17,484 13,911
Avg® 2,382 630 16,565 16,733
0648 fold increase 23.98 15.70 29.00 0.51

2Expression reported as normalized transcript coverage (coverage per transcript per million uniquely mapped paired-end reads).
PExcludes 06-0214 and 06-0648, which have MDM2 amplification.

Table 2.1: RNA-Seq-based expression estimates of 06-0648 double minute
chromosome-associated genes

For CPM, we observed that many reads originating in exon 8 terminated in a region
1.47 Mb away from it in the normal version of chromosome 12, but only 13.5 kb away
in the double minute chromosome. Closer analysis of this region revealed that the
5" end of these reads are just downstream of a canonical splice-site acceptor sequence
that generates a new exon encoding a novel 30 amino acid carboxy terminus for the
double minute chromosome-derived CPM allele (Fig. 2.3). This region is not part of
any known transcript and the resulting protein sequence has no strong homology to any
other proteins. This sequence is unlikely to provide a GPI anchor site; therefore, we
anticipate that the double minute chromosome-derived CPM protein would be secreted.
It is not clear what the functional effect of expressing this altered CPM gene would be,
although it may affect EGF metabolism as both membrane bound and secreted forms

of CPM are known to cleave the carboxy-terminal arginine of EGF [86].

In summary, from the point of view of gene expression, the double minute chromosome
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Figure 2.3: Novel CPM C-terminal exon expressed from the TCGA-06-0648
double minute chromosome. The top line shows the appropriate region from Fig.
2.1C, with sequencing reads where the other pair maps to exon 8 of CPM below. The
bottom panel shows the orientation of the new exon relative to CPM and its amino acid
sequence.

results in overexpression of MDM2, CANDI1, and a novel form of CPM in this tumor

sample.

2.3.4 TCGA-06-0648 and TCGA-06-0145 amplicons exist as double

minute chromosomes

The ability to distinguish HSRs from double minute chromosomes from short-read se-
quencing data is limited. To independently assess the nature of the amplification events
in these tumors, we conducted FISH analysis on paraffin sections derived from tumors
TCGA-06-0648 and TCGA-06-0145 using probes to MDM?2 (amplified in TCGA-06-

0648) and EGFR (amplified in TCGA-06-0145; Fig. 2.4). Material was unavailable
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Figure 2.4: Visualization of glioblastoma multiforme tumor oncogenic am-
plicons. FISH analysis of formalin-fixed paraffin-embedded blocks matching samples
06-0145 (A) and 06-0648 (B). Probes for the centromeric region of chromosome 7 (A)
and chromosome 12 (B) shown in green gave two to four foci per cell. Probes for EGFR
(A) and MDM2 (B) are shown in pink. White arrows point to broad, HSR-like staining
patterns, and yellow arrows point to discrete extrachromosomal spots.

for TCGA-06-0152. In 0648, the MDM2 probe gave a punctate pattern throughout
the nucleus, indicating many nonchromosomal sites of MDM?2, typical of double minute
chromosomes. In contrast, the EGFR probe gave a broad pattern of staining in addition
to punctate spots for TCGA-06-0145, consistent with a combination HSR and double

minute chromosomes.

2.3.5 Prevalence of putative double minute chromosomes/HSRs in ex-

ome sequencing data

Exome sequencing is cheaper than whole-genome sequencing, and samples of tumors
that have been subjected to exome sequencing are more plentiful. Evidence for double

minute chromosomes can be obtained from exome-sequencing by searching for patterns
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of multiple regions of high-level amplification overlapping at least one oncogene, a pat-
tern common to the double minute chromosome-containing samples we analyzed. In
contrast, broad or chromosome arm-level amplification events as well as focal events
with a modest level of amplification (e.g., duplications) are not expected to be part
of a double minute chromosome. To estimate the prevalence of double minute chro-
mosomes/HSRs in glioblastoma multiforme, we searched a set of 264 TCGA samples
with tumor and matched-normal exome sequencing data for signatures of double minute
chromosomes. As detailed in the Materials and Methods, we first conducted a compu-
tational survey of samples to identify samples exhibiting focal extreme amplification(s),
prioritizing those samples with multiple distinct peaks on one or more chromosomes. A
careful manual review of these samples was conducted to assess the likelihood that the
sample contains a double minute chromosome, looking for the quality of relative copy
number calls, any evidence of structural variation associated with the amplified peaks,

and the presence of potential oncogenes.

As described in Table 2.2 and Supplementary Table C.1, 61 samples (23%) have features
suggesting the presence of a double minute chromosome. A total of 121 oncogenes were
amplified across these 61 samples, with at least one oncogene identified in every putative
double minute chromosome. EGFR was the oncogene most frequently associated with
these high-level amplicons, followed by CDK4 and MDM2. MYCN, which has been
identified in a number of glioblastoma multiforme double minute chromosomes [11], was

associated with amplicons in two samples. As a group, the putative double minute
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Total samples 264

Total potential double minutes 61
Potential DM with EGFR 46
Potential DM with CDK4 18
Potential DM with MDM2 14

Table 2.2: Summary of amplicons found in TCGA GBM exomes

chromosomes/HSR-containing samples showed similar survival to the cohort of samples
analyzed by exome sequencing (data not shown). Taken together, these results suggest
that almost a quarter of glioblastoma multiforme samples have oncogenic amplicons

present at high copy number.

2.3.6 Validation of exome sequencing-based prediction of double minute

chromosomes/HSR-containing samples

Recently, the TCGA project conducted whole-genome sequencing on an additional 25
tumor /normal pairs from the glioblastoma multiforme cohort. This new dataset con-
tains 23 samples that we predicted to harbor a double minute chromosome/HSR on the
basis of our curation of the exome data for these samples. Although complete analysis of
this data is being pursued by the Analysis Working Group, we conducted a preliminary
analysis using BamBam and the methods described earlier to identify circular amplicons
in these samples (summarized in Supplementary Table C.2). For 16 of the 23 samples,
we were able to reconstruct at least one circular amplicon. For the remaining 7 of the

23 samples, multiple highly amplified peaks were identified with breakpoints connecting
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many, but not all, of the peaks. We could not reconstruct circular amplicons for these
samples, although the possibility remains that rearrangement breakpoints allowing for
a circular solution were not detected for technical reasons. For 2 of the 25 samples
where we did not predict a double minute chromosome/HSR based on the exome se-
quencing data, we also did not detect highly amplified genomic regions with associated

rearrangements in the whole-genome sequencing data.

This larger set of samples with circular amplicons allowed us to look for common features
associated with these samples compared with TCGA glioblastoma multiforme samples
where exome data suggests no amplicons. Previous studies identifying medulloblastomas
with chromothripsis-associated double minute chromosomes and other complex genetic
rearrangements noted that such samples harbor p53 mutations [111, 94]. However, there
was no enrichment of pb53 mutations in the samples with circular amplicons in this
sample cohort. The only significant association we observed was with PTEN deletion
(Bonferroni-adjusted P value = 0.0052), a common event in glioblastoma multiforme

tumors.

Focusing on the 16 samples where we successfully reconstructed circular amplicons with
at least one oncogene, a mixture of simple and complex amplicons was observed. One
sample harbored two simple circular amplicons, each containing one genomic segment
with an oncogene and the remaining five had a single oncogenic amplicon containing
one genomic segment (Supplementary Table C.2). Ten samples are complex, harboring

multiple highly amplified segments from one or more chromosomes. Of these 10, six
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samples have at least two circular amplicons. Together, these results strengthen our
estimates of the prevalence double minute chromosomes/HSR amplicons in glioblas-
toma multiformes and suggest that samples containing such amplicons can often harbor

multiple independent amplicons.

2.4 Discussion

The ability to integrate relative copy number with breakpoints enables us to understand
the topology of vital parts of the cancer genome. By examining the overall pattern of
amplification events in the TCGA glioblastoma multiforme whole-genome sequencing
data, we found that some samples had multiple highly amplified segments of similar
copy number. Surprisingly, for many of these highly amplified tumor regions, we are
able to completely explain both the observed copy number and highly supported break-
points surrounding them by solving a simple breakpoint graph, which describes the
order and orientation of the highly amplified segments in the tumor genome. For the
three glioblastoma multiforme samples analyzed in detail here, the optimal solutions
to the breakpoint graphs of amplified segments are circular amplicons. These circular
solutions suggest that the observed amplified regions are double minute chromosomes

or HSRs.

Sequence coverage of 30X could be limiting our ability to detect breakpoints associated

with the chromosomal integration site of an array of these amplicons, as the copy number
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of the breakpoint at the integration site is much lower than that of the amplicon. Thus,
at this coverage we cannot reliably distinguish between a double minute chromosome
and an HSR with our bioinformatic analysis. The availability of tissue sections derived
from these same tumor samples did allow us to directly address this issue for two
samples. FISH analysis of one sample, TCGA-06-0648, is consistent with a double
minute chromosome, whereas another, TCGA-06-0145, gives a pattern suggestive of a

combination of double minute chromosome and HSR.

Much can be learned through precise knowledge of the amplicon structure. Genes
whose coding or promoter regions are disrupted by the amplicon structure are obvious
passenger gene candidates, provided that transcriptional machinery is unable to create
a novel transcript like the one observed with the birth of a new exon for the CPM
gene. Highly expressed genes such as MDM?2 that remain intact may drive tumor
development and/or play a role in tumorigenesis, using the double minute chromosome’s
ability to rapidly reproduce to significantly increase the oncogenic capacity of these cells.
The highly amplified state of these oncogene-harboring amplicons indicates that they
have strong oncogenic potential and, thus, confer a selective advantage to the tumor
cell. Their formation was likely a key event in the tumorigenesis of these glioblastoma

multiforme tumors and they are likely to persist overtime.

Examining the larger set of over 250 TCGA glioblastoma multiforme samples for which
there is exome data suggests that oncogenic amplicons are quite prevalent as they are

found in almost a quarter of the samples. Using recently generated whole-genome
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sequencing data for an additional 23 samples from the set of samples where we had pre-
dicted double minute chromosomes/HSRs from exome sequencing data, we were able
to confirm all of these samples had highly amplified genomic segments with rearrange-
ments connecting at least some of the amplified segments. Further, we were able to
reconstruct circular amplicons for 16 of these samples and discovered that six had mul-
tiple amplicons as we had observed for TCGA-06-0152, suggesting that the presence of
multiple amplicons is common, and that they persist by conferring a combined selec-
tive advantage to the tumor cells. These results bolster the notion that chromothripsis
type events occur with reasonable frequency in glioblastoma multiforme and, through

amplification of oncogene expression, contribute to tumorigenesis.

The prevalence of these amplicons suggests that tumor specific breakpoints associated
with double minute chromosomes amplicons may be a potential diagnostic for the pres-
ence of tumor cells in a significant fraction of patients with glioblastoma multiforme,
especially if double minute chromosome-derived DNA is present in the blood. Several
recent observations suggest the possibility of finding such tumor DNA in the blood
of patients who have glioma. Skog and colleagues reported microvesicles that bud off
from glioblastoma multiforme tumor cells with lipid bilayers intact, carrying cytoplas-
mic contents of the tumor cell such as mRNA, miRNA, and angiogenic proteins [129].
These vesicles can deliver their contents to other cells or blood. More recently, Balaj
and colleagues have isolated microvesicles containing single stranded DNA (ssDNA)

with amplified oncogenic sequences, in particular c-Myc [7]. Tumor nucleic acids leaked
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into the blood in this manner or via macrophages that engulf necroticor apoptotic cells
have been proposed as possible disease biomarkers in several cancers including glioma
[124, 69]. Indeed, a recent study robustly detected tumor-associated rearrangements
from patients who have breast and colorectal cancer via high-throughput sequencing of
the cell-free, plasma fraction of blood [71]. The methods described in this study could
readily be applied to such sequencing data and, thus, potentially provide a noninvasive

method to characterize and monitor patients with glioma.
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Chapter 3

Comprehensive and Integrative
Genomic Characterization of Diffuse

Lower Grade Gliomas

Another form of gliomas, termed lower-grade gliomas (LGG), have historically been
thought of as less aggressive than GBM and often eventually progress to GBM. This
chapter describes work by The Cancer Genome Atlas (TCGA) consortium, for which I
have been heavily involved, describing a new method of classification of LGG samples.
This classification reveals one subtype of LGG which is just as aggressive as GBM and
has features very similar to GBM, suggesting these patients may benefit from more
aggressive treatment. This work demonstrates how this new method of clinical classifi-

cation is more accurate and groups patients into more clinically relevant subtypes than
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the current standard classification, which is histology and grade.

This chapter contains text from the paper ”Comprehensive and Integrative Genomic
Characterization of Diffuse Lower Grade Gliomas” by The Cancer Genome Atlas Net-
work submitted to The New England Journal Of Medicine in 2014. I performed the
cluster of clusters analysis described in figures 3.1 and A.3 and sections 3.2.2, 3.3.2 and
3.3.8, the comparison of copy number alterations between IDHwt LGG and GBM in
figure 3.3A and sections 3.3.3, 3.3.5 and 3.3.8 and processed data used to compare mu-
tations, copy number changes and structural variants in figure 3.3B and sections 3.3.3,
3.3.5 and 3.3.8 (the generation of the figure was completed by Olena Morozova). I also
analyzed deletions in CDKN2A /B described in figure A.1 and section 3.3.8. I processed
and analyzed genomic rearrangement data from the tool, BamBam (developed and run
by Zachary Sanborn), described in figure 3.3B, table C.3 and section 3.3.6 and per-
formed the double minute/breakpoint-enriched region analysis described in figures 3.3A
and A.2, table C.3 and section 3.3.6. Finally, I performed the initial survival analysis
described in figure 3.4B and section 3.3.9, although the final version of the figure was

re-made by Laila Poisson.

3.1 Introduction

Diffuse low grade and intermediate grade gliomas (WHO grades II and III, hereafter

called lower grade gliomas (LGQG)) are infiltrative neoplasms that arise most often in
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the cerebral hemispheres of adults and include astrocytomas, oligodendrogliomas and
oligoastrocytomas of World Health Organization (WHO) grades II and III [78, 98]. Due
to their highly invasive nature, complete neurosurgical resection is nearly impossible,
and residual neoplasms eventually undergo malignant progression, yet with highly vari-
able intervals. A subset will progress to glioblastoma (GBM, WHO grade IV) within
months, while others remain stable for years. Similarly, survival ranges widely from 1-15
years, with some LGG showing impressive chemosensitivity [18, 82]. Current treatment
varies with extent of resection, histology, grade and results from ancillary testing, and
includes clinical monitoring, chemotherapy, and radiation therapy, with salvage options
available upon treatment failure [14, 120]. Although comprehensive molecular profiling
has greatly clarified the pathogenic landscape of GBM, LGG remain less understood

(15, 21].

While histopathologic classification of LGG is time-honored, it suffers from high intra-
and interobserver variability [78, 31, 143]. Consequently, clinicians increasingly rely on
genetic classifications to guide clinical decision-making [120, 139, 140, 148]. Mutations
in IDH1 and IDH2 characterize the majority of LGG and define a subtype with favorable
prognosis [57, 105, 155]. Those with chromosome 1p/19q co-deletion, most often noted
in oligodendrogliomas, have better responses to chemotherapy and longer survival [17,
19, 46]. TP53 and ATRX mutations are more frequent in astrocytomas and are also
important markers of clinical behavior [61]. To gain additional insights, we performed

a comprehensive analysis of 293 LGG, using multiple advanced molecular platforms, to
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provide a deeper understanding of their features, to classify them in a clinically relevant

manner, and to shed light on potential targets for therapy.

3.2 Methods

3.2.1 Patients

Tumor samples were from 293 adults with previously untreated LGG (WHO grade IT and
IT) and included 100 astrocytomas, 77 oligoastrocytomas and 116 oligodendrogliomas
[149]. Diagnoses were established at contributing institutions and a quality review was
performed by TCGA neuropathologists. Patient characteristics are described in Tables
3.1, S1 and S2, and in Supplementary Information. We obtained appropriate consent
from relevant Institutional Review Boards. The range of patient ages, tumor locations,
clinical histories and outcomes, histologies and grades were typical of patients diagnosed

with diffuse glioma [149].

3.2.2 Analytic Platforms

We performed exome sequencing (n= 289), DNA copy number profiling (n=285), mRNA
sequencing (n=277), microRNA sequencing (n=293), DNA methylation profiling (n=289),
and reverse-phase protein lysate array (RPPA) protein expression profiling (n=255).

Complete data for all platforms were available for a core set of 254 LGG. Whole genome
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sequencing and low pass whole genome sequencing were performed on 21 and 52 sam-
ples, respectively. The molecular data package associated with this report was frozen on
1/31/2014. Clinical data were frozen on 8/25/2014. The complete list of data sets is pro-
vided in Table S1. Data are available through the Cancer Genome Atlas (TCGA) data
portal (https://tcga-data.nci.nih.gov/tcga) and CGHub (https://cghub.ucsc.edu/). In
addition to single platform molecular characterization, we also performed unsupervised
analysis that integrated results from multiple platforms, including Cluster of Cluster
(CoC) and OncoSign [27]. Briefly, CoC is a second level clustering of class assignments
derived from each individual molecular platform. OncoSign classifies tumor samples
based on similarity of recurrent somatic events. Statistical analysis includes Fishers
exact test for association between categorical variables; one-way ANOVA for associa-
tion with continuous outcomes; Kaplan-Meier estimates of survival with log-rank tests
between strata; and Cox proportional-hazards regression for multi-predictor models of

survival. In depth descriptions of methods are found in the Supplemental text.

3.3 Results

3.3.1 Histology and molecular subtype

In order to compare tumor profiles derived from molecular platforms with both his-
tologic classification and with markers frequently used in clinical practice (IDH mu-
tation and 1p/19q co-deletion status), we classified all LGG in our cohort as either:
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1) IDH-mutated, 1p/19q co-deleted (IDHmut-codel); 2) IDH-mutated, 1p/19q non-
co-deleted (IDHmut-non-codel); or 3) IDHwildtype (IDHwt). Consistent with prior
reports [19, 2, 44, 85], we showed a strong correlation of IDHmut-codel status with
oligodendroglioma histology (69/84) (Table 3.1). IDHmut-non-codel samples (n=139;
50% of cohort) represented a mixture of LGG histologies, enriched for astrocytomas
and oligoastocytomas. IDHwt samples were mostly astrocytomas (31/55) and grade III
LGG (42/55), yet also included other histologies and grades (Table 3.1). Overall, IDH-
1p/19q status correlated well with oligodendrolioma classification, but only modestly

with astrocytoma and oligoastrocytoma histologies.

3.3.2 Multiplatform integrative analysis

Grouping of tumors based on molecular patterns has shown robust associations with
disease biology in GBM [95, 107, 145]. To assess whether similar associations could be
established in LGG, we performed unsupervised clustering of molecular profiles derived
from four independent platforms and demonstrated well-defined subtypes based on DNA
methylation (5 clusters; Figure S1-5); gene expression (4 clusters; Figure S6-7); DNA

copy number (3 clusters; Figure S8); and microRNA (4 clusters; Figure S9-10).

To integrate data from individual molecular platforms and compare profiles to histol-
ogy and IDH-1p/19q status, cluster group assignments defined by the four individual

platforms (DNA methylation, mRNA, DNA copy number, and microRNA) were used
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Total IDHmut IDHmut IDHwt
(n=278£) codel non-codel  (N=55)
(N=84) (N=139)
Histological Type ## and Grade ## Oligodendroglioma Il 65 (23%) 38 (45%) 21 (15%) 6 (11%)
Oligodendroglioma I11 44 (16%) 31 (37%) 6 (4%) 7 (13%)
Oligoastrocytoma Il 41 (15%) 9 (11%) 30 (22%) 2 (4%)
Oligoastrocytoma IlI 33 (12%) 4 (5%) 20 (14%) 9 (16%)
Astrocytoma Il 30 (11%) 1(1%) 24 (17%) 5 (9%)
Astrocytoma IlI 65 (23%) 1(1%) 38 (27%) 26 (47%)
Age (Yrs) at Diagnosis ## Mean (SD) 42.6 (13.5) 45.4(13.2) 38.1(10.9) 49.9(15.3)
Min, Max 14,75 17,75 14,70 21,74
Gender Male 155 (56%) 45 (54%) 84 (60%) 26 (47%)
Race (self-report, n=274) White 261 (95%) 79 (98%) 131 (95%) 51 (93%)
Ethnicity (self-report, n=261) Hispanic/Latino 14 (5%) 5 (6%) 6 (5%) 3 (6%)
Treating Country United States* 265 (95%) 81 (96%) 131 (94%) 53 (96%)
Year of Diagnosis Before 2005 38 (14%) 0 (12%) 18 (13%) 10 (18%)
2005-2009 88 (32%) 30 (36%) 44 (32%) 14 (25%)
2010-2013 152 (65%) 44 (52%) 77 (55%) 31 (56%)
Family History of Cancer (n=190**)#  No History 108 (56%) 30 (52%) 64 (65%) 13 (38%)
Primary Brain 1(6%) 2 (3%) 7 (7%) 2 (6%)
Other Cancers 72 (38%) 26 (45%) 27 (28%) 19 (56%)
Extent of resection (n=268) Open Biopsy 6 (2%) 1(1%) 4 (3%) 1(2%)
Subtotal Resection 98 (37%) 31 (38%) 45 (34%) 22 (40%)
Gross Total Resection 164 (61%) 49 (60%) 83 (63%) 32 (58%)
Tumor Location## Frontal Lobe 172 (62%) 68 (81%) 84 (60%) 20 (36%)
Parietal Lobe 23 (8%) 5 (6%) 13 (9%) 5 (9%)
Temporal Lobe 74 (27%) 9 (11%) 40 (29%) 25 (45%)
Other+ 9 (3%) 2 (2%) 2 (1%) 5 (9%)
Laterality (n=276) Left 133 (48%) 37 (44%) 69 (50%) 27 (49%)
Midline 5 (2%) 2 (2%) 2 (1%) 1(2%)
Right 138 (50%) 45 (54%) 66 (48%) 27 (49%)
White vs. Grey Matter (n=144) White Matter 74 (51%) 26 (54%) 37 (51%) 1 (46%)
First Presenting Symptom (n=252) Headache 64 (25%) 15 (21%) 39 (30%) 10 (20%)
Mental Status Change 22 (9%) 7 (10%) 10 (8%) 5 (10%)
Motor/Movement Change 18 (7%) 6 (8%) 7 (5%) 5 (10%)
Seizure 135 (54%) 38 (53%) 70 (54%) 27 (53%)
Sensory Change 6 (2%) 3 (4%) 1(1%) 2 (4%)
Visual Change 7 (3%) 3 (4%) 2 (2%) 2 (4%)
Use of Preoperative Antiseizure Yes 148 (73%) 48 (75%) 73 (72%) 27 (75%)
Med. (n=202)
Use of Preoperative Corticosteroids  Yes 90 (43%) 29 (43%) 46 (44%) 5 (43%)

(n=207)

£ Eleven cases with clinical information do not have IDH/Codel status determined

* Twelve cases were submitted from Russia (3 IDHmut-codels 7 IDHmut-non-codel, 2 IDHwt), and three case from Italy (1 IDHmut-non-

codel, 2 unknown IDH/codel)

** Cases with response to both questions of family history of any cancer (n=192) and of family history of primary brain

cancer (n=197)

+ One case (IDHw) was in the cerebellum, three cases were in the occipital lobe (2 IDHmut-codel, 1 IDHmutnon-coder) @nd five
cases were listed as “supratentorial, not otherwise specified” (1 IDHmut-non-codel, 4 IDHuwt)

Table 3.1: Clinical characteristics of the sample set. Clinical characteristics are pre-
sented in total and by IDH mutant status and 1p/19q co-deletion status within the IDH
mutant group. The number of samples with known information is given when complete
data are not available. Count, and percentage within group, is given for categorical
variables and distributions are compared by Fishers exact test. Mean, SD, and range
are given for age at diagnosis and ANOVA was used to compare groups. Significance is
noted as + 0.10< p <0.05, # p<0.05, ## p<0.01.
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for a second level cluster of clusters (CoC) analysis. CoC defines a consensus clustering
of the 254 LGG with molecular data from all 4 platforms [90] and resulted in 3 CoC
clusters representing distinctive biological themes (Figures 3.1 and A.3). We found a
strong correlation between CoC cluster assignment and molecular subtype as defined
by IDH mutation and 1p/19q co-deletion status: the large majority of IDHwt LGG are
in the CoC cluster with overlapping mRNA R2, microRNA Mi3, DNA methylation M4

and DNA copy number C2 groups.

Another CoC cluster contains almost all IDHmut-codel LGG and includes primarily R3,
M2 and M3, and C3 clusters. The third CoC cluster was highly enriched for IDHmut-

non-codel LGG and includes R1, M5, C1 and Mil classes.

To determine the relative strength of clinical LGG classification schemes in captur-
ing the biologic subsets revealed by CoC analysis, we next compared IDH-co-deletion
subtype to histology for correlation with CoC cluster assignment. Among 282 sam-
ples with both IDH/co-deletion status and CoC cluster assignments, 127/141 (90%) of
IDHmut-non-codel tumors mapped to CoCl; 44/56 (79%) of IDHwt tumors to CoC2;
and 82/85 (96%) of IDHmut-codel tumors to CoC3. In contrast, comparison of his-
tology to CoC (293 samples) showed that 62/100 (62%) of astrocytomas mapped to
CoC1; 51/77 (66%) of the oligoastrocytomas also mapped to CoC1; and 72/116 (62%)
of the oligodendrogliomas mapped to CoC3. None of the histologies showed predomi-
nant mapping to CoC2. Importantly, the concordance between IDH-codel status and

CoC cluster assignment was much greater than that of histology (adjusted Rand indices
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Figure 3.1: Multiplatform analyses point to biologic subtypes defined by IDH
mutation and 1p/19q codeletion status. Cluster of clusters analysis uses the cluster
assignments derived from individual molecular platforms to stratify tumors, thereby
integrating data from analysis of mRNA (green), miRNA (purple), DNA methylation
(blue) and copy number (red). For each sample, membership in a particular cluster is
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0.79 versus 0.20 Table S2E), suggesting that IDH-codel status provides a simple and
accurate reflection of specific LGG biologic subsets. Taken together, integrated analysis
of 4 genome-wide platforms resulted in three robust and concordant LGG biologic sub-
types whose membership could be largely defined by their IDH and 1p/19q co-deletion

status; correlation with histologic classes was poor by comparison.

3.3.3 Mutational landscape of LGG

We generated a consensus mutation set based on three mutation calling algorithms (see
Methods in Supplemental text), yielding 9,885 mutations detected in 289 samples and
corresponding to a frequency of 0.66 mutations per Mb in coding regions (median, 29
mutations/sample; range, 0-597). IDHwt LGG exhibited a higher number of mutations
per sample (median, 45) than IDHmut-codel LGG (median, 27; p<0.001) or IDHmut-
non-codel LGG (median, 28; p<0.001) (Figures S11-13). LGG mutation frequencies
were lower than those for GBM; higher than those for medulloblastoma; and interme-
diate in the spectrum of mutation frequencies reported for TCGA malignancies (see
Figure S11) [70]. Mutations in LGG subsets were dominated by C > T transitions, as
shown in Figure S12. One IDHwt sample had a relatively high number of mutations
(597), possibly associated with somatic missense mutations in DNA repair genes POLE

and MLH1.

We identified statistically significant DNA copy number alterations and gene mutations
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for each of the three molecular subtypes (Figures 3.2A, 3.3, S14A, A.1; Tables S3, S4).
Consistent with prior findings [10] we found CIC mutations in 62% and FUBP1 in 29%
of LGG in the IDHmut-codel group, but not in other molecular subtypes, and also
observed mutations in PI3 kinase pathway genes, PIK3CA (20%) and PIK3R1 (9%).
Other mutations in this subtype included NOTCH1 (31%) [10, 64, 158], and novel
mutations in ZBTB20 (9%), and ARID1A (6%)(Figure 3.2A). Among IDHmut-codel
samples, TERT promoter mutations were present in 96%; ATRX mutations were ex-
tremely rare in this subset, consistent with prior studies showing mutual exclusivity of
these mutations [65]. TERT expression was significantly higher in IDHmut-codel than
IDHmut-non-codel LGG, as expected from an activating mutation (Figure 3.2B). The
IDHmut-codel subtype showed focal amplification 19p13.3 (Figures 3.2B, S14A), but
few other recurring whole arm copy number alterations aside from 1p and 19q loss (Fig-
ure S8B). Differences in mutational frequency and copy number alterations in grades
IT and IIT were modest (Figures 3.2, 3.3A, S21A). Overall, integrated genomic analysis
suggests that one route of LGG initiation starts with IDH mutation, followed by 1p/19q
co-deletion and TERT activation with deactivation of CIC, FUBP1, and activating mu-
tations/amplifications in the PI3K pathway. NOTCHI1 mutations in IDHmut-codel
LGG were most likely inactivating, since they occurred in sites similar to inactivating
mutations in lung, head and neck and cervical cancers (Figure S15), but not at acti-
vation sites, as described in T cell acute lymphoblastic leukemia [150] (Figure S15).
PARADIGM-Shift [92] analysis (Figure S16), which evaluates downstream targets to

assess pathway status, also suggested NOTCH1 mutations were inactivating in LGG
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[22]. Prior studies have identified NOTCHI1 mutations in both oligodendroglioma and
anaplastic astrocytoma [10, 64, 158]. We identified them most frequently in IDHmut-

codel LGG, yet also rarely in IDHmut-non-codel and IDHwt LGG (Figure 3.2A).

Among 141 IDHmut-non-codel cases, 94% harbored inactivating TP53 mutations and
86% had inactivating alterations of ATRX, including mutations (79%), deletions (3%),
gene fusion (2%) or two aberrations (2%). TERT promoter mutations were rare (4%)
in this group consistent with the alternative lengthening of telomeres (ALT') associated
with ATRX mutations [65]. Concurrent somatic alteration of IDH1, ATRX and TP53
suggests the combined deregulation of metabolism, chromatin organization and apop-
tosis pathways, respectively, as a mechanism of LGG development in this subtype. The
mutually exclusive mutational profiles observed between the IDHmut-codel and IDHmut
non-codel subtypes likely reflect distinct molecular mechanisms of LGG oncogenesis and
suggest a near requirement for either 1p/19q co-deletion or TP53 mutation following
IDH mutation. While prior studies have shown enrichment of oligodendrogliomas for
1p/19q codeletion and of astrocytomas for TP53 mutations, with oligoastrocytomas
showing weaker associations with these markers, we demonstrate that IDH mutant LGG
are either 1p/19q codeleted or TP53 mutated, with minimal overlap or gaps, indicating

a strict molecular dichotomy in IDH mutant gliomas [4].

Two significantly mutated genes in the IDHmut-non-codel LGG have not been pre-
viously reported: the SWI/SNF chromatin remodeler SMARCA4 (6%), implicated in

glioma progression [58]; and the translation initiation factor EIF1AX (<1%), for which
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somatic mutations have been found in uveal melanoma [84] (Figure 3.2A; Table S4).
IDHmut-non-codel LGG showed focal gains of 4q12, a locus harboring the receptor ty-
rosine kinase (RTK) PDGFRA; 12q14, involving cell cycle regulator CDK4; and 8q24,
possibly targeting MYC (Figure S14A), analogous to prior findings in IDH1-mutant
(MYC) and IDH1-wt (CDK4/PDGFRA) proneural GBM [15]. Histologic grade III tu-
mors in this subset had greater frequencies of chromosome 9p and 19q losses, as well
as 10p gains, suggesting these events may occur with progression (Figure 3.3A). Mu-
tational profiles in this subset did not differ substantially between grades II and III

(Figure S21B).

3.3.4 Signaling networks in LGG

To use a multiplatform approach for classifying LGG that also incorporates their mu-
tational landscape, we performed OncoSign analysis [27] using 64 selected functional
genetic and epigenetic events. This approach identified four dominant tumor subtypes
(OSC1, 2, 3 and 4), which again largely recapitulated those defined by IDH muta-
tion and 1p/19q status (adjusted Rand index, 0.83) (Figure 3.2B; Table S2E). OSC1
showed strong correlation with IDHmut-non-codel and OSC4 contained exclusively ID-
Hwt LGG. The IDHmut-codel group contained both OSC2 and OSC3 LGG, which
differed by the presence of mutations in CIC, FUBP1 and NOTCHI1, yet were simi-
lar in terms of tumor grade and patient outcome. The concordance of IDH mutation

and 1p/19q status with two multiplatform genomic data integration approaches (CoC
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and OncoSign) is striking and contrasts sharply with the much weaker relationship be-
tween histology and unsupervised multiplatform classes (Table S2E). Given the high
inter-observer variability of histopathologic diagnosis [1, 144], the finding that clinically
available markers (IDH, 1p/19q) are capable of classifying LGG in a manner similar
to the unsupervised stratification of genome-wide data suggests that IDH and 1p/19q

status should be implemented as clinical classifiers of LGG on a routine basis.

3.3.5 IDHwt LGG and GBM

Seven gene mutations were highly associated with IDHwt LGG and five of these seven
were previously reported in the TCGA analysis of GBMs [15]: PTEN (23%), EGFR
(27%), NF1 (20%), TP53 (14%) and PIK3CA (9%). We also found novel mutations in
protein tyrosine phosphatase PTPN11 (7%) and phospholipase C gamma-1 (PLCG1;
5%) (Figure 3.2A). Similarly, copy number alterations in IDHwt tumors were distinct
from those of IDH-mutant tumors, and instead resembled IDHwt GBMs [15] (Figure
3.3A). In particular, chromosome 7 gain and 10 loss co-occurred in > 50% of tumors
in this subtype (chr7: 56% and chr10: 63%), yet were absent in IDHmut groups. Re-
curring focal amplifications containing EGFR, MDM4 and CDK4 (38%, 13% and 7%
respectively) and focal deletions targeting CDKN2A and RB1 (63% and 25%) were the
most frequent acquired copy number variants in the IDHwt subtype, and also mirrored
frequencies in IDHwt GBM (Figure 3.3B). These findings raise the possibility that some

clinically identified IDHwt LGG represent surgically undersampled GBMs; conversely,
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Figure 3.2: Muational landscape and unbiased clustering. Panel A shows the
mutational landscape of somatic alterations in LGG. a) Somatic mutation rates per
patient stratified by non-synonymous (blue) and synonymous mutations (green). b)
Clinical features associated with patients (see color legend). c¢) Genes significantly
mutated (MutSig2CV g-value < 0.1) in LGG. Mutation types are indicated in specific
colors (see color legend). Gray indicates no information available.

Panel B illustrates a) Unbiased clustering of tumors based on recurrent copy number
alterations, mutations, and gene fusions identifies four main classes (OncoSign Classes
or OSCs). White indicates no information available. Classes are largely consistent with
the molecular subtypes identified by IDH1/2 mutations and 1p/19q arm losses, and
are associated with single data type clusters and tumor histology. b) Combinations of
selected events, termed oncogenic signatures, characterize each OSC. A small group of
samples showed none of the recurrent events used in this analysis and were therefore
considered unclassified. ¢) TERT promoter mutation and gene overexpression was found
to be mutually exclusive with loss of ATRX, consistent with the hypothesis that both
alterations have a similar effect on telomere maintenance.
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the genomic similarity of IDHwt LGG to IDHwt GBM could also indicate that IDHwt
LGG represent an immediate precursor. In either case, IDHwt status in a surgically
sampled diffuse glioma lacking histologic criteria for GBM indentifies an aggressive tu-
mor, most often with clinical and genetic attributes of GBM; this represents a dramatic

improvement over a diagnostic practice based on histology alone.

3.3.6 Genomic rearrangements and fusion transcripts

We investigated 20 samples with high level whole genome sequencing, 50 samples with
low-pass whole genome sequencing and 311 samples with sequencing of coding regions
only, for the presence of structural chromosomal variants such as translocations and
inversions. This analysis uncovered 250 high-confidence chromosomal rearrangements,
of which 110 had both ends of the breakpoint within a protein-coding gene (Table
C.3). Additionally, 19 samples showed evidence of extrachromosomal DNA structures
known as double minute chromosomes/breakpoint-enriched regions (DM/BER) (Table
C.3, Figure A.2). Of these, 15 occurred in IDHwt samples (27%) (Figure 3.3A), sim-
ilar in frequency to that in GBM (23%) [15, 121, 161]. Analysis of RNA sequencing
data [141, 87] identified fusion transcripts in 265 LGG tumors (Table S6). Correlat-
ing fusion events to structural genomic variants suggested chimeric transcription for
44% of the high-confidence chromosomal rearrangements including two fusions involv-
ing EGFR (Figure 3.3B), and 58% of the DM/BER events. Thirty-seven transcript

fusion events involved protein kinases, and eleven affected significantly mutated genes.
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Several genes (EGFR, FGFR3, NOTCH1, ATRX, and CDK4) were affected by fusions
in multiple samples (Figure 3.3C). Activating RTK fusions of EGFR and FGFR3, pre-
viously found in GBMs [15, 128, 101], were restricted to IDHwt LGG at frequencies
comparable to GBM (7% and 3%, respectively; Figures 3.3C, S18, S19) [15]. A chimeric
and novel FGFR3-ELAVL3 transcript involved the same breakpoint as previously re-
ported FGFR3-TACC3 fusions and was highly expressed, suggesting similar effects on
FGFRS3 function. Three samples had fusions between EGFR and intergenic or intronic
regions on chromosome 7 that are predicted to remove the EGFR autophosphorylation
domain and are likely oncogenic (Figure 3.3C) [26]. Gene fusions involving RTKs were
predominantly a feature of IDHwt LGG, as only two IDHmut-non-codel tumors har-
bored RTK fusions (PDGFRA and MET), and none were identified in IDHmut-codel

samples.

3.3.7 LGG protein expression

Reverse-phase protein lysate array (RPPA) analysis resulted in protein expression pro-
files that demonstrated a striking segregation of IDHwt from IDHmut LGG, and a
consistent pattern of RTK pathway activation within IDHwt tumors, including EGFR
phosphorylation, providing additional support that IDHwt LGG are biologically sim-
ilar to GBM (Figures 3.3D, S20). The overexpression of HER2 in this subset rep-
resents a potential therapeutic target. Among the IDHmut-LGG, higher expression

of hematopoietic markers Syk, E-cadherin and Annexinl was noted in the non-codel
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group, whereas higher phosphorylated HER3 (PY1289) was identified in the IDHmut-
codel group. HER3 overexpression may be associated with resistance to PI3K inhibitors

[42].

3.3.8 From signatures to pathways

To gain insights into signaling pathways, we examined mutations, focal copy number al-
terations, structural variants and gene fusions affecting RTKs (EGFR, PDGFRA, MET,
FGFR), PI3 kinase subunits, MAP kinases, NF1 and BRAF, components of the p53
and RB1 pathways (MDM2, MDM4, MDM1, CDKN2A /B and CDKN2C), and ATRX.
Alterations across these loci were remarkably similar in frequency between IDHwt LGG
and IDHwt GBMs, but not other LGG subtypes (Figure 3.3B, 3.4A). Forty-three per-
cent of IDHwt LGG and 53% of IDHwt GBM tumors harbored an alteration in EGFR,
with EGFR amplification being the most frequent in both (Figure S21). Homozygous
CDKN2A /B deletions occurred in 45% of IDHwt LGG, similar in range to IDHwt GBM
(55%). This contrasts with IDHmut-non-codel LGG, in which large single copy dele-
tions of chromosome 9p were common, yet CDKN2A /B was homozygously deleted in
only 4% (Figure A.1). IDHmut tumors lacked IDHwt-GBM-associated cancer pathway
aberrations and instead had their own characteristic cancer pathway alterations that
included TP53 and ATRX (IDHmut-non-codel) and TERT, NOTCH1, CIC and FUBP1
(IDHmut-codel) (Figure 3.4A). Grade II IDHwt LGG were uncommon (13 cases), yet

differed in their mutational profile from grade III (Figure 3.3A, S21C, D). Grade II
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Figure 3.3: IDHwt LGG resemble IDHwt GBMSs. Panel A shows the frequency of
large-scale copy number alterations in specific LGG molecular subtypes, which have been
divided by histologic grade. The UCSC Cancer Genomics Browser [45] (https://genome-
cancer.ucsc.edu) was used to visualize GISTIC thresholded copy number calls across the
indicated chromosomes. Each horizontal line shows the copy number for an individual
sample colored red (amplification), blue (deletion), or white (normal) at each genomic
position. Percentages for the indicated event (far right, written vertically) are shown
in the bar charts on the right. IDHwt LGG have similar frequencies of gains and losses
as IDHwt GBMs and are distinct from IDHmut LGG. Panel B shows the frequencies
of mutational events commonly found in IDHwt GBM in the indicated LGG molecu-
lar subtypes, IDHmut-codel (N = 85), IDHmut-non-codel (N = 141), and IDHwt (N
= 56). Differences in mutational frequency by tumor grade are shown in Figure S21.
Panel C shows schematic representations of the activating receptor tyrosine kinase fu-
sions involving EGFR and FGFR3 that were identified in IDHwt LGG tumors. The
UCSC Cancer Genomics Browser view of exon-level expression for the fusion partners
is displayed for each fusion-positive patient. The exon-level expression tracks are lined
up with the fusion breakpoints in each case. Panel D shows the relative total and phos-
phoprotein expression levels from reverse phase protein array (RPPA) analysis. From
a cohort of 189 proteins, the 40 proteins shown here were found to be differentially
expressed (BH-adjusted p-value < le-5) among the three molecular subtypes. Expres-
sion levels of most of the receptor tyrosine kinase pathway proteins (highlighted) except
phosphoHERS3 are significantly elevated in IDHwt LGG compared to other subtypes.
All of the samples with EGFR amplification or fusion, and most of the samples with
EGFR mutation showed elevated EGFR expression levels.
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IDHwt LGG were highly enriched with tumors from the small, discrete M1 methylation
cluster (Figure 3.1, S1A), which display a low frequency of mutations and copy number
alterations, and do not have TERT promoter mutations, potentially indicating they
are distinct pathologic entities. TERT promoter mutations were present in 64% of the
IDHwt LGG; when M1 LGG are removed, TERT promoter mutations were present in

80% of those remaining, consistent with frequencies in primary GBM [65].

3.3.9 Clinical characteristics and outcomes of molecular subtypes

Patients with IDHwt LGG were older than those with IDHmut LGG and had a more
frequent family history of cancer (Table 3.1). Anatomic locations also differed, with
IDHmut LGG arising in the frontal lobes more often than IDHwt. Among 289 cases
with clinical follow-up, 77/250 (31%) experienced recurrence, and 60/289 (21%) were
deceased at the time of analysis. Consistent with molecular findings that showed simi-
larity of IDHwt LGG to GBM [50], survival analysis showed that patients with IDHwt
LGG had substantially shorter overall survival than IDHmut LGG (age adjusted haz-
ard ratio 7.4, 95% CI (4.0, 13.8)) and had a prognosis similar to IDHwt GBMs (Figure
3.4B, Table S2D). In comparison, LGG in the IDHmut-codel and non-codel groups were
associated with relatively prolonged median survivals of 8.0 years and 6.3 years, respec-
tively. Molecular classification of LGG as IDHwt, IDHmut-non-codel and IDHmut-codel
stratifies patient outcomes in multi-predictor models after adjusting for age and extent

of resection (Tables S2B-D). Grade, but not histological diagnosis, remains a signifi-
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cant predictor of outcome in multivariable models with IDH/codel status and provides
additional prognostic value among the molecular subsets (Table S2; Figure S22). To-
gether the results point to three robust LGG subtypes, each with prototypic molecular

alterations and distinctive clinical behaviors (Figure 3.4C).

3.4 Discussion

This integrative analysis of 293 diffuse LGG employed a comprehensive, multiplatform
approach to delineate biological foundations and establish potential therapeutic targets.
The findings are striking in their clarity and consistency: 1) unsupervised classification
from diverse genome-wide analytic platforms provides strong biologic justification for
subtyping LGG based on IDH and 1p/19q status as an improvement over conventional
histologic classification; 2) IDH mutant LGG are either 1p/19q codeleted or TP53 mu-
tant, with very few exceptions; and 3) the majority of IDHwt-LGG showed remarkable
genomic and clinical similarity to primary GBM. Our results have several immediate
clinical ramifications. Current management of LGG patients is based on histologic
classification schemes that suffer from significant interobserver variability [31, 143, 1].
Nevertheless, critical decisions regarding therapy depend on these distinctions [14, 120].
Our findings distilled the six possible histology and grade combinations into three ro-
bust and non-overlapping molecular subtypes, laying the groundwork for a reproducible

and clinically relevant classification that incorporates molecular data into the patho-
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Figure 3.4: Integrative analysis and clinical outcome. Panel A demonstrates path-
way alterations of LGG as a schematic that summarizes genomic alterations-mutations
and focal amplifications and homozygous deletions-in LGG across molecular subtypes.
Canonical RTK/PISK/MAPK, RB and p53 regulatory pathways are frequently altered,
as is telomere maintenance. However, alterations occur in different pathway compo-
nents depending on the LGG subtype. Panel B depicts the Kaplan-Meier estimates of
overall survival for the LGG samples classified by IDH mutation and 1p/19q co-deletion
as well as GBM samples (from previously published TCGA data [15]) classified by IDH
mutational status. Age-adjusted analysis can be found in Supplemental Table 2, while
further division by histologic grade is present in Figure S22. Overall survival times
and IDH mutation status of GBMs in this analysis were as previously described [15].
Panel C summarizes major findings and conclusions, where consensus clustering yields
three robust groups based on IDH and 1p/19q co-deletion status with stereotypic and
subtype-specific molecular alterations and distinct clinical presentation.
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logic diagnosis, as planned for the upcoming revision of the WHO classification of brain
tumors [79]. The primary subtype discriminator for LGG was the mutational status
of IDH1/IDH2, with all molecular platforms demonstrating a sharp contrast between

IDHwt and IDHmut tumors.

Whereas IDHwt tumors showed an enrichment of astrocytomas and IDHmut-codel
LGG were predominantly oligodendrogliomas, the largest molecular subclass of LGG
(IDHmut-non-codel) contained all histologic types, highlighting the non-specificity in-
herent to pure histologic classification. By comparison, two unsupervised methods using
multiplatform analysis to classify LGG (CoC and OncoSign) yielded strong correlations
with IDH/codel status (adjusted Rand index 0.79 and 0.83, respectively), suggesting
that such molecular classification captures biological classes more accurately than his-
tology. Additionally, while oligodendrogliomas were typically 1p/19q co-deleted and
astrocytomas generally were not, oligoastrocytomas were distributed among the three
molecular subtypes with no molecular feature distinguishing them. Thus, while previ-
ous WHO classification systems have recognized LGG with mixed histology (oligoas-
trocytoma), molecular classification indicates that IDH mutant LGG are either 1p/19q
co-deleted or TP53 mutant in a nearly mutually exclusive fashion, and does not support
the existence of this entity biologically (Figure 3.4C) [152, 118]. Not only will the use
of molecular signatures for LGG lead to a practice-altering, biologically-based diagnosis
with greatly improved interobserver concordance; a phase-out of the diagnosis oligoas-

trocytoma and the confusion related to its clinical management is a major advance
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stemming from our results.

Another substantial finding was that IDHwt tumors were molecularly and clinically
distinct from IDHmutant subtypes, with most showing a striking resemblance to pri-
mary GBM on all analytic platforms. The findings suggest that IDHwt LGG may
represent immediate precursors of IDHwt GBM that have similar clinical properties; al-
ternatively, such tumors could represent actual GBMs that were incompletely sampled
during surgery, precluding definitive histologic classification. Sampling errors represent
a significant challenge in surgical neuropathology, regardless of IDH status, class or
grade, since a morphologic diagnosis is limited to the findings under the microscope.
Thus, molecular classification based on IDH and 1p/19q status represent an improve-
ment in diagnostic practice, since it enables the identification of a clinically aggressive

form of LGG (IDHwt) in the absence of morphological criteria for GBM.

Consistent with earlier work [57, 20, 151], analysis of clinical outcomes demonstrated
that IDHmut-noncodel LGG performed somewhat less favorably than IDHmut-codel
LGG with both subtypes exhibiting substantially longer overall survival than their ID-
Hwt counterparts. Patients with IDHmut-codel LGG had a median survival of 8.0
years, compared to the IDHwt subgroup, which had median a survival of 1.1 years (Fig-
ure 3.4B). Compared to outcome prediction based on histologic classification (Figure
S22), stratification of clinical risk based on IDH and 1p/19q status is more robust. In
addition to reducing inter-observer variability and predicting risk, molecular classifica-

tion can provide quality control for histopathologic diagnosis. As an example, the small,
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discrete DNA methylation cluster M1 in our cohort showed a low frequency of mutations
and copy number alterations and contained occasional tumors with BRAF alterations.
While not entirely specific, these alterations are more characteristic of grade I circum-
scribed tumors, such as pilocytic astrocytoma and ganglioglioma, and its finding would
lead to a consideration of alternative diagnoses. Given that histopathologic features
of diffuse versus circumscribed gliomas can overlap, while clinical management differs
greatly, molecular signatures offer the potential to resolve diagnostically challenging
cases. Further analysis of our cohorts survival data as it matures will be required to
designate precise metrics by which WHO grade may combine with molecular signatures

to optimize risk stratification for LGG.

The variable clinical course of LGG patients, coupled with the three sharply contrast-
ing molecular profiles, suggest that distinct therapeutic strategies may be required for
effective disease control. Molecular inclusion criteria and stratification in clinical trial
design will be necessary for clear interpretation of outcomes from specific treatments.
The prevalence of IDH mutations in LGG invites targeting of either the mutant enzymes
themselves or the consequences of downstream metabolic and epigenomic derangement,
specifically G-CIMP, and such efforts are already underway [115, 142]. ATRX, CIC, and
FUBP1 mutations have only recently been implicated in cancer biology; yet their speci-
ficity and prevalence in IDHmut LGG support central roles in oncogenesis and argue
for thorough characterization of associated signaling networks to facilitate therapeutic

development. The remarkable genetic and clinical similarities between IDHwt-LGG and
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primary GBM support the potential inclusion of IDHwt LGG within the broad spectrum
of GBM-related clinical investigation and treatment protocols. The extent to which ID-
Hwt LGG resemble GBMs in their response to recently developed therapies has yet to
be determined. Finally, our integrative analysis has shown that all LGG subtypes rely
to some extent on core signaling networks previously implicated in GBM pathogenesis.
Many agents targeting these pathways are currently available and in clinical trials and

may prove effective against LGG subtypes.
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Chapter 4

Mutation Independent Activation of
The Notch Pathway is Associated With
Lapatinib Resistance in Her2+ Breast

Cancer Cell Lines

Cancer can not only progress through genomic alterations, but can also progress through
non-genomic resistance to treatment. This chapter describes a mutation independent
mechanism of resistance to a commonly used HER2 tyrosine kinase inhibitor, lapatinib,
in HER2+ breast cancer cell lines. These findings show that the Notch pathway is
associated with this resistance and suggest that Notch inhibitors may be beneficial in

treating patients with lapatinib resistance.
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This chapter contains text from the paper ”Mutation Independent Activation of the
Notch Pathway is Associated with lapatinib Resistance in Her2+4 Breast Cancer Cell
Lines” by Mia Grifford, Melanie Plastini, Sol Katzman, Sofie R. Salama and David
Haussler in preparation (to be submitted to PLOS One in 2014). I performed the ma-
jority of this work with the help of an undergraduate whom I trained, Melanie Plastini,
who helped with the cell culture experiments and performed some of the quantitative
RT-PCR and Western blot experiments (sections 4.2.1, 4.2.2 and 4.2.3). Sol Katzman
performed the mapping of RNA-sequencing, running RSEM and running DE-Seq (figure
B.5 and section 4.2.5), and Amie Radenbaugh ran the mutation calling with the tool

she developed, RADIA (section 4.2.8), while I analyzed and presented the results.

4.1 Introduction

Breast cancer patients are divided into subtypes based on molecular aberrations and
activation of key proteins [90]. These subtype classifications help guide treatment.
About 20% of patients fall into the HER2+ subtype, which have an activation of
the receptor tyrosine kinase human epidermal growth factor 2 (HER2, also known as
ERBB2) [106]. These patients are commonly treated with a monoclonal antibody for
HERZ2, trastuzumab, or a HER2 tyrosine kinase inhibitor, lapatinib, in combination with
chemotherapy and sometimes other non-chemotherapy drugs [108]. Despite these treat-

ments, HER24 patients have overall poor survival when compared with other subtypes
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[62, 102]. Often poor patient survival is associated with drug resistance. There have
been many proposed mechanisms of resistance to targeted therapies like trastuzumab
and lapatinib, including activation of alternate survival signaling pathways, such as
insulin growth factor (IGF) or phosphatidylinositide 3-kinase (PI3K) [56, 80, 52, 12],
but a complete explanation of resistance remains elusive. An understanding of the
mechanisms underlying resistance to targeted therapies is critical for increasing their

effectiveness and developing strategies to treat resistant tumors.

Many patients will respond to re-treatment of a drug after displaying resistance and
being taken off the drug for a period of time [66, 156, 23]. These observations suggest
that resistance is reversible in these patients and is not associated with resistance-
conferring mutations. Indeed, a reversible, epigenetic mechanism of resistance to a
targeted therapy was observed in non-small cell lung cancer (NSCLC) cell lines, which
had activated receptor tyrosine kinase epidermal growth factor receptor (EGFR) [126].
EGFR (also known as HER1) is in the same family of receptor tyrosine kinase proteins as
HER2 [116] and can be targeted by the EGFR inhibitor erlotinib, which, like lapatinib,
is a tyrosine kinase inhibitor. These NSCLC resistant cell lines had active insulin-like
growth factor 1 receptor (IGF-1R) signaling, overexpression of the histone demethylase
KDMS5A, differences in bulk chromatin marks and displayed hypersensitivity to histone
deacetylase inhibitors. We wanted to determine if a similar, non-mutational, mechanism
of resistance occurs in HER2+ breast cancer cell lines, and further to identify specific

signaling pathways involved in this type of resistance.
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We found that breast cancer cell lines do indeed acquire lapatinib resistance with fea-
tures similar to the NSCLC cell line resistance to Erlotinib described in [126]. We
could not identify expressed mutations in genes known to be involved in drug re-
sistance, suggesting an epigenetic mechanism for resistance. Transcriptome analy-
sis revealed that the Notch pathway is involved in this mutation-independent mech-
anism of resistance, similar to what has been shown in other models of resistance
[160, 117, 25, 77, 83, 100, 97, 113]. Analysis of downstream targets of Notch sug-
gests that up-regulation of Notch signaling may lead to changes in chromatin structure
through activation of the insulin-like growth factor 1 receptor (IGF1R) and lysine (K)-

specific demethylase (KDM) family proteins.

4.2 Methods

4.2.1 Cell culture and generation of lapatinib resistant cell lines

HCC1419 and BT474 (ATCC, CRL-2326: 1/31/11, HTB-20: 4/7/11) were grown in
RPMI containing 1% penicillin streptomycin (PenStrep) and 10% Gibco certified fetal
bovine serum (FBS) (Invitrogen) (RPMI-complete) or RPMI-complete conditioned with
mouse embryonic fibroblasts (MEF). MEF-conditioned media was generated by incubat-
ing mitomycin-C inactivated MEFs (55,000 cells/cm2) with RPMI-complete for 24 hours
before collecting. MEFs were initially plated in DMEM supplemented with 10% FBS

and PenStrep (Invitrogen) and were used for a total of 6 days before discarding. MEF-
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conditioned RPMI was stored at 4 °C until the final day of collection and then pooled,
filtered and stored at —80°C. To generate lapatinib resistant lines, cells were plated in
MEF-conditioned RPMI-complete. 24 hours after plating, the media was replaced with
MEF-conditioned RPMI-complete supplemented with 1 uM lapatinib. The media was
changed every 3 days. On day 10, drug tolerant persisters (DTPs) were isolated. Two
independent resistant lines for HCC1419 (drug tolerant expanded persisters, DTEPs)
were grown and isolated at passage numbers 7 and 12 (line 1), and 6 (line 2) for RNA
sequencing. For experiments testing sensitivity to tricostatin A (TSA), BT474 cells
were grown in 6-well dishes containing 3 wells each of RPMI-complete, RPMI-complete
supplemented with 75 nM Trichostatin A (TSA), RPMI-complete supplemented with 1
uM lapatinib or RPMI-complete supplemented with both 75 nM TSA and 1 pM lap-
atinib. Pictures were taken at 9 days or 72 days. Cells were counted 3 times for each

picture and averaged, the average of 7 pictures was used in figure 2d.

4.2.2 Quantitative RT-PCR in drug tolerant persisters

RNA from about 500,000 cells each of untreated HCC1419 cells, HCC1419 cells treated
with 1 pM lapatinib for 24 hours and HCC1419 cells treated with 1 gM lapatinib for
9 days (DTPs) was isolated using Trizol following the manufacturers guidlines. Quan-
titative real-time PCR was performed using the QuantiTect SYBR Green RTPCR Kit
(Qiagen), using 20 ng of total RNA per reaction. All reactions were set up in triplicate.

Cycling was performed on a Rotor-Gene 6000 (Qiagen) according to the QuantiTect
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SYBR Green RTPCR Kit instructions. Primers used are: IGF1R forward: ccattct-
catgeettggtet, IGF1R reverse: tgcaagttctggttgtecgag, IGFBP3 forward: gcttetgetggt-
gtgtggat, IGFBP3 reverse: ggcgtctacttgetetgeat, KDMBA forward: tccagectttctace-
caatg, KDMbA reverse: cgtaattgctgecactctga, KDM5B forward: cccacctetecatgatgtte,
KDMB5B reverse: tagtcectggetgettgttc, KDM5C forward: cttgtctgecttteccacat, KDM5C
reverse: agcccgaaccttcagettat, GAPDH forward: tgaggccggtgctgagtatg, GAPDH re-
verse: tggttcacacccatcacacaaac. Ct values were calculated with Corbett 6000 software
and the relative enrichment of GAPDH-normalized gene expression levels in lapatinib
treated cells was determined as fold change over the gene expression levels in untreated

cells.

4.2.3 Immunoblotting

One and a half to two million cells each of untreated HCC1419 cells, HCC1419 cells
treated with 1 puM lapatinib for 24 hours and HCC1419 cells treated with 1 uM lapa-
tinib for 9 days (DTPs) were suspended in NuPAGE LDS sample buffer (Invitrogen) at
a concentration of 10,000,000 cells per 1 ml buffer. Histones were extracted by incubat-
ing cells in 0.4 N H2S504 for 30 min, incubating the supernatant in 132 ul TCA for 30
min, washing the histone pellet with 500 pl acetone and repeating TCA incubation and
wash (all steps were performed on ice or in cold room). Histone extractions were loaded
on NuPAGE (Invitrogen) 4-12% protein gels for SDS-PAGE. Transfer of proteins onto

PVDF membrane was performed as described in the NuPAGE manual. Immunoblotting
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was performed using antibodies against H3 (Abcam ab1791, 1:2,500), H3K4me3 (Milli-
pore 07-473, 1:500), H3K27me3 (Millipore 07-449, 1:3,000) and H3ac (Millipore 06-599,
1:1,000). Blots were incubated with SuperSignal West Dura Extended Duration Sub-
strate (Thermo Scientific) according to the manufacturers instructions and visualized

on a Biorad Chemidoc MP system.

4.2.4 RNA sequencing library preparation

RNA sequencing was performed on 2 biological replicates each of untreated parental
HCC1419 cells (passage # 31), 2 DTP replicates and 3 DTEP replicates (line 1 passage
#s 7 and 12 and line 2 passage # 6). RNA was isolated using Trizol following the manu-
facturers guidelines. RNA was treated with RQ1 DNAsel (Promega) for 1 hour at 37°C
and total RNA was cleaned up using the RNAeasy Mini kit (Qiagen). For each sample,
the non-ribosomal fraction of 5 ug of total RNA was isolated using a Ribo-Zero rRNA
removal Kit (Epicentre) following the manufacturers protocol (Lit. #309-6/2011). For
the non-ribosomal fraction of RNA, 200 ng RNA was fragmented by incubating 30 min-
utes at 98°C in RNA storage buffer (Ambion) and then double stranded (ds) cDNA
was synthesized as described previously [104] using dUTP in the second strand synthesis
and USER digest before amplification to retain strand specificity. Clean-up steps were
performed using RNA Clean & Concentrator or DNA Clean & Concentrator kits (Zymo
Research). Double stranded ¢cDNA was used for library preparation following the Low

Throughput guidelines of the TruSeq DNA Sample Preparation kit (Illumina), with the
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following additions. Size selections were performed before and after cDNA amplifica-
tion on an E-gel Safe Imager (Invitrogen) using 2% E-gel SizeSelect gels (Invitrogen).
The cDNA fraction of 300-500 bp in size (including adapters) was isolated and purified.
For adapter ligations, 1 ul instead of 2.5 ul of DNA Adapter Index was used. Indexed

libraries were pooled and sequenced on the Illumina HiSEQ platform.

4.2.5 RNA sequencing data mapping and analysis

The input [llumina fastq files consisted of paired end reads with each end containing 100
bp. These were reduced to 80x80 bp by trimming 20 bp from the 3’ end of each read to
improve mapping of fragments shorter than 100 nt. Bowtie2 [68] was used to map the
fragments against the set of elements from the repeatMasker [131] human library. After
filtering out such fragments, bowtie2 was used to map the remaining fragments against
a version of the human transcriptome derived from the UCSC Known Genes track [53]
of the GRCh37hgl9 human assembly by using the target generation script supplied
with RSEM [73]. Only mappings with both read ends aligned were kept. Potential
PCR duplicates (mappings of more than one fragment with identical positions for both
read ends) were removed with the samtools rmdup function [74], keeping only one of
any potential duplicates. The final set of mapped paired end reads for a sample were
converted to transcript and gene expression estimates using RSEM [73]. Then, DESeq [3]
was used to identify differentially expressed genes between sample types (table C.5). For

input to DESeq [3] all genes with non-zero counts in any sample were considered.
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4.2.6 Gene expression clustering and pathway enrichment analysis

ConsensusClusterPlus [153] was used to run hierarchical clustering using Pearson dis-
tance on RSEM [73] expression values of genes found to be significantly differentially
expressed by DESeq [3] (Benjamini-Hochberg adjusted p-value less than 0.1) (fig. B.4).
Expression values were logged (base 2), and each row (gene) was mean centered and
scaled by the standard deviation. Gene set enrichment analysis (GSEA) [138] was run
on RSEM expression values to find all pathways differentially expressed between un-
treated cells and DTEPs from the Kyoto Encyclopedia of Genes and Genomes (KEGG)
[60] or the National Cancer Institute Pathway Interaction Database (PID) [122]. All
default parameters were used, except to assess significance genes were permuted 1000
times and the log base 2 fold change was used as the metric for ranking genes. Values
displayed in figure 3 are logged (base 2), and each row (gene) is mean centered and

scaled by the standard deviation.

4.2.7 Accession codes

The RNA-Seq data has been deposited in NCBIs Gene Expression Omnibus [37] and is
accessible through GEO Series accession number GSE62074

(http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE62074).
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4.2.8 Mutation calling with RADIA

Single Nucleotide Variants (SNVs) were identified by RADIA (RNA and DNA Inte-
grated Analysis), a method that typically combines patient matched normal and tumor
DNA whole exome sequencing (DNA-WES) with tumor RNA sequencing (RNA-Seq)
for somatic mutation detection [110]. In this case, RADIA was executed on RNA-Seq
data alone. Several filters were used to eliminate false positives while maintaining true
positive calls. All SNVs that overlap with common SNPs found in at least 1% of the
samples in dbSNP were removed. Each SNV had at least 10 total reads, a minimum
of 4 reads and at least 10% of the reads supported the variant. All standard filters
(e.g. strand bias, positional bias, base quality and mapping quality) were applied. In
addition, any SNV that overlapped with pseudogenes or retrogenes were filtered out.
Lastly, a BLAT [63] filter was applied to guarantee that each read that supported a

variant did not align better to another location in the genome.

4.3 Results

4.3.1 Prolonged incubation in lapatinib robustly generates resistant

cell lines

In order to better understand the mechanisms behind lapatinib resistance, lapatinib

resistant cell lines were generated through long-term treatment with lapatinib. Two
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HER2+ cell lines, HCC1419 and BT474 (fig. B.1), were treated with lapatinib continu-
ously. By day 10, untreated cells became completely confluent, while the vast majority
of lapatinib treated cells had died. The remaining cells, termed drug tolerant persisters
(DTPs) as in Sharma, et al. [126], were alive but not proliferating. After about 40 to 70
days, these cells began to proliferate and could be expanded through multiple passages,

forming lapatinib resistant cell lines termed drug tolerant expanded persisters (DTEPs)

[126] (fig. 4.1, B.2).

4.3.2 Breast cancer DTPs share features with non-small cell lung can-

cer mutation-independent resistant cells

The breast cancer cell line DTPs we generated are similar to non-small cell lung cancer
(NSCLC) DTPs, which are characterized by a reversible, chromatin-mediated, drug-
tolerant state [126]. Like NSCLC DTPs, breast cancer cell line DTPs have increased
IGF-1R and IGFBP3 expression, which has been shown to activate IGF-1R [5, 39] (fig.
4.2a). IGF-1R activation has been shown to be necessary for activation of the histone
demethylase KDM5A, which also recruits histone deacetylases [93], and is activated
in NSCLC DTPs [126]. We measured the RNA expression levels of many KDM5A
paralogs, including KDM5A, KDM5B and KDM5C, which share a common domain
structure and function [13] (we excluded KDM5D, because it is not expressed in these

cells), and found that all were over-expressed in breast cancer DTPs (fig. 4.2b).
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Figure 4.1: Lapatinib resistant cell lines were generated by long-term lapatinib
treatment. Timeline for generation of lapatinib resistant cells. Lapatinib sensitive
HCC1419 or BT474 cells were treated with 1 puM lapatinib for 9 days to generate
drug tolerant persisters (DTPs, middle), after 40-70 days the cells begin to proliferate
and form drug tolerant expanded persisters (DTEPs, right), untreated cells plated at
the same initial density proliferate rapidly and become confluent by day 10 (Parental
population, left). Micrographs show representative images of the indicated populations
of HCC1419 cells.
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Also shown in NSCLC DTPs were changes in chromatin marks, consistent with in-
creased amounts of closed chromatin [126]. Breast cancer DTPs do indeed have slight
changes in chromatin marks as well, including increased H3K27 tri-methylation, a closed
chromatin mark, and decreased H3K4 tri-methylation and total H3 acetylation, both

open chromatin marks (fig. B.3).

Because KDM5A, KDM5B and KDM5C are over-expressed in DTPs and H3 acetylation
is decreased in DTPs, changes in chromatin organization mediated by histone acetylation
state may be critical for lapatinib resistance in this setting. We hypothesized that a
histone deacetylase inhibitor may affect DTP sensitivity to lapatinib, as was shown in
NSCLC DTPs. We treated resistant cells (DTPs) with the histone deacetylase inhibitor,
Trichostatin A (TSA). As was expected, TSA alone did not affect cell growth, but the
combination of TSA and lapatinib prevented DTEP formation (fig. 4.2c-d). From these
results we can infer that histone deacetylation, and the resulting changes in chromatin,

is necessary for resistance.

4.3.3 RNA-Sequencing reveals significant changes in gene expression

We then wanted to determine which genes and pathways were involved in drug re-
sistance. We performed RNA sequencing (RNA-seq) on untreated HCC1419 cells,
HCC1419 DTPs, and HCC1419 DTEPs (2 replicates of each, plus an additional time

point of one DTEP line - see methods). In order to get gene expression estimates from
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Figure 4.2: Breast cancer DTPs share features with non-small cell lung cancer
DTPs. A,B: Relative expression measured by quantitative reverse-transcriptase PCR
of IGF-1R and IGFBP3 (A) or KDM5A, KDM5B and KDM5C (B) normalized to
GAPDH in DTPs (green), parental population treated with lapatinib for 24 hours (light
purple) and untreated parental population (dark purple) shows activation of IGF-1R
and over-expression of KDM5A paralogs in resistant HCC1419 and BT474 cells. C:
Representative micrographs of BT474 cells untreated or treated with 75 nM Trichostatin
A (TSA) and/or 2 pM lapatinib shows that TSA prevents formation of DTEPs when
combined with lapatinib, but TSA alone does not affect cell growth. D: Quantification
of cell counts from 7 micrographs as in (C) of cells treated with 2 uM lapatinib or 2 pM
lapatinib and 75 nM TSA for 72 days. Error bars represent standard deviation.
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the sequencing data, we used RSEM - RNA-Seq by Expectation Maximization [73]. We
then performed differential gene expression analysis using DESeq [3], and found 6,943
significantly differentially expressed genes (fig. B.4). The DESeq results revealed that
the replicates were more similar to one another than they were to other samples (fig.
B.5). Surprisingly, DTP samples were more similar to untreated samples than they were
to DTEP samples, suggesting that significant gene expression changes were necessary
for proliferation to occur in resistant cells. In addition, the DESeq results confirmed
that IGF-1R pathway genes are over-expressed in resistant cells (Table B.1). We also
looked at the KDM family of genes and found that while KDM5A paralogs are tran-
siently over-expressed in DTPs, this does not persist in DTEPs. Other KDM genes
(KDM4B and KDM6B) are over-expressed in DTEPs, suggesting a prolonged effect on

histone modification.

4.3.4 Resistance is mutation independent

We next wanted to explore whether genetic mutations were underlying these changes
in gene expression. Because we had performed RNA-Seq, we were able to determine if
there were any expressed mutations in genes known to be involved in drug resistance.
We ran a mutation calling algorithm named RADIA [110] to detect expressed, somatic
mutations from the RNA-Seq data. Table C.4 lists all expressed mutations in any
DTEP replicate, but unaffected in either untreated replicate. We then searched this

list for mutation calls in genes that could be involved in resistance. We searched for
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over 75 genes known to be involved in drug resistance (Table B.2) [52, 12, 47]. We
also searched the list for any RAS, RAF, IGF, IGFBP, PI3K, or MAPK genes (not
including interacting proteins). Only one resistance-related gene, IGFBP5, contained
a mutation call, and this only in a single DTEP replicate, and not in either untreated
replicate. This gene is lowly expressed in most samples and, upon further investigation,
was found to have some evidence of mutation in all 7 samples (including both untreated
and both DTP replicates). The position of this mutation call is also toward the end
of the 3 UTR, which is a highly repetitive region prone to sequencing and mutation
calling errors, and there are no other cancer-related mutations at this location found in
the Catalogue of Somatic Mutations In Cancer (COSMIC) [41]. These findings suggest

that this mutation call is likely to be an artifact.

Because there were no expressed mutations likely to cause lapatinib resistance, and be-
cause DTEP formation was prevented with a histone deacetylase inhibitor and breast
cancer DTPs have high IGF-1R, IGFBP3 and KDM5A, KDM5B and KDM5C expres-
sion similar to NSCLC DTPs, we conclude that it is likely that the lapatinib resistance
is mutation independent and instead due to epigenetic changes as observed in erlotinib

resistant NSCLC cell lines [126].
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4.3.5 The Notch pathway is over-expressed in resistant cells

To identify pathways over-expressed in resistant cells, Gene Set Enrichment Analysis
(GSEA) [138] was performed. We found all pathways that were significantly over-
expressed in DTEPs when compared with untreated cells from the Kyoto Encyclopedia
of Genes and Genomes (KEGG) [60] or the National Cancer Institute Pathway Interac-
tion Database (PID) [122]. Both the KEGG and PID Notch pathways were found to be
significantly over-expressed in DTEPs compared to untreated cells. Notchl and Notch3
are over-expressed in DTEPs, as well as several genes downstream of Notch, including
HES1, MYC, FOS and JUN [99, 51]. Other significantly overexpressed pathways are
Hedgehog, PDGFRA, 1.2 and PI3K. Several genes that are in these pathways have pre-
viously been shown to interact with Notch and are involved in several other pathways,
including JUN, FOS, MYC, EP300 and PIK3CA. All enriched pathways with a FDR
g-value below 0.1 are shown in figure 4.3, and genes involved in 3 or more pathways are
highlighted. An alternate method, involving running functional annotation on DESeq
[3] significantly differentially expressed gene lists, using the Database for Annotation,
Visualization and Integrated Discovery (DAVID) [55, 54], found similar results (data

not shown).

In order to determine how closely connected the differentially expressed genes within
these pathways were, we used Cytoscape [29, 119, 125, 132] to visualize the pathway

connections between all “core” genes in pathways with an FDR g-value below 0.1 (fig.
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Figure 4.3: Notch, PI3K and FOS/JUN pathways are over-expressed in
DTEPs compared to untreated cells. A: Pathways found to be over-expressed
in DTEPs compared to untreated cells by GSEA [138] with a FDR g-value below 0.1.
Bar chart shows the % of genes in the pathway that are over-expressed. B: Heatmap
of normalized RSEM [73] expression values of all genes in the 10 pathways found to be
significantly over-expressed in DTEPs compared to untreated cells. Expression values
were logged (base 2), and each row (gene) was mean centered and scaled by the stan-
dard deviation. Black side bars show pathway membership for all genes, highlighted
genes occur in 3 or more pathways. DTEP L1P7: drug tolerant expanded persisters
line #1 passage #7; DTEP L1P12: drug tolerant expanded persisters line #1 passage
#12; DTEP L2P6: drug tolerant expanded persisters line #2 passage #6.
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B.6, supplementary data C.6). “Core” genes are those that contribute to the GSEA [138]
enrichment score, and are therefore over-expressed in DTEPs. Gene nodes were colored
based on the DESeq [3] assigned log fold changes and all colored genes have a DE-Seq [3]
Benjamini-Hochberg adjusted p-value less than 0.1. Connections between genes were
determined using a superimposed pathway, which incorporates pathway information
from the National Cancer Institute Pathway Interaction Database, Biocarta, Reactome
and KEGG [60, 122, 91, 32]. This analysis revealed that these pathways are highly

interconnected, with only 5 genes left unconnected to the rest of the pathway.

Interestingly, of the 5 ligands for Notch, Jagl and Jag2 are over-expressed in resistant
cells, while the other Notch ligands DLL1, DLL3 and DLL4 are not. This is consistent
with previous reports, which show that Jagl over-expression is associated with tumor
recurrence in breast cancer patients [113, 30]. Other groups have found Jagl and Jag2
to be initially lower in Her2+ tumors when compared with other subtypes, and we also
found Jagl and Jag2 to be lower in Her2+ tumors using patient tumor RNA-Seq data
from the The Cancer Genome Atlas and the UCSC Cancer Genome Browser [90, 45, 162]
(fig. B.7). Indeed the majority of genes in the Notch pathway that are over-expressed in
DTEPs are expressed at lower levels in Her2+ tumors than other tumors in the TCGA

breast cancer cohort (fig. B.7).
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4.4 Discussion

Because resistance to targeted therapies in Her2+ breast cancer patients is common, we
set out to better understand the mechanisms behind resistance to a Her2 tyrosine kinase
inhibitor, lapatinib. Our experiments suggest that the mechanism behind lapatinib
resistance in Her2+ breast cancer cell lines is mutation-independent and involves changes
in chromatin, similar to Erlotinib resistance in non-small cell lung cancer cell lines
[126]. RNA-sequencing revealed many changes in gene expression between untreated
and lapatinib resistant cells (DTEPs), but the most significant pathways that were
over-expressed in resistant cells were Notch and other closely related pathways. The
Notch pathway may be initially activated through over-expression of the Notch ligands

Jagl and Jag2 in DTPs.

Notch is an integral part of nearly all the over-expressed pathways in resistant cells and
Notch has previously been shown to be involved in drug resistance to several different
breast cancer drugs (including tamoxifin, aromatase inhibitors, VEGF receptor tyrosine
kinase inhibitors, trastuzumab and lapatinib)[160, 117, 25, 77, 83, 100, 97, 113]. Thus,
Notch activity may be key to development of lapatinib resistance in this setting. Because
Notchl transcriptionally activates IGF-1R [38], which subsequently activates the KDM
family of proteins [126, 72, 33, 34], activation of the Notch pathway may be what leads
to the changes in chromatin seen in resistant cells (fig. 4.4). Therefore, treating HER2+

tumors with Notch inhibitors alongside HER2-targeted agents may be of therapeutic
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benefit.

Gamma secretase inhibitors (GSIs) have been shown to inhibit Notch signaling and have
been shown to prevent drug resistance in other settings [96]. There are also several clin-
ical trials underway combining GSIs with other targeted therapies in breast cancer and
other cancers. These results describe a mutation-independent mechanism of resistance
to lapatinib involving Notch signaling, suggesting that combining GSIs with lapatinib
could prevent this type of resistance and thus improve and/or extend the effectiveness

of lapatinib treatments.
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Figure 4.4: Notch activation may lead to altered chromatin state. Pathway dia-
gram displaying how the Notch pathway may affect drug resistance through proliferation
and chromatin modification. Top is a signal sending cell displaying JAG1/2 and bottom
is a signal receiving cell displaying NOTCH. Green nodes are genes over-expressed in
DTEPs compared to untreated cells with a DE-Seq [3] Benjamini-Hochberg adjusted
p-value less than 0.1. Solid lines represent transcriptional regulation, dashed lines repre-
sent post-transcriptional regulation. Ac: histone 3 acetylation; kdme3: histone 3 lysine
4 tri-methylation; k27me3: histone 3 lysine 27 tri-methylation.
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Chapter 5

Conclusions

High-throughput sequencing technology has allowed for great advances in cancer treat-
ment. Much has been learned about the mechanisms of oncogenesis and new targeted
therapies are more successful and have less side effects than traditional chemotherapy
and radiation. Though, there are still many problems with cancer treatment and there
is still much to learn. Many times cancer treatment is unsuccessful due to late diagno-
sis, patients not being given the optimum treatment for their particular cancer or drug
resistance. These three problems are addressed in this thesis. Each chapter demon-
strates another way high-throughput sequencing technology was used in order to make

advances in these areas.

In chapter 2, a method for identifying and characterizing double minute chromosomes

(DMs) using whole exome sequencing data is described. I used this method to estimate
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the prevalance and features of DMs in The Cancer Genome Atlas (TCGA) cohorts of
both glioblastoma multiforme (GBM) patients and lower grade glioma patients (LGG).
I also used whole genome sequencing to validate predictions made from whole exome
sequencing in GBM patients and to reconstruct a DM in an LGG patient. These circular
amplicons containing oncogenes explain the mechanism behind cancer progression in
about a quarter of all GBM patients and about a quarter of IDH wild-type lower grade
glioma (LGG) patients. And, because double minute chromosomes may be detectable
in the blood, they present a new opportunity for early diagnosis and monitoring disease

progression without needing surgery.

The method I used to detect double minute chromosomes can now be applied to many
other types of cancer. In fact, another graduate student in the Haussler lab is working on
just that. There are both exome and whole genome sequencing data for large cohorts
of patients (generally between 200 to 1,000 patients) for many different cancer types
from The Cancer Genome Atlas, and Arjun Rao has been searching for double minute
chromosomes in several of these cancers. Initial searches are done using whole exome
data, for which there are many more samples, and potential double minute chromosomes
are then verified and reconstructed using whole genome data. Once many cancer types
have been analyzed, it will give us a greater understanding of how widespread this
phenomenon is. We will be able to determine specifically what types of cancers these
double minute chromosomes occur in, if and how the features of these DMs vary across

cancer types and what genes are involved. This method, if applied more universally, has
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the potential to affect diagnosis and monitoring of disease progression in many different

types of cancer.

In chapter 3, the comprehensive characterization of LGG patients is described. From
which a new method of classification of samples was presented, which more accurately
categorizes patients into treatment groups and identifies a group of patients with poor
prognosis, who are similar to GBMs and should receive more aggressive treatment. I
performed several analyses that support this new method of subtyping patients, includ-
ing clustering of clusters from various data types, comparing copy number alterations
between LGG and GBM patients, comparing alterations in tyrosine kinases between
LGG and GBM patients, analyzing genomic rearrangements and analyzing differences

in survival between LGG and GBM patients.

Although we have learned a lot about lower grade glioma and how similar it can be
to glioblastoma, there is still more to learn. One major question remaining is, if the
IDH wild-type LGG patients are so similar to GBM, then why are they being clas-
sified as LGGs? What is different between IDH wild-type LGGs and IDH wild-type
GBMs? Likewise, we can still ask what are the differences between IDH mutant LGGs
and IDH mutant GBMs (which tend to have much better prognosis)? A new TCGA
working group was developed to address these questions and many others. They are
specifically working on comparing LGG and GBM tumors in more depth than has ever
been previously achievable. They are utilizing many different data types, including ex-

ome sequencing, whole genome sequencing, RNA-sequencing, copy number, microRNA
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sequencing, methylation and reverse phase protein arrays, to analyze cohorts of LGG
and GBM patients together. These analyses will lead to a greater understanding of
not only the differences between LGG and GBM, but also what causes LGG patients to
progress to GBM. Understanding the mechanisms behind progression may allow for new
treatments to be used in order to prevent progression to GBM. This could save many
lives, because patients can live long, healthy lives with LGG, but once it progresses to

GBM, the average survival time is only fourteen months.

In chapter 4, I explain how I developed lapatinib resistant cell lines from HER2+ breast
cancer lines, and used these resistant lines to gain a better understanding of the mecha-
nism of resistance to the targeted therapy, lapatinib. I describe a mutation-independent
mechanism of drug resistance to lapatinib, which may also be applicable in other settings
(different drugs or types of cancer). This mechanism of resistance involves activation
of the Notch pathway and therefore may be treatable with gamma secretase inhibitors

that are already in clinical trials.

Though, more work will need to be done to determine if combining lapatinib with gamma
secretase inhibitors will be successful. We are currently testing if a gamma secretase
inhibitor, LY-411575, prevents growth of DTEPs when combined with lapatinib, or if it
makes cells more sensitive to lapatinib. We also hope that these findings will encourage
other doctors and scientists to continue to study this mechanism of resistance, possibly
beginning new clinical trials combining lapatinib with gamma secretase inhibitors. In

addition, the RNA sequencing data and the lapatinib resistant cell lines are publicly
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available and can be used by other groups who are studying similar mechanisms of
resistance. One group in particular, at UCSF, is doing drug screenings with lapatinib
resistant DTPs to find drug combinations that would prevent growth of resistant cells.
They may be able to utilize the DTEP lines I've generated in their screens, which
would model a different type of resistance than the cells they are currently using. If
this mechanism of resistance is indeed treatable with Notch inhibitors, it could help
save many patients’ lives. Also because a similar mechanism of resistance was already
shown to occur in non-small cell lung cancer, this mechanism of resistance should be
studied in other cancer types with other targeted therapies. This could allow for the
discovery of new treatment combinations, potentially affecting a much broader range of

patients.

The projects described in this thesis will help to advance current cancer treatment in
several ways. We have gained new insight into the mechanism of oncogenesis in a subset
of glioblastoma patients which may allow for earlier diagnosis and monitoring of disease
progression without the need for surgery. A new method of characterizing lower grade
glioma patients, if adopted by the World Health Organization, will make classifying
patients more accurate and will lead to more appropriate treatment, especially for the
group of LGG patients with poor prognosis. Finally, describing the method of resistance
to the targeted therapy, lapatinib, could lead to new, more effective treatment options
for patients with resistance. Each of these projects describes one small step toward

advancing treatment for cancer patients and ultimately improving patient outcome. In

92



addition, there are many ways scientists are continuing to build upon this work and

utilize these findings to help larger cohorts of cancer patients.
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Chapter 3 Supplementary Figures
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Figure A.1: The UCSC Cancer Genomics Browser view of GISTIC thresh-
olded copy number calls for the region of chromosome 9 containing
CDKN2A /B. Samples are sorted based on molecular subtype. About 30% of IDHmut-
non-codel samples have deletions in CDKN2A /B, similar to the 29% of samples with
chr 9p deletions shown in figure 3.3A, while only 4% passed the cutoff (-2) used for
gene-level calls made in figure 3.3B.
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Figure A.2: Reconstruction of TCGA-CS-5395 circular amplicon Panel A shows
a tumor browser view of the region of chromosome 1 containing the DM/BER. Com-
mon features of DMs/BERs are labeled in purple. The bottom track shows protein
coding genes within the region. The track above shows relative copy number of the
tumor DNA compared with normal, showing distinct blocks of elevated copy number
with similar total copy number between blocks. The top two tracks show intra and
interchromosomal rearrangement breakpoints. All rearrangements shown are supported
by at least 100 discordant reads. The type of rearrangement is indicated by the color
of the line: duplication (red), deletion (blue) and inversion (yellow and green). Panel B
shows a diagram of the amplified segments and structural variants identified on chro-
mosome 1. Walking through this diagram results in a circular solution, suggesting the
double minute chromosome diagrammed in panel C, where segments inverted relative to
their orientation in the reference genome are colored blue. The letters inside the circle
correspond to the segments in B. The numbers inside the circle indicate the number of
sequencing reads supporting each breakpoint. Oncogenes are colored red.
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Figure A.3: Metrics for cluster of clusters model selection. From top-left: con-
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Figure B.1: HER2+ lapatinib sensitive breast cancer cell lines used in this
study. Characteristcs (A) and micrographs of HCC1419 (B) and BT474 (C) cell lines.
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Figure B.2: Drug tolerant expanded persisters begin to grow in 40-70 days.
Micrographs of HCC1419 and BT474 cells after treatment with 1 M lapatinib at various
time points.
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Figure B.3: DTPs have a distinct chromatin state. A ,B: Quantification of im-
munoblots shown in (C) using ImageJ [123] for H3K4 tri-methylation (an open chro-
matin mark), H3K27 tri-methylation (a closed chromatin mark), and H3 total acety-
lation (an open chromatin mark), normalized to total H3, for DTPs (green), parental
population treated for 24 hours (light purple) and untreated parental population (dark
purple) in BT474 cells (A) and HCC1419 cells (B) reveals a slightly more closed chro-
matin state in resistant cells. C: Imunoblots probed with antibodies against H3, H3K4
tri-methylation, H3K27 tri-methylation or H3 total acetylation in DTPs (4L), parental
population treated for 24 hours (+L24) and untreated parental population (-L) in
HCC1419 and BT474 cells.
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Figure B.4: DE-Seq Finds 6943 Significantly Differentially Expressed Genes.
Heatmap displaying consensus clustering [153] of all 6,943 genes with a DE-Seq [3]
adjusted p-value below 0.1 for any of the 3 possible comparisons (untreated vs. DTP,
untreated vs. DTEP, or DTP vs. DTEP). Samples clustered into 3 main clusters by
sample type. DTEP L1P7: drug tolerant expanded persisters line #1 passage #T7;
DTEP L1P12: drug tolerant expanded persisters line #1 passage #12; DTEP L2P6:
drug tolerant expanded persisters line #2 passage #6; DTP: drug tolerant persisters.
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Figure B.5: DE-Seq reveals that untreated cells, DTPs and DTEPs have sig-
nificantly different expression patterns, with DTEPs being the most distinct.
Heatmap displaying Euclidian distance between samples, calculated using the variance
stabilizing transformation of the DE-Seq [3] count data, red is 0 distance. DTEP L1PT:
drug tolerant expanded persisters line #1 passage #7; DTEP L1P12: drug tolerant ex-
panded persisters line #1 passage #12; DTEP L2P6: drug tolerant expanded persisters
line #2 passage #6; DTP: drug tolerant persisters.
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Figure B.6: Pathways significantly over-expressed in DTEPs are highly inter-
connected. Snapshot of Cytoscape [29, 119, 125, 132] visualization of the pathway
connections between all “core” genes in pathways GSEA [138] found to be significantly
(FDR g-value < 0.1) over-expressed in DTEPs compared to untreated cells. “Core”
genes are those that contribute to the GSEA enrichment score, and are therefore over-
expressed in DTEPs. Gene nodes were colored based on the DESeq [3] assigned log
fold changes and sized based on the DESeq assigned p-value. All colored genes have
a DE-Seq Benjamini-Hochberg adjusted p-value less than 0.1. Connections between
genes were determined using a superimposed pathway, which incorporates pathway in-
formation from the National Cancer Institute Pathway Interaction Database, Biocarta,
Reactome and KEGG [60, 122, 91, 32]. Green nodes are over-expressed in DTEPs and
purple nodes are over-expressed in untreated cells. Solid lines represent transcriptional
regulation, dashed lines represent post-transcriptional regulation, circular nodes repre-
sent proteins, triangles represent families, rounded rectangles represent processes and
hexagons represent complexes. Cytoscape session available in supplementary data C.6.
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Figure B.7: Jagl and Jag2 are under-expressed in HER2+ breast cancer pa-
tients. UCSC Cancer Browser view of RNA-Seq gene expression from TCGA breast
cancer patients for all 5 Notch ligands and other Notch pathway genes sorted by PAM50
assigned subtype [90, 45, 162]. Samples are grouped into 2 subgroups, HER2 subtype
(red) and Luminal A, Luminal B and Basal subtypes (green), and compared using a
t-test. Genes significantly under-expressed in the HER2+ patients are highlighted in
green. Similar results are obtained if Bonferroni correction is used.
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Up in DTPs and DTEPs Up in DTEPs Up in DTEPs
VS. VSs. VS.
untreated untreated untreated and DTPs
IGF-1R IGF1 IGF1
IGFBP5 IGF-1R IGF-2R
KDM4B IGF-2R IGFBP2
IGFBP2 IGF2BP3
IGFBP4 KDM4B
IGFBP5 KDM6B
IGF2BP3
KDM4B
KDM6B

Table B.1: DE-Seq results confirm that IGF-1R and KDM pathways are over-
expressed in resistant cells. List of genes in IGF pathway and KDM protein family
that are over-expressed in DTPs and DTEPs compared to untreated, over-expressed
in DTEPs only compared to untreated or over-expressed in DTEPs compared to both
untreated and DTPs. All genes listed have a DE-Seq [3] assigned Benjamini-Hochberg

adjusted p-value below 0.1 and a fold change greater than 1.5.
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ABCB1 or MDR1 BRAF IGFBP3 NRAS

ABCC1 or MRP1 CoT IGF... NRG1
ABCG2 or BCRP EGFR IL-6 other integrins (ITG...)
ABL1 ERBB2 KIT PDGFR
AKT ERBB3 RAF... PDGFRA
ALK ERBB4 KRAS PDGFRB
AXL ERCC1 RAS... PI3K...

BAD ERK MAPK... PIK3CA
BAK ESR1 MCL1 PTEN

BAX FGF MED12 ROS

BCL-2 FGFR MEK1 SMAC
BCL-W FLIP STAT2 MET TGFBR
BCL-X HGF MLH1 TIMP1

BIM IGF1 MSH2 XIAP

BIRC2 IGF1R MTOR B1-Integrin
BIRC3 IGF2 NEK2

Table B.2: Genes known to contribute to drug resistance. List of all genes found
to be involved in drug resistance [52, 12, 47].
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Appendix C

List of supplementary data files

1. Chapter 2 Supplementary Table S1: BamBam output of peaks and rearrangements

(TCGA-GBM Exome analysis)

2. Chapter 2 Supplementary Table S3: Data-based validation of exome analysis

(Whole Genome Sequencing analysis)

3. Chapter 3 Supplementary Table S5: DNA rearrangements and potential double

minute chromosomes/breakpoint-enriched regions

4. Chapter 4 Supplementary Table S2: Expressed mutations in DTEPs called by

RADIA

5. Chapter 4 Supplementary Table S4: DE-Seq results: list of differentially expressed
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genes

6. Chapter 4 supplementary data: Pathways significantly over-expressed in DTEPs

(Cytoscape file)
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