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Abstract
Johansson, P. 2018. Large scale integration and interactive exploration of cancer data – with
applications to glioblastoma. Digital Comprehensive Summaries of Uppsala Dissertations
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ISBN 978-91-513-0231-7.

Glioblastoma is the most common malignant brain tumor, with a median survival of
approximately 15 months. The standard of care treatment consists of surgical resection
followed by radiotherapy and chemotherapy, where chemotherapy only prolongs survival by
approximately 3 months. There is therefore an urgent need for new approaches to better
understand the molecular vulnerabilities of glioblastoma. To this end, we have conducted four
interdisciplinary studies.

In study 1 we develop a method for efficiently constructing and exploring large integrative
network models that include multiple cohorts and multiple types of molecular data. We apply
this method to 8 cancers from The Cancer Genome Atlas (TCGA) and make the integrative
network available for exploration and visualization through a custom web interface.

In study 2 we establish a biobank of 48 patient derived glioblastoma cell cultures called
the Human Glioma Cell Culture (HGCC) resource. We show that the HGCC cell cultures
represent all transcriptional subtypes, carry genomic aberrations typical of glioblastoma, and
initiate tumors in vivo. The HGCC is an open resource for translational glioblastoma research,
made available through hgcc.se.

In study 3 we extend the analysis of HGCC cell cultures both in terms of number (to
over 100) and in terms of data types (adding mutation, methylation and drug response data).
Large-scale drug profiling starting from over 1500 compounds identified two distinct groups of
cell cultures defined by vulnerability to proteasome inhibition, p53/p21 activity, stemness and
protein turnover. By applying machine learning methods to the combined drug profiling and
matched genomics data we construct a first network of predictive biomarkers.

In study 4 we use the methods developed in study 1 applied to the data generated in studies 2
and 3 to construct an integrative network model of HGCC and glioblastoma data from TCGA.
We present an interactive method for exploring this network based on searching for network
patterns representing specific hypotheses defined by the user.

In conclusion, this thesis combines the development of integrative models with applications
to novel data relevant for translational glioblastoma research. This work highlights several
potentially therapeutically relevant aspects, and paves a path towards more comprehensive and
informative models of glioblastoma.
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Introduction

Cancer
Cancer is a collective term for diseases characterized by uncontrolled cell
growth invading or spreading to other parts of the body. Meaning ’crab’ in
Latin, from the Greek ’karkinos’, cancer is said to be named after the swollen
veins around certain tumors resembling the legs of a crab [1]. Cancer inci-
dence and mortality is rising worldwide, mainly due to a growing and aging
population and risk factors associated with an increasingly westernized way
of living [2]. In Sweden, the incidence rate of cancer is increasing [3, 4] even
when adjusting for an aging population. The mortality rate of cancer in Swe-
den has been slowly but steadily decreasing and is now at the lowest rate ever
measured [3, 4]. Tumors located in the brain (including cranial nerves and
meninges of the brain) account for around 1300 cases per year in Sweden [4].
The incidence of and mortality from these tumors has remained essentially
constant when adjusting for population age (Figure 1).

Cancer Incidence, Sweden (Population Age Adjusted)
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Cancer Mortality, Sweden (Population Age Adjusted)
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Figure 1. Cancer incidence in Sweden, data from Socialstyrelsen [4].
Population age standardized against population at year 2000.
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Cancer cells are proposed to obtain their ability to multiply beyond control
by acquiring a particular set of phenotypes, often referred to as the ”hallmarks
of cancer” [5, 6] (Figure 2). Exactly how cells acquire these hallmarks, and
how they can be counteracted is the main question at stake for developing
efficacious cancer treatments. How cells acquire these hallmarks varies de-
pending on many factors, including the tissue and normal cell being affected,
but in general it consists of the disruption of the regular function of a gene, or
a set of genes that contribute to maintaining normal cell function. During the
last decades, attention has largely been focused on cancer-causing mutations,
but interest has over time shifted to include many types of genetic, epigenetic
and transcriptional alterations. Key alterations in cancer are centered around
a complex network of interconnected pathways that regulate crucial cellular
phenotypes. Perhaps most famous are alterations of members across intra-
cellular pathways that control cell viability, proliferation (RTK, Ras, Myc),
motility (Apc, β -catenin), cytostasis (p16, p21, pRb) and apoptotic signalling
(p53) [6]. Importantly, cancer cells are also influenced by their interaction with
surrounding cells (the microenvironment), creating a complex system consist-
ing of cancer cells, cancer progenitor cells, immune cells, and surrounding
normal cells.

Charting the molecular basis of cancer has been a long ongoing process. Pi-
oneering projects, such as The Cancer Genome Atlas (TCGA, ������������	
�
�	���) and the TCGA pan-cancer analysis project [7] together with other
efforts (e.g. [8, 9, 10]) have unearthed the molecular basis of over 34 types of
cancer. These efforts have identified mutations related to over 500 genes to be
implicated in cancer, serving as a foundation for advances across the research
community [9].

genome instability and mutation

enabling replicative immortality

tumor-promoting in amation

activating invasion and metastasisinducing angiogenesis

avoiding immune destruction

resisting cell death

deregulating cellular energetics

sustaining proliferative signaling evading growth suppressors

Figure 2. The hallmarks of cancer and enabling characteristics, proposed as an orga-
nizing principle by Hannahan and Weinberg for the main capabilities acquired during
the development of human tumors. Adapted from [11].
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Glioblastoma
For a long time, the WHO classification of brain tumors into grades and types
was based mainly on histopathological features [12], but has recently been
updated to also include molecular information [13, 14]. Astrocytes, oligoden-
drocytes and ependymal cells together form the supporting structure around
the neuronal cells of the brain and are called glial cells from the Greek word
meaning ’glue’. Gliomas therefore, are those tumors whose cells resemble
glial cells. The annual incidence rate of gliomas in the United States is 6.3 in
100,000 individuals [15]. Based on the perceived similarity between the cells
of a tumor and normal cells of the brain, gliomas are categorized as astrocytic,
oligodendroglial, ependymal, and neuronal, among others [14].

The grade of diffuse astrocytic and oligodendroglial tumors (II-IV) is de-
cided based on criteria assessing malignancy and is highly correlated with
patient outcome. In short, according to WHO

... "tumors with cytological atypia alone are considered grade II, those that also
show anaplasia and mitotic activity are considered WHO grade III, and tumors
that additionally show microvascular proliferation and/or necrosis are grade IV"
[14]

Glioblastoma (GBM, previously glioblastoma multiforme) is a grade IV glioma
with predominantly astrocytic differentiation [14]. GBM is the most common
primary brain tumor with an annual incidence rate of 3.2 in 100,000 in the
United States and shows extremely poor patient outcome with a 5 year survival
of 5.5% [15]. Standard treatment includes surgical resection, radiotherapy and
chemotherapy with the drug temozolomide. The median survival after diagno-
sis is a mere 14.6 months with radiation and temozolomide and 12.1 months
with only radiotherapy [16]. Glioblastomas are 1.6 times more common in
men and the median age at diagnosis is 64 years [15]. Environmental factors
contributing to GBM are poorly understood, with the only established link be-
ing exposure to ionizing radiation [17]. A link between cell phone usage and
glioma has been widely speculated, and while conclusive evidence has not
been found, indications of a connection have been reported [18, 19].

Glioblastomas are categorized into primary and secondary depending on
whether they arise de novo (primary) or arise from lower grade tumors (sec-
ondary). GBM is also divided into IDH-wildtype, IDH-mutant and NOS (not
otherwise specified) based on the IDH1 and IDH2 mutation status. IDH-
wildtype GBM accounts for about 90% of all GBM and consists mainly of
primary GBM [20]. IDH mutation is considered a strong marker for sec-
ondary glioblastoma [20]. Promoter methylation of MGMT, present in 45%
of glioblastoma patients, imparts an improved response to temozolomide but
is also an independent marker for favorable prognosis [21]. Importantly, non-
molecular factors, such as the extent of surgical resection, play a large part
in patient survival [22, 23]. Patient survival is highly correlated with the age
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at diagnosis with some patients diagnosed under the age of 20 showing pro-
longed survival [15].

Glioblastoma genomics
A number of important publications have contributed to the understanding
of the genomic properties of glioblastoma [24, 25, 26, 27, 28, 29, 30]. The
emerging picture is one implicating a number of important genes centered
around the TP53, RB1 and RTK/Ras/PI(3)K pathways (Figure 3B). TP53 is a
well known tumor suppressor gene recurrently mutated in many cancers [31].
Non-mutated TP53 plays an important role in maintaining normal cell cycle
regulation, proliferation control, induction of apoptosis and control of DNA
repair pathways [32]. Regulation of RB1 controls cell cycle progression and in
GBM, RB1 can either be altered directly or impacted by upstream alterations
such as amplification of CDK4 or deletion of CDKN2A and CDKN2B [26].
Receptor tyrosine kinases (RTKs) are cell surface receptors that transmit ex-
tracellular signals to activate signalling pathways within the cell, controlling
crucial functions such as sustaining proliferative signalling [5, 6]. In GBM,
common alterations to RTKs include EGFR and PDGFRA, together with al-
terations of downstream factors such as PTEN, NF1 and PI(3)K [26, 30]. Gain
of chromosome 7 and loss of chromosome 10 are characteristics of glioblas-
toma, containing EGFR and PTEN respectively. A number of important risk-
associated SNPs for glioma have emerged from GWA studies, connected to
EGFR, TP53, CDKN2B and regions linked to IDH-mutations [33, 34].

Glioblastoma heterogeneity and stratification
Glioblastoma itself is a heterogeneous disease. GBM patients are proposed
to have differing prognosis depending on the genotype, epigenome and gene
expression properties of the tumor. The spread across these features between
tumors has given rise to subclassifications of glioblastoma based on expression
profiles [24, 28, 30], methylation profiles [29, 30, 36] and mutations [13, 30,
37].

The most commonly used subclassification of GBM based on gene expres-
sion data is that of splitting into four subtypes; Proneural, Neural, Classical
and Mesenchymal [28]. Tumors of the proneural subtype typically have high
expression of PDGFRA and were originally proposed to be associated with
longer patient survival [28]. However, subsequent stratification of the proneu-
ral patients based on methylation data revealed that the observed survival ben-
efit was imparted by a subset of IDH1 mutated and hypermethylated samples
termed the G-CIMP group [29, 30]. Interestingly, the G-CIMP group contains
a higher proportion of young patients. These findings have since been included
in the updated WHO classification of glioblastoma [13]. Tumors of the clas-
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Figure 3. Main pathways and organizational structures of glioblastoma.
(A) Genetic pathways to IDH-wildtype and IDH-mutant Glioblastoma. Adapted from
[35] as in [14]. (B) Main altered pathways in GBM. Reprinted with permission [26].
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sical subtype typically carry amplifications of EGFR and deletions or loss of
chromosome 10. The neural tumors are enriched for neuronal markers such as
NEFL, GABRA1, SYT1, and SLC12A5 while the mesenchymal tumors are en-
riched for mesenchymal markers such as CHI3L1 and MET. Others have pro-
posed stratifying glioblastoma and lower grade gliomas by the same criteria,
based on the observation that molecularly, IDH mutated glioblastoma is more
similar to lower grade glioma than to IDH-wildtype glioblastoma [37]. Over
time, a suspicion has grown that the neural subtype is dominated by tumor-
extrinsic factors such as stromal contamination and that glioblastoma cell-
intrinsic stratification only includes the Proneural, Mesenchymal and Classical
subtypes [38].

The stratification of glioblastoma patients into subtypes based on molecular
properties highlights the heterogeneity of this tumor, which is argued to have
important implications for therapeutic options and the necessity for personal-
ized treatment. Heterogeneity within tumors has been shown to span all gene
expression subtypes and to be present at the single-cell level [39, 40]. The
evolution of a glioblastoma tumor, from the first glioblastoma cell to the tu-
mor mass that is surgically resected, and in turn to the inevitable recurrence,
is a complex process. The chronology of how recurrent aberrations appear in
IDH-wildtype cases highlights a progression from a proneural-like precursor,
with gain of chromosome 7 and loss of chromosome 10 being early events
[41]. In secondary glioblastoma, early events include those typical of lower
grade glioma, such as mutation of IDH1, TP53 and ATRX (Figure 3A) [35].
Analysis of genetic evolution in GBM highlights mutation of IDH1 and TP53
as early events that commonly occur in both tumor and recurrence [42]. How-
ever, key GBM driver alterations in the recurrence frequently diverges from
the primary tumor, with distant recurrences being less genetically similar than
local recurrences [43, 44]. Wang et al. show that the gene expression sub-
type is only retained between initial tumor and recurrence in 55% of cases
[38]. The intra-tumor genomic heterogeneity of GBM has been shown to be
important for functional heterogeneity, also at the single cell level [44, 45, 46].

Tumor initiating cells and in vitro models of GBM
To explore functional and pharmacological properties of GBM an appropriate
disease model is needed. Disease models can mainly be categorized as in
vitro, in vivo and ex vivo. The choice of model system for testing a given
hypothesis is a balance between the clinical relevance, practicality and cost. In
this balance, in vitro models using patient-derived cell cultures have emerged
as a popular model system in the GBM field [47, 48, 49]. To follow up on
results obtained in vitro, in vivo models provide an added level of clinical
relevance, utilizing for instance mice, rats or zebrafish.
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Patient-derived GBM cells will typically not grow in vitro if not encouraged
by supplements added to the cell medium. For a long time, cultured GBM
cells were supplemented with serum, a non-defined mixture of growth factors.
Decades ago (1966) the widely used GBM cell line U87MG was established
under such conditions [50]. U87MG is still commonly discussed with over 450
mentions in PubMed for 2017 (Over 3500 mentions in total 1). Since U87MG
has been passaged many times in serum it is unclear whether this model still
represents the original tumor [51]. Other frequently used serum grown cells
include U251MG, LN-18, T98G and A172 [52]. It has been shown that cells
grown in serum drift away from the original tumor in gene expression space,
thus making them less suited for phenotypic studies [53]. To counteract this
problem, cells are nowadays often grown in well defined serum-free medium
[47, 48, 49]. This medium is designed to have less effect on the cells, while
still providing the growth factors needed for prolonged passaging, necessary
when producing material for molecular profiling and follow-up studies.

It has been proposed that only a subset of cells, so called cancer stem cells
(CSCs), have the capacity to self-renew and to differentiate into all kinds of
tumor cells, thus being the driving force behind tumor growth [54]. Cancer
stem cells are proposed to be the culprit in tumor recurrence, since if radiation
or chemotherapy has failed to eradicate these cells, capacity to regenerate a
tumor is retained [55, 56]. In GBM, a subpopulation of cells resembling CSCs
has been identified [57, 58] but molecular markers for this population have
proven elusive [59, 60]. The putative glioblastoma stem cell (GSC) population
has been proposed to sustain long-term tumor growth after treatment [61] and
inducing GSC differentiation has been suggested as a strategy to limit tumor
growth [62]. Closely related to the GSC hypothesis is the proposed cell of
origin of GBM. Although historically referred to as Grade IV Astrocytoma,
GBM is thought to arise from both astrocyte, oligodendrocyte and neuronal
precursor cells [63, 64]. An important property of patient-derived GBM cells
is their ability to maintain stemness characteristics, such as the ability to form
neurospheres in vitro and to form tumors in vivo.

To investigate GBM in an in vivo setting, both rats and mice have been pop-
ular alternatives since the 1940s [65, 66]. Tumors can be induced by injecting
GBM cells into immunodeficient mice, or by genetically engineering mice to
develop tumors intrinsically. When injecting patient-derived cells, the cells
can either be established as cell cultures first, or injected directly as patient
derived xenografts (PDXs) [47, 67, 68]. Genetically engineered mouse mod-
els rely on altering signalling pathways that are known to induce glioblastoma.
Models rely on different alterations, giving rise to tumors induced with differ-
ent backgrounds, such as Ras and Akt [69], PDGFB [70, 71], EGFR [72], and
TP53/NF1 [73, 74].

1PubMed Search ������������	
����
�����������

�������
������������ on Jan-
uary 11 2018
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Data driven analysis of cancer
Technological development has unleashed the generation of large amounts of
data from cancer samples, be it patient surgical samples or cultured cancer
cells. These growing masses of data allow for a data-driven approach to un-
derstanding how cancer develops. In the data driven-world the inner workings
of a cell is often simplified compared to the biological reality. The level of
simplification is strongly dependent on the technological developments that
at any given point restricts us economically to measure some, but not other
molecular properties with high throughput. The data-driven world thus relies
on those entities for which data can be generated and omits those for which it
can not, hoping that these omissions do not skew our interpretations.

The methods available for high-throughput profiling can probe various stages
in the process of converting genetic information into the molecules that ulti-
mately determine cell function (Figure 4). Starting at the level of DNA, there
are genetic changes, such as mutations or alterations of the copy number of
sections of DNA. On top of the genetic state, there are epigenetic changes that
impact inheritable traits such as DNA methylation and histone modifications.
The genetic and epigenetic state together influence the makeup and quantity
of the RNA that is transcribed from a gene together with other forces regu-
lating gene transcription, such as the presence of transcription factors. Post-
transcriptional modifications and regulation of the transcribed mRNA, such
as binding of miRNAs, influences how much of the mRNA that is translated.
Finally, we can measure the levels of various proteins in a sample. Since pro-
tein measurements are relatively expensive, the corresponding mRNA level is
often used as a proxy for the protein level. In the following section, a number
of commonly used data types are covered.

Common types of cancer data
Copy number alterations
Copy number alterations (CNA) are changes in the number of copies of a
DNA segment. CNAs are structural changes that can occur for relatively short
spans of bases, but commonly occurs for segments containing entire genes, or
even many genes. In this way, genes can be deleted or duplicated, potentially
leading to a decrease or increase in gene expression.

Copy number aberrations can be measured by probe based array techniques,
such as Affymetrix Cytoscan HD. On such arrays, probes with an affinity for
a specific DNA sequence are distributed across the genome and a fluorescent
signal is used to quantify the abundance of each. A smoothing algorithm is
then used to convert the probe values into copy number values for longer seg-
ments along the genome. Single nucleotide polymorphism (SNP) arrays can
also be used in a similar manner.
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(iv) DNA methylation

(iii) Histone modification

(i) Copy number alteration

(ii) Mutation

(v) mRNA expression(vi) miRNA expression

(vii) Protein expression

Figure 4. Conceptual overview of key data types in large scale analysis of cancer. (i)
Copy number alterations, (ii) mutations, (iii) histone modifications, (iv) DNA methy-
lation, (v) mRNA expression, (vi) miRNA expression and (vii) protein expression.

Mutations
Mutations are base-pair changes in the DNA sequence. The effect of a mu-
tation is completely dependent on where the mutation occurs and what the
change is. Mutations that have no effect on any phenotype are called silent.
Mutations consist of the substitution, insertion or deletion of a single base
(called point-mutations) or a set of bases. Some mutations in protein coding
genes do not impact the resulting protein at all, for example if a point mu-
tation results in a three-base-pair codon that codes for the same amino acid.
Such mutations are also called synonymous. Non-synonymous mutations on
the other hand are those that impact the gene product in some way. Missense
point mutations alter a base so that it results in a different amino acid, im-
pacting the resulting protein. Nonsense mutations are those that have a larger
effect on the transcription of a gene, for example by introducing a new start or
stop position, completely changing the resulting RNA. Insertions or deletions
can cause large changes of gene transcription, frameshift mutations for exam-
ple, are those that offset transcription so that the three-base-pair codons are
grouped in a different configuration. Mutations outside genes can also have
large effects, for example by impeding the binding of regulatory elements.

High-throughput methods for mutation detection are based on DNA se-
quencing. Sequencing of DNA can occur at varying resolution and com-
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prehensiveness. Whole genome sequencing targets the entire genome but is
therefore relatively expensive. Alternatively, a targeted sequencing, limited to
regions of interest (e.g. specific genes or all exons) can be used. To determine
the existence of mutations, a reference sequence is needed. The reference se-
quence can either be based on a population sample (after removing commonly
occurring variation) or it can be based on a matched normal sequence.

Histone modifications
Histones are the core around which DNA is wrapped to form a nucleosome,
the basic structure for coiling DNA into chromatin (Figure 4). How compactly
coiled the nucleosomes are influences the level of gene transcription in that
region. There are many modifications of the histone core units, for example
acetylation, methylation and phosphorylation. These modifications serve as
a dynamic system for controlling chromatin structure and can be associated
with both active and repressed transcription.

ChIP-seq is an increasingly popular method for measuring histone modi-
fications with high throughput [75]. Chromatin Immunoprecipitation (ChIP)
is the process of first fixating DNA bound proteins to the DNA, followed by
fragmentation of the DNA, and then using antibodies to enrich for proteins of
interest. By first performing ChIP focusing on histone modifying proteins, and
then sequencing the resulting DNA fragments the positions of histone modifi-
cations can be inferred.

DNA methylation
DNA methylation is the addition of a methyl group (CH3) to a cytosine in the
DNA strand, usually where the cytosine is followed by a guanine (called a
CpG site). Methylations are an epigenetic mechanism by which the expres-
sion of many genes is controlled. Regions upstream of the transcription start
site (TSS) of a gene often contains CpG islands (regions that are enriched
for CpG sites) that are normally unmethylated. Once methylation of a pre-
viously unmethylated CpG site occurs it often leads to decreased expression
of the corresponding gene. Understanding how methylation impacts gene ex-
pression, and other functions, is still an area of active research. For a recent
review, see [76]. Many effects of methylation are less understood and are very
context dependent, for example when a methylation interferes with the bind-
ing of transcription factors to enhancers and other regulatory elements, or the
interplay between methylation and other epigenetic properties such as histone
modifications.

DNA methylation is most often measured on bisulfite-treated DNA, either
by subsequent sequencing or by probe-based methods. The bisulfite-treatment
converts unmethylated cytosine to uracil, but leaves methylated cytosine un-
changed. Thus, two probes for each interrogated site are used, one quantifying
the methylated, and one quantifying the unmethylated state. The methylation
state of a site is then summarized as a β -value, defined as a ratio between
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the methylated and the overall intensity [77]. Each platform will cover dif-
ferent regions with varying number of probes, often focusing on CpG islands
and other regions with known regulatory importance. For instance, the pop-
ular Illumina Infinium MethylationEPIC platform covers over 850,000 sites
focusing on CpG islands, regions surrounding CpG islands, sites known to be
differentially methylated in tumor samples, enhancer regions, and more.

mRNA expression
mRNA expression is one of the most abundantly generated molecular data.
This is in large part due to early development of cost effective probe-based
techniques to simultaneously measure large numbers of mRNA levels. Since
mRNA levels can be seen as a proxy for protein levels in a cell, they are
often used to interpret the state of various cellular phenotypes or molecular
functions. It has long been assumed that there is a positive correlation between
the mRNA level and the corresponding protein level, a notion that has been
significantly nuanced over time [78, 79, 80].

Hybridization based microarrays for mRNA quantification have been exten-
sively used since the 90s [81], but are gradually being replaced by sequencing
based methods [82]. Hybridization arrays are based on specially designed
probes with an affinity for regions within certain genes. These are arranged on
a plate and the corresponding mRNA attaches to them in order to be quantified
by measuring a fluorescence intensity. RNA sequencing (RNAseq) is based
on sequencing of cDNA, used to more accurately quantify the corresponding
mRNA levels.

miRNA expression
Micro RNAs (miRNA) are small non-coding RNAs that target mRNA. miRNAs
can silence or regulate gene expression by post-transcriptional binding or cleav-
ing of mRNA. The quantification of miRNA can be achieved by the same
methods as for mRNA, but with specifically designed probes or by sequenc-
ing analysis.

Protein expression
Proteins, being a key determinant of cellular function, can be seen as the gold
standard measurement to understand cellular phenotypes. Reducing the cost
of measuring proteins is a rapidly developing field, including antibody based
techniques such as proximity ligation assays [83] and reverse phase protein
arrays [84], as well as various methods based on mass spectrometry [85].
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Clinical and phenotypic data
Measurements of molecular properties are not inherently interesting if they
can not be connected to some clinically relevant phenotype. The most com-
mon type of clinical information considered in cancer genomics studies is
readily available patient specific covariates such as age, sex and postoperative
survival. By linking such information to genomic data sets it is, accordingly,
possible to identify molecular markers of survival, or to compare the demog-
raphy between different molecular subtypes. In this thesis, we also consider
a different form of phenotypic data, collected using functional assays applied
to cells that were grown from the patients’ tumors. One key example of such
data is drug sensitivity profiles, collected by high-throughput screening (HTS)
technology, which can be combined with molecular data to suggest mecha-
nisms behind the observed drug response. A second important example of
patient specific phenotypic data obtained in a preclinical setting is measure-
ments of tumor initiating capacity of patient derived cells transplanted into
immunodeficient host animals. This information can provide important molec-
ular correlates of tumor initiating or invasive capability of the tumor cells. In
vivo phenotypes are expensive to measure at large scale but are an important
follow-up in high-throughput studies.

Integrative analysis of cancer data
Databases of multidimensional cancer data
Tremendous effort has been put into the systematic collection of multidimen-
sional omics data across all major cancer diagnoses. The most prominent ef-
fort is The Cancer Genome Atlas (TCGA, ������������	�
�	���) covering
over 11000 patient cases across 34 cancers. This publicly accessible database
includes gene mRNA expression, copy number alterations, DNA methylation,
mutation, protein expression and clinical data. Similar efforts include the
International Cancer Genome Consortium (ICGC) [86], the Cancer Genome
Project (CGP) [87], the Clinical Proteomic Tumor Analysis Consortium (CP-
TAC) [88] and MSK-IMPACT [10].

Drug responses of traditional cancer cell lines have been studied exten-
sively. Publicly available data repositories of perturbation experiments include
NCI-60 [89], the CCLE (Cancer Cell Line Encyclopedia) [90], the GDSC
(Genomics of Drug Sensitivity in Cancer) [91, 92], the CTRP (Cancer Thera-
peutics Response Portal) [93, 94] and the NIH LINCS program (L1000) [95].
These data sources have all been used in a large number of publications to gain
understanding about different cancers (For instance, NCI-60 is mentioned by
over 700 entries in Pubmed 2).

2Retrieved on January 11 2018.
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One of the current challenges is to develop mathematical models and visual-
ization techniques to leverage these huge sources of available data. Integrative
analysis using multiple data types and multiple patient cohorts is a rapidly de-
veloping field, aiming to increase the power of an analysis by including more
data at once. Often, traditional methods can be adapted to accommodate these
types of analysis, for instance by extending unsupervised clustering to a clus-
ters of clusters analysis to include multiple data types, or by simply comparing
summary statistics across patient cohorts.

Integrative analysis across data types and cohorts
Integrating data across many different types of cancer, so called pan-cancer
analysis is an emerging area of research [7]. The idea is that even though
different types of cancer behave differently they rely on having the same hall-
marks and therefore exploit the same cell vulnerabilities to some extent. The
structure of how different cancers are alike and different can give insight into
how each cancer gains a growth advantage over normal cells. For instance,
Kandot et al. analyze exome sequencing data from 12 TCGA cancers in order
to identify 127 significantly mutated genes, highlighting how they are centered
around 20 core cellular processes [31]. Tamborero et al. also use TCGA data
from 12 cancers and utilize an ensemble of methods to identify 291 cancer
driver genes [96]. Zack et al. consider the copy number profiles of 4934 cases
across 11 cancers, noting that many regions with identified copy number al-
terations did not contain any known cancer driver genes [97]. Ciriello et al.
identify two main pan-cancer tumor classes, driven predominantly by either
recurrent copy number alterations or recurrent mutations [98]. Hoadley et al.
[99] perform an integrative analysis of 12 cancer types and five data types. Us-
ing unsupervised clustering they identify 11 major subtypes, some of which
overlap well with a particular cancer, while others contained samples from dif-
ferent cancers. In fact, for some cancers the samples were split between more
than one of the 11 major subtypes, indicating that the cancer type itself is not
the main determinant of molecular features. Iorio et al. combine drug response
data and molecular data for 990 cancer cell lines to predict drug responses and
drug interactions across 19 tissue types [100]. The pan-cancer notion can also
be applied to in-silico prescription of drugs, i.e. transferring knowledge about
efficacious treatments in one cancer to others with a similar molecular basis
[101]. Sharing data across cancers, when implemented properly, allows us to
learn more about each cancer by increasing the power of our statistical models
in detecting shared processes.
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Integrative network models
Statistical models for multidimensional analyses come in many flavors. One
extensively used class of models are so called network models. A network,
or graph, in this context is a set of nodes (variables, e.g. gene expression for a
gene) and a set of links between pairs of nodes. The meaning of a link connect-
ing two nodes depends on the framework used to infer the network. Usually,
a link between two nodes indicates an association between them (undirected)
or an influence of one on the other (directed, e.g. the expression of a gene reg-
ulating the expression of another gene) (Figure 5A-B). Different frameworks
regard association differently; in correlation networks (e.g. co-expression net-
works), association is measured by the correlation coefficient, in graphical
models, association is measured by the conditional dependence between two
random variables. In a network including multiple data types, different nodes
represent different data types, such as the mRNA expression or CNA of a gene,
or the methylation of a certain site (Figure 5C). In a network including mul-
tiple classes (e.g. patient cohorts, cancer subtypes), a link can have different
values for each class (Figure 5D). Depending on the assumptions we make
about variables and the structure of our network, we must use different tools
for network inference.

Correlation based networks
The simplest version of a correlation based network method is to calculate all
the pairwise correlations between variables. These can then be thresholded
to produce a 0-1 adjacency matrix describing a network of pairwise associa-
tions. Many methods use the correlation matrix as input to derive a network
conforming to certain properties. WGCNA, for example, transforms the corre-
lation network so that it better conforms to proposed properties of regulatory
networks, such as having a scale-free topology [102]. Other methods, such
as sparse inverse covariance selection (SICS, used in Papers I and IV) uses
the covariance matrix to estimate the pairwise partial-correlations, i.e. cor-
relations while controlling for confounders. Applied to GBM, co-expression
networks have been used to stratify patients [103] and WGCNA has been used
to identify the gene ASPM as a potential molecular target [104].

Information-theoretical networks
Methods based on information theory replace the linear concept of correlation
with non-linear concepts like mutual information. Mutual information (MI) is
a measure of how much information is shared between two variables. Similar
to the correlation based approach, a network can be obtained by thresholding
all pairwise MI values. Methods such as ARACNE [105] and CLR [106],
use pairwise mutual information together with pruning methods that retain
only the most stringent associations. Applied to GBM, ARACNE has been
used to explore the activation of a mesenchymal phenotype linked to tumor
aggressiveness [107].
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Figure 5. Overview of network model types.

Bayesian Networks / Graphical models
Bayesian networks describe probabilistic relationships between variables rep-
resenting a directed acyclic graph (DAG). In such a graph, links have direc-
tions and the graph contains no cycles. I.e. it is not possible to start from one
node, and to follow the directed edges to return to that node. This limits the
kinds of regulatory relationships that these networks can represent, for exam-
ple excluding the existence of feedback loops. However, the directed nature
of the links in these graphs, and the accomodation of missing data still make
them attractive for modeling regulatory networks. The inference of bayesian
networks is relatively computationally demanding and is thus typically used
when modelling relatively small systems [108].

Other methods
There are many other frameworks for representing networks. For instance, to
model time-dependent behaviour, differential equations are often used. The
state of a node is defined as a change over time, as a function of the state of
other nodes. This creates a set of differential equations that are solved in order
to describe the dynamics of the system. These can either be ordinary differ-
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ential equations, partial differential equations, or even stochastic differential
equations.

Boolean networks use a 0-1 status of nodes that are determined by a boolean
function of the states of a subset of other nodes [109]. Such networks allow
logical relationships between states to be modelled (e.g. if gene A is expressed
AND gene B is mutated, gene C is not expressed), often with a time dimension.

In addition, any ad-hoc method can be used to define links between nodes.
For instance, one can describe a network by connecting the variables that accu-
rately predict another variable to each other. By applying a prediction method
for each variable at a time, using a variable selection method to obtain a subset
of other variables, a global network can be derived. This allows for a large de-
gree of flexibility since there are many specialized prediction methods, suited
for various interaction types. However, these methods are often computation-
ally intensive and do not guarantee any theoretical properties for the network.

Sparse Inverse Covariance Selection

Sparse Inverse Covariance Selection (SICS) is used to derive approximations
of partial correlations from covariance matrices. If we assume that our vari-
ables come from a multivariate gaussian (normal) distribution, and that the
underlying network is undirected, a zero entry in the inverse of the covariance
matrix of the gaussian distribution implies that the two corresponding vari-
ables are conditionally independent (no link). Thus, the problem boils down
to efficiently estimating the inverse of the covariance matrix.

For typical high-throughput cancer omics data, the number of variables ex-
ceeds the number of samples. This prohibits the direct inversion of the covari-
ance matrix, since it is a singular matrix in these cases. Alternative methods
use a sparse approximation of the inverse covariance matrix, for example by
solving one penalized regression problem for each variable, using the other
variables as predictors [110]. Friedman et al. propose finding the partial corre-
lations by optimizing a penalized likelihood problem [111]. In general terms,
such a problem can be stated as:

argmax:
Θ

l(Θ | S)−penalty(Θ)

where Θ is the matrix describing the network and S is the sample covariance
matrix. In simpler terms: given a covariance matrix from our data, we want
to find an optimal network under the influence of certain penalty constraints.
The first term of the equation controls that our network actually consists of
partial correlations. The second term controls the sparsity of the network. The
penalty function can take various forms, such as a lasso penalty [112] (then
called Glasso [111]), or an elastic net penalty [113]. The lasso penalty applies
to the sum of the absolute values of the elements of Θ, while the elastic net
balances a lasso penalty with a quadratic penalty term:
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(α|θi j|+(1−α)θ 2
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where θi j are elements of the network matrix. Here, α = 1 reduces to a
lasso penalty since the quadratic term is then removed.

Augmentations to the penalty terms can be made in order to accommo-
date additional criteria, such as modelling multiple cohorts, i.e. the joint
graphical lasso [114]. In this setting the penalty term is used to encourage
similar network structure and link values across cohorts. The penalized like-
lihood for the joint graphical lasso problem can be solved efficiently using a
method called alternating direction method of multipliers (ADMM) [114]. The
ADMM method is used to decompose the complex objective function so that
it can be solved in an iterative manner [114, 115].

Assessing network importance

Network models can naturally be interpreted at the level of single links, i.e.
the presence or absence of an association between two nodes. But often, to
make more nuanced interpretations, methods to summarize some aspect of the
network are used. Summary methods can help highlight important properties
of a network and allow us to focus on only that which is relevant for a specific
hypothesis. Network summary methods can be broadly categorized into those
based on; centrality, identifying nodes that have an outstanding role in terms
of their linkage to other nodes, clustering, identifying groups of nodes in a
network that are more connected to nodes within that group than to nodes out-
side it, motifs, identifying recurring structures in the network, and proximity,
identifying nodes ’guilty by association’ to nodes of known importance.

Graph centrality
Graph centrality uses the structure of the network to identify nodes that are
more important than others in some sense. A long standing contention is that
in biological networks, entities that are connected to many other entities are
functionally more important [116, 117]. For networks based on cancer data,
centralities have been used to identify candidate cancer genes (e.g. [118, 119,
120]). Depending on which measure of centrality is used, different aspects
of the network can be highlighted. Degree centrality measures the number
(and strength, in a weighted network) of links to a node, giving highly con-
nected nodes higher importance. Betweenness centrality measures how of-
ten the shortest path between any other two nodes passes through a particular
node [121]. This measure for instance highlights nodes that lie between clus-
ters of other nodes. PageRank is a method aimed at identifying nodes that are
strongly connected to other important nodes, originally developed by Google
for ranking webpages [122]. Many other methods exist, such as local cluster-
ing [123] or topology based methods [124], other shortest path based meth-
ods such as flow centrality [125] and closeness centrality [126], and other
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eigenvector based methods such as Katz status [127] and eigenvector central-
ity [128].

Graph clustering
Graph clustering is the process of partitioning nodes into groups of nodes that
belong more with each other than with nodes in other groups. This concept
can be used to identify sets of nodes with a distinct function that is not strongly
related to other distinct functions, for example to define an ontology of gene
function [129] or to define functional modules [130]. Methods for graph clus-
tering can be broadly categorized into two types; those based on computing
similarity values between nodes and then deriving clusters from those values,
and methods based on a quality function measuring how ’good’ a certain par-
titioning of the network is, with the goal to maximize that value. Methods
relying on pairwise similarities between nodes, such as the Jaccard index and
topological overlap [131], often serve as the basis for traditional clustering
methods such as hierarchical [132] and spectral clustering [133]. Criterion of
a ’good clustering’ are often built on the notion of modularity; determining
whether subgraphs have a larger number of internal edges than expected by
chance [134]. Thus, modularity depends on assumptions about a reasonable
null-model, i.e. a random graph that retains important properties of the graph
for which we want to identify clusters. Many methods use a global quality
function and there are a vast array of methods for maximizing it, e.g. greedily
making small stepwise changes [134], simulated annealing [135] or solving a
linear programming problem [136]. For a more extensive overview of cluster-
ing methods, see [137].

Graph motifs
Motifs in a network are patterns that appear more often than what is expected
by chance [138]. In biological networks, such patterns can be interpreted to
reflect true functional relationships that are recurrently present in the underly-
ing biological system. Commonly analyzed network motifs include feedback
loops and other structures with relevance for regulatory circuits. Motifs can
either be detected de novo or a directed search for certain patterns can be per-
formed. To determine the statistical significance of a pattern, a null-model of
a random network is needed. Often, a completely random network is not rel-
evant, but a random network retaining key properties of the network in which
we are evaluating motifs is needed. Prominent methods for finding motifs de
novo include MFinder [139], Kavosh [140] and MODA [141]. For an longer
introduction to network motifs, see [142, 143].

Graph proximity
Identifying important nodes by some measure of proximity to nodes that are
known to be important is in essence a method of guilt by association [144].
The underlying assumption being that if we know that something is important,
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things influencing that factor have a higher probability of also being impor-
tant. In a biological setting, this can be useful in finding alternative strategies
for targeting known mechanisms. Guilt by association has the double-edged
property of relying on a priory information, on one hand making new findings
dependendent on the completeness of the input, on the other hand making the
search for new findings more directed. Notable graph proximity methods to
identify candidate genes include those based on direct neighbors [145], short-
est paths [146] or methods using network propagation such as random walks
[147].

Web based interactive exploration of cancer data
As the size and scope of cancer omics data is expanding, every part of the
process from sample gathering, statistical analysis, visualization, and biologi-
cal interpretation becomes a challenge. A number of hugely popular tools are
available for exploring and downloading TCGA data, e.g: TCGA Data Portal
(������������	��	
����
����), the cBio Portal [148], the UCSC Cancer
Genomics Browser [149] and UCSC Xena (�������������). Other popular
resources are more focused towards combining statistical modeling with inter-
active graphics, e.g: IntOGen [150], Gitools [151] and the Cancer Regulome
Explorer [152]. These resources have played an important role in making data
and data analysis approachable to a wider audience.

Many applications have moved to a web based interface to allow for eas-
ier distribution across platforms and devices. Some notable examples of web
based software for exploration of cancer omics data include:

Oncoscape (���������������������	�) [153], a platform for exploring
TCGA data using interactive PCA plots, Timelines and Survival analy-
sis.

MAGI (���	����������) [154], a tool for annotation and integration of can-
cer genomics data. MAGI allows for side by side analysis of public and
private data sets.

OASIS (�������	�������	������) [155], developed by Pfizer, includes data
from TCGA and CCLE and allows for integrative analysis of multiple
data types for both tumor samples and cell lines.

GlioVis (��	��	���	�	������	����) [156], contains data for over 6500 tu-
mors samples, focusing mainly on gliomas. GlioVis provides tools for
classification, gene set enrichment analysis as well as common plotting
tools for visualizing data.

Most of these applications heavily utilize modern web technologies such as
HTML5 and JavaScript. These technologies lie behind the growing popularity
of ’web apps’ such as Google Docs and Microsoft Office 365. Web apps have
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a number of advantages over traditional software. Firstly, they allow for un-
parallelled accessibility since no installation of software is necessary and they
automatically work across all platforms that support standard web browsers.
Secondly, they provide an environment where data can be seamlessly trans-
ferred to the user once requested, which minimizes the total bandwidth used.
Thirdly, web applications are arguably easier to develop and maintain since
much of the basic functionality is provided through the web browser engine
and commonly used libraries.

Clearly there are also downsides to using web applications. Chiefly among
these are performance. Although applications based on JavaScript have seen
impressive performance improvements during recent years, they still lag be-
hind the performance of native desktop apps implemented in languages such
as C and Java. Performance can sometimes be an issue, but this issue is al-
leviated when using a powerful computer or a browser with good JavaScript
performance. The use of web technologies is thus in large a tradeoff between
accessibility and performance, where many chose to favor accessibility.
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Present investigations

Paper I
Efficient exploration of pan-cancer networks by
generalized covariance selection and interactive web
content
In Paper I we develop statistical network models that allow for the concurrent
modeling of multiple cancers from The Cancer Genome Atlas while also in-
cluding multiple types of omics data. Here, we use an augmented version of
the SICS framework discussed above. The solution to this problem gives us a
set of pairwise measures of conditional independence, which we can view as
the adjacency matrix of a network. When including multiple cancers, we call
this a pan-cancer network, where an association between two variables can
exists in one cancer, all cancers, or any combination of cancers.

To solve the SICS problem for the scale and heterogeneity of data from mul-
tiple TCGA cancers (8 cancers, 3900 patients and 4 types of omics data, each
with thousands of variables), a number of important extensions were made in
a method we call Augmented Sparse Inverse Covariance Selection (aSICS).
In particular; a sample size correction (SSC) to balance cancers with very dif-
ferent sample sizes, a data type dependent prior to promote links supported
by external data, and a modular constraint across cancers to stabilize the esti-
mated network structure across cancers. This results in an augmented version
of the penalized likelihood problem:

argmax:
Θ

l(Θ|S)
︸ ︷︷ ︸

likelihood

−Ps(Θ,Prior,SSC)
︸ ︷︷ ︸

network sparsity

−Pd(Θ,Modularity,SSC)
︸ ︷︷ ︸

modularity constraint

where l(Θ|S) is the Gaussian log-likelihood for the networks in Θ, and S con-
sists of one correlation matrix per cancer. To solve this optimization problem
we implemented an efficient cluster solver utilizing bootstrapping procedures
to improve estimate stability.

The resulting network is presented in a bespoke web based visualization
platform. This platform allows for efficient exploration of the pan-cancer net-
work and the underlying data by anyone with a web browser. The web ap-
plication includes features for browsing the pan-cancer network, filtering for
certain types of data, viewing links present in certain combinations of cancers,
and for viewing the underlying data as scatterplots and boxplots.
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Paper II
The Human Glioblastoma Cell Culture Resource:
Validated Cell Models Representing All Molecular
Subtypes
In Paper II we introduce a biobank of 48 glioblastoma cell cultures that we call
the Human Glioma Cell Culture (HGCC) resource. Importantly, the HGCC
cultures are grown under serum-free conditions, making them more represen-
tative of the original tumor than if using traditional cell culture methods. In
addition, HGCC cells have a well defined origin, have case-matched omics
data, and represent all molecular subtypes of glioblastoma (Classical, Mes-
enchymal, Proneural, and Neural), which is not the case for commonly used
glioblastoma cells (e.g. U87MG). All these factors in combination make the
HGCC cultures a useful resource for translational glioblastoma research.

The establishment of 48 cell cultures was based on 94 surgical samples from
GBM cases presenting at the Uppsala University Hospital. Cells from surgical
samples were explanted in serum-free media, grown as spheres for 5-7 days
and then kept in laminin coated dishes as adherent monolayer cultures. The
successful establishment of a cell culture was associated with a short patient
survival. Molecular profiling of the HGCC cultures, using gene expression
and copy number arrays, highlighted their similarity to the TCGA, including
similar frequencies of chromosome 7 gain and chromosome 10 loss. The gene
expression data was used to assign a molecular subtype to each of the HGCC
cultures, and to show that the HGCC cultures represent all TCGA subtypes.
However, the HGCC did not contain any IDH1-mutated cases, as indicated by
exome sequencing.

Experimental profiling of the HGCC cultures consisted of measuring prolif-
eration capacity, tumor initiation capacity and staining for cell lineage mark-
ers. Proneural cell lines tended to have a higher proliferative capacity and cell
lines with high proliferative capacity were associated with shorter patient sur-
vival. All tested cell lines expressed the stem cell markers Nestin and Sox2,
consistent with an enrichment of stem-like cells in these cultures. All tested
cell cultures of the Proneural, Classical and Neural subtypes initiated tumors
in mice, while 7 out of 17 tested Mesenchymal cell cultures gave rise to tu-
mors.

HGCC cells are distributed to collaborators and academic partners via the
������� website, in accordance with applicable biobanking laws. Through
the website, researchers can explore molecular and clinical data to select the
cell cultures of interest to their particular research question. To date, HGCC
has received over 100 inquiries and so far distributed cell cultures to over 30
academic partners. Thus, the knowledge surrounding the HGCC will continue
to grow, both by our efforts (as in Paper III and IV), and by the efforts of others
in the scientific community.
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Paper III
Decoding glioblastoma drug responses using an open
access library of patient derived cell models
In Paper III we extend the analysis of the HGCC both in terms of number of
cell cultures (to over 100) and in terms of the profiling data (adding mutation,
methylation and drug response data). A substantial part of this effort was
the systematic collection of omics and drug response data for such a large
number of cell cultures. We show that the HGCC cultures mimic the TCGA in
important respects, such as frequencies of canonical genomic alterations and
main axes of transcriptional variation. We perform extensive drug profiling,
starting from over 1500 compounds, screening for efficacy to select a panel of
262 compounds that were subsequently profiled in over 100 cell cultures.

To better understand the relationship between HGCC and larger cohorts
such as the TCGA we quantify the main sources of shared variation between
the datasets using a method called JIVE (Joint and Individual Variance Ex-
plained) [157]. This allowed us to determine that the main component of
shared transcriptional variation between the datasets corresponds to transcrip-
tional subtype, and to quantify how much of the total variation that is shared
between the cohorts. This is different from classifying samples from one
dataset based on a signature derived from the other, since it includes no pref-
erence of what cohort is considered the baseline.

Unsupervised consensus clustering of cell cultures using the drug response
data revealed two main clusters of cell cultures defined by their sensitivity to
a set of proteasome inhibitors (we call these groups PI+ and PI-). This feature
of the data was both striking and unexpected, warranting extensive experi-
mental follow-up. Briefly, these groups are defined by proteasome inhibitor
sensitivity, p53/p21 activity, stemness and protein turnover, and the differen-
tial response was also shown in a mouse model.

Based on the omics data we use machine learning to predict the drug re-
sponse of a cell line to a given drug. For this purpose, we use both linear
(elastic net) and non-linear (Random Forest) methods. In general, these meth-
ods show similar performance across drugs, instead highlighting the impor-
tance of collecting multiple data types, since different data was needed for
predicting different drugs with accuracy. Prediction performance is important
when prognosticating on future data, and gives a reasonable approximation of
the suitability of a personalization strategy. Furthermore, the variables used
to make a good prediction can be viewed as putative biomarkers, or used to
propose mechanistic hypotheses for the drug effect. To this end, we assemble
a network of drug-predictor variable associations for those variables that were
important in predicting a drug response with reasonable accuracy. Finally, we
propose a simple method for suggesting efficacious drug combinations based
on the drug profiling data.
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Paper IV
Exploring large scale integrative networks of
glioblastoma using hypothesis driven pattern search
In this work we use the methods developed in Paper I applied to the data gen-
erated in Papers II and III. Conceptually, there is not much difference between
including multiple cancers in an aSICS model and including multiple cohorts
for the same cancer. In the first case, we use multiple cancers to improve our
estimate of features that they have in common by ’borrowing’ information be-
tween them. In the second case we ’borrow’ information between cohorts,
essentially using the larger set of data to improve the model estimate for the
smaller set of data. We can use this fact to our advantage when considering
a large set of data with limited potential for experimental follow up (TCGA)
and a smaller set of data that is more relevant in this regard (HGCC).

Here, we derive an integrated network for HGCC and glioblastoma data
from TCGA using two network inference methods; WGCNA and aSICS. We
then contextualize the integrated network by annotating it with other relevant
data, such as drug target information from STITCH [158] and known can-
cer genes from COSMIC [9]. To interpret the resulting model, we propose a
search method based on pattern-matching. A pattern in the integrated network
is a set of links and nodes with certain properties imposed. For example, a
gene that is a drug target and a known cancer gene, for which a mutation of
that gene is associated with patient survival in both HGCC and TCGA.

To allow the network to be efficiently searched for any such patterns, we de-
velop a web app solution. Here, a user can define a pattern by simply drawing
one that corresponds to a particular hypothesis, and submit it as a query to the
database. After searching the network using an efficient graph database imple-
mentation, the server returns a ranked list of high-scoring subgraphs (based on
node importance and link strengths). The user can then click a subgraph and
view the underlying data to better understand how it was constructed. Cru-
cially, the user only needs to access a subset of the complete model and data,
relaxing an important limitation when we want to expand the scope and size
of our models.
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Discussion and future perspectives

In conclusion, the work in this thesis follows a trajectory of including more
and more relevant data, while developing the methods to accommodate this in-
clusion in order to understand the therapeutic vulnerabilities of glioblastoma.
In Paper I we develop statistical network models that allow for the concur-
rent modeling of multiple cancers and multiple data types from the TCGA.
This method is also applicable to modeling multiple cohorts and data types
from the same cancer, as in Paper IV. In Paper II we introduce the HGCC, a
new resource of primary patient-derived glioblastoma cell cultures useful for
translational research. In paper III we extend the HGCC resource with more
extensive molecular profiling and drug response data, identifying a functional
dichotomy defined by proteasome inhibitor sensitivity. In Paper IV we use the
methods developed in Paper I applied to the data generated in Papers II and
III to construct an integrated model of HGCC and TCGA. An overview of the
methods and data included in the corresponding papers is shown in Figure 6.

Paper I Paper II Paper III Paper IV
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Figure 6. Overview of key methods and data used across the papers in this thesis.

Clinical relevance of HGCC
In Figure 6, the importance of the HGCC resource is made apparent. A key
point for the relevance of HGCC cell cultures is whether they are represen-
tative of the relevant molecular diversity observed in glioblastoma tumors. In
Papers II and III we employ a number of methods to show that HGCC is repre-
sentative in terms of demographic, clinical and molecular features. One clear
limitation is that the HGCC does not seem to contain any IDH-mutated cases,
probably due to the tendency of such cells to not grow in vitro [159]. Patient
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surgical samples that were successfully established as cell cultures were asso-
ciated with a shorter patient survival, but it is unclear how much of this trend
is driven by an exclusion of IDH-mutated cases. Given the estimate of IDH-
mutated case frequency at 10% of all glioblastoma [20], and our establishment
rate of 56%, there were likely a significant number of IDH-wildtype cases that
failed to establish as cell cultures. However, the selection bias seems to favor
cell cultures from patients with poor prognosis, which is arguably better than
the converse.

In Paper II we use the gene signature proposed by Verhaak et al. [28] and a
k-nearest neighbor classifier within a bootstrap step to simultaneously assign
subtypes to HGCC cell cultures, and to estimate the stability of that assign-
ment. The bootstrap approach highlighted that most assignments were stable,
but a significant instability was observed for some samples. These cases can be
seen as intermediaries between subtypes, possibly due to within-sample het-
erogeneity. As a point of comparison, Patel et al. show that out of 5 samples,
4 bulk sample subtype assignments corresponded to the most frequent assign-
ment for the corresponding single cells [40]. In a similar analysis, Wang et
al. report a 4 out of 5 concurrence between bulk and most frequent single cell
subtype assignment [38]. Interestingly, in the one exceptional case, 60% of the
single cells were classified as mesenchymal, while the bulk tumor was classi-
fied as the third most frequently occuring single cell subtype. Such a discrep-
ancy either highlights a methodological instability, or heterogeneity between
parts of a single bulk sample, even at a population level, c.f. Sottoriva et al.
[39]. In Paper III we use an ensemble of classification methods combined by
a majority vote to improve the methodological stability in assigning subtypes
to HGCC cell cultures.

The significant heterogeneity between initial tumor and recurrence reported
by others [38] has serious implications for the suitability of personalized treat-
ment based on profiling of the initial tumor. If the driver alterations detected in
the initial tumor are not the ones driving the recurrence, no amount of prospec-
tive predictive power is useful, unless we can also predict the transformation
that occurs between initial tumor and recurrence. In fact, the one thing we
know for certain is that the cells we study from the surgical sample of the ini-
tial tumor are not the ones that give rise to the recurrence. There is significant
transcriptional diversity within the HGCC cultures [46] and there are signifi-
cant transcriptional and genomic changes induced by passaging (Baskaran et
al. 2018, Accepted). How these factors influence in vitro drug response is
unclear, and should be studied further. The growing popularity of single cell
RNA-seq methods will make this possible at larger scale. Methylation pro-
files have been shown to be more stable than transcriptional profiles ([38],
Baskaran et al. 2018, Accepted), making them an attractive data type for ther-
apeutic markers.

Recent publications exploring the intra-tumor heterogeneity and the simi-
larity between initial tumor and both local and distant recurrences [38, 42, 43,
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44] pave the way for a more complete understanding of the hierarchical organi-
zation and evolution of glioblastoma. Better understanding of how in vitro and
in vivo models relate to this hierarchy is of key importance. Although a sin-
gle sample from one tumor does not represent the entire tumor of that patient,
a large enough library of samples from different patients can still represent
all relevant diversity, but a direct matching between patient and cell model
may not be optimal. A personalized treatment approach may require multiple
samples to be taken from the initial tumor, in order to understand its thera-
peutically relevant genetic diversity. Optimally, patient-specific models would
consist of multiple samples established from different parts of the tumor, in
combination with analysis of clonal populations or single-cell profiling.

Continued work on Paper III
In Paper III, key questions remain unanswered about the mechanism underly-
ing the PI+ and PI- groups. In ongoing work, we are continuing the exploration
of the p53 dependency, and the relationship between TP53 mutation and TP53
activation. We are also extending the scope of in vivo testing to include addi-
tional cell cultures and mice. Importantly, the clinical relevance of bortezomib
is limited due to lacking blood brain barrier (BBB) penetration. However, sec-
ond generation proteasome inhibitors such as marizomib have shown promis-
ing results in preclinical studies, including BBB penetration [160]. Evaluating
the PI+/PI- dichotomy for marizomib in our material is therefore of highest
interest. Much effort has been directed towards understanding the PI+/PI- di-
chotomy, but there are several other drug classes worth exploring based on
their differential response across cell cultures, such as HDAC inhibitors and
EGFR and PI(3)K targeting compounds.

In Paper III we show that for at least 25% of drugs the responses of indi-
vidual cell cultures can be predicted with reasonable accuracy. The prediction
performance may not be enough to directly motivate a personalized treatment
approach, but can be used to understand underlying mechanisms and to derive
putative biomarkers. However, we believe that the prediction performance
can be improved and we are pursuing a number of extensions to the current
method. These extensions include filtering for variables with known relevance,
either by driver events (c.f. [100]) or by membership in frequently altered
pathways. Another approach is to include prior information, such as associa-
tions between drug effect and drug targets using data from L1000, STITCH or
CCLE. We are also exploring the inclusion of additional prediction methods in
order to create an ensemble method, combining them based on their individual
prediction performance.
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Network models and Paper IV
Networks representing a biological system exist somewhere between fully re-
flecting the underlying regulatory system and being a method for conceptually
grouping biological entities. Often, it is not exactly known where on that spec-
trum a certain network lies. In Paper I we adhere to the SICS framework in
order to interpret our links as partial correlations. In Paper IV we include
multiple inference methods to create a combined network. Here, we rely on
the user defining patterns that are inherently interesting. The inclusion of all
glioblastoma subtypes as one class in a multi-class network is bound to intro-
duce spurious correlations based on differences in mean values between sub-
groups. This problem could be approached by constructing a network where
the classes represent different subtypes, ideally in a hierarchical model also
including multiple cohorts. This alternative is limited by classes becoming
prohibitively small, in particular in the HGCC material, where a subtype may
contain as few as 20 samples. However, treating all subtypes as one class may
not only be detrimental, since there is significant plasticity between them [38,
41], and such plasticity may represent therapeutic opportunities, c.f. [161,
162]. Another possible extension to the aSICS framework is to hierarchically
group nodes into local entities that allow for modeling of non-linear relation-
ships at the local scale, but linear relationships to connect groups of local
entities.

An important effort throughout this work has been to generate modular and
reproducible results in terms of code and data. The experience gained through-
out this work has culminated in a framework for sharing code and data that is
being used in two ongoing multi-group collaborative projects. This framework
is already being used in Paper IV and makes the inclusion of new data, network
inference methods, or additional visualizations straightforward. Comparing
the quality of web applications developed in Paper I and Paper IV, significant
improvements have been made. The web application in Paper IV is modu-
lar, based around data types, cohorts, and data views, while the application in
Paper I was built around the network models themselves. However, many im-
provements can still be made to the modularity of the web application in Paper
IV, with a focus on improving maintainability, portability and reproducibility
[163, 164].

In Paper IV we combine two network inference methods for HGCC and
TCGA data with a number of external sources of data. The network infer-
ence methods are used to construct links between variables, and external data
sources are used as importance measures for both links and nodes in the net-
work. Once a user searches for a pattern, they are presented with a toplist of
matching subgraphs. A clear limitation of this approach is that it encourages
a very local interpretation of a limited set of nodes and links. This can be
counteracted by visualizing a neighborhood around a given subgraph, for ex-
ample indicating functional cluster memberships. The pattern search approach
is closely related to the concept of network motifs, but does not impose any
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criteria that a pattern should be overrepresented in the network, instead using
other measures of importance. Graph centralities and graph proximities could
be precomputed and included as node importance measures, reserved for fu-
ture work. In ongoing work we are adding several other network inference
methods to the integrated network, including GENIE3 [165] and TIGRESS
[166]. The flexibility of the pattern search implementation allows for other
future extensions, including addition of other inference methods, datasets and
data types.

Throughout this work we combine the development of integrative models
with applications to novel data relevant for translational glioblastoma research.
This work highlights several potentially therapeutically relevant aspects, and
paves a path towards more comprehensive and informative models of glioblas-
toma. Moving forward there are a number of exciting opportunities to extend
both the scope of the included data and the scope of the analysis methods. An
important challenge ahead is to balance the inclusion of new data with the in-
terpretability of the resulting models. Developing the results in Paper IV is a
promising approach to this challenge.

Future integrative models of glioblastoma have the potential to include mul-
tiple cohorts, multiple types of data (at multiple levels of the hierarchy repre-
senting inter-tumor, intra-tumor, single-cell and longitudinal heterogeneity),
to better understand functional diversity of cell models both in vitro and in
vivo, as well as how these factors influence patient survival and therapeutic
response. Such methods should not omit other important data such as re-
sults from large GWA studies and the significant clinical diversity and non-
molecular factors that influence glioblastoma patient survival.
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Populärvetenskaplig sammanfattning

Glioblastom är en aggressiv men relativt ovanlig hjärncancer som främst drab-
bar personer över 40 år. Standardbehandling för patienter med glioblastom
innefattar operation där så mycket som möjligt av tumören tas bort och följs
sedan av behandling med strålning och cytostatika. Trots aggressiv behan-
dling överlever de flesta patienter inte längre än cirka 15 månader och endast
5% överlever längre än 5 år. Så gott som alla patienter med glioblastom avlider
av sin sjukdom, i många fall efter att tumören har vuxit tillbaka trots både op-
eration och efterföljande behandling.

För många typer av cancer har diagnostik och behandlingsmetoder förbät-
trats väsentligt de senaste årtionden i en glädjande utveckling där patienter
överlever längre, får lindrigare sidoeffekter av behandling, och i många fall
kan botas helt och hållet. Denna utveckling har dessvärre inte gagnat pa-
tienter med glioblastom, men lovande framsteg ger hopp för framtiden. Nya
molekylära tekniker har gjort det möjligt att i stor skala studera de underlig-
gande faktorer som ger upphov till glioblastom och att förstå vad som gör vissa
tumörer mer aggressiva än andra.

Denna avhandling består av fyra delarbeten med fokus på två nya sätt att
förstå glioblastom. Dels genererar vi stora mängder data från en unik samling
patientprover och dels utvecklar vi statistiska metoder som vi använder för att
tolka denna data. En genomgående ambition i detta arbete har varit att förstå
vår egen data bättre genom att jämföra den med data från stora internationella
studier.

I delarbete ett utvecklar vi en metod för att generera så kallade statistiska
nätverksmodeller som jämför flera uppsättningar patienter med varandra sam-
tidigt som flera molekylära datatyper vägs samman. En nätverksmodell är
en matematisk abstraktion där olika mätpunkter i vår data representeras av
noder, och kopplingar mellan noder representeras av länkar. Dessa modeller
kan användas för att förstå hur olika biologiska mekanismer påverkar varan-
dra, och hur dessa eventuellt kan exploateras för att avväpna tumörceller. I
delarbete två introducerar vi en biobank av cellkulturer odlade från glioblas-
tomtumörer som vi kallar HGCC (Human Glioma Cell Culture, �������) och
visar att dessa cellkulturer är ett representativt modellsystem för att studera
glioblastom. I delarbete tre utför vi omfattande analys av fler än 100 sådana
cellkulturer där vi kopplar deras molekylära tillstånd till deras respons då de
utsätts för en panel av läkemedel. Vi identifierar två tydliga grupper av cellkul-
turer som svarar olika på behandling med så kallade proteasomhämmare och
kopplar detta beteende till tumörsuppressorgenen TP53 och cellernas förmåga
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att omsätta protein. I delarbete fyra applicerar vi den metod vi utvecklade i
delarbete ett till den data vi genererade i delarbete två och tre vilket resul-
terar i nätverksmodeller som inkluderar såväl data från HGCC som data från
en rad stora internationella databaser. För att göra det möjligt att tolka dessa
nätverksmodeller utvecklar vi ett websystem där användare kan söka efter små
delnätverk som representerar experimentella hypoteser. På detta sätt använder
vi de internationella databaserna för att föreslå experimentella försök i cellkul-
turer från HGCC.

En genomgående utmaning i detta arbete har varit att utveckla de statistiska
modeller och de verktyg som behövs för att tolka dessa, samtidigt som vi har
inkluderat mer och mer data för att göra dessa modeller så kliniskt relevanta
som möjligt. Detta arbete bidrar med att identifierat flera kliniskt relevanta
aspekter av glioblastom och banar en väg för framtida modeller med ännu
större klinisk relevans.
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