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“If we knew what it was we were doing,
it would not be called research, would it?”
Albert Einstein

ABSTRACT
The WHO classification of brain tumors is based on histological features and the
aggressiveness of the tumor is classified from grade I to IV, where grade IV is the
most aggressive. Today, the correlation between prognosis and tumor grade is the
most important component in tumor classification. High grade gliomas,
glioblastomas, are associated with poor prognosis and a median survival of 14
months including all available treatments. Low grade meningiomas, usually
benign grade I tumors, are in most cases cured by surgical resection. However
despite their benign appearance grade I meningiomas can, without any
histopathological signs, in some cases develop bone invasive growth and become
lethal. Thus, it is necessary to improve conventional treatment modalities,
develop new treatment strategies and improve the knowledge regarding the basic
pathophysiology in the classification and treatment of brain tumors.
In this thesis, both proteomics and metabolomics have been applied in the search
for biomarkers or biomarker patterns in two different types of brain tumors,
gliomas and meningiomas. Proteomic studies were carried out mainly by surface
enhanced laser desorption ionization time of flight mass spectrometry (SELDITOF-MS). In one of the studies, isobaric tags for relative and absolute quantitation
(iTRAQ) labeling in combination with high-performance liquid chromatography
(HPLC) was used for protein detection and identification. For metabolomics, gaschromatography time-of-flight mass spectrometry (GC-TOF-MS) has been the
main platform used throughout this work for generation of robust global
metabolite profiles in tissue, blood and cell cultures. To deal with the complexity
of the generated data, and to be able to extract relevant biomarker patters or
latent biomarkers, for interpretation, prediction and prognosis, bioinformatic
strategies based on chemometrics were applied throughout the studies of the
thesis.
In summary, we detected differentiating protein profiles between invasive and
non-invasive meningiomas, in both fibrous and meningothelial tumors.
Furthermore, in a different study we discovered treatment induce protein pattern
changes in a rat glioma model treated with an angiogenesis inhibitor. We
identified a cluster of proteins linked to angiogenesis. One of those proteins,
HSP90, was found elevated in relation to treatment in tumors, following ELISA
validation. An interesting observation in a separate study was that it was possible
to detect metabolite pattern changes in the serum metabolome, as an effect of
treatment with radiotherapy, and that these pattern changes differed between
different patients, highlighting a possibility for monitoring individual treatment
response. In the fourth study of this work, we investigated tissue and serum from
glioma patients that revealed differences in the metabolome between
glioblastoma and oligodendroglioma, as well as between oligodendroglioma
grade II and grade III. In addition, we discovered metabolite patterns associated

to survival in both glioblastoma and oligodendroglioma. In our final work, we
identified metabolite pattern differences between cell lines from a subgroup of
glioblastomas lacking argininosuccinate synthetase (ASS1) expression, (ASS1
negative glioblastomas), making them auxotrophic for arginine, a metabolite
required for tumor growth and proliferation, as compared to glioblastomas with
normal ASS1 expression (ASS1 positive). From the identified metabolite pattern
differences we could verify the hypothesized alterations in the arginine
biosynthetic pathway. We also identified additional interesting metabolites that
may provide clues for future diagnostics and treatments. Finally, we were able to
verify the specific treatment effect of ASS1 negative cells by means of arginine
deprivation on a metabolic level.
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POPULÄRVETENSKAPLIG
SAMMANFATTNING PÅ SVENSKA
Cancer är en växande folksjukdom. Enligt Socialstyrelsen så kommer var tredje
svensk att drabbas av cancer någon gång i livet. Bröst- och prostatacancer är de
vanligaste typerna av cancer och utgör ca 30 % av alla cancerfall hos kvinnor
respektive män. Maligna gliom, en typ av hjärntumör som denna avhandling till
största delen behandlar, utgör 2 % av alla cancerfall hos vuxna men på grund av
dess elakartade karaktär utgör det den fjärde vanligaste orsaken till dödsfall till
följd av cancer.
En hjärntumör uppstår när celler i hjärnan börjar dela sig okontrollerat. Detta
inträffar när cellens regleringsmekanismer för kontroll av celldelningen har blivit
skadade. Beroende på vilken typ av cell som skadats uppstår olika sorters tumörer
med varierande prognoser. Maligna gliom är en tumörtyp som uppstår från
gliaceller, hjärnans stödjeceller. Gliom är indelade i undergrupper och har olika
prognos beroende på vilken typ av gliaceller som de uppkommit från samt
beroende på hur aggressivt växtsätt de har. En av dessa undergrupper kallas
glioblastom vilken är en av de allvarligaste hjärntumörerna man kan drabbas av.
Detta beror på att tumörcellerna sprider sig snabbt från själva tumören till
omkringliggande vävnad vilket gör det i stort sett omöjligt att operera bort alla
tumörceller. Därför krävs kompletterande behandling med cellgifter och
strålning. Glioblastom är en aggressiv tumör där medianöverlevnaden är omkring
4 månader om patienten inte får adekvat behandling. Med all tillgänglig
behandling (operation, strålbehandling och cytostatika) är prognosen trots allt
dålig med en medianöverlevnad på endast 14-16 månader.
Många tumörformer är elakartade (benämns maligna) men vissa är godartade
(benämns benigna) till sin karaktär. Behandlingsmässigt är många av de benigna
botbara med radikal kirurgi. Med radikal kirurgi menas att man gör bedömningen
att ingen tumörvävnad finns kvar efter operation. En typ av benign tumör är
meningiom vilken vi även studerat i denna avhandling. Menigiom uppstår i
hinnorna som omsluter hjärnan och ger varierande symptom beroende på var i
skallkaviteten tumören växer. De flesta meningiom går att operera radikalt utan
några bestående men för patienten medan några tumörer sitter känsligt till vilket
gör radikal operation omöjlig. Dessa tumörrester kan ibland utveckla ett
aggressivt tillväxtbeteende och kan därför ibland även behandlas med
strålningsterapi. Ett problem är dock att man inte kan förutse vilka meningiom
som kommer att utveckla ett aggressiv tillväxtbeteende. Detta försvårar
planeringen av patientens behandling då man vill undvika att strålbehandla
patienter som inte är i behov av ytterligare behandling.
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Vi har i denna avhandling mätt nivåer av proteiner och metaboliter (små
molekyler) i vävnadsprover, blodprover och cellinjer från både patienter och
försöksdjur med hjärntumörer. Detta för att om möjligt finna biomarkörer i form
av förändrade proteiner eller metaboliter, som ska kunna mätas för att ställa olika
diagnoser, göra en prognostisk bedömning eller bedöma tumörens svar på
behandling. I samtliga arbeten har vi har använt oss av masspektrometriska
analysmetoder vilka genererat stora mängder informationsrik data i form av
protein och metabolitmönster. För att analysera och hantera dessa stora
datamängder har vi använt oss av kemometriska eller multivariata
analysmetoder. Detta möjliggör en överblick av informationen samt ger möjlighet
att påvisa skillnader mellan olika grupper vi analyserat (t.ex. olika
gliomdiagnoser). I de två första arbetena analyserade vi proteinmönster. I det
första arbetet påvisade vi proteinmönster i tumörvävnaden som skilde invasivt
växande menigiom från icke-invasivt växande menigiom. I den andra studien, på
försöksdjur, fann vi proteiner i blod och i tumörvävnad som skilde råttor
behandlade med cytostatika från råttor som ej blivit behandlade med cytostatika.
I de följande tre arbetena analyserade vi metabolitmönster hos patienter med
gliom. Vid en undersökning av blodprover från patienter med glioblastom som
behandlats med strålningsterapi kunde vi, i det tredje arbetet, påvisa metabola
förändringar i blod till följd av strålbehandlingen. I det följande arbetet
analyserade vi både blod och vävnad från patienter med olika typer av gliom.
Utifrån metabolitmönster gick det att särskilja mellan olika diagnoser och
malignitetsgrad. Dessutom fann vi skillnader i metabolitmönster mellan patienter
som dog tidigt efter diagnos jämfört med de patienter som hade längre
överlevnad. Slutligen analyserade vi en undergrupp av gliom där patienterna
saknar ett enzym som leder till att de ej kan tillverka aminosyran arginin. Arginin
är en metabolit som krävas för att tumörcellen ska kunna växa. Vi jämförde
cellinjer som saknade enzymet, och därför inte kunde tillverka sitt eget aginin,
mot cellinjer med fungerande enzym. Vi fann signifikanta skillnader i
metabolitmönster mellan dessa två grupper. Därefter behandlade vi cellinjerna
med en behandlingsmetod som minskar mängden arginin utanför cellerna och på
så sätt ser till att cellerna inte får tillgång till och kan ta upp något arginin från
omgivningen. Således leder det till att cellerna som saknar enzymet inte får
tillgång till något arginin alls. Detta jämfördes mot celler som inte fått någon
behandling varpå vi kunde se metabola skillnader mellan behandlade och icke
behandlade celler.
Resultaten från samtliga arbeten visar att de metoder vi valt för analys av prover
är användbara för våra frågeställningar. Förhoppningsvis har vi genom detta
arbete kommit en liten bit närmare till att bättre förstå hjärntumörer vilket i
framtiden kan leda till att förbättrade behandlingsmetoder kan tas fram, att
prognostiska bedömningar kan göras baserat på individens egna biologiska
”fingeravtryck” samt att snabbare svar kan ges på om den behandling som valts
till en viss patient fungerar.
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Notation
The following notation has been used throughout this thesis. Genes are denoted
by italic letters. Vectors are denoted by bold, lower case letters (e.g. t) and
matrices are denoted by bold capital letters (e.g. X). Vectors are assumed to be
column vectors unless indicated by transposition, (e.g. tT). A matrix inverse is
denoted as X-1 for a matrix X.
A
K
M
N
B
E
F
P
T
U
X
Y
c
p
t
u
w

Number of components in model
Number of columns in X
Number of columns in Y
Number of rows in X and Y
Matrix of regression coefficients for X, [K×M]
Residual matrix of predictor variables, [N×K]
Residual matrix of response variables, [N×M]
Matrix of loading vectors for X, [K×A]
Matrix of score vectors for X, [N×A]
Matrix of score vectors for Y, [N×A]
Matrix of predictor variables, [N×K]
Matrix of response variables, [N×M]
Weight vector for Y, [M×1]
Loading vector for X, [K×1]
Score vector for X, [N×1]
Score vector for Y, [N×1]
Weight or covariance loading vector for X, [K×1]
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BACKGROUND
Cancer is a widespread disease. Over the last two decades the incidence of tumors
in the Swedish population have increased by around two percent partly due to
higher exposure to risk factors, increased aging of the population, as well as better
methods for screening and diagnosis. According to the National Board of Health
and Welfare (Socialstyrelsen), one third of the Swedish population will be
diagnosed with cancer during their lifetime [1]. Therefore, understanding the
mechanism of disease is necessary in order to defeat cancer. Two types of brain
tumors, gliomas and meningiomas, have been studied and will be described in this
thesis. This section aims to provide a short background to why proteomic and
metabolomic changes and affected pathways are important to study in gliomas
and meningiomas.
Genetic alterations are probably the most studied molecular deviations in cancer.
Moreover, to support tumor growth and survival, the metabolism of tumor cells is
also different from normal cells. Metabolic changes can be linked to specific
genetic alterations in oncogenes and tumor suppressor genes, responsible for
regulation of cell cycle control, check points and cell signaling. The first discovered
alteration in metabolism in tumor cells was found by Otto Warburg. Warburg
discovered that cancerous cells, even in the presence of oxygen, tend to utilize
glycolysis instead of mitochondrial oxidative phosphorylation of glucose to supply
energy, thereby converting the majority of glucose to lactate [2]. This was coined
the Warburg effect. However, the Warburg effect is just one example of a
metabolic transformation in cancer cells. Tumor cells reprogram their metabolic
pathways to meet the needs during the process of tumor progression and show
increased metabolic self-sufficiency by taking up extracellular nutrients and
metabolizing them in pathways that supports growth and proliferation [3]. In the
year 2000, Hanahan and Weinberg published a review article stating that all
cancers share common hallmarks that leads the transformation of normal cells to
cancer cells [4]. In 2011 an updated version was published including altered
metabolism as a key hallmark [5]. The relatively new field of metabolomics is now
being used to analyze the cancer metabolome, with the aim to reveal further
details of tumor development that can be found connected to metabolic
perturbations.
The metabolome refers to the complete set of small-molecules found within a
biological sample or cell including both endogenous metabolites as well as
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exogenous chemicals. Endogenous metabolites are naturally produced by the
organism and includes amino acids, organic acids, nucleic acids, fatty acids,
amines and sugars. Exogenous metabolites including food additives, drugs and
toxins are on the other hand not naturally produced by an organism. Metabolites
are involved in all aspects of cell growth, development and reproduction. They
also have stimulatory and inhibitory effects on enzymes and form the
intermediates and products of the metabolism. The metabolism defines all
chemical reactions involved in maintaining the living state of a cell. The cell
metabolism consists of an intricate network of metabolic pathways, the series of
steps a chemical can take to be transformed into another, that enable step-wise
synthesis and breakdown of molecules. These steps are catalyzed by enzymes
which also regulate pathways that respond to signals from other cells or to
changes in the environment of the cell. The field of metabolomics strives to
understand the relationship between metabolites present in a cell, tissue or organ
and the metabolic pathways affected by different biological mechanisms. This is
done by studying the differences between samples in relation to their metabolic
composition.
The field of proteomics strives to analyze the function and interactions of proteins
produced by the genes of a particular cell, tissue or organ. Proteins are the
molecules that put the cells genetic information into action. The human proteome,
the complete set of expressed proteins in a cell or an organism, at a specific time
and under specific conditions, consist of more than 200.000 protein species [6].
Proteins are long unbranched polymer chains that carry out most of the work in
the cells and are required for structure, function, and regulation of tissues and
organs in the body. Proteins are built from amino acids attached to each other
making up long polypeptide chains. There are 20 different types of naturally
occurring amino acids that have been found coded for to be translated into
proteins and each protein achieves a specific function according to its own
genetically specified sequence of amino acids and 3D shape. The protein sequence
of amino acids is specified from polynucleotides and proteins catalyzes many
chemical reactions including which new DNA molecules that are synthesized and
the genetic information in DNA contains specifications for thousands of proteins.
The total genetic information of a cell, the genome, is embodied in its complete
DNA sequence. The human genome is made up of 23 chromosome pairs and resent
research has estimated 190 000 human protein coding genes [7]. A gene is
encoded from segments of DNA which is transcribed and translated into single or
a set of protein variants and the cell adjust the rate of transcription and translation
of different genes independently according to temporal requirements. This
transfer of information from DNA to proteins is the central dogma of molecular
biology [8] and the metabolite expression at a given point in time is the result of
the proteins transcribed (figure 1).
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Figure 1. Schematic presentation of the central dogma of molecular biology showing the hierarchical
levels from genotype to phenotype. Genomics, studies the function and structure of the genome.
Transcriptomics, studies the complete set of RNA transcripts that are produced by the genome.
Proteomics, large scale studies of protein structure and function including mass spectrometry based
screening of protein concentrations and modifications. Metabolomics, studies the molecular
mechanisms involving metabolites which are the end products of a cellular process and closest to the
phenotype.

Some common genomic alterations underlying
gliomagenesis
In normal cells, DNA density, mRNA synthesis and protein expression are highly
regulated processes that are kept under strict control. However, when cancer
arises, generally due to a series of genetic alterations, the control mechanisms of
the cells gets hijacked, resulting in uncontrolled proliferation and other functional
alterations constructing the hallmarks of cancer [5]. These occurrences, like
mutations, translocations, amplifications and deletions of genetic material, leads
to an accumulation of deviations in the regulatory pathways that affect various
processes and signaling pathways responsible for gliomagenesis [9]. Several of
these deviations affects the growth factor signaling pathways which in turn
regulate numerous cellular functions including differentiation, cell division, cell
survival and angiogenesis. Deregulation of these pathways by involvement of
oncogenes and/or tumor suppressor genes result in uncontrolled cell
proliferation and consequently cancer. Many fundamental oncogenic signaling
pathways congregate to adapt tumor cell metabolism in order to support growth
and survival.
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For a normal cell to proliferate, activation of the mitogenic signaling pathways is
required. This is achieved through diffusible growth factor binding, cell-cell
adhesion and/or contact with extra cellular matrix (ECM) components. The
signals are then transduced intracellularly by transmembrane receptors that
usually activate the phosphatidylinositol-3 kinase/mitogen-activated protein
kinase (PI3K/MAPK) pathway. Tumor cells overcome this normal control of the
mitogenic pathway by acquiring genomic alterations that reduces the
dependence on exogenous growth stimulations that enables uncontrolled cell
division and survival through constitutive activation of these pathways. Gliomas
appear to do this mainly by constitutive activation of receptor tyrosine kinases
(RTKs). [10]
The epidermal growth factor receptor (EGFR) signaling pathway is one of the
most important pathways that regulate proliferation, differentiation, growth and
survival. EGFR gets activated through the binding of a ligand, for example
epidermal growth factor (EGF), to the extracellular domain which in turn recruits
PI3K to the cell membrane. PI3K then phosphorylates phosphatidylinositol
bisphosphate (PIP2) to phosphatidylinositol trisphosphate (PIP3) activating
downstream molecules like AKT and mammalian target rapamycin (mTOR)
resulting in cell proliferation and increased cell survival by blocking apoptosis
[11, 12].
Activated RTKs, by growth factor signaling, mutation or overexpression, activates
the MAPK pathway through the activation of RAS. When RAS gets activated it
activates the RAF kinase, which then regulates downstream signaling pathways
such as the MAPK pathway [13]. The MAPK pathways in turn regulate several
physiological responses, including apoptosis, cell proliferation, cell
differentiation, and tissue development. Hence, defects in the RAS/MAPK pathway
cause abnormal cell growth and proliferation, invasion and apoptosis.
Phosphatase and tensin homolog (PTEN), a tumor suppressor gene, inhibits
angiogenesis and is a negative regulator of the P13K/AKT pathway [14] thereby
inhibiting cell proliferation. The loss of PTEN leads to unregulated PI3K signaling,
AKT activation and up-regulation of mTOR signaling, which in turn increases
protein translation [15, 16]. Several growth factors including EGFR wield their
oncogenic effects through activation of the PI3K/AKT pathway [17] and
downstream of AKT is serine-threonine kinase, mTOR that controls cell growth by
regulating mRNA translation, metabolism, and autophagy [18]. mTOR signaling is
also involved in the hypoxic adaptation of tumors [19].
Another tumor suppressor gene, TP53, encodes a protein, TP53, involved in the
regulation of normal cell functions such as cell cycle control, DNA damage
response, cell death and differentiation. TP53 is also involved in the inhibition of
angiogenesis. If DNA damage occurs, TP53 plays a critical role for determination
between DNA repair or initiation of apoptosis and cell death. Hence, TP53 is a key
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player in prevention of tumor development by halting the division of cells that
have acquired mutations or DNA damage. In the absence of TP53 the cell cycle
proceeds which lead to uncontrolled proliferation and tumor formation. [20]
Isocitrate dehydrogenase (IDH) mutations are common in low grade gliomas. The
IDH genes encode the enzyme IDH, which catalyzes the oxidative decarboxylation
of isocitrate into α-ketoglutarate, resulting in the production of NADPH in the
citric acid cycle. Both isozymes IDH1 and 2 are involved in several metabolic
processes including signal transduction, lipid synthesis, oxidative stress and
oxidative respiration [21]. It has been shown that forced expression of mutant
IDH1 in cultured cells reduces the formation of α-ketoglutarate and increases the
levels of hypoxia-inducible factor subunit (HIF)-1α which is a transcription factor
that enables tumor growth [22].
Tumor growth is dependent on angiogenesis. New vessels supplying the tumor
with oxygen and nutrients is essential for the tumors to grow in size and allows
cancer cells to invade adjacent tissue [5]. Hypoxia, often found in solid tumors, is
the major driving force behind vascular endothelial growth factor (VEGF)
activation. Fast growing tumors creates intracellular hypoxia and the
transcription factor, HIF, responds to the change in oxygen concentration [23, 24].
During normal conditions HIF is hydroxlated and acetylated and thus subjected to
von Hippel-Lindau (vHL)-mediated ubiquitin degradation. When the cells are in a
hypoxic state, HIF get accumulated and transported to the nucleus where it
induces expression of several target gene products and growth factors such as
VEGF [25]. This in turn results in endothelial cell proliferation, increased vascular
permeability, and cell migration. VEGF transcription can also be upregulated by
overexpression of oncogenes or the absence of tumor suppressor genes like TP53
or vHL.

Common traits of tumor metabolism
For energy supply, tumor cells rely mostly on glycolysis, the conversion of glucose
into pyruvate and further into lactate, even in the presence of adequate oxygen [2]
and tumor cells radically increases the rate of glycolysis to meet their high-energy
demand. The increased rate of glycolysis is achieved by increased glucose uptake
and expression of glucose transporters, GLUTs, at the cell membrane [26]. Glucose
together with glutamine [27] are the two major nutrients consumed by tumors
and they provide precursors for nucleic acid, proteins and lipids needed for
cellular growth. In glioblastoma (GBM) most of the acetyl-CoA originates from
glucose and essentially all of the oxaloacetate come from glutamine [28]. As
mentioned before, mutations in tumor suppressors and oncogenes have an effect
on the metabolic expression. For example, overexpression of Ras or Myc is enough
to drive glucose uptake in fibroblasts [29] and inhibition of AKT signaling in a GBM
cell line with genomic c-MYC amplification lead to decreased glycolysis [30]. It has
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also been shown that over activation of the PI3K/AKT system facilitates an
increase in glucose and flux through the plasma membrane that may be
attributable in part in the activation of HIF1-α [31]. Also, stabilization of HIF1-α
increases the expression of glycolytic enzymes, glucose transporters and
inhibitory kinases for the pyruvate dehydrogenase complex, all of which aid to
increase lactate from glucose [32, 33]. Inhibiting β-oxidation is another effect of
PI3K activation, which could be one contributing factor to the glucose addiction of
tumor cells [34]. In contrast, TP53 reduces the intracellular glucose levels by
inhibiting the expression of glucose transporters and TP53 directly represses the
transcriptional activity of the GLUT1 and GLUT4 gene promoters [35].
As mentioned earlier, glutamine also serves as metabolic fuel for the tumor cells
[27] that after metabolizing to α-ketoglutarate can provide energy through
substrate level phosphorylation within the tricarboxylic acid (TCA) cycle [36].
Under hypoxic conditions, glutamine may be metabolized to citrate and fatty acids
through an IDH–dependent pathway [37, 38]. Glioma cells require glutamine
uptake for growth [39] since gliomas cannot synthesize their own glutamine [40,
41].
The levels of glutamate, a primary excitatory neurotransmitter, present in the
brain is synthesized de novo by astrocytes [42] and the blood brain barrier has
very low permeability to glutamate. Studies have shown that the extracellular
levels of glutamate are increased both in and around experimental glioma
implants in vivo and that glioma cells actively releases glutamate in vitro [43, 44].
Furthermore, it has been shown that glutamate secreting gliomas have a growth
advantage as compared to other tumors [45]. Gliomas can release glutamate in
sufficient quantities to cause neuronal cell death [46, 47]. By releasing glutamate
from glioma cells, gliomas have developed an ability to free space for their
expansion by destroying the surrounding cells [48]. Radiotherapy can also
increase the glutamate levels. Glutamate levels in the microenvironment will be
elevated due to oxidative tissue damage and necrosis caused by radiotherapy [45]
[49].
The metabolism of the branched chain amino acids (BCAA), leucine, isoleucine and
valine, plays an important role for the synthesis of nonessential amino acids [50].
The BCAA are initially catabolized by the transfer of a α-amino group to αketoglutarate through branched chain amino-acid transaminase 1 (BCAT1) or 2
(BCAT2) isoenzymes which in turn yields glutamate and the respective branchedchain α-ketoacids [51]. The main source of nitrogen to the glutamate synthesis
comes from the BCAAs [52] before they are further catabolized to acetyl-Co and
succinyl-CoA which are oxidized in the TCA cycle. The importance of BCAAs for
glioma growth have been presented in a publication by Tönjes et al, which showed
that, for wild type IDH glioma to sustain an aggressive growth phenotype
catabolism of BCAAs was required. In addition they also showed that branched
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chain amino-acid transaminase 1 (BCAT1) was overexpressed in wild type IDH
but not expressed in the majority of gliomas with IDH mutations [53].
It has been demonstrated that intensified lipogenesis is also a feature of cancer
[54] and that tumor tissue lipid levels are higher compared to normal tissue in
malignant glioma [55]. This increased lipogenesis has been shown to directly
correlate with enhanced glucose and glutamine metabolism [38, 37, 56].
Enhanced lipid synthesis and uptake are partly regulated by the EGFR/PI3K/Akt
pathway through upregulation of sterol regulatory element-binding protein 1
(SREBP-1) activity [57, 58].

Brain tumors
Brain tumors are tumors confined within the skull cavity. They usually emerge
from the supportive cell population in brain tissue, neuroepithelial cells, the
meninges surrounding the brain or they can be secondary to tumors outside the
skull cavity. Brain tumors can be benign or malignant and arise in different parts
of the brain and the CNS. The two most common primary brain tumors are gliomas
that makes up around 50 percent of all brain tumors and meningiomas that makes
up around 20 percent. The cause of brain tumors is still unknown, nevertheless,
some factors like exposure to ionizing radiation or inherited conditions like LiFraumeni syndrome, neurofibromatosis and the Von Hippel-Lindau syndrome
may increase the risk of developing a brain tumor [59]. The symptoms vary
depending on the tumor size and location within the skull cavity and eventual
secondary brain edema. The most common symptoms are seizures, headache,
changes in personality and focal neurological deficits [60]. In case of suspected
brain tumor following neuroimaging, diagnosis is obtained after examination of
histopathological specimens by means of surgical resection or tumor biopsy.

Gliomas
Malignant gliomas constitute 2 % of all adult tumors but their aggressive nature
makes them the fourth largest cause of cancer death. Gliomas is a broad category
of brain and spinal cord tumors that arise from the supportive cells of the brain
called neuroepithelial or glial cells. The glia cells are divided into sub-groups were
the main types are astrocytes oligodendrocytes and ependymal cells. Glial cells, in
comparison to neurons, undergoes cell division and multiply to a large extent.
Therefore, if control of the regeneration process is lost a glial tumor is formed.
Gliomas are classified histologically and immunohistochemically based on their
cellular origin and the degree of malignancy which is graded from I-IV according
to the World Health Organization (WHO) grading system [61].
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Astrocytoma

Astrocytes are the most abundant glial cell and astrocytomas are the most
common glioma tumor. Low grade astrocytomas, astrocytoma grade II, are
relatively uncommon. They are usually restricted and slow growing while high
grade astrocytomas, anaplastic astrocytoma or astrocytoma III, grows rapidly and
more invasively. Median survival time for low grade astrocytomas is 5-6 years,
while for high grade astrocytomas only 1.5 years [62].

Glioblastoma

Grade IV astrocytoma, also called glioblastoma (GBM), constitutes about 50 % of
all gliomas and is the most common intracranial malignancy [10]. The median
survival time for a patient with GBM is only 15 months after a multimodal
treatment approach including surgery, postoperative radiotherapy and
chemotherapy [63]. The poor prognosis of GBM is much due to characteristic
biological hallmarks of the GBM cells including invasive growth, rapid
proliferation, necrosis and intensive angiogenesis. The diffusely infiltrative
growth of GBM with invasion into the surrounding brain parenchyma [10] makes
radical surgical resection impossible in most cases.
The majority of GBMs are primary, meaning that they develop rapidly de novo
without indication of a less malignant precursor lesion. Secondary GBMs develops
gradually from low-grade or anaplastic astrocytomas. Primary and secondary
GBMs affect patients of different age. Primary GBMs mainly affects elderly patients
while secondary GBMs are more common in younger patients [64]. There are also
differences in the genetic pathway leading to tumorgenesis. Primary GBMs are
genetically characterized by loss of heterozygosity 10q, EGFR amplification, p16
deletion and PTEN mutations while in secondary GBMs TP53 mutations are more
common [65]. A more detailed description on the different genetic alterations can
be found in the following chapter below regarding glioma biomarkers.

Oligodendroglioma
Oligodendrogliomas are composed of cells that morphologically resembles
oligodendroglia. Oligodendrogliomas of WHO grade II are slow growing and welldifferentiated tumors that show tendencies to diffusely infiltrate the surrounding
brain. Anaplastic oligodendrogliomas WHO grade III show more malignant
histological features [61]. Survival time for the low grade oligodendrogliomas is
11.6-16.7 years [62, 66] while for anaplastic oligodendrogliomas the survival time
is 3.5-7.3 years [62, 67].

Meningioma
Meningioma is most often a benign, WHO grade I [68], brain tumor that arises
from arachnoid cap cells adjacent to the dura mater. They mostly appear within
the intracranial, orbital or spinal cavities [69]. Meningiomas can afflict patients of
all ages but occurs most often between the ages of 40-70 years and are more
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common among women. Meningiomas can be divided in different histological
subtypes, usually fibrous, meningothelial or mixed [69]. Surgical resection is often
curative, however, some tumors cannot be entirely resected due to their
anatomical location and postoperative remaining tumor cells may develop an
aggressive and bone invasive growth behavior [70]. It is currently not possible to
foresee invasive tumor development which makes scheduling of treatment plans
for individual patients challenging.

Standard treatment for glioma and meningioma
The standard treatment plan for patients with low-grade astrocytomas and
oligodendrogliomas are very similar. If the patient is considered elderly, having a
slow growing tumor and do not experience any symptoms, the first treatment step
is to keep the tumor under observation. The tumor is regularly monitored with
MRI scans and if the tumor starts to grow, surgical resection is the first line of
treatment followed by radiotherapy if necessary. For grade III astrocytomas,
oligodendrogliomas and GBMs, the standard care is surgical resection of as much
of the tumor as possible followed by radiotherapy and sometimes chemotherapy.
Patients with anaplastic astrocytomas are usually offered postoperative
radiotherapy to 60 Gy in 2 Gy fractions. Chemotherapy using the alkylating agent
temozolomide is the most common choice for first line treatment at relapse. For
anaplastic oligodendroglioma surgery is followed by radiotherapy and adjuvant
chemotherapy using the alkylating agents lomustine and procarbazine in
combination with the antimitotic agent vincristine (PCV) for 6 cycles [71]. For
GBM, surgery is followed by postoperative radiochemotherapy, normally 60 Gy in
30 fractions over a six week period together with concomitant temozolomide 75
mg/m2. The radiochemotherapy is followed by 6 adjuvant chemotherapy courses
using 150-200 mg/m2/day during five days every 4 weeks [63].
For meningiomas, complete surgical resection of accessible tumor is the mainstay
of treatment [72]. For patients with critically located meningiomas where radical
surgery is not possible, radiotherapy is the treatment of choice [73, 74]. It has
been shown that the recurrence frequency in patients with benign meningiomas
decreases with adjuvant radiotherapy after subtotal resection [75, 76].
Nevertheless, due to the side effects it might be preferable in some patients to
delay the use of radiotherapy until signs of progressive disease [77].

Glioma and meningioma biomarkers
A biomarker is defined as “a biological molecule found in blood, other body fluids,
or tissues that is a sign of a normal or abnormal process, or of a condition or
disease” [78]. Much research today is focused on finding biomarkers for a variety
of diseases. A biomarker may be of importance when one wants to know if a
patient has a disease or not, what type of disease the patient has or how well a
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specific treatment is working. Accordingly, finding biomarkers for gliomas is of
great interest. Histopathology is currently the golden standard for the grading and
classification of gliomas, however, histological classification of gliomas is not a
straightforward task, hence substantial variability occur between
histopathologists. Consequently, a beneficial diagnostic glioma biomarker should
be able to classify the tumors according to clinical outcome and thereby provide
sub-classifications within the specific histological subtype. The current most
useful prognostic factors for glioma patients are age, tumor type and grade, tumor
resectability and Karnofsky performance status [79, 80]. Therefore, an ideal
prognostic biomarker should be able to predict the overall survival beyond
already established parameters. GBMs are rapidly progressive making routine
evaluation of the current treatment response using MRI insufficient; as treatment
effects are not detectable by MRI until months after treatment initiation when it
is often too late to change strategy. A predictive biomarker reflecting therapeutic
effect of a given therapy should offer information on the response at an early stage
making it possible for the clinician to optimize the treatment for the individual
patient. Biomarkers could further help gain better understanding of the molecular
mechanisms involved in glioma formation and treatment resistance, which is
needed for identifying new treatment targets in order to overcome the poor
prognosis and strive for a better outcome for glioma patients.
Most research regarding glioma biomarkers, has so far been delimited to genetic
alterations. Currently, there is a number of genetic signatures that provide
additional information regarding the tumor grade and, to some extent, prediction
of treatment response and survival. The following genetic alterations are the most
common established markers for gliomas, some that are in clinical use today. A
summary of the alterations can be found in table 1.
Table 1. Biomarker candidate status for some common alterations in brain tumors.
Diagnosis Prognosis Prediction
1p/19q
√
√
√
EGFR
√
√
√
IDH
√
√
MGMT
√
√
MAPK
√
√
PTEN
√
√
PI3K/AKT
√
TP53
√
TERT
√
VEGF
√
NF2
√
Diagnosis, Prognosis and Prediction indicate if the genetic alteration provides information about
diagnosis, prognosis and/or prediction of treatment response. As shown, some genetic alterations are
biomarker candidates for all three categories while other genetic alterations are candidates for only
one of the categories.
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The most common genetic alteration in oligodendrogliomas it the loss of
heterozygosity (LOH) of chromosome 1p and 19q [81] and is hence seen as a
diagnostic marker for oligodendrogliomas. Besides that 1p/19q deletion is a
positive predictive marker for procarbazine, lomustine and vincristine (PCV) [82]
or temozolomide chemotheraphy [83, 84]. It is not yet established which genes
are located at the sites, or how their loss are involved in the advancement of
oligodendroglioma growth, or by which mechanism they contribute to the more
promising therapeutic response [85]. Unfortunately, LOH of 1p/19q is uncommon
in primary GBMs.
Several growth factors and their receptors are upregulated in gliomas. EGFR is
mutated and amplified in approximately 50% of all primary GBMs [86] with
EGFRvIII as the most common aberration [87]. EGFRR promotes cell proliferation
and angiogenesis and has been shown to contribute to cell invasion as GBMs
harboring active EGRFVIII receptors display a more invasive phenotype than wild
type EGFR [15]. Identification of EGFR amplification is highly indicative of high
grade malignancy and can hence provide prognostic information. The detection of
EGFR amplification in low-grade gliomas strongly suggests that the tumors are
more malignant than indicated by the histopathological classification [88-90].
In the majority of low-grade gliomas, mutations of the IDH1/2 genes have been
identified. If IDH1 or IDH2 mutations are present in high grade gliomas they are
often secondary gliomas that have progressed from lower grade lesions [91, 9].
IDH1/2 mutations are associated with improvement in overall survival and glioma
patients harboring this mutation appear to have a prognostic advantage. In a
study by Yan et al, the overall survival of patients with IDH1/2 mutation was 31
months compared to 15 months in patients without IDH1/2 mutation [91]. Today,
these mutations are used as diagnostic markers for grade II and III gliomas and
secondary GBMs [21, 92].
O-6-Methylguanine-DNA-Methyltransferase (MGMT) encodes a repair protein
that removes alkylation at the O6 position of guanine which is a common site
altered by alkylating agents including temozolomide. Approximately 40% of
glioblastomas have the MGMT gene silenced by promotor hypermethylation and
thereby reduced MGMT expression levels. A study by Hegi et al. shows that
patients whose tumors had methylated MGMT promotor and where treated with
radiotherapy and temozolomide survived significantly longer than patients
whose tumors lacked MGMT promotor methylation. The study also showed that
MGMT promotor methylation did not significantly influence survival in patients
treated with radiotherapy alone. This indicates that MGMT hypermethylation is a
positive predictive marker for temozolomide [93, 94].
High grade astrocytomas display a defective RAS/MAPK pathway and
overexpression of RAS has been detected in several cases of GBMs [95-97]. It has
been shown that tumors with high levels of phosphorylated MAPK are associated
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with more proliferative tumors and shorter survival time [98] The levels of MAPK
proteins appear to be both predictive and prognostic since phosphorylated MAPK
both impact overall survival and is associated with increased radiation resistance
[99].
LOH on chromosome 10q resulting in loss of PTEN has been associated with
reduced survival of GBM patients [100]. A frequent genetic alteration in GBMs is
the LOH of chromosome 10q [64] and PTEN which is a tumor suppressor gene
situated on chromosome 10q is deleted due to LOH in 50-70% of primary GBMs
[101]. PTEN is a protein/lipid phosphatase which main substrate is PIP3, the
product of PI3K. Since PI3K signaling is an vital mediator of cell growth and
proliferation its activation is associated with poor prognosis [15]. It is also
possible that PTEN could be a predictive marker of treatment response since upregulation of the PI3K/mTOR pathway predicts decreased survival, the use of
PI3K, AKT or mTOR inhibitors in treatment of gliomas could be a therapeutic
target.
A hallmark of low-grade gliomas is the inactivating mutation of the tumor
suppressor gene TP53 that encodes for the TP53 protein [87]. Since the TP53
mutation is overrepresented in low-grade gliomas [102], it provides a marker for
determination of tumor grade but also to identify secondary GBMs.
Telomerase reverse transcriptase (TERT) is found to be associated with highgrade disease [103]. TERT is undetectable or present in very low levels in normal
cells but frequently up-regulated in several tumor types [104, 105]. Mutations in
the TERT promotor results in lengthen telomeres through enhanced telomerase
activity and has been seen in both high-grade astrocytomas and low grade
oligodendrogliomas suggesting that telomere maintenance may be necessary for
the formation of brain cancers [106, 107].
GBM is one of the most vascularized tumors. GBM express a high level of VEGF and
VEFG signaling is a strong stimulator of angiogenesis [108, 109] . In gliomas,
expression levels of VEGF correlate with malignant progression and high vascular
density in solid tumors [110].
In meningiomas, mutations of the neurofibromatosis type 2 gene (NF2), located at
chromosome 22q12 are found in about 60% of sporadic meningiomas and are
suggested to be an early event in tumorgenesis [111]. The frequency of NF2 gene
mutations varies in different histological variants, up to 80% of patients with
fibroblastic meningiomas harbor NF2 mutations while the mutation can be
detected in only about 25% of meningothelial meningiomas [112].
The use of molecular biomarkers was recently demonstrated by Eckel-Passow et
al who showed that it was possible to group gliomas based on the use of TERT
promotor mutations, IDH1/2 mutations and 1p/19q codeletion [113]. They
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observed that almost all stages of gliomas were matched into one of the five
subgroups defied by these markers: triple positive (mutations in TERT and IDH,
1p/19 codeletion), mutations in both TERT and IDH, mutations in IDH only,
mutations in TERT only and triple-negative. They found that specific histological
types were more frequent within certain groups. For example almost all triplepositive gliomas where oligodendrogliomas or mixed oligoastrocytomas. Tumors
with TERT mutations only and triple-negative tumors carried the highest risk for
patient mortality compared to patients with IDH mutations in any combination
with TERT or 1p/19q codeletion which supports that IDH1/2 mutations are
associated with improvement in overall survival.
So far, not many metabolites have been identified as glioma biomarkers.
However, glucose, as mentioned before is an interesting metabolite when it
comes to tumors. The brain uses glucose as the main fuel but glucose is also the
fuel for tumor cell glycolysis, which is the pathway that drives the growth of
most brain cancers. Elevated glucose is associated with poor prognosis [114,
115] and a study by Seyfried et al revealed that higher blood glucose levels were
directly related to faster tumor growth [115], stating that brain tumor growth
will be difficult to manage as long as circulating glucose levels remain elevated. A
few so called oncometabolites have also been identified. Oncometabolites can be
defined as metabolites that can promote tumorigenesis by altering the
epigenome [116]. The three most studied oncometabolites are fumarate,
succinate and 2-hydroxyglutarate. Loss-of-function mutations in genes encoding
tricarboxylic acid (TCA) cycle enzymes fumarate hydratase (FH) and succinate
dehydrogenase (SDH) lead to accumulation of fumarate and succinate,
respectively, whereas gain-of-function mutations in IDH1/2 cause increased
levels of 2-hydroxyglutarate [117, 118]. Since the IDH genes are associated with
gliomas, 2-hydroxyglutarate is a highly interesting metabolite in glioma
metabolism and it has been show that 2-hydroxyglutarate can be used as a
metabolic marker for detection of IDH mutations [119, 120].

Biological sample matrices
The papers in this thesis are based on biological samples from different sources.
In paper I and IV tumor tissue from patients are analyzed, in paper II tumor tissue
and serum from an animal glioma model is analyzed, in paper III and IV serum
from patients is analyzed and in paper VI glioma cell lines are analyzed. It is
important to choose the samples matrix based on the research question and
hypothesis defined. In our studies we have chosen sample matrices mainly based
on what was ethical to collect, what was possible to collect and what has been
collected.
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Tumor tissue
Direct analysis of tumor tissue is a good approach for glioma-specific biomarker
discovery and much research have been carried out on tumor tissue and
biomarkers thereof [121-123]. Tumor tissue analysis can be useful when
searching for classification and progression markers and also when investigating
the molecular mechanisms involved in tumorgenesis. Tumor tissue samples can
be either resected tumor or a biopsy thereof. It is an invasive sampling method
and when analyzing human tissue it is obviously not possible to get normal brain
tissue as corresponding control samples. When working in animal models normal
tissue is feasible to use as control. Also, human samples from the extra cellular
compartment collected by the use of microdialysis may provide information from
both tumor and normal brain and thus allows for the use of patients as their own
control.

Serum/plasma
Human blood in terms of serum or plasma is a great source for discovery of
disease markers. The markers are easily accessible and may represent products
secreted from the involved tissues. Serum and plasma have been shown to be
valuable material for human glioma biomarker research [124-126]. Both plasma
and serum are derived from whole blood that has been submitted to different
biochemical processes after collection. Serum is obtained from blood that has
coagulated and to obtain plasma an anticoagulant is added before removal of
blood cells. Consequently, serum includes the proteins not used in blood clotting,
antibodies, antigens, hormones, electrolytes and any exogenous substances while
plasma contains dissolved proteins, clotting factors, hormones, electrolytes and
carbon dioxide. The accessibility and less invasive procedure of serum/plasma
sampling makes it possible to use in longitudinal studies, collecting several
samples over longer periods of time, and to get control samples from healthy
patients. One drawback by studying serum/plasma from glioma patients is the
blood-brain-barrier that may more or less influence the molecular exchange
between the extracellular tumor compartment and the blood [127].

Extracellular compartment
The extracellular compartment is a pool of molecules that is secreted by the cells
and providing structural and biochemical support to the surrounding cells and is
required for tissue homeostasis, morphogenesis and differentiation. The
extracellular compartment is tissue specific and heterogeneous, each tissue has
an extracellular compartment with a unique composition and topology that is
generated during tissue development and consists mainly of water, proteins and
polysaccharides. An advantage with studies where the extracellular compartment
is collected is that the patients can act as their own control and that several
samples can be collected during a period of time, enabling short-term longitudinal
studies. Sampling of the extracellular compartment is an invasive procedure.
However, the patients are fully mobile during the collection time.
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Cell lines
Cell lines are frequently used in biomedical experiments and individual cancer cell
lines provide a snapshot of the tumor at the time the biopsy was taken. Analyzing
explant cultures from surgically removed GBM tumors was first established in
1933 to study GBM growth patterns [128]. Many years later, a set of glioma cell
lines were established resulting in a standard and cohesive method for studying
gliomas in vitro [129]. Several cell lines, derived from malignant gliomas, are now
commercially available and have become essential for research into the biological
mechanisms of GBMs [129] [130]. Using cell lines come with many advantages,
they are self-replicating yielding a large amount of biological material, they are
relatively homogenous, and they can be genetically manipulated for mechanistic
studies. Conversely, cell lines require their own specific growth factor cocktails
and their growth must be closely monitored to prevent overgrowth. They are also
likely to show both genotypic and phenotypic drifts during culturing and it is
possible for subpopulations to arise and cause phenotypic changes over time by
the selection of more rapidly growing clones within the population [131].

Animal models
Much of the research in human cancer and many drugs and treatments for human
diseases are developed in part with the guidance of animal models. This since
model organisms allow understanding of disease processes without the risk of
harming any humans. Utilization of animal models has the advantages of
providing highly controlled experimental conditions, homogeneity and
reproducibility. A good GBM animal model should also contain the key
histopathological and genetic features of the aggressive growth of GBM. There are
several rodent models of GBM tumors available. For example, a concurrent
retroviral expression of active Ras and Akt in a somatic gene-transfer model gives
rise to the formation of high-grade gliomas that are morphologically similar to
human GBM [132]. To obtain highly infiltrative GBM tumors an EGFR transgenic
mouse model can be used where the LOH of p16INK4α, p19ARF and PTEN work
together with the amplification of EGFR [133]. It is also possible to obtain highgrade gliomas which are histologically similar to human GBMs by the
simultaneous deletion of Tp53 and PTEN in the mouse central nervous system
[134]. However, these models have limitations since the tumor cells are not of
human origin. Xenograft models are models where human tumor cells are
transplanted, either subcutaneously or into the organ type in which the tumor
originated, into immunocompromised animals. Xenograft models of malignant
astrocytoma have been used to evaluate the function of several signaling
molecules or matrix proteins in glioma growth and invasion [135, 136]
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AIMS OF THIS WORK
The overall aims of this work were to investigate if the proteome and metabolome
may harbor diagnostic and prognostic information as well as possible biomarkers
for treatment effects in meningioma and glioma. Our underlying hypothesis is that
molecular patterns of detected proteins or metabolites can contribute with more
predictive, specific and informative so called “latent biomarkers”.
To achieve this, the specific aims have been to:
I.

Evaluate the difference in protein profiles between invasive and noninvasive meningiomas.

II.

Investigate changes in protein profile in rat gliomas treated with an
anti-angiogenetic tyrosine kinase inhibitor.

III.

Evaluate radiation-induced changes in serum metabolome in glioma
patients.

IV.

Investigate the metabolome in tissue and serum from glioma patients
and relate it to diagnostic and prognostic information.

V.

Investigate the metabolic profiles of ASS1 positive and ASS1 negative
glioma cell lines and verify the treatment effects of arginine
deprivation therapy in ASS1 negative cell lines.
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METHODS
Considering the high complexity of the proteome and metabolome there is today
no analytical method sufficient enough to cover all proteins or metabolites
present in a biological sample alone. Therefore, complementary analytical
methods have to be used to reach the best possible coverage. In this thesis,
different mass-spectrometry based methods have been used in combination with
bioinformatics approaches based on chemometrics to strive towards the aims of
the thesis. The methods are described and discussed below.

Generation of proteomics data
There are different approaches to proteomic studies. It is possible to use targeted
methods to analyze one or a few proteins in a sample to investigate or verify a
specific hypothesis or one could apply global screening approaches to analyze a
multitude of proteins in a sample in an unbiased manner. In our studies we have
analyzed the samples with two different global screening methods, Surface
Enhanced Laser Desorption Ionization Time of Flight Mass Spectrometry (SELDITOF-MS) and isobaric Tags for Relative and Absolute Quantitation (iTRAQ)
labeling in combination with high-performance liquid chromatography (HPLC).
Additionally we also used a targeted enzyme-linked immunosorbent assay
(ELISA) based method to analyze one specific protein (heat shock protein 90
(HSP90)) fort result verification on paper II.

SELDI-TOF-MS
To be able to globally analyze protein pattern differences in a high-throughput
fashion we utilized SELDI-TOF-MS as the initial screening method for analyzing
proteins in the papers regarding proteomics (papers I and II).
SELDI-TOF-MS is a chip based technology that combines chromatography and
mass spectrometry to achieve a protein expression profile. It allows for analysis
of a variety of complex biological materials where only a few µl of sample is
needed. Thanks to the high throughput of this technique the samples can be
analyzed using chips with different specific chromatographic surfaces. These can
be either chemically treated (anionic, cationic, hydrophobic, hydrophilic etc.),
and retain whole classes of proteins, or biochemically treated (antibody,
receptor etc.) to bind a specific target protein, thereby enabling the capture and
quantification of as much of the proteome as possible [137]. Before analyzing the
chip with the mass spectrometry reader, an energy absorbing molecule (EAM)
solution is added to the surface, which enhances the laser energy transfer and
analyte ionization. The reader is a laser desorption ionization instrument that
uses a pulsed UV nitrogen laser source. When the surface is hit by the laser the
proteins turn into gaseous ions. The ions then enter the TOF-MS region at the
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end of which there is a detector that measures the mass to charge ratio (m/z) of
the retained proteins as well as their relative quantity [138, 139].
After the introduction of SELDI in 1993 by Hutchens and Yip [140, 137], as a
technique to analyze biological samples with high throughput using a simple
sample extraction method, SELDI became “the new black” in proteomics research.
Many different SELDI applications have been published since then [141-143].
However, a major disadvantage of SELDI-TOF-MS is the lack of direct
identification of the peaks discovered. The output, i.e. the mass to charge ratio and
the relative quantity of the retained proteins, from the SELDI technique is not
enough to be able to identify the individual proteins or modifications thereof,
which obstructs the biological interpretations of the results. Multiple
identification strategies have been adopted, including enrichment and
purification by chromatography and gel electrophoresis, followed by mass
spectrometric sequencing [144-146]. Although several biomarker candidates
have successfully been identified by this approach [147-149], the process is laborintensive, requires a rather large amount of sample and a relatively high
abundance of the protein of interest. Taken together, the issues surrounding the
actual identification of putative biomarkers are detracting the simple and highthroughput advantage with the SELDI-TOF-MS technique. This is probably why
the SELDI-TOF-MS technique is not used as extensively today as it was in the years
following its introduction.

iTRAQ labeling in combination with HPLC-MS/MS
In paper II, after verifying that changes in the proteome occurred as a result of
vandetanib treatment by SELDI-TOF_MS we made an in attempt to identify
proteins altered in relation the treatment. For that we analyzed the same samples
using another proteomic technique; isobaric Tags for Relative and Absolute
Quantitation (iTRAQ) labeling together with HPLC-MS/MS.
iTRAQ is an isobaric labeling method that uses stable isotope labeled molecules
that can be covalently bonded to the side chain amines and N-terminus of peptides
from protein digestions with tags of varying mass in order to determine the
amount of proteins from different sources in a single experiment [150]. The risk
for overlapping peaks in the MS scan is reduced by the isobaric mass of the
reagents which enables the peptides to appear as single peaks. When the labeled
peptides are analyzed by MS/MS, the mass balancing moiety is released as a
neutral fragment, freeing the isotope-encoded reporter ions which then provides
the relative quantitative information for the proteins. There are different iTRAQ
reagents available, 4-plex and 8-plex [151], which makes it possible to analyze a
set of four to eight samples in one MS run. The reporter ions from the attached
labels are used to relatively quantify the peptides and the proteins from which
they originate. A database search is applied to identify the labeled peptides, and
subsequently the corresponding proteins.
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For comparative studies of small sample sets iTRAQ labeling has many advantages
since it is possible acquire both relative and absolute quantitation using internal
peptide standards [150]. Since all samples are combined in one run, the
instrument time for analyses can be reduced, and variations between different LCMS runs do not affect the results to any extent. A drawback when it comes to the
iTRAQ technology is that due to the enzymatic digestion of proteins prior to
labelling, the complexity of the sample increases. This results in the need for a
powerful, multi-dimensional fractionation method of peptides prior to the MS
identification.

ELISA
With iTRAQ labeling we could detect a specific protein, HSP90, which we wanted
to further investigate and validate. An enzyme-linked immunosorbent assay
(ELISA) technique was used to validate the concentrations of HSP90. ELISA is a
biochemical assay which is used to measure the concentration of an analyte in
solution. The ELISA technique uses antibodies and an enzyme-mediated color
change to detect the presence of either antigens (proteins, peptides, hormones,
etc.) or antibodies in a sample. There are different types of ELISA. In this work the
quantitative sandwich enzyme immunoassay technique was used to quantify a
specific protein, HSP90. In brief, the technique works as follows. Standards and
samples are pipetted into the wells of a microplate pre-coated with a monoclonal
antibody specific for HSP90. Any HSP90 present in the sample is bound by the
immobilized antibody. An enzyme-linked monoclonal antibody specific for HSP90
is added before unbound reagent is washed away. Finally, a substrate solution is
added causing color to develop in proportion to the amount of HSP90 bound. The
color development is stopped and the intensity of the color is measured in a UVvisible absorbance microplate reader.

Generation of metabolomics data
As for proteomics, there are different approaches in the design of metabolomic
studies and several different analytical techniques to choose from. Throughout
this work, a global screening approach using gas-chromatography time-of-flight
mass-spectrometry (GC-TOF-MS) has been the preferred choice. A targeted
approach for amino acids was utilized as a complement in paper V.
To be able to analyze the metabolites in a sample, the metabolites need to be
extracted from the sample. Depending on the extraction method different classes
of metabolites can be dissolved. The preferred extraction method may also differ
depending on the sample matrix. Serum and cell line samples have been extracted
using a polar extraction solution mix consisting of methanol (90%) and H2O
(10%). For the analysis of the more fatty tumor tissue, a less polar extraction
mixture consisting of chloroform, methanol and H2O (1:3:1) was selected.
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GC-TOF-MS
GC-TOF-MS is a hyphenated technique that combines the separating power of gas
chromatography with the detection power of mass spectrometry. The gaschromatograph requires that the samples are derivatized prior to analysis to
make the polar compounds more volatile. The derivatization is performed in two
steps. Firstly, to stabilize the carbonyl moieties in the compounds, Omethylhydroxylamine
hydrochloride
is
used,
then
N-Methyl-Ntrimethylsilyltrifluoroacetamide
(MSTFA)
is
added
with
1%
trimethylchlorosilane (TMCS) as catalyst to convert the remaining functional
groups to trimethylsilyl (TMS)-derivatives.
After derivatization, the sample is injected into the gas-chromatograph (GC) were
the sample molecules are vaporized. GC uses a carrier gas (mobile phase) to
transport the sample components through the column containing the stationary
phase. The molecules interact with the stationary phase during their journey and
when they enter the detector the quantity of each molecular species is detected in
relative terms. Depending on the properties of the molecule, the degree of
interaction with the stationary phase differs, and the time it takes for the molecule
to travel through the column (retention time) will differ [152]. The difference in
retention time between different molecular species makes it possible to separate
the molecules in a sample. The mass spectrometer separates the ions in gas phase
according to their m/z [153]. There are different ionization methods. In our
studies electron impact (EI) has been used. In EI the analyte molecules are directly
ionized through a bombarding electron stream resulting in the removal of an
electron to form a radical cation species. This results in a mass spectrum which
together with information of the retention time (transformed to retention index)
can be used in data base searches to be able to identify the molecules [154]. In the
papers presented in this thesis the metabolites were identified by comparison of
retention indices and mass spectra with data in commercial, as well as in-house,
retention indexes and mass spectra libraries using NIST MS Search 2.0 (National
Institute of Standards and Technology, 2001).
GC-TOF-MS is a commonly used analytical platform for generating global
metabolic data [155-157]. The frequent used of GC-MS is probably due to its
relatively high sensitivity and reproducibility and that the identification process
by spectral databases is fairly straightforward. Nonetheless, GC-TOF-MS have one
important limitation in that it cannot detect non-volatile compounds and the
necessary derivatization complicates the sample preparation.
Two-dimensional gas-chromatography (2D GC) was also used for the gloval
screening in paper V. 2D GC uses two columns resulting in that the molecular
components are first separated on a polar primary column before entering a
nonpolar secondary column. Using two columns gives a higher degree of
chromatographic resolution and greater sensitivity. However, the preprocessing
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of the data, explained in more detail below, becomes more complicated and the
time required for the analysis of one sample increases fivefold compared to 1D
GC.

Amino Acid Analysis by UPLC-LCTOFMS
To verify the amino acid pattern altered in response to ASS1 status seen with 1D
and 2D GC in paper V we decided to specifically evaluate the amino acid
concentrations in the samples.
A targeted approach utilizing the commercially available AccQ-Tag kit obtained
from Waters (Millford, MA) together with a UPLC-LCTOFMS instrument was used
to analyze amino acids. This method exploits pre-column derivatization of amino
acids with 6-aminoquinolyl-N-hydroxysuccinimidylcarbamate (AQC), which
converts both primary and secondary amino acids into stable fluorescent
derivatives that are amenable to UV-absorbance, fluorescence, electro-chemical,
and mass spectrometric detection [158].

Data processing
Pre-processing of SELDI-TOF-MS data
To enable an applicable analysis of the numerous mass spectra generated by
SELDI-TOF-MS, some pre-processing steps were necessary. Firstly, the baseline
was subtracted from the spectral data. Thereafter, to compensate for differing
energy absorbing molecule (EAM)-effects and possible variation in the amount of
retained sample between the different samples, each spectrum was normalized
with respect to its total ion current (TIC) by dividing each data point by the mean
of all data points in the region to be analyzed. Finally, to facilitate multivariate
comparison of the spectra, by ensuring that all spectra were represented by the
same variables, the normalized spectral data was binned into narrow mass
intervals, i.e. new spectral variables (bins) were then generated where each
variable represented the mean value of all original data points within the bin
interval. The bin sizes differed between different optimization mass-ranges,
depending on the frequency (i.e. data points per mass unit) of the original data
points. In the low mass region the frequency of data points was relatively high,
therefore the bin size was smaller than in the high mass region where the data
point frequency was relatively low [159].

Pre-processing of GC-TOF-MS data using HMCR
Analysis of multiple samples with GC-TOF-MS generates a three dimensional data
structure; the sample dimension, the spectral dimension and the chromatographic
dimension. Hierarchical Multivariate Curve Resolution (HMCR) is a multivariate
deconvolution method to translate these three dimensions into a two dimensional
data table where the cells consist of the integrated area under the resolved
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chromatographic profile [160]. The HMCR procedure includes the following steps.
First, smoothing of each mass channel by a moving average, followed by alignment
which is done by finding maximum covariance between the samples total ion
current chromatograms. Thereafter, the data is divided into time windows and
each time windows is then put through multivariate curve resolution separately
which results in chromatographic profiles for each compound in each sample with
a corresponding spectral profile. The advantage with HMCR is the predictive
feature of the method [161], making it possible to deconvolute many samples in a
short time.

Targeted pre-processing
Another approach used to pre-process GC-TOF-MS data is an in-house MATLAB
script that processes the data based on an in-house spectral library of authentic
standard compounds. This will result in a data table containing only identified
compounds. It has the advantaged that all compounds in the data can be
biologically interpreted and that manual and time consuming identification steps,
comparing retention indices and mass spectra with commercial and in-house
retention indexes and mass spectra libraries, is not necessary to the same extent.
One drawback is the risk of losing compounds that could be of great importance
even though they have an unknown identity, since only metabolites present in the
spectra library will be found. However, when it comes to identification, regardless
of the method, manual verification of the identified compound is essential to be
confident of the identity of the metabolite.

Pre-processing of 2D GC-TOF-MS data
The second chromatographic dimension obtained from the 2D GC-TOF-MS
analysis, as compared to 1D GC-TOF-MS analysis, complicates the pre-processing
and at the time this work was performed no HMCR script was available for 2D GCMS. Consequently, other available software’s were used. For baseline correction,
peak detection and spectrum deconvolution, mass spectra library search for
identification and calculation of peak height/area the ChromaTOF software by
Leco (version 4.50.8.0) was used. For alignment, normalization with internal
standards and filtering, the data processing software Guineu (1.0.3 VTT; Espoo,
Finland) was utilized [162]. The library search was performed against publicly
available mass spectral libraries from US National Institute of Science and
Technology (NIST) and from the Max Planck Institute in Golm together with inhouse libraries established at Swedish Metabolomics Centre (SMC). After
processing in Guineu all peaks were manually investigated by using the average
spectra information, obtained from Guineu, in NIST MS Search 2.0 to search
against the same libraries as previously used to additionally confirm the putative
annotations of the metabolites and detect possible split peaks.
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Pre-processing of amino acid analysis
Pre-processing of the amino acid analysis is a fairly straightforward process.
MATLAB 7.11.0 (R2014b) (Mathworks, Natick, MA) was used with an in-house
script for alignment and extraction of the integrated peak area for each amino
acid, resulting in a data table containing relative concentrations for each amino
acid in each sample.

Chemometrics
Chemometrics is an interdisciplinary science that contains tools from chemistry,
statistics and mathematics [163, 164]. Two of the cornerstones in chemometrics
are design of experiments (DOE) and multivariate analysis (MVA). To optimize the
experimental setup and ensure minimal covariance between factors of interest
(e.g. diagnosis or treatment response) and possible confounding factors (e.g. age,
gender, time in storage, etc.) DOE is employed in the initial stage of a study. When
the data has been acquired, MVA is used to analyze the obtained dataset to reveal
patterns built up by relationships between the measured variables (e.g. proteins
or metabolites).

Multivariate analysis of proteomic and metabolomic data
Multivariate analysis (MVA) methods are used to evaluate and interpret large
amounts of data. The MVA methods utilized in this thesis are primarily principal
component analysis (PCA) and orthogonal projections to latent structures (OPLS).
For simplicity all examples that follows are based on metabolic data but the same
principles applies for proteomic data.

Principal Component Analysis

Principal component analysis (PCA) is an essential tool in chemometrics [165]. It
is an unsupervised projection method used to visualize and interpret complex
multidimensional data. To be able to analyze the metabolic variation in the data,
the mass spectral information is stored in a matrix X, where each column
describes a measured metabolite and each row represents the relative
concentration of the metabolites in a sample. PCA compresses the variation of the
data by creating a window in the multidimensional space, generating orthogonal
principal components (PCs) containing the systematic variation. The number of
PCs can be calculated using different algorithms. The non-iterative partial least
squares (NIPALS) algorithm is the one used throughout this work [166]. The
systematic variation in the data, TPT, consist of the new PCs referred to as scores
(T) and the connection between the original data matrix (X) and the scores (T) is
explained by the loadings (P). An example of PCA scores and loadings is illustrated
in figure 2.
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X = TP T + E
Where E represents the residuals, unexplained variation in data.
In this thesis PCA has mainly been used to get an overview of the data and detect
deviating samples prior to further more sophisticated analyses.

Figure 2. PCA A) scores plot (t[2] vs t[1]) and B) corresponding loadings plot (p[2] vs p[1]). The scores
show the first and the second principal component and how three different cell lines T98G (stars),
U118 (triangles) and LN229 (squares), behave in relation to each other based on the concentrations
of 75 metabolites (each symbol represents one cell line sample). Symbols close to each other in the
plot have similar properties based on the measured variables (metabolites). The loadings plot show
the corresponding loading vectors which show the distribution of the measured variables in relation
to each other. The scores and loadings can be interpreted together to better understand the differences
seen between the samples (cell lines). Variables close to each other in the loadings plot are describing
the same biological variation and the scores and loadings are directly comparable to each other. In this
specific case the interpretation reveals that alanine and phenylalanine are positively correlated to, i.e.
higher in concentration in, the T98G cell line while histidine and 2-oxoiscaproic acid are positively
correlated to the U118 cell line and citric acid and mannose are positively correlated to the LN229 cell
line.

Orthogonal Projections to Latent Structures
Orthogonal Projections to Latent Structures (OPLS) is a supervised projection
method which is an extension of the more commonly known partial least squares
(PLS) [167]. Supervised methods are useful when there is known information
about the samples in the data that can be utilized as response variables (Y) in the
calculation of multivariate regression models. OPLS describes the relations
between the response (Y) and the descriptive data matrix (X). The scores (T) are
calculated to describe the connection between X and Y. In contrast to PLS, OPLS
divides the systematic variation in X in two parts, one related to Y and the other
unrelated, orthogonal, to Y, which facilitates the interpretation of the data.
𝑿 = 𝑻𝒑 𝑷𝑻𝒑 + 𝑻𝐨 𝑷𝑻𝐨 + 𝑬
𝒀 = 𝑻𝒑 𝑪𝑻𝒑 + 𝑭
Tp PpT denotes the variation in X linearly related to Y, which hence can be used to
predict the response based on observed values. T0 P0T represents the variation
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orthogonal to Y, and E and F describes the residuals, i.e. the non-systematic
variation in X.

OPLS – Discriminant Analysis
OPLS-Discriminant Analysis (OPLS-DA) [168] is a method to extract the variable
patterns in X that discriminates between pre-defined samples classes (e.g.
control-case). Y is in this case constructed as a binary dummy matrix holding
information only about the pre-defined sample class. If the sample belongs to a
pre-defined class it is given the value 1, if not, it is given the value 0. OPLS is then
used to correlate the experimental data (X) to the dummy matrix (Y) in order to
obtain a multivariate model for the separation between the classes. An example of
OPLS-DA scores and loadings is illustrated in figure 3.

Figure 3. OPLS-DA analysis of two sample classes, ASS1 negative cells (LN229; black) and ASS1
positive cells (U118 and T98G; grey). A) Scores plot and B) corresponding loadings plot. The scores
plot show the first predictive component t[1] and the first orthogonal component to[1], and how three
different cell lines T98G (stars), U118 (triangles) and LN229 (squares), behave in relation to each other
based on the concentrations of 75 metabolites (each symbol represents one cell line sample). Symbols
close to each other in the plot have similar properties based on the measured variables (metabolites).
The loadings plot show the corresponding loading vectors. pq[1], which is the first predictive X
loading p and Y loading q combined to one vector, and poso[1] which is the first orthogonal loading,
po, of the X-part and the projection of to onto Y (so), combined to one vector. Variables close to each
other in the loadings plot are describing the same biological variation and the scores and loadings are
directly comparable to each other. The scores plot show that the first predictive component (t1)
discriminates between ASS1 negative cell lines (black) and ASS1 positive cell lines (grey). The first
orthogonal component to[1] show the separation between the two ASS1 negative cell lines U118
(triangles) and T98G (stars). The loadings plot show that the metabolites separating the ASS1 negative
cell lines from the ASS1 positive cell lines are, among others, citric acid and mannose which are
positively correlated to, i.e. higher in concentration in, the ASS1 negative cell lines while alanine,
phenylalanine, histidine and 2-oxoiscaproic acid are positively correlated to ASS1 positive cell lines.

Validation
Validation of results is essential in all research. In our field of research an ideal
validation technique would be to analyze another set of samples with the same
analytical technique and receive the same results. Unfortunately, this is not always
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possible since the accessibility of samples is limited. In our studies we have used
a couple of other available validation techniques instead.

Cross-Validation
When using OPLS there is always a risk of overestimating the predictive ability of
the models, i.e. incorporating random noise into the calculation of the scores. To
minimize this risk cross-validation (CV) is used [169]. In the cross-validation
process, parts of the data, normally 1/7, is initially held out when the model is
calculated. When samples are matched or if replicates are included they should
belong the same CV group, i.e., being held out the same time. Another approach is
to leave out one observation in each round, so called leave-one-out crossvalidation. The calculated regression model is then used to predict a response
value for the held out observations, which can then be compared to their true
response values. This is done until all observations have been held out and
predicted once and a prediction error term can be calculated, the Prediction Error
Sum of Squares (PRESS), which represents the sum of the square of the differences
between the observed and predicted value for each observation.
𝒏

𝑷𝑹𝑬𝑺𝑺 = ∑(𝒚𝒊 − 𝒚̂𝒊 )𝟐
𝒊=𝟏

𝑦 denotes the true value for each observation. 𝑦̂ denotes the predicted value and
𝑖 represents the number of observations and n is the number of observations. CVscore plots can then be created showing each observations predicted value. In all
paper, when score-plots are shown they are based on CV values.

Receiver operating characteristic curves
Another validation method is to use the area under a receiver operating
characteristic curve (ROC) curve as a measure of a variable’s predictive accuracy
by plotting the trade-off between sensitivity and specificity [170, 171]. For an
investigated variable, the true positive fraction is determined by calculating the
percentage of observations belonging to a specific class and displaying an
observed value for this variable greater than an arbitrary cut-off.
Correspondingly, the percentage of observations belonging to the other class, also
with an observed value greater than the arbitrary cut-off is calculated (false
positives). The cut-off is iteratively increased, the calculations repeated and the
results plotted against each other. This method can also be used to illustrate the
predictive accuracy of an OPLS model, by using the cross-validated (predicted)
score vector from a model as the variable for which the ROC curve is calculated.
The closer the curve follows the left-hand border and the top border of the ROC
space, the more accurate the test. In paper IV we used ROC curves to show the
reliability of the models.
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p-values
Presenting p-values are a common way to display results and to validate the
significance of individual variables. p-values can be calculated by, for example,
using a student’s t-test or a Mann-Whitney U-test, depending on the data. To
validate the significance of an OPLS model a p-value be calculated using CVANOVA [172]. In all studies we calculate p-values for each individual variable to
validate the significance of the variables reported. In addition, we also calculated
a p-value based on CV-ANOVA to validate the models, molecular patterns, in all
studies.

Same samples, different methods
In paper V we analyzed the same samples with three different methods, 1D GCMS, 2D GC-MS and amino acid analysis. This approach, when analyzing different
samples with different methods should also be seen as a way of validating the
results. Having different analytical techniques showing the same results adds to
the reliability of the results presented.

Biological validation
The possibility to relate the detected proteins/metabolites of interest to a
biological context is essential when clinically validating our findings. This is not a
straightforward task since it is not always clear what is to be expected when it
comes to tumor biology and metabolite involvement. One problem is that many
metabolites are involved in many different cellular processes. To decide which of
the processes that are affected by a specific treatment is a complex task that may
be difficult, especially in the in vivo situation i.e. studying patient material. We
have used IPA® (Ingenuity Systems, Inc) as a pathway analysis tool to aid in the
biological validation.
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RESULTS AND DISCUSSION OF THE
PAPERS
Paper I
Meningiomas of WHO grade I can, despite their benign appearance, display
invasive growth. Today it is not possible to predict which tumors that will develop
invasive growth, as there is no histopathologic difference between invasive and
non-invasive tumors. This makes the planning of an individual patient’s treatment
schedule difficult.
Objective
To extract protein expression patterns with the potential to discriminate between
invasive and non-invasive benign WHO grade I meningiomas.
Results
Expression patterns from the protein peaks obtained with SELDI-TOF-MS analysis
could discriminate between invasive and non-invasive tumors in both fibrous
meningiomas and meningothelial meningiomas. In fibrous tumors, 22 peaks
showed significantly different expression levels between invasive and noninvasive samples resulting in a complete separation between the groups (figure
4 A). It was also possible to partly separate invasive from non-invasive
meningothelial tumors based on six significantly different peaks (figure 4 B).

Figure 4. Cross-validated scores (tcv[1]) based on the final OPLS-DA models for A) fibrous tumors
and for B) meningothelial tumors. Non-invasive meningiomas are shown as black circles and invasive
meningiomas are shown as grey inverted triangles. Each symbol represents one tumor sample
described by 22 and six protein peaks in A and B respectively. There is a clear separation between
invasive and non-invasive fibrous meningiomas (p = 2.84*10-14) and a significant separation, however
with some overlap, between invasive and non-invasive meningothelial meningiomas (p = 1.6*10-9).
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Comments and Discussion
SELDI-TOF-MS was shown to be a useful method to screen for protein pattern
differences between invasive and non-invasive meningiomas. We were able to
show that there is a clear and highly significant difference in protein pattern
between invasive and non-invasive fibrous tumors and a less but still significant
separation between meningothelial tumors (with some overlap in scores). We
found a panel of protein peaks, 22 in fibrous and six in meningothelial tumors,
with different m/z that were significantly altered between invasive and noninvasive tumors. Unfortunately, when using SELDI-TOF-MS the biological
interpretation is nonexistent since the applied technique does not allow
identification of the detected proteins or protein fragments based on the SELDI
data alone. However, the aim of this paper was to investigate whether protein
spectra differed between invasive and non-invasive benign meningiomas so it was
beyond the scope of this study to identify the proteins representing the peaks of
interest. In summary, this study shows that it is possible to distinguish invasive
from non-invasive grade I meningiomas based on protein pattern. The possibility
to be able to early identify the invasive tumors could, in the future, influence the
planning of treatment and be of aid when deciding on early or late postoperative
radiotherapy of meningiomas.
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Paper II
The use of angiogenesis inhibitors is an established part of modern cancer
treatment regiments. As angiogenesis is associated with worse prognosis in GBM
[173] and VEGF is one of the regulators of angiogenesis, VEGF is a valid target for
treatment [110]. A commonly used angiogenesis inhibitor, bevacizumab, is an anti
VEGFR monoclonal antibody used as a second-line treatment of GBM. However,
the value of bevacizumab for glioma treatment and its precise mechanism of
action is controversial [174, 175]. Here we investigated another angiogenesis
inhibitor, vandetanib, which is a VEGFR/EGFR tyrosine kinase inhibitor, as a
model for targeted therapies and angiogenesis inhibition. Vandetanib has shown
promising effects on tumor growth in different subcutaneous tumor models
including intracranial rat glioma models [176, 177]. In this study, an animal
model, a BTC4 syngenic intracerebral rat glioma model [178, 179], was subjected
to the angiogenesis inhibitor. The BT4C model is a transplacental nitrosurea
induced rat tumor where the tumor cells originate from the same species and are
implanted in the same organ as the cells originated from. The tumor has
previously been characterized by infiltrative growth with a histopathological
picture resembling gliosarcoma.
Objective
To, in a first step, verify if proteomic patterns in brain tumor tissue and serum
could discriminate between rats treated with an angiogenesis inhibitor and
untreated animals using SELDI-TOF-MS. Furthermore, in a second step, to identify
differentiating proteins using iTRAQ labeling and HPLC.
Results
The SELDI-TOF-MS results showed that treated and untreated tumors had
different proteomic patterns (figure 5). With HPLC it was possible to identify
some proteins that were significantly different between treated and untreated
though it was not possible to identify the selected proteins/peptides of interest
found by the SELDI-TOF-MS analysis. In conclusion, we found 72 proteins that
were significantly altered by treatment. After pathway analysis using Ingenuity
Pathway analysis (IPA®) we could extract a cluster of 26 proteins that were
connected to HIF1-α signaling, a key signaling pathway in angiogenesis. Among
the 26 proteins HSP90 was one of the most interesting for which we carried out
an ELISA analysis to verify the identified alterations in the tumor samples. The
results showed that the HSP90 tissue levels were 4.4 times higher in tumor
samples from rats treated with the tyrosine kinase inhibitor as compared to
untreated tumors.
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Figure 5. Cross-validated scores (tcv[1]) based on the final OPLS-DA model of SELDI-TOF-MS data of
rat tumors showing the difference between vandetanib treated (black diamonds) and untreated (grey
circles) samples (p =. 5*10-6).

Comments and Discussion
In this study we used SELDI-TOF-MS analysis as a screening method to verify our
hypothesis that treatment with an angiogenesis inhibitor would induce changes
to the serum proteome. Based on those findings we then proceeded to analyze
both serum and tissue samples with iTRAQ labeling in combination with HPLC to
obtain both quantified and identified proteins to enable a biological
interpretation. Correlating the identified proteins from the HPLC analysis with the
SELDI-TOF-MS analysis was not possible. Most of the interesting protein peaks
from the SELDI-TOF-MS analysis were below 10kDA while the majority of the
protein identified with iTRAQ were higher than 10kDA. The high amount of lowmolecular peaks from the SELDI-TOF-MS analysis also indicates that there might
be fragmentation of larger proteins in the sample which makes the identification
of what protein fragment they originate from difficult. Nevertheless, with the
iTRAQ technique in combination with HPLC, we were able to identify a number of
interesting proteins.
Following pathway analysis we found that several of the identified proteins
elevated in treated animals were directly connected to HIF1-α, a key protein in the
angiogenetic pathway. HIF1-α signaling responds to changes in oxygen
concentration and during hypoxia, HIF1-α increases the transcription of VEGF
which in turn trigger angiogenesis. HSP90-α, a chaperone protein required for
HIF1-α activation was elevated in treated samples compared to control indicating
more hypoxia in the treated samples compared to control. We further evaluated
HSP90 with an ELISA analysis and found that HSP90 tissue levels were 4.4 times
higher in samples treated with vandetanib than in the control samples. As the
interaction of HSP90 with HIF1-α occurs upstream from the VEGF signaling, it is
hard to draw any conclusion about the relationship between the treatment and
the elevation of HSP90 and HIF-α signaling. However, the possibility to find
angiogenesis-related proteins affected by treatment is an indication that this is a
useful approach to investigate treatment induced changes in gliomas.
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Paper III
The standard treatment of high-grade gliomas is surgery followed by
radiotherapy and adjuvant temozolomide. If this first line of treatment is
unsuccessful, second line chemotherapy and re-irradiation can be considered in
specific cases. One of the major problems when treating high-grade gliomas is the
lack of immediate monitoring of the treatment response. Morphological changes
are in many cases detected too late to influence treatment modifications making
today’s treatment response evaluation with repeated CT or MRI insufficient.
Objective
To investigate if radiation of high-grade gliomas in patients induces any
metabolite changes in serum by means of GC-TOFMS. Additionally, to compare the
findings with the results from a previous study where radiation-induced
metabolite pattern changes was demonstrated in the extracellular compartment
of tumors and brain adjacent to tumor (BAT) in the same patients using
microdialysis.
Results
From the acquired GC-TOFMS data it was possible to detect metabolic changes in
serum during the first five days of radiotherapy for high grade gliomas. 84
metabolites, out of which 28 could be identified, differed significantly between
samples collected before treatment compared to samples collected during
treatment with radiotherapy. The final OPLS-DA model for the separation
between samples collected before and samples collected during treatment
consisted of 1 predictive and 1 orthogonal component and predicted 31.9% of the
response variation (Q2=0.319, p=0.006)). As shown in figure 6, it was possible to
follow the metabolic response over the specific time period and the majority of
the patients showed a different metabolic response pattern during treatment as
compared to before treatment. Some of the metabolites detected as significant in
serum were also found significant in the extracellular compartment of the same
patients in our previous study.

Figure 6. Cross-validated scores (tcv[1]) based on the final OPLS-DA model for the separation
between samples collected before and samples collected during treatment. The circles represent the
two time points before start of treatment and the triangles the time points during treatment. The labels
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correspond to the sampling time point. 2* was calculated and used as a reference point in the ITOT
normalization of the treated samples.

Comments and Discussion
In this study we analyzed serum samples collected before and during five days of
radiotherapy with the aim to investigate potential treatment induced effects on
the serum metabolome. We found several metabolites that were altered due to
treatment in serum. In general there was a decrease in metabolite levels during
radiotherapy compared to the levels before treatment. All detected and identified
amino acids and fatty acids were among the metabolites that decreased in
concentration, while citric acid was among the metabolites that increased in
concentration. If this change in serum is dependent on what is happening in the
tumor during treatment, such as increased release or uptake of metabolites, or if
it is a direct effect on the blood compartment itself is a question that we can only
speculate about at this point. Comparing our findings in serum with the previous
study of the extracellular compartment from GBMs, we found some metabolites
that changed in the same direction during treatment and some metabolites that
where increased in serum and decreased in tumor extracellular compartment and
vice versa.
Considering individual patients, the majority showed a clear difference in
metabolite pattern due to treatment. Two patients, however, showed a more
moderate or no response (patient 6 and patient 11). The reason for this cannot be
made conclusive based on the acquired data in this limited sample set. These two
patients do not deviate in sex, age, performance status or survival time. Possibly
could their deviating pattern be associated with a different response to the given
treatment, something that is if great interest to investigate in a larger sample
material.
From our findings we could not draw any final conclusions on the biological
events that resulted in the metabolic changes. Also, it will be an issue for further
studies to investigate why some of the metabolites in the different sample
compartments responded differently to treatment. An interesting option could be
to analyze the CSF as an intermediate between serum and the extracellular
compartment which could have facilitated the interpretation of the flow of
metabolites.
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Paper IV
The classification and grading of glioma is today based on histological features
which are not always easy to interpret. The most important feature of the
classification is the expected correlation between tumor grade and prognosis even
though large variations exist in the survival of patients concerning both GBMs and
low-grade gliomas.
Objective
To investigate the metabolic profiles in tumor tissue and serum from patients with
glial tumors of different histological type and grade, with the aim to retrieve
diagnostic and prognostic information.
Results
We found differentiating metabolite patterns between GBMs and
oligodendrogliomas (figure 7 A and B). The final OPLS-DA model on tumor
samples consisted of 1 predictive component predicting 34.1% of the response
variation (Q2 = 0.341; p = 2.46*10-8). The final OPLS-DA model for serum samples
consisted of 1 predictive component predicting 22.3% of the response variation
(Q2 = 0.223; p = 1.3*10-5). Furthermore, in oligodendrogliomas we could see a
pattern difference associated with tumor grade (grade II versus grade III) (figure
7 C and D). The final OPLS-DA model for tumor samples consisted of 1 predictive
component predicting 43.4% of the response variation (Q2 = 0.434; p = 0.01). The
final OPLS-DA model for serum samples consisted of 1 predictive component
predicting 58.9% of the response variation (Q2 = 0.589; p = 0.008). When
modelling survival it was found that patients with GBM that died shortly, within
four months, after diagnosis and patients that lived long, more than two years,
after diagnosis showed significantly different metabolite patterns in both tumor
tissue and serum (figure 8 A and B). The final OPLS-DA model for tumor samples
consisted of 1 predictive component predicting 42.7% of the response variation
(Q2 = 0.427; p = 0.006). The final OPLS-DA model for serum samples consisted of
1 predictive component predicting 47.8% of the response variation (Q2 = 0.478;
p = 0.004). Similar results were also obtained for patients with
oligodendrogliomas (figure 8 C and D) in tumor (Q2 = 0.767; p = 0.004) and in
serum (Q2 = 0.855; p = 0.01).
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Figure 7. Upper panel. Cross-validated scores (tcv[1]) based on the final OPLS-DA models
discriminating between glioblastoma (black) and oligodendroglioma (grey) in A) tumor and B) serum.
Lower panel. Cross-validated scores (tcv[1]) discriminating between WHO grade II (diamonds) and
III (inverted triangles) in oligodendroglioma in C) tumor and D) serum.

Figure 8. Cross-validated scores (tcv[1]) from the final OPLS models illustrating short survival time
(boxes) compared to long survival time (triangles) in A) GBM tissue and B) serum and C)
oligodendroglioma tissue and D) serum.
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Comments and Discussion:
In this study we carried out a global metabolomic screening of 104 gliomas. All
glioma tumors collected in Umeå during a four year time period were initially
analyzed resulting in a very diverse dataset. GBM is the most common type of
glioma therefore the majority of the tumors included were GBMs. The initial
dataset contained only four patients with low grade astrocytoma. It was not
meaningful to compare those to the large group of GBMs, subsequently the low
grade astrocytomas were excluded in the data analysis.
The metabolite profiles from patients with GBM and oligodendroglioma were
initially compared. Because of the major histopathological difference between the
two glioma subtypes, a clear difference in metabolic pattern may also have been
expected. The skewedness in sample size may, to some extent, explain the fairly
moderate separation seen between the groups. Additionally, the metabolic
profiles of grade II and III oligodendrogliomas were analyzed and we could
identify metabolites that were different in relation to tumor grade. From a clinical
point of view it would have been more interesting to be able to separate low grade
from high grade astrocytomas, however, the small number of low grade
astrocytomas made that comparison impossible.
Remarkably, we could show that there was an association between the metabolite
data and in survival time in patients with both GBM and oligodendrogliomas.
Initially, we tried to find patterns correlated to survival time based on a
continuous timeline. This appeared not be possible in this dataset. The patients
where then divided into four groups, one short time survival group, two
intermediary survival time groups and one longtime survival group. In the paper
we showed that there were metabolic differences between the long time survival
group and short time survival group. What is not shown is that it also was possible
to separate the two intermediary survival time groups. Both from each other and
from the two extremes. When comparing survival time it would have been
interesting to have had information about IDH1/2 mutations for these patients. As
mentioned earlier, it has been shown than IDH1/2 mutations are related to
survival. Nevertheless, we have identified 2-hydroxyglutaric acid in the tissue
samples. 2-hydroxyglutaric acid is converted from isocitrate by the IDH enzymes
and it has been shown that the concentrations of 2- hydroxyglutaric acid is
vanishingly low in normal tissue but extremely high in tumors with mutations in
the IDH1/2 genes [118]. In our data we see an increased level of 2hydroxyglutaric acid in oligodendrogliomas compared to GBMs indicating that it
could be possible that the oligodendrogliomas have IDH1/2 mutations. This is also
accordance with the earlier statement that IDH1/2 mutations are more common
in the lower grade gliomas compared to GBMs. IDH1/2 mutations and 2hydroxyglutaric acid would have been interesting to investigate further in followup studies as it has been shown that 2-hydroxyglutaric acid generated from IDH1
mutant gliomas can be monitored during surgery with ambient mass
spectrometry techniques [180] .
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Paper V
Pegylated arginine deiminase ADI-PEG20 is an arginine deprivation therapy that
has been in trial for various cancers [181-183]. Arginine is a semi-essential amino
acid involved in several pathways including major cellular functions such as nitric
oxide production, creatine production and polyamine synthesis. Human cells can
synthesize arginine. However, endogenous production is insufficient when cells
are under stress or need to proliferate. Tumor cells have a high requirement for
arginine as arginine influences tumor cells growth and proliferation [184, 185].
Epigenetic studies in GBM cell lines by Syed et al [186] identified a subgroup of
GBMs that lacked argininosuccinate synthetase (ASS1) expression. ASS1 is an
enzyme that together with argininosuccinate lyase (ASL) catalyzes the synthesis
of arginine from citrulline via the urea cycle. This ASS1 negative group of tumors
are thus auxotrophic for arginine and sensitive to deprivation therapy by ADIPEG20 [187-189]. ADI-PEG20 works by catabolizing arginine to citrulline and
ammonia, depleting the extracellular arginine levels and subsequently depleting
the intracellular availability in ASS1 negative cells [190].
Objective
To evaluate differences in the metabolome between ASS1 positive and ASS1
negative glioma cell lines and to evaluate treatment effects of ASS1 negative cell
lines exposed to ADI-PEG20 therapy. Furthermore, to test our hypothesis that the
arginine biosynthetic pathway would be affected when comparing ASS1 negative
and ASS1 positive cell lines and subsequently that the ASS1 negative cells would
show lower levels of the metabolites involved in the arginine metabolism.
Results
In this study, as a complement to the global metabolomic screening methods, 1D
GC-TOF-MS and 2D GC-TOF-MS, we also performed a targeted analysis of 29
amino acids. This since amino acids dominated the arginine biosynthetic pathway.
All three techniques showed that the metabolites involved in arginine
biosynthesis were lowered in the ASS1 negative cell lines, which is in agreement
with our pre-defined hypothesis. In figure 9 the separation between ASS1
negative and ASS1 positive cell lines can be seen based on 1D GC-TOF-MS data of
the cell supernatant (p = 1.84*10-5) and cell pellet (p=0.03). This separation could
also be seen in the 2D-GC-TOF-MS data as well as in the data for the 29 amino
acids.

37

Figure 9. Cross-validated scores (tcv[1]) based on the final OPLS-DA models showing a complete
separation of ASS1 positive cell lines (T98G and U118; grey) and ASS1 negative cell lines (GAMG, LN229
and SNB19; black) for 1D GC-TOF-MS data in A) cell supernatant and B) cell pellet.

Furthermore, to evaluate the effect of arginine deprivation treatment on the
metabolic level we analyzed ASS1 negative and ASS1 positive cell lines together
with normal astrocytes (fetal cells) before and after treatment with. As
hypothesized, only ASS1 negative cells were affected by the treatment (p=0.001)
while the other cell types remained unaffected (figure 10).

Figure 10. PCA scores, second principal component (t[2]) for 1D GC-TOF-MS data of cell supernatant
from normal astrocytes (white), an ASS1 negative cell line (SNB19; black) and an ASS1 positive cell line
(U87; grey). Samples treated with ADI-PEG20 are denoted with a star (*). All cells were run in
triplicates. It can be clearly seen that the ASS1 negative samples are significantly affected by treatment
(p = 0.001) while normal astrocytes and ASS1 positive cells remains unaffected by treatment.

Comments and Discussion
Cell line samples were analyzed with three different methods, two global
screening methods (1D and 2D GC-TOFMS) and one targeted LC/MS method for
quantification of 29 amino acids. Subsequently, analysis of data from all three
methods showed a clear metabolic difference between ASS1 negative and ASS1
positive cell lines. As hypothesized, among the metabolites responsible for this
difference we identified that all metabolites involved in the arginine biosynthetic
pathway was elevated in ASS1 positive cell lines as compared to ASS1 negative cell
lines. Interestingly, we could also see an upregulation of many other metabolites
which can be supported by the fact that arginine is a substrate for other
metabolites including proline and creatine.
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When analyzing the treatment induced effects of arginine deprivation therapy
using ADI-PEG20 we found that only ASS1 negative cell lines were affected by the
treatment when comparing to normal astrocytes and ASS1 positive cells. The lack
of effect on the arginine deprivation therapy in normal astrocytes and ASS1
positive cell lines should be expected because of their ability to synthesize their
own arginine, something ASS1 negative cell lines cannot.
This is a unique study presenting a metabolomics characterization of ASS1 status
in GBM cell lines. The results verify pre-defined hypotheses regarding ASS1
metabolism but also generate new hypotheses for future investigations; e.g. other
metabolic pathways for treatment of ASS1 positive tumors as well as potential
diagnostic markers for non-invasive diagnosis in-vivo, e.g. by magnetic resonance
spectroscopy (MRS). In addition the study shows proof of concept for an
interesting way of using metabolomics as a complement to other omics
techniques, in this case epigenetics, in order to create new possibilities for
detection or diagnosis of molecular tumor subgroups as well as to reveal new
metabolic targets for treatment of disease. To be able to carry out this type of
multi-omics studies, the bioinformatics strategy involving chemometric or
multivariate techniques is essential. In this way it is possible to detect markers of
metabolites, latent biomarkers that can be used as intermediate phenotypes in
combination with other omics descriptions to facilitate the molecular
subgrouping of tumors. It will be of high interest to continue to investigate the
possibilities of these types of multi-omics approaches where the systematic
variation in the metabolome is captured as multivariate phenotypic descriptors.
Hopefully this type of bioinformatic strategies can play a part in improving the
characterization, diagnosis and treatment of GBMs based on molecular evidence.
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CONCLUSION
This thesis describes proteomic and metabolomic studies of brain malignancies
with the main objective to discover diagnostic and prognostic information in the
proteome and/or metabolome as well as to investigate the possibility to identify
predictive biomarkers in glioma and meningioma.
Initially, protein profiles from tumor tissue from meningioma patients were
investigated with SELDI-TOF-MS with the objective to find protein patterns that
differed between invasive and non-invasive tumors. We were able to show that
within specific subgroups of meningiomas (fibrous and meningothelial) there
were protein patterns that where altered between the groups. A finding that
demonstrates the possibility to find marker patterns that may indicate an invasive
growth of the tumors, a result which should be confirmed in prospective studies
In addition, proteomic profiles of tumor tissue and serum from a glioma rat model
where rats were treated with an angiogenesis inhibitor (vandetanib) were
investigated. SELDI-TOF-MS was used to evaluate the protein profiles from
samples collected from treated and untreated animals. As discussed before,
SELDI-TOF-MS does not allow for identification of interesting proteins. Therefore
the samples were, in a second step, analyzed with iTRAQ labeling together with
HPLC to allow for identification of altered proteins. The SELDI-TOF-MS data
showed proteomic patterns that differed between treated and non-treated
tumors, which made it worthwhile to continue with protein identification Using
iTRAQ labeling we found several proteins that were altered between the groups,
for which we could also assign identities. A cluster of these identified proteins
were connected to HIF1-α, a key protein in the angiogenetic pathway. To verify
the level of one of those proteins, HSP90, the samples were analyzed using an
ELISA which showed a significant increase of HSP90 in tumors treated with
vandetanib.
Serum samples from glioma patients treated with radiotherapy was submitted to
a global metabolomic screening approach using GC-TOF-MS. Several metabolites
were altered due to treatment indicating the possibility to follow treatmentinduced metabolic changes in blood. It was also evident that different patients had
different metabolic response to treatment. Follow-up studies confirming these
findings is off course necessary due to the low number of patients included in our
study. However, hopefully, this study may be small step forward on the road
towards personalized treatment.
GC-TOF-MS was also used to globally characterize gliomas of different
histopathological origin and grade. Serum and tumor tissue from the same
patients were analyzed. Results from both serum and tissue showed that there
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were metabolic differences between GBM and oligodendroglioma, grade II and III
oligodendrogliomas and that the metabolome also may harbor information
associated with time of survival in patients with GBM as well as
oligodendrogliomas. These findings opens for the possibility to obtain diagnostic
and prognostic information not only from tumor tissue samples but also from
blood.
In the final study presented in this thesis, metabolite profiles of ASS1 positive and
ASS1 negative glioma cell lines were evaluated together with the effects of
arginine deprivation therapy in both cell lines. The cell line samples were
analyzed using both 1D and 2D GC-TOF-MS to be able to cover a larger proportion
of the metabolome than in our previous metabolomic studies. Since many of the
metabolites included in the arginine biosynthetic pathway, which was expected to
be different between the ASS1 positive and ASS1 negative glioma cell lines, are
amino acids, a targeted LC/MS approach for 29 amino acids was also applied. We
could show that ASS1 positive and ASS1 negative cell lines expressed different
metabolic phenotypes. Furthermore, as hypothesized, when exposed to arginine
deprivation therapy only cells lacking ASS1 expression (ASS1 negative), were
affected. This study demonstrates the possibility of using metabolomics as a
complement to other omics techniques and potentially opens up for the
opportunity to investigate other multi-omics approaches for detection of new
molecular tumor subgroups and reveal novel treatment options in GBM as well
other types of tumors.
Proteomics and metabolomics are up and coming fields in cancer research. As
compared to genes, proteins and their modifications, provide an insight to what is
happening in a cancer patient in real time. This enables an understanding of the
biological processes of cancer development as the proteins encoded by the genes
are the functional players that drive both normal and disease physiology.
Metabolites are the endpoint of the central dogma of molecular biology and
closest to the phenotype, thus reflecting the genetic composition as well as
external factors such as lifestyle and diet. By analyzing the metabolome it is
possible to get an insight into the biochemical events occurring downstream of
gene expression and protein activation.
Unbiased global metabolomic and proteomic screening methods are valid
approaches in the search for biomarkers as large scale screening studies open up
for the possibility to analyze and detect a variety of proteins and metabolites.
However, the interpretation of the proteins and metabolites in a biological context
becomes a more difficult task. In our proteomics studies, one issue was the
difficulties in identifying individual proteins from the protein spectra obtained.
Nevertheless, our studies clearly indicate that by analyzing protein spectra one
can obtain useful information on meningioma characteristics and treatment
effects in gliomas. Another issue, regarding metabolomics, was the difficulty to
understand the biological processes behind the metabolic differences/changes
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demonstrated due to the fact that our methods did not cover the whole
metabolome. Although our attempts to understand the biological processes by
utilizing computerized pathway databases, the fact that many metabolites are
involved in many different metabolic processes makes the interpretation even
more complex. In the future, a recommendation in studies, such as those
presented in this thesis, is to rely more on hypothesis-based approaches targeting
specific pathways based on the knowledge obtained from our global screenings or
from other data sources, e.g. as in paper V.
The rapid development in the field of proteomics and metabolomics is likely to
provide new protein/metabolite biomarkers for glioma and other cancers.
However, the likelihood that single proteins/metabolites should revolutionize the
field, as more specific and predictive biomarkers, is not high. Instead the idea of
utilizing molecular patterns could be an interesting option for the future. Such, so
called, latent biomarkers built up by a number of co-varying proteins/metabolites
are in theory more likely to generate both more specific and predictively robust
entities, e.g. for diagnosis, treatment monitoring and prediction. In addition, these
latent descriptors of the systematic variation in the metabolome could also be
used in correlations with other alterations, e.g. in the genome, to allow for a more
detailed molecular characterization of heterogeneity within the same tumor
group, e.g. GBMs. In this thesis, we show some initial results of these ideas applied
to brain tumors. However, to extract these latent biomarkers in an optimal way
and perform multi-omics correlations based on them bioinformatics based on
chemometrics or similar methods taking variable co-variation into account must
be further developed and applied.
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