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1. Introduction

1.1. Epidemiology of brain tumours

Brain tumour cases have surged in recent years worldwide. It has been reported that
malignant brain tumours have a global incidence of 4.25 cases per 100.000 persons-
years. In Europe the incidence has been calculated at 6.76, in the United States of
America at 6.48 and in Latin America at 5.25 cases per 100.000 persons-years. In
Africa and South East Asia, the incidence is the lowest with 2.81 and 3.27 cases per
100.000 persons-years[1-3]. The highest death rates due to central nervous system
(CNS) tumours were reported in western Europe, southeast Asia and Latin America,

although the USA alone was among the countries with the highest death rates[3].

Figure 1
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Global incidence and regional variations of malignant brain tumours. Taken from[1].

Malignant brain tumours have a tendency to be more frequent in men and in advanced

age, with the highest rate at 65-80 years|[3].
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Global age-standardised incidence rate per 100.000 persons-years of brain tumours by sex and

age. Taken from[3].

With respect to tumour subtypes, meningiomas are the most common tumours of the
central nervous system at 37.2% and of all benign tumours. Glioblastoma is the most
frequently diagnosed malignant tumour representing 14.6%. The frontal lobe is the

prevalent location for any brain tumour[4,5].
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A. Distribution of anatomical invasion of brain tumours. B. Distribution of malignant brain tumours.
Taken from [4].

1.2. Glioma

1.2.1. Diagnosis

Gliomas are tumours that vary in the clinical presentation, low-grade tumours have a
gradual growth, and patients usually have a prolonged course of disease, while high-
grade tumours present with acute symptomatic due to the rapid and uncontrolled
growth. Symptoms for both types of tumours include focal neurological deficits (in 68%
of patients, with motor weakness being the leading symptom with 47% frequency),
headache (54%) and seizures (26%), which can arise focally, then generalize
secondarily and are more common in low-grade gliomas [6]. High-grade tumours often
present with signs of increased intracranial pressure. In addition, different syndromes

may arise depending on the affected area of the brain[7].

Magnetic resonance imaging (MRI) is the gold standard for diagnosis of gliomas.
Native and contrast-enhanced T1-weighted along with T2- and T2-FLAIR-weighted
sequences should be the primary sequences obtained as they deliver high precision
imaging of the brain’s anatomy and are essential for delineating the tumour’s
boundaries and planning the surgical treatment. Functional neuroimaging techniques
(such as functional magnetic resonance imaging (fMRI) and diffusion tensor imaging

(DTI)) might be necessary for detailed depiction of surgically and functionally relevant



structures such as the pyramidal and sensory tracts, the optic pathway and so forth.
Magnetic resonance spectroscopy is a technique with which the biochemical
composition of tissues can be assessed. Further details and explanations on this topic

and its relevance in neuro-oncology are described below.

Figure 5

Contrast-enhanced

T1-weighted MRI IOl

MRI from a patient with an IDH-wildtype glioblastoma. A. Contrast-enhanced axial T1-weighted
MRI, depicting a central necrotic tumour with a contrast—enhancing rim. B. T2-weighted axial MRI
where the tumour appears hyperintense with only little oedema. The images were taken at the

Department of Neuroradiology from the Medical Centre — University of Freiburg.

Figure 6

Contrast-enhanced
T1-weighted MRI

FLAIR-weighted MRI

MRI from a patient with an IDH-mutant glioblastoma. A. Contrast-enhanced axial T1-weighted MRI
with only little contrast enhancement. B. FLAIR-weighted axial MRI with complex signal intensity
due to different T1-relaxation times. The images were taken at the Department of Neuroradiology

from the Medical Centre — University of Freiburg.



1.2.2. Treatment and Outcome

Therapy strategies differ between low-grade and high-grade tumours for the reasons
mentioned above. With that saying, in high-grade gliomas, a safe gross-total resection
of the contrast-enhancing tumour followed by adjuvant radio-chemotherapy is the
standard first-line treatment of choice[8,9]. However, in some patients where the
tumour growth presents in eloquent and deep-seated areas, a biopsy instead of a
resection can precede adjuvant treatment for histopathological and molecular
diagnosis. Recent studies have suggested the possibility of introducing neo-adjuvant
immunotherapies in high-grade gliomas, however the gold standard remains
unchanged [10,11].Despite best available treatment the median overall survival rate
is about 16 months [4,12].

In the case of low-grade gliomas, a standard treatment has not been established. This
is due to the more heterogenic course of disease and a lack of consistent evidence
compared to that in high-grade tumours. Nonetheless, it has been reported that
attempting a maximum safe resection does have an impact on survival among these
patients [13]. The timing of surgery, however, is still controversial as is the
chemotherapeutic agent of choice, but the discovery of new mutations has opened the
possibility of developing targeted therapies. Radiotherapy, in combination with
chemotherapy, poses a survival benefit over radiotherapy alone [14]. Patients with
low-grade gliomas have a more prolonged overall survival than those with high-grade
gliomas, but the first still have a tendency towards malignant progression, for which

the median overall survival lies at 5 to more than 15 years [15].

1.2.3 Classification

The World Health Organization published in 2016 a major revision of the Classification
of Tumours of the Central Nervous System, which lead to more than one hundred
official tumour entities. Pathologies that may have similar histological features are now
more clearly differentiated from one another according to their molecular profile. This

has shown to be extremely relevant not only for diagnosis, but also for prognosis in



terms of response to adjuvant therapy and survival [16]. Tumours are classified
according to their histological characteristics and genetic alterations as shown below:
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1.2.4. IDH Mutation

Since 2009, the mutation of isocitrate hydrogenase (IDH) 1/2 is known to have a
relevant role in gliomas by inhibiting both histone and DNA methylation and disturbing
epigenetic regulation. A tumour-derived mutation in the catalytic region of the IDH 1/2
gene produces the oncometabolite 2-hydroxyglutarate (2-HG) instead of a-
ketoglutarate (a-KG), which leads to reshaping the epigenome, increasing the
methylation of CIMP genes and thereby altering the epigenetic control of stem and

progenitor cell differentiation [18].

Figure 8

Cytoplasm
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Effects of an IDH (1/2) mutation. Taken from [19].

Defining the presence or absence of an IDH (1/2) mutation is now necessary for the
correct diagnosis in gliomas. Tumours with an IDH-mutation also present a TP53
mutation, ATRX loss, limited TERT promoter mutations, notable EGFR amplifications
and PTEN mutations and are further divided according to histology into either diffuse

astrocytoma, anaplastic astrocytoma or glioblastoma (IDH-mutated) [4,20]. Gliomas



with an IDH-mutation and a loss of heterozygosity due to the combined deletion of
1p/19g are oligodendrogliomas (either sole oligodendroglioma or anaplastic,
depending on histology). Gliomas without an IDH-mutation are IDH-wildtype
glioblastomas and characteristically present gains in chromosome 7 and losses on
chromosomes 10 (most significantly) and 9 (less frequent) [4,21]. IDH-wildtype
gliomas are clearly correlated with a worse clinical outcome and reduced treatment

response.

1.2.5 Common molecular alterations

MGMT or O®f-methylguanine DNA methyltransferase is a nuclear enzyme that
removes alkyl groups from the O°-position of O%-MG, a task which is directly affected
by the abundance of the MGMT enzyme. In the case of low MGMT expression and
therefore failed repair of O8-MG, the cell repair cycles cannot be completed, leading
to cell cycle arrest and cell death. In the case of a promotor methylation of MGMT,
MGMT expression is reduced, thus making the effects of an alkylating chemotherapy
such as temozolomide significantly greater by avoiding the DNA repairing activity.
Patients with this methylation show a better response to chemotherapy and combined

adjuvant treatment on the hole [22].

Gliomas with a K27M mutation in the histone H3 gene H3F3A or the HIST1H3B genes
that present a diffuse growth pattern arising from brain structures in a midline location,
such as the thalamus or brain stem, are now defined as diffuse midline gliomas, H3
K27M-mutant. The discovery of this mutation has helped to pave the way for the

development of directed tumour therapies [4,5].

BRAF V600, a mutation that has been found in other cancers such as melanoma and
non-small cell lung cancer, has also been found in different gliomas, most frequently
in pleomorphic xantoastrocytomas and gangliogliomas (70-80%) and less frequently
in high-grade gliomas (3%) [16,23,24]. This mutation is also on the spotlight for

targeted therapy research.

Many other mutations are being researched and have been described in other brain

tumours besides gliomas (i.e., medulloblastoma) with the purpose of better



characterizing brain tumours, however their mention is beyond the scope of this

research.

1.3. Magnetic Resonance Spectroscopy

Magnetic resonance spectroscopy (MRS) determines the metabolic state of a brain
lesion. In *H MRS, MR spectra are recorded from protons (*H) attached to other
molecules, as the former are highly sensitive and biologically abundant in the central
nervous system. MR spectroscopy can be performed from one determined region of
the brain, as in single-voxel spectroscopy, or from various regions, as in chemical-
shift-imaging [25-28]. The resulting MR spectrum comprises resonances or peaks
from different metabolites expressed in parts per million, or ppm, a radiofrequency
scale. The metabolites in the 1-5 ppm range are the ones analysed in the clinical
setting (in-vivo *H MRS) [26,29-31] .

1.3.1 Brain metabolites detected by MRS

N-acetyl aspartate (tNAA, from NAA + N-acetylaspartylglutamate)) is a neural
metabolite, it is synthesized in the mitochondria of neurons, and then transported
along the cytoplasm to the axons. This metabolite is present solely in the central and
peripheral nervous system and thus is the marker for normal brain as an interpretation
of the viability of the neural structures. Researchers have also found this metabolite in
oligodendroglial and astrocytic progenitor cells, but it is clearly absent from extra-axial
lesions, such as meningiomas. tNAA has the highest peak in normal brain at 2.02 ppm
[26,32].

Creatine (tCr, from Cr and phosphocreatine), which resonates at 3.0 ppm, marks
active intracellular metabolism (for example from brain and heart-muscle tissue) and
is a relatively stable metabolite, albeit regional (more concentration in grey matter) and
individual variabilities. tCr is more often increased in gliosis, which sometimes aids in

the differentiation between gliomas and brain metastasis [26,33].



Choline (tCho, from choline, phospho-choline + glycerophosphocholine), resonates at
3.22 ppm. This metabolite is a precursor of acetylcholine (ACH), which is a component
of the cell membrane. Pathologies with a high cellular membrane turnover, such as
neoplasms, demyelination, infarction, inflammation and glial proliferation, show higher
concentrations of tCho, whereas necrotic areas show low or absent concentrations.
tCho is usually clinically relevant when compared to tNAA and tCr concentrations
(tCho/tNAA and tCho/tCr ratios) [26,27,32].

Inositol (mIns) resonates at 3.55 ppm, is a precursor of phosphatidylinositol and
phosphatidylinositol 4,5-bisphosphate, is involved in cell signalling transduction and it
is supposed to be a product of myelin degradation. It has been described as the most
important osmolyte in astrocytes and is present in inflammation and proliferating glial
cells. Various pathologies such as low-grade astrocytoma and progressive multifocal
leukoencephalopathy show increased concentrations of this metabolite, while
malignant tumours such as glioblastoma show decreased or absent signals. It has
also been suggested that this metabolite can be used as a marker for monitoring

hepatic leukoencephalopathy and hyponatraemic brain disorders [26,33—-36].

Figure 9
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1H MR spectrum (3.0 T, VOI 20 x 20 x 20 mm?3) from the occipital lobe of a healthy participant.
Taken from [32].
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Glutamate and Glutamine (Glu and GIn respectively or GIx as the sum of both) have
peak complexes at 2.2-2.50 ppm, but often the complex overlaps the y-aminobutyric
acid (GABA) peak, which is why at least a 3T MR scanner is necessary to visualize
the separated peaks. Glu is a very important excitatory neurotransmitter and both
metabolites are key elements of the Krebs cycle and mitochondrial redox systems,
making them markers of metabolic brain disorders, stroke and other associated
lesions [33,34,37].

Alanine (Ala) resonates with a doublet peak at 1.48 ppm and has been shown to be

elevated in meningiomas [26].

Lipids resonate at 1.2 ppm (methylene group of fatty acid) and at 0.9 ppm (methyl
group of fatty acid), are visualized with short echo times (TE) (because of their short
relaxation time) and are not usually visible in normal brain. As lipids are integral
elements of the cell membranes, the peaks are seen in situations of cellular membrane
disruption as in the presence of abscesses, malignant primary tumours, metastasis
and necrosis, where there is also an overlap with the peak of macromolecules (broken-
down proteins) [26,32,33].

Lactate resonates at 1.3 ppm and is visualized as a doublet at long echo times,
inverted in intermediate echo times and merged with lipids at short echo times. Lactate
is a product of anaerobic glycolysis secondary to anaerobic metabolism and is
therefore not found in the normal brain. Triggers of anaerobic metabolism are cerebral
hypoxia, ischemia, seizure, mitochondrial metabolic disorders, inflammation, some
cysts and necrosis [25-27,32,33].
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Figure 10
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Sample spectra of the effect of TE on lactate signal. Image courtesy of Assoc. Prof. F. Gallard,
Radiopedia.ord, rID: 36021

1.3.2 Prediction of genomic features with MRS

The technical advances in magnetic resonance scanners have allowed for more
precise and sensitive data acquisition through magnetic resonance spectroscopy
[38,39]. Consecutively, MRS has evolved from a tool able to examine the metabolic
and functional alterations of brain lesions to also correlating and uncovering the

molecular mechanisms behind these.

Since the 1990s, studies on patients with brain lesions and primary brain tumours have

shown that MRS can distinguish between different grades of malignancy and even

12



intratumoral heterogeneity [30]. As mentioned before, peaks or absences from certain
metabolites can discriminate between different brain lesions [26,32—34,40]. Based on
these principles, metabolite ratios have been studied extensively in order to establish
schemes that can aid radiologists and clinicians alike in the interpretation of MRS
results [41,42]. In paediatric cerebellar tumours, a multicentre study has validated the
importance of adding MRS to the routine MRI diagnostic workup and showed the
prognostic value of the biomarkers identified through imaging and also developed an
automated tool implemented in the automatic analysis of peak metabolite ratios and
the classification of different pathologies [42—-44].

In gliomas, Choi et al. described in 2012 the detection of 2-HG concentrations, the
oncometabolite generated by the IDH 1/2 mutation by means of MRS [45]. Further
studies confirmed that 2-HG has a positive peak at 2.25 ppm in tumour tissue and is
absent in normal brain. This enables not only to diagnose and classify tumours but is
also a non-invasive way to monitor patients and treatment response. However, the
concentration of this oncometabolite is particularly dependent on tumour volume,

which lowers the sensitivity of MRS in small tumours [45,46].
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a) CSl imaging of a patient with an oligodendroglioma WHO®III overlaid over a FLAIR sequence.
b) Representative spectrum from the tumours showing 2HG resonating between 2.2 and 2.3 ppm.

¢) NAA concentration confirms the contralateral normal brain. Taken from [45].

Following these investigations, a study by Heiland et. al showed the successful
correlation between metabolites and the genetic alterations and molecular pathways
of glioblastoma [47]. Then, Diamandis et. al. described a machine learning model able

to predict the molecular subtype of gliomas based on MRS [48].
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1.4. Objective
The importance of developing automated analysis tools lies in the possibility of a
straightforward application and simplified interpretation of CSI and genetic data that
allow for incorporation into the daily practice of a broad audience. The purpose of this

study is:

1. The development of a straightforward tool that can easily be used to preoperatively

predict and correlate the metabolic signature of different CNS-lesions.

2. Integrating the molecular profile of gliomas into the prediction model.

3. Delivering an open-software tool with the possibility of advancing the diagnostic

work-up of gliomas to the latest standards.
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2. Materials and Methods

2.1. Study Design

The present study is a prospective, single centre, single arm, diagnostic study trial
started in 2016. It is being conducted at the Departments of Neurosurgery and
Neuroradiology of the Medical Centre of the University Freiburg, has been approved
by the Ethics Committee of the Medical Centre of the University Freiburg (protocol
360/16_170908) and registered at the German Clinical Trials Register (DRKS) under
DRKS00019855.

2.2. Patient Enrolment

Patients undergoing diagnostics and treatment for high- and low-grade brain lesions
were enrolled in the study. Participants were deemed eligible for the study if they
matched the following inclusion criteria: 1) brain lesion not located near the skull base,
2) no contraindication for undergoing MRI, 3) no contrast-enhancement allergy. All
subjects signed a written informed consent for participation in the study and a personal
data protection clause according to German and European Standards for Data

Protection.

Following the informed consent, patients received preoperative anatomical and in-vivo
chemical shift imaging (MR-spectroscopy) and underwent either biopsy or surgical
resection for their respective lesions after previous discussion of the case by our
centre’s multidisciplinary tumour board. Patients with a suspected tumorous lesion
without definite histological diagnosis were excluded from further analysis. In case of
an inflammatory lesion (i.e., encephalomyelitis) or haemorrhage, a histological
diagnosis was deemed unnecessary if the patients met the respective radiological and

clinical criteria for a diagnosis (e. g. MS and encephalomyelitis).
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2.3. Imaging Acquisition and Data

Preoperative anatomical and in-vivo chemical shift imaging were performed at a
whole-body system 3T MR Magnetom Prisma scanner (Siemens, Erlangen, Germany)
in the Department of Neuroradiology, Medical Centre - University Freiburg. Anatomical
imaging included a 3D SPACE Dark Fluid sequence (TR=5000 ms, TI= 1800 ms, TE
=388 ms, echo train length 251, voxel size 1 mm3), a 2D T2 weighted turbo spin-echo
sequence (TR= 4500 ms, TE= 100 ms, echo train length 17, voxel size 0.6 x 0.6 x 2
mm3) in the geometry of the CSI - sequence, and a 3D Ti-weighted sequences
(MPRage, TR= 2300 ms, TI= 988 ms, TE= 2.26 ms, voxel size 1 mm?3) before and
after application of 0.1 mM Gadoteridol per kg body weight [ProHance®, Bracco,
Konstanz, Germany]. Spectroscopic imaging was performed using the manufacturer's
provided 2D chemical shiftimaging (CSI) SLASER sequence with a TR =1500 ms, TE
=40 ms (5 x 5 x 20 mm? voxel size), Table 1.

Figure 12

ROI definition on MRI MRS

Example of ROI generation of an IDH wildtype glioblastoma on a T2-weighted MRI.
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Table 1

Mode Duration (in minutes)
Preparation of the patient 05:00
FLAIR 3D 07:52
T2-high resolution TSE 02:38
CSl-slaser, TE 40 ms (VOI: 5 x 5 x 15 mm?) 20:12
T1-MPRage post-contrast 03:54
Total 38:56

Measurement times of the preoperative anatomical and in-vivo chemical-shift imaging.

2.4. CSIl Processing

Raw spectra were downloaded in the RDA file format (Siemens, Erlangen, Germany)
and loaded into “R” using the package “spant”. The data were analysed by an internal
pipeline including baseline correction and fitting using Totally Automatic Robust
Quantitation in NMR (TARQUIN). TARQUIN is a free software that can automatically
guantify the measured concentrations of metabolites in the spectra. The pipeline
required the following input parameters: A folder containing all input files, a vector with
all unique identifiers of each patient or RDA file (we used a random patient’s ID for the
filename, e.g., 123.RDA) and an output folder. The “SPORT _Basic.R’ file is available
at: github.com/heilandd/SPORT/R. After a successful pipeline run, the output folder
contained all RDS files with a list of the baseline fitted spectra, the fitted metabolites
and the annotation data (which at this point haven’t been defined). Then the

anatomical annotations (segmentation) were defined using a shiny toolbox.

2.5. Segmentation

For segmentation of each voxel, an interactive web application software tool “shiny”
from R Studio was developed in collaboration with The Milo Lab. This tool is available

online and can be accessed everywhere (https://nchneuro.shinyapps.io/radweb/
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Username/password: “test”). The output RDS files which were generated after the CSI
processing and an anatomical reference are uploaded into the previously mentioned
shiny tool app.

Figure 13

Webtool UploadRDS  DataPanel  Results Panel

Choose CSV File

A_35761802.RDS

Choose an Image

35761802 jpg

tab-pane active tab-1753-1

Snapshot of the homepage of the shiny app, where the files can be uploaded.

The RDS files (in the app labelled “CSV-file”) and the MRS files (in the app labelled
“Image”, as they are uploaded as .jpg files) were uploaded to the app. The anatomical
image is aligned to the reference given by a 32x32 voxel raster. The alignment can be
done by fitting the image into the given raster (by changing the x and y scale). The
MRS grid was then aligned to the FLAIR-, T2- and contrast-enhanced T1-weighted
images.

Figure 14

Anatomical reference showing the left temporal tumour mass on a T2-weighted MRI sequence.
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Figure 15

Select Regions:

Clear Plot:

CLEAR

Screenshot of the shiny segmentation app with the aligned MRS. On the left, x- and y-axis can

be adjusted for the alignment of raster and anatomical image, as well as the angle.

Figure 16

Voxel 425

Raw spectrum depicting Voxel “425” (in purple), which was aligned to normal-appearing matter
(NAM), because of the characteristic highest peak at around 2.02 ppm of NAA.

Each spectrum (raw data) can be accessed by double-clicking on the voxel. For the

semi-automatic segmentation, the voxels can be marked by clicking and dragging a
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selection box in the voxel of interest and adding the tag (e.g., NAM) of interest to the

selected voxels.

The regions were assigned as follows: normal appearing matter (NAM), mixed (i.e.,
tumour and ventricle), lesion (i.e., ischemia, inflammation), tumour, contrast-
enhancement, necrosis, FLAIR hyperintense regions or ventricle system. Each
spectrum was supervised and excluded if quality criteria based on fitted residuals was

not achieved. Segmentation and raw files were then downloaded for further analysis.

Figure 17

Voxel 425

Snapshot of the shiny segmentation app, colours depict the segmented regions.

21



2.6. Tumour Tissue Sampling

Navigation-based tissue sampling (Cranial Map Neuronavigation Cart 2, Stryker®,
Michigan, United Stated of America) was performed after previous planning by the
surgical team at the Department of Neurosurgery of the Medical Centre - University
Freiburg. Sampling locations were aligned to the MR spectroscopy voxels by
integration into the neuronavigation system. In high-grade glioma, sampling was taken
from the contrast-enhancing regions and in low-grade lesions from the T2-
hyperintense regions. Tissue samples were immediately snap-frozen in liquid nitrogen
and processed. Histopathological diagnosis was performed at the Institute of
Neuropathology, Medical Centre - University Freiburg according to their standards,
including IDH immunohistochemistry and genome analysis (1p19q co-deletion (LOH)

and exome sequencing of IDH1/2).

2.7. Deep Autoencoder for Denoising

Data denoising was done in collaboration with the Milo Lab. First, for estimating a
gaussian distribution conditioned on the input matrix containing 34 metabolites (which
is the standard metabolite output of TARQUIN), an autoencoder framework was
applied. For the input layer, the metabolites were normalized and scaled:

x—min(x)
max(x)—min(x)

(Dnorm(x) =

An autoencoder consists of two parts: an encoder and a decoder, which can be

defined as transitions:
(2)encoder: ¢p: X — Fdecoder:y:F - X

A sigmoid activation function with a minimal dropout (b=0.1) was recently described
as being beneficial for precise data reconstruction and denoising [49]. The activation

function was defined as follows:

(o0 =
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The encoder stage of an autoencoder takes the inputx € R% = Xand maps it to
z € RP = F at the layer position ¢ :
(4)x = AP=0, 29 = g(W?® x A9~ + b?)

z% is also referred to as latent representation, here presented as Zl,ZZ, v, Z2=Mn
which @ describes the number of hidden layers. W is the weight matrix, and b

represents the dropout or bias vector. The network architecture contained three
hidden layers including a batch normalization with decreasing number of neurons
(32,16, 8), followed by six bottleneck layers of neurons (Figure 8 and Figure 9) and

the decoder part with mirrored composition. In the decoder, weights and biases are
reconstructed through backpropagation (: F — X) and z is mapped as x' = A% in

the shape as x.

(5)A?™Y =" (W?' x z¢ + b?")

In this setting, W', 0', b’ from the decoder are unrelated to W, g, b from the encoder.

Then, a loss function was used to train the network in order to minimize reconstruction

errors.
2
6)L(x,x") = ||x — W' (c(Wx + b)) + b")||
Figure 18
a b
Input Deep Encoder Denoised
Layer Output Signal 10000
e @ gion st 7 T
V1.M, v,,.M1 \“' A‘ A“ y" 'g §)
A @'0.9 e ™
1"'n ] o T,
'A'/‘\ ’ ' o 7000

Number of Bottleneck Layers

Encoder Decoder

a) Working matrix and illustration of the neuronal network architecture. b) Hyperparameter tuning
with a line plot of the total variance (first 10 components estimated by PCA) using different numbers
of bottleneck layers (4:12). The maximal variance is shown to have been predicted at 6 bottleneck

layers.
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Figure 19
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Scatterplots representing PC1 vs. PC2 showing the highest variance at six bottleneck layers.
2.8. Hyperparameter Search

For the purpose of defining the optimal number of bottleneck and dropout values, a
network with an increasing number of bottleneck layers (n=4:10) was trained and the
variance of the two first eigenvectors was determined as a benchmark to establish the

maximum effectiveness of the denoising algorithm.
2.9. Prediction Model

A linear discriminant analysis (LDA) was used for prediction of the voxel origin (normal
appearing matter vs. lesion) and the tumour subclass. LDA postulates that the
conditional probability density functions are normally distributed (our denoised output
(deep autoencoder) is normally distributed) when considering both mean and

covariance parameters. The metabolic training data was defined as a set of

observations 2 for each voxel with the known class . The input was defined as:
(Dx' = (WP x z9 + b?")~N(n, 02)

x' is the reconstructed vector x using the autoencoder. In addition, a simplifying

homoscedasticity assumption that the covariances have full rank due to the deep

autoencoder outputs was made. Here, a multiclass LDA was applied:
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in which ;) is the eigenvector and C represents the classes (C=Cnawm, Ct, CL), and for

the tumour classification: C=Cw, CioH, CLon. The final classification score (SPORT
classifier) is the mean of the estimated class predictors (LDA) resulting in a score for

each determined class:

c
(10)s¢(n) = mean(z S(c))

2.10. Dimensional Reduction and Clustering

The eigenvalue frequencies of the first 30 principal components were decomposed
and the number of non-trivial components was determined by comparison to a matrix
containing randomized intensity values. The obtained non-trivial components were
used for shared nearest neighbour (SNN) clustering followed by dimensional reduction
using the Uniform Manifold Approximation and Projection (UMAP) algorithm. All steps
were implemented in the previously mentioned software package in R developed by
the Milo Lab.

Figure 20

0 10 20 30

PCA Analysis - Dimensional
SNN-Cluster reduction UMAP

Example of PCA-Analysis-SNN-Cluster and consequent Dimensional reduction UMAP illustrating
the SNN clusters.
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2.11. Spatial Data Analysis

For the analysis of the spatial distribution, the SPATA [50] toolbox (spatial
transcriptomic analysis) developed by the Milo Lab was optimized by using an MRS
input function to create a “spata” S4 object. SPATA allows for determination of marker

metabolites in space, trajectory analysis and metabolic architecture.

2.12. Mean Spectra

All presented mean spectra were estimated by the mean and variance of the baseline
corrected raw spectra. Spectra were plotted by the ppm (x-axis) and the intensity (y-
axis). The plotted lines indicated the mean signal intensity. The spectra were heat-
coloured representing the regions of most variance using the inferno colour scheme

(details in “Results” section).
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3. Results

3.1. Patient demographics

The enrolment of patients in this prospective imaging trial started in August of 2016
and, until October of 2019, 120 patients were enrolled. From this set of patients,
deviations from the study protocol were detected in 23 patients, including erroneous
MRS parameters (n=8), bad shimming (n=2) and wrong voxel size (n=13).
Additionally, six patients whose diagnosis was either clinically and/or histologically
uncertain or who were lost to follow-up after imaging were excluded from further
analysis. 91 datasets from 90 patients (one patient was imaged at diagnosis and first
recurrence) were suitable for further analysis. The most frequent localization of a
lesion was the frontal lobe (34 patients, 37,7%), followed by the temporal (22 patients,
24,4%), parietal (17 patients, 18,9%) and occipital (8 patients, 8,9%) lobes. Other

localizations are shown in Figure 11.

Table 2
Characteristic N=90 %
Gender
Female 38 42.2
Male 53 58,9

Age (years)
Median 52,6

Range (16-84)

Demographic characteristics of the patient population included in this study.
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Figure 21
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Bar plot of frequency distribution of anatomical localization of brain lesions included in the study.

Gliomas were the most frequent pathology representing 73% (n=65) of all patients.

Within gliomas, those with a wildtype IDH-status were more common (n=35, 53,8%,

histopathologically defined glioblastomas, WHO grade 1V), followed by those with a

mutated IDH-status (n=17, 26,2%, histopathologically defined as diffuse and

anaplastic astrocytoma, WHO grades Il and Il respectively) and lastly there were n=13

patients with a mutated IDH-status combined with a codeletion of 1p/19qg (LOH, 20%,

histopathologically defined as oligodendrogliomas WHO grades Il and III).

Figure 22
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Frequency distribution of gliomas according to IDH (1/2) mutation included in the study.
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Figure 23

N=65
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Frequency distribution of gliomas according to histology included in the study.

A broad spectrum of different pathologies was also present in the study (Figure 24),
such as dysembrioplastic neuroepithelial tumours (DNET), ependymoma, pineal gland
tumours, metastatic lesions from melanoma and non-small-cell lung carcinoma
(NSCLC) and focal cortical dysplasia (FCD).

Figure 24
P Patients , Glioma Epilepsy Lesions
n=35" |IDH-wildtype n=>5 FCD/Gliosis
In=17"""""" IDH mutated, non-LOH n=2' DNET
n=13"""" |DH mutated, LOH n=1__ Ganglioglioma
Non-Glioma Others

REZ0N Metastasis

n=111 Ependymoma
n=1 Epidermoid
n=1 Meningioma

=28 Pineal gland tumor
n=11 NHL

Frequency of pathologies included in the study.
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3.2. Unsupervised analysis of metabolomic heterogeneity and diversity in
MRS data

A pipeline for unsupervised analysis using computational approaches predominantly
applied to high-dimensional data analysis was used in order to gain insights into the
diversity and spatial distribution of 22.438 spectra (obtained from 91 'H MRS studies).
After the MRS data acquisition, metabolites of each voxel using Totally Automatic
Robust Quantitation in NMR (TARQUIN) were fitted followed by the segmentation of
each voxel into normal appearing matter (NAM), ventricle, mixed, FLAIR-hyperintense
region, non-contrast enhancing tumour and contrast enhancing tumour. Voxels that
couldn’t be allocated in a straightforward matter or contained overlapping regions were
excluded from the initial data analysis to ensure that the training data set was as
accurate as possible. Data denoising was performed using a deep autoencoder with
six bottleneck layers (as previously mentioned in the “Methods” section), which
revealed an improved data quality. A hyperparameter optimization was used to
estimate the dropout in the hidden layers and the optimal number of bottleneck layers
was established. After denoising, a principal component analysis (PCA) was done,
and non-trivial eigenvectors with higher eigenvalues compared to a PCA of
randomized metabolic intensities (details in the “Methods” section) were selected.

The first twelve components were used for Uniform Manifold Approximation and
Projection (UMAP), a previously mentioned method for dimensional reduction. Then,
a shared-nearest-neighbour clustering was carried out, by which ten different clusters

and the marker metabolites of each cluster were identified.

3.3. Cluster analysis reflects regional differences and pathological
spectra

In the cluster analysis, clusters 1,2,4,5 & 7 revealed high intensities of N-acetyl-
aspartate (NAA) and creatine (Cr), suggesting that this clusters predominantly contain
normal appearing matter. Most of these voxels were also segmented as normal
appearing matter, which confirmed our MRS data. The computation of sum spectrum

of all voxels in those clusters showed a normal configuration. The intensity of NAA
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was found to be the most variable parameter. All other clusters revealed an altered
pattern with various metabolic disbalances.

Figure 25
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a) 2D representation of a UMAP dimensional reduction. Colours illustrate the SNN clusters (1-10).
b) Bar plot indicates the distribution of the segmented voxels within the cluster analysis. ¢) Dot plot
of significantly enriched metabolites of each cluster. Colours indicate the global intensity of each
metabolite.

In cluster 8, the metabolic pattern was dominated by lactate and increased
macromolecules. This cluster contained voxels of the contrast-enhancement regions
as well as necrotic tumour regions. The spectra showed high intensities at 1.3 ppm
(lactate) and between 1-0.6 ppm (MM and lipids), which is characteristic of

malignancy.
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Figure 26
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2D representation of a UMAP dimensional reduction. Colours illustrate the metabolite intensity and

marker metabolites of each cluster region.

The next relative distant cluster 6 contained all ventricular segmented voxels and was

marked by voxels with low or absent signal intensity. Additionally, it was found that

voxels, which were segmented as FLAIR hyperintensity, were also enriched in this

cluster. This leads to the assumption that the voxels of FLAIR-hyperintense regions of

clusters 3,9 and 10 significantly differ to the FLAIR-hyperintense voxels of cluster 6.

Clusters 3 and 9 lack classical tumour-related metabolites, such as those present in

cluster 8, suggesting that the FLAIR-hyperintensity within the voxels is most probably

due to vasogenic oedema rather than infiltrating high-grade tumour regions.
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a) 2D representation of a UMAP dimensional reduction. Colours illustrate the regions, red: normal-

appearing matter (NAM), yellow: FLAIR-hyperintensity, brown: tumour, and purple: ventricle.

FLAIR-hyperintensity regions are partly assigned to the ventricle regions (which contained a low
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signal) and the tumour clusters, illustrated by a double arrow. b) On the left: 2D representation of
a UMAP dimensional reduction. Colours illustrate marker metabolites Inositol (Ins), highly enriched
in a FLAIR hyperintense region corresponding to oedema and a macro-molecule band (09) highly
enriched within tumour-infiltrative regions. On the right: Representative spectra of the FLAIR-
hyperintensity oedema region (top spectra) and FLAIR-hyperintensity tumour infiltration-related

voxels (bottom spectra).

3.4. Prediction of tumour regions

A neural network was trained with a subsequent linear discrimination model to predict
the output variable: normal appearing matter, metastasis, glioma or inflammatory
lesion. The model was trained based on the segmented voxel (approx. 2/3 training
and 1/3 validation, n=~8.000); then the findings were externally validated at a spatial
resolution within ~23.000 voxels from the whole dataset. A prediction score which was
fitted by a probability distribution model was computed, centred and scaled. With an
outcome of 97.3% probability of correctly classified voxels, the automated designation
of pathological voxels is relatively robust. Prediction of the other subgroups revealed
a lower accuracy for the whole model (83.43%). A spatial grid of MRS was used for
tumour prediction with which the tumour extension on the MRI could be reconstructed.
In summary, normal and pathological MRS data can be distinguished with high

accuracy.
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Figure 28
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prediction scores. The colour scheme is plasma.
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3.5. Exploration of metabolic diversity in pathological lesions

In order to classify the heterogeneity of pathological voxels, a subsequently isolation
of the voxels that had been segmented as tumour or lesion was performed, followed
by mapping of the diversity of metabolic profiles from other oncological and
inflammatory brain diseases.

A frequent number of voxels could not be sharply separated between the different
pathologies, except for non-Hodgkin lymphoma (NHL) and metastasis from non-small-
cell lung carcinoma (NSCLC). Epidermoid tumours paired with ganglioglioma and
pineal gland tumours. Voxels in the upper part of the dimensional reduction contained
mostly benign lesions with highly enriched NAAG. Interestingly, a lesion histologically
defined as gliosis was found to have a highly significant enrichment of aspartic acid
(Asp). Molecular subgroups of glioma showed a large overlap but revealed a distinct
enrichment for high-grade glioma (IDH-wildtype glioma (glioblastoma) and IDH-
mutated glioma (diffuse astrocytoma WHO-Grade Il and anaplastic astrocytoma
WHO-Grade lll)) at the bottom part of the dimensional reduction map with increased
intensities for lactate (Lac), lipids and macromolecules (MM). High intensities for
myoinositol (Ins) were found towards the areas assigned to NSCLC and NHL and
glycerophosphocholine (GPC) significantly enriched for IDH-mutated with and without
LOH (1p/199g-codeletion).
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Figure 29
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Figure 30
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a) Dot plot of significantly enriched metabolites for each representative brain disease type. b) 2D

representation of a UMAP dimensional reduction. Colours illustrate metabolite intensity.

3.6. Prediction model for molecular tumour subgroups

An LDA model was applied to train for separation between the molecular subgroups
of glioma. By solely focusing on voxel from tumour regions, the model showed a high
accuracy for prediction of IDH wildtype or mutated glioma, with the lowest AUC in
oligodendroglioma (76.77%). It was noticeable that metabolites strongly enriched in
the normal-appearing matter are considerably dominant when distinguishing between
glioma subgroups, leading to an interference in the model when all voxels are
considered. The prediction score (tumour subgroups) is also relatively strong in the
non-tumour voxels, producing a large number of false positive predictions. To improve
the overall predictive value, a two-layer model was built: layer 1 predicted a
segmentation mask of those voxels with a high probability of tumour content and in
layer 2 the mask was used to focus on the subtype prediction of tumour voxels

exclusively.

This model enables the prediction of the molecular subgroups of patients by
consideration of all pathological voxels, which resulted in a distribution of relative
accuracy of all subgroups. Using this model, a 91.2% overall accuracy in predicting
the molecular subtype of gliomas was achieved. Further, a spatial distribution of each
score was provided, enabling the user to validate the predicted results and identify the

tumour hotspot regions.
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Figure 31
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the mean prediction score of each tumour voxel (from layer 1).
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4. Discussion

The need for accurate, non-invasive diagnostic workup of brain tumours has been a
crucial target in neuro-oncology over the last decades, especially since the rising
importance of molecular characteristics for diagnostic and particularly for prognostic
matters, with respect to expected treatment-response and survival. Many studies in
neuroradiology have explored possible relations between key molecular alterations in
brain tumours (such as IDH1/2-mutation, MGMT-promoter methylation on gliomas)
and different features of MRI with the aid of various imaging analysis techniques and
computational approaches [51-53]. Alas, most of the studies have had limited success
in the accurate prediction of the molecular origin of primary brain tumours as a result
of small cohorts, limited computational resources and variability in MRI data
acquisition [48,54,55]. For example, Kickingereder and colleges associated radiomic
features with methylation profiles and chromosomal copy number alterations but failed
to prove significance for any alteration [55]. These limitations and challenges drive the
motivation to find ways of improving these technologies in the future. In the last years,
our group has conducted research aimed at contributing to the improvement of
magnetic resonance spectroscopy, or MRS, [47,48,56-60] which allows the
reconstruction of metabolic intensities in each recorded voxel. Although the
technology is not novel, the possibility of expanding its use towards the prediction of
molecular profiles based on metabolic diversity via unsupervised and supervised

machine learning is demonstrated here.

4.1 Radiomics and Radiogenomics

The field of “omic” science [61] is based on the integrative analysis of humerous
variables through dimensional reduction and machine learning algorithms.
“‘Radiogenomics”, or “imaging genomics” describes the extraction of features, namely
‘radiomic features” from MRI linked to specific molecular profiles [62]. Radiomic
features arise from various mathematical descriptions of pixel-wise distributions of
MRI intensity within defined segments (manually or semi-manually segmented) and
shape conformation measurements. The data is then fused when MR images are
converted into values that can be correlated with molecular data and/or clinical

parameters [63].
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Various studies have shown very sharply how radiogenomics procedures based on
MRI can predict defined mutational or transcriptional heterogeneity in brain tumours,
but unfortunately the use of most of these approaches is in many cases limited to
research purposes only due to the low reproducibility [64—66]. In general, a major
limitation of radiogenomics is the variability of imaging data across scanners and MRI
protocols, which highly biases the prediction models and leads to non-reproduceable
results [67]. In this study, this limitation was overcome by using a standardized
approach without extraction of radiomic features, as MRS inherently quantifies the
metabolic diversity and predicts the intensity of up to 30 metabolites (the number of
metabolites can variate according to echo times and magnetic field strength [68]). On
a molecular level, our group showed a strong correlation of metabolic profiles and
transcriptional heterogeneity in high-grade tumours, which suggests that MRS should
be considered as the preferential imaging modality for predicting molecular alterations
[56,57]. To overcome the bias of under-sampling, patients were prospectively enrolled
and ~10K metabolic profiles were collected to sufficiently train the prediction models,
thus overcoming the small cohort problem that can lead to insufficient training of the

computational models and overfitting.

4.2 Artificial Intelligence and MRI Diagnostics

Modern technologies and artificial intelligence (Al) aid automated recognition and
prediction of imaging in various medical applications [69]. Particularly in
neuroradiology, many studies on predictive models based on radiomic features
extracted mainly from MRI sequences have been conducted to facilitate the
interpretation of diverse aspects of different brain diseases, such as brain tumours and
acute stroke [54]. However, until now, the use of such techniques is not yet established
[70]. In contrast to classical radiomic and radiogenomic approaches, the use of neural
networks and deep learning has improved the accuracy of radiomic prediction [71]. A
major challenge is the collection of sufficient training datasets, usually by manual or
semi-manual segmentation of images [72]. Therefore, a web-based tool was
developed to aid in the quick semi-automated segmentation of images. And for the

data analysis, a deep learning autoencoder, a multi-layer neuronal network which can
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denoise data by reducing unnecessary information and transforming it into a normal

distribution, was implemented, allowing the use of linear prediction models [49,73].

4.3 MRS in clinical use and prediction models

MRS is used in clinical setting in addition to MRI for diagnostic, prognostic and
treatment response assessments, but the use of this radiological tool is not entirely
widespread. Recent studies have shown the great value of the chemical and
physiological information obtained from MRS in different brain pathologies and have
sought to simplify its interpretation, and so MRS has gradually been incorporated in
the clinical setting [48,74]. Recent studies have explored the ability of molecular
subgroup prediction based on in vivo *HMRS in medulloblastomas [41,75] and a
presurgical classification of paediatric cerebellar tumours based on metabolite ratios
was successfully developed [42,76]. In adults, the same purpose has been sought.
Studies have intended to establish methods based on in-vitro *HMRS from brain
samples for classifying tumours, uncover more metabolites and thus expand the
window into the biological processes behind brain tumours [77]. Nonetheless, NMR
technologies and the need for specific knowledge of various analysis software for the
interpretation of results can complicate the motivation for inclusion in the diagnostic
process. Therefore, this study proposes a method for preoperatively characterizing
and classifying brain tumours with an imaging technique that can be easily integrated
in the ordinary neuroradiological routine. Based on the assumption that metabolic
information is sensitive enough to detect molecular subgroups, this study aimed to use
the well-known 'HMR spectroscopy and modern deep-learning algorithms for
characterizing of spectroscopic profiles. Following the anatomical imaging for
preoperative examination of a brain lesion, patients underwent, in the same session,
'HMRS imaging. Afterwards, with the aid of a custom-designed segmentation web
app, the 'THMRS images were semi-automatically segmented into the corresponding

anatomical structures (Figure 17).

4.4 Metabolic diversity of brain tumours

Recent investigations by our group and other researchers have demonstrated the
strong correlation between metabolic profiles and defined transcriptional programs in
high-grade gliomas and other types of extracranial tumours [56,57,59]. In
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glioblastoma, tumour heterogeneity is driven by metabolic regulation of transcriptional
processes and metabolic-derived selective pressure [56,57,59]. This metabolic-based
information can be extrapolated non-invasively by means of MRS and translated into
metabolic profiles. Hence, in this study, an unsupervised clustering of metabolic
profiles was performed in order to map the landscape of metabolic diversity in
malignant- and non-malignant-derived spectra. After principal component analysis,
unsupervised clustering was done using the sharing nearest neighbour (SNN)
algorithm which is a novel metric measure of similarity inspired by the graph-theory
[78]. In the following sections, the non-malignant and malignant clusters are

discussed.

4.5 Metabolic profiles of the normal appearing matter

A rather clear set of clusters marked non-malignant areas of the brain in tumour
patients exhibited the highest intensities of N-acetyl aspartate (NAA) and creatine (Cr)
(Figure 25a, c and Figure 26), which is in agreement to other findings [48,58]. As
mentioned before, N-acetyl aspartate (NAA) is a known metabolite of neurons and has
been previously described in other studies as a marker for healthy neurons
[26,28,34,79]. Regarding tumour diagnostics, it has been described to have elevated
levels in pilocytic astrocytoma, which can be interpreted in this case as being closer
to normal brain than to malignancy [43,76]. Another metabolite which was found to be
enriched in healthy brain tissue was creatine (Cr), a marker of intracellular metabolism.
It has usually higher levels in grey matter. Creatine was also found to be present in
the normal appearing matter-related clusters along with N-acetyl aspartate (NAA)
(Figure 25a, c and Figure 26). Nevertheless, creatine is not a direct marker of healthy
brain and usually the relevance to diagnostics of brain tumours is linked to a ratio along
with choline, a more known metabolite associated with malignancy
[26,31,39,76,80,81]. Recently, it was investigated that creatine directly mediates
resistance against hypoxic stress in glioblastoma, which causes a transcriptional
subtype switch towards proneural gene expression [56]. These findings illuminate the
challenge of precisely interpreting metabolic profiles, as metabolic intensities, which
are highly enriched in normal-appearing matter (NAM), may also play an important
role in tumour subtype prediction. Based on this fact, a multilayer prediction model

which separated NAM from any pathological profile in the first layer was established.
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As previously mentioned, the prediction of NAM showed high accuracy and enabled

us to analyse pathological voxels more accurately.

4.6 Metabolic profiles of brain tumours

Subsequent clustering of pathological spectra revealed clusters with high levels of
choline, lactate and macromolecules (Figure 26 a), which are characteristically
presentin cerebral hypoxia, inflammation, cellular membrane breakdown and necrosis
[26,33,76,82,83]. These clusters were the ones containing the voxels segmented to
contrast-enhancement and necrotic tumour regions (Figure 25b). Typically, brain
tumours exhibit a ring-shaped FLAIR hyperintensity surrounding the tumour, which in
most cases is considered to be due to infiltrative tumour tissue (also seen as contrast-
enhancement in the contrast-enhanced T1-weighted sequence) or oedema.
Differentiating between these two provenances is rather difficult based on MRI alone.
Voxels segmented as FLAIR-hyperintensity were found to be differentiated from
vasogenic oedema and tumour-infiltrating regions according to their metabolic profiles
(Figure 27a, b), with the first showing increased intensities of inositol, which is a
metabolite known as an “osmolyte” [35], and the last showing increased intensities of
malignancy-related metabolites, such as macromolecules. These results are
comparable to other studies conducted for preoperatively classification of brain
tumours, in paediatric and adult population [38,41-43,76,82]. These findings support
that MRS is a valid tool that can discriminate between oedema regions with a
suppressed intensity (ventricle-like signature) or tumour-infiltrative regions. This is of
high relevance in low-grade glioma tumours where contrast-enhancement is low and
a clear separation between resectable tumour and non-resectable oedematous brain
tissue can be difficult based solely on MRI, which is particularly relevant from a surgical
point of view. This opens a new perspective for planning of surgical procedures and

may enable the surgeon to optimize the extent of resection.

4.7 Stepwise classification model for subtype prediction

As mentioned before, this study aimed to deviate from other radiomic features-based
models and developed a classification algorithm combining a deep autoencoder and
linear discriminant models able to predict the origin of the brain lesion (either
metastatic or glial) based on metabolic profiles (Figure 28 a). As previously mentioned,
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the main obstacle for a well performance of metabolic classification in recent studies
is the fact that metabolites are never uniquely enriched in a given subgroup. For
example, in this and other studies, creatine can, on one hand, be highly enriched in
normal-appearing matter, but on the other, a high intensity of creatine has also been
shown to be a marker of a present IDH mutation [47,48]. To overcome this
impediment, we established a multilayer model which is tailored to such limitations.
This model is inspired by hierarchical denoising as used in HDBSCAN, using a layer-
wise filter for spectral information which represents a hierarchical structure of
classification [84]. Each layer examines the full information and is not biased by upper
layers. For example, assuming that a malignant spectrum will be evaluated by our
model, in the first layer the malignant nature will be predicted. The linear model in the
first layer is able to detect malignant spectra with a probability of about ~98%. In the
case of a positive evaluation of malignancy, the spectrum will be evaluated in the
second layer in which the probability is determined whether the spectrum belongs to
gliomas or another pathology. Only spectra which are predicted as gliomas will be

transferred to the 3rd layer in which the molecular subgroup will be predicted.

In comparison to other published models, this approach is unique and inspired by
state-of-the-art machine learning. In order to enable the use of linear models for each
layer-wise prediction, a deep learning autoencoder model was chosen for transforming
relatively noisy data into normal distributed data. The network architecture was then
tailored with the number of bottleneck layers as well as the activation function to fully
preserve the data variance represented by the eigenvector variance (Figure 18 and
Figure 19). This approach was most recently established for denoising single-cell

sequencing data [49].

Compared to other reported studies, the overall accuracy of this model is relatively low
(~80%) due to the fact that prediction is done voxel-wise and that, in most cases, each
patient has more than a single tumour voxel. The more voxel-wise predictions are
performed, the higher the predictive accuracy of a patient. Here, the patient-wise
prediction showed an accuracy of nearly 100%. The until-now reported prediction
accuracy of this study is rather limited due to the fact that the needed validation cohort

has not been enrolled yet and a 3/2 training/validation split is biased.
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4.8 Outlook

This study shows that *HMRS is a non-invasive multivoxel technique that can be
sufficiently applied for recording of metabolic data and is able to uncover genetic and
molecular information of gliomas. By combining the metabolic and molecular traits of
brain lesions, a first step towards integrating different aspects of the oncological
treatment planning with the goal of improving personalized tumour treatment is

described.
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5. Zusammenfassung

Das hier prasentierte Projekt ermittelt die Wertigkeit metabolischer Bildgebung durch
Integration artifizieller Intelligenz und maschinellem Lernen. Das Ziel ist es, die
raumliche Verteilung der metabolischen Diversitat im gesunden und kranken Gehirn
zu kartieren und mit molekularen Eigenschaften zu korrelieren, um eine Vorhersage

molekularer Tumoreigenschaften zu erlauben.

In dieser prospektiven Studie wurden zwischen 2016 und 2019 insgesamt 120
Patienten mit der raumlich-dekodierten multivoxel Protonenspektroskopie (*HMRS)
eingeschlossen. Innerhalb einer explorativen Analyse konnten wir mit Hilfe nicht
supervisiertem Lernen die metabolische Diversitat aufzeigen. Hierbei identifizierten
wir Metaboliten wie N-Acetyl-Aspartat und Kreatin, die eindeutigen Pradiktoren
gesunder Hirnteile darstellten. Wir identifizierten metabolische Signaturen, die
einzigartig fur verschiedene molekulare Subtypen sind. Diese Ergebnisse nutzten wir
zur Entwicklung eines Vorhersagemodels, das anhand der aufgenommenen Spektren
die Wahrscheinlichkeit einzelner molekularen Subgruppen bestimmen kann. Mithilfe
unserer gewonnenen Erkenntnisse sind wir in Zukunft in der Lage, eine robuste
Vorhersage molekularer Subgruppen bei Gliomen bereits praoperativ vornehmen zu

koénnen.
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Summary

In this project, the significance of metabolic imaging by integrating artificial intelligence
and machine learning was investigated. The goal is to map the spatial distribution of
the metabolic diversity of the brain in health and disease and correlate these findings
with molecular profiles, allowing the non-invasively prediction of molecular tumour

characteristics.

In this prospective study, a total of 120 patients were enrolled between 2016 and 2019
who received spatial decoded multivoxel proton spectroscopy (in-vivo *HMRS). The
exploratory analysis revealed the metabolic diversity of the healthy and diseased brain
using non-supervised learning. Metabolites such as N-acetyl-aspartate and creatine
were identified, which were clear predictors of healthy brain parts. Metabolic
signatures unique to different molecular subtypes were described. These results were
used to develop a predictive model that can determine the likelihood of individual
molecular subgroups based on the recorded spectra. With the help of these findings,
a robust prediction of molecular subgroups in gliomas already preoperatively will be

refined.
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