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ABSTRACT

PREDICTING GLIOMA MOLECULAR SUBTYPE FROM
DIFFUSION ANISOTROPY INDICES’ DISTRIBUTIONS

Incorporation of glioma genetic mutations, including isocitrate dehydrogenase
(IDH) and telomerase reverse transcriptase (TERT), provides information on overall
survival and disease course. However, such mutations are determined from a biopsy
sample which represent only the biopsied region. Non-invasive tumor genotype pre-
diction have been studied, but they mostly focusing only on the tumor. Yet, gliomas
are known to infiltrate along normal-appearing white matter (NAWM), where relevant
genotype information might be available. Diffusion anisotropy indices (DAIs) and dif-
fusion tensor eigenvalues (DTEs), derived from diffusion tensor imaging (DTT), can be
used to quantify the diffusion in the NAWM of glioma patients with varying mutation
status. We hypothesize that using full-distributions of DAIs and DTEs can better
represent the complex tumor effects in the NAWM in comparison to usual summary
statistics. In this study, we have compared the predictive values of summary statistics,
full distributions and multi-Gaussian fitting (MGF) parameters of DAIs and DTEs
in the NAWM for predicting IDH-TERT subgroups, IDH and TERT mutations in 70
glioma patients. Hemispheric variations were also investigated with hemisphere differ-
ence distributions.The results show that, full distributions can predict tumor genotype
better than standard distribution parameters, and perform better than or as well as
MGF parameters. Additionally, feature selection applied to full distributions further in-
creased classification accuracy. IDH-TERT subgroups were best predicted with 78.6%
accuracy, IDH mutation with 94.3% accuracy, and TERT mutation with 88.6% ac-
curacy. In conclusion, full distributions are better predictors of genotype prediction.

Future work will focus on increasing accuracy on a larger cohort and personalized MGF.

Keywords: Glioblastoma, Magnetic Resonance Imaging, Diffusion, Diffusion Tensor

Imaging, Anisotropy Indices, Distributions, Machine Learning.



vi
OZET

GLIOMLARDA GENETIK ALTGRUPLARIN DIFUZYON
ESYONSUZLUK INDISLERININ DAGILIMLARI ILE
BELIRLENMESI

[zositrat dehgidrogenaz (IDH) ve telomeraz ters transkriptaz (TERT) gibi gliom
genetik mutasyonlar: sagkalim ve hastaligin seyri ile ilgili 6nemli bilgiler icerir. Ancak
mutasyon tespiti yalnizca sinirli bir bolgeyi temsil eden biyopsi 6rnegi ile gerceklestir-
ilir. Literatiirde invazif olmayan yontemlerle mutasyon tespiti yapmayir amaglayan
caligmalar bulunmaktadir, ancak bu ¢aligmalarin ¢ogu yalnizca tiimor bolgesi iizerine
odaklanmigtir. Gliomlar normal gorunen beyaz maddeyi (NGMB) istila etmeleriyle
bilinirler. Bu yiizden bu bélgede genetik mutasyon tahmini icin gerekli bilgiler bulun-
abilir. Difiizyon tensor goriintiilemeden (DTG) elde edilen difiizy6n egyonsiizliik indis-
leri (DEI) ve difiizyon tensér 6zdegerleri (DTO) bu bolgedeki difiizyonu tanimlamakta
kullanilabilir. Tam DEI ve DTO dagilimlari, tiimérun NGBM’deki kompleks etkilerini
betimleyici istatistiklerden daha iyi temsil edebilir. Bu calismada, NGBM’deki DEI
ve DTOlerin betimleyici istatistiklerinin, tam dagilimlarinin ve coklu-Gauss modeli
(CGM) parametrelerinin IDH-TERT altgruplari ile IDH ve TERT mutasyonlarini tah-
min etme performanslart 70 gliom hastasinda karsilagtirilmigtir. Beyin yarimkiireleri
arasindaki farklar ise saglikli ve tiimorlii beyin yarimkiire dagilimlarinin fark: ile in-
celenmistir. Sonuclar tam DEI ve DTO dagilmlarinin gliom mutasyonlarini betim-
leyici istatistiklerden daha iyi, CGM parametrelerinden ise daha iyi ya da benzer per-
formansta tahmin ettigini gostermistir. Ayni zamanda, Oznitelik secme yontemleri
siiflandirma dogrulugunu arttirmistir. IDH-TERT altgruplar en iyi %78.6, IDH mu-
tasyonu en iyi %94.3 ve TERT mutasyonu en iyiy %88.6 dogruluk oranlar ile tahmin
edilmigtir. Gelecek caligmalar siniflandirma dogrulugunu arttirmaya ve hasta bazinda

CGM parametrelerinin degerlendirilmesine odaklanacaktir.

Anahtar So6zciikler: Glioblastom, Manyetik Rezonans Goriintiileme, Difiizyon Ten-

sor Goriintiileme, Egyonsiizlitk Indisleri, Dagilimlar, Makine Ogrenmesi.



vii

TABLE OF CONTENTS

ACKNOWLEDGMENTS . . . . .. . . iii
ACADEMIC ETHICS AND INTEGRITY STATEMENT . . . . . .. ... ... iv
ABSTRACT . . . . 4
OZET . . . vi
LIST OF FIGURES . . . . . . . . ix
LIST OF TABLES . . . . . . . . e xii
LIST OF SYMBOLS . . . . . . . XV
LIST OF ABBREVIATIONS . . . . . . . . .. .. . ... Xvi
1. INTRODUCTION . . . . . . 1
2. LITERATURE REVIEW . . . . .. .. . 7
3. PROBLEM STATEMENT . . . . . . . ... . .. . . . . ..., 10
4. MATERIALS AND METHODS . . . . . . . . . .. ... ... ... ..... 11
4.1 Patient Characteristics . . . . . . . . . . .. ... oL 11
4.2 MRI Data Acquisition . . . . . . .. ... 13
4.3 NAWM Segmentation and Co—Registration . . . . . . . ... ... ... 13
4.4 Data Preparation . . . . . . ... ... .. 15
4.5 Feature Selection and Extraction . . . . . . .. ... .. ... ... .. 16
4.5.1 Variance Threshold . . . . . . .. .. .. ... ... ..., 17

4.5.2 Sequential Feature Selection . . . . . . . ... .. ... ..... 17

4.5.3 Singular Value Decomposition . . . . . . ... ... ... .. .. 18

4.6 Distribution Parameters and Multimodal Gaussian Fitting . . . . . . . 19
4.7 Dimensionality Comparison of MGF in mRMSE and SVD . . . .. .. 21
4.8 Statistical Analysis and Machine Learning . . . . . . ... ... .. .. 22
4.8.1 Statistical Analysis . . . . . . ... oL 22

4.8.2 Machine Learning . . . . . . . .. ... 22

4.8.2.1 Decision Trees . . . . . . . ... ... ... ... .. 23

4.8.2.2 Support Vector Machines . . . ... ... ... .... 24

4.8.2.3 k-Nearest Neighbors . . . . .. ... .. ... ..... 24

4.8.2.4 Ensemble Methods . . . . . . . . ... ... ... ... 24



4.8.2.5 Performance Evaluation . . . . ... ... ... .... 25

5. RESULTS . . . . . 26
5.1 Statistical Analysis . . . . . . .. ... 26
5.2 MGF Dimensionality Selection . . . . . . . . .. . ... ... ... 31
5.3 Machine Learning Results . . . . . .. ... .. ... ... .. ..... 32
5.3.1 Comparison of Distribution Representations . . . .. .. .. .. 32

5.3.1.1 Effect of NAWM Hemisphere . . ... ... ... ... 36

5.3.2 Feature Selection Applied to Full Distributions. . . . . . . . .. 41

5.3.3 Dimensionality Comparison in MGF . . . . ... .. .. .. .. 46

6. DISCUSSION . . . . . . 52
7. CONCLUSION . . . . . e 57
8. List of publications produced from the thesis . . . . . .. ... ... .. ... 58
APPENDIX A. NAWM Mask Registration . . . . . ... ... ... ... ... 59
APPENDIX B. Definitions of Distribution Parameters . . . . . . ... .. .. 60
B.1 Mean . . . . . . 60
B.2 Standard Deviation . . . . . . . .. ..o 60
B.3 Median. . . . . . . L 60
B.4 Skewness . . . . . . .. 60
B.5 Kurtosis . . . . . ..o 61
B.6 p'" Percentile . . .. .. .. ... .. ... ... ... 61

REFERENCES . . . . . o 62



Figure 1.1

Figure 4.1

Figure 4.2

Figure 4.3

Figure 5.1

LIST OF FIGURES

Magnitude and shape of water diffusion in (A) isotropic medium
and (B) anisotropic medium. In (A) isotropic medium, water dif-
fusion is equal in magnitude along all major orthogonal axis, thus
forming a sphere. In (B) anisotropic medium, water diffusion is
stronger in one direction and forms an ellipse.

Distributions of (A) IDH-TERT subgroup labels, (B) IDH mu-
tation status, (C) TERT mutation status.

NAWM segmentations and masks. (A) ToW image, (B) NAWM
segmentation overlaid on To,W image, (C) co-registered By im-
age, (D) NAWM segmentation on co-registered By image, (E)
total NAWM mask on 751 image, (F) on B, image and corre-
sponding (G) right and (H) left hemisphere masks.

Whole brain NAWM (A) ADC, (B) FA, (C) RA, (D) A, (E) Mo,
(F) A3 distributions and multimodal Gaussian fits of an example
patient. Gray area: 1000-bin distribution. Red line: Multimodal
Gaussian fit.

Boxplots of whole brain NAWM (A) ADC and DTE medians and
(B) FA and RA medians grouped by IDH-TERT subgroups, (C)
ADC and DTE medians and (D) FA and RA medians grouped by
IDH mutation, (E) ADC and DTE medians and (F) FA and RA
medians grouped by TERT mutation status. * indicate statistical
significance < 0.05, *x indicate statistical significance < 0.0085

according to Dunn—-Sidak correction for post-hoc analysis.

ix

12

14

19

27



Figure 5.2

Figure 5.3

Figure 5.4

Figure 5.5

Figure 5.6

Figure 5.7

Boxplots of hemisphere difference (A) ADC and DTE medi-
ans and (B) FA and RA medians grouped by IDH-TERT sub-
groups, (C) ADC and DTE medians and (D) FA and RA medians
grouped by IDH mutation, (E) ADC and DTE medians and (F)
FA and RA medians grouped by TERT mutation status. * indi-
cate statistical significance < 0.05, *x indicate statistical signifi-
cance < 0.0085 according to Dunn-Sidak correction for post-hoc
analysis.

Validation accuracy comparison of whole brain NAWM and hemi-
sphere difference full DAI and DTE distributions, distribtuion
parameters and MGF parameters selected with mRMSE in (A-
B) IDH-TERT subgroups, (C-D) IDH mutation, (E-F) TERT
mutation classifications. MGF parameters were analyzed as con-
tralateral and ipsilateral hemisphere for hemipshere difference
analysis.

Validation accuracy comparison of the full whole brain NAWM
and hemisphere difference DAI and DTE distributions for (A)
IDH-TERT subgroups, (B) IDH mutation, and (C) TERT mu-
tation classifications.

Validation accuracy comparison of the whole brain NAWM and
hemisphere difference DAI and DTE distribution parameters for
(A) IDH-TERT subgroups, (B) IDH mutation, and (C) TERT
mutation classifications.

Validation accuracy comparison of the whole brain, contralateral,
ipsilateral NAWM DATI and DTE MGF parameters for (A) IDH-
TERT subgroups, (B) IDH mutation, and (C) TERT mutation
classifications.

Validation accuracy comparison of feature selection methods ap-
plied to full whole brain NAWM and hemisphere difference DAI
and DTE distributions in (A-B) IDH-TERT subgrops, (C-D)
IDH mutation, (E-F) TERT mutation classifications.

30

33

38

39

40

42



xi

Figure 5.8 Validation accuracy comparison of DAI and DTE MGF param-
eters of whole brain, contralateral and ipsilateral NAWM whose
components were selected with mRMSE and SVD in (A-C) IDH-
TERT subgroups, (D-F) IDH mutation, (G-I) TERT mutation
classifications. 46
Figure A.1 Detailed steps of NAWM mask registration using in-house MATLAB®
software. (A) ToWW image, (B) NAWM mask delineated in ToW
image space and (C) segmetation mask, (D) ToWW image, (E)
By map registered to 751V imge sapce using FSL, (F) overlay of
NAWM mask in T,W image space on By — ToW image, (G-I)
whole brain, left and right hemisphere NAWM masks registered
to By image space using in-house developed MATLAB® software. 59



Table 4.1
Table 5.1

Table 5.2

Table 5.3

Table 5.4

Table 5.5

Table 5.6

Table 5.7

LIST OF TABLES

Cohort Characteristics.

Comparison of whole brain NAWM and hemipshere difference
medians IDH-TERT molecular subgroups with Kruskal-Wallis
test. * indicates p < 0.05.

Comparison of whole brain NAWM hemipshere difference me-
dians in IDH mutation status with Mann-Whitney U-test. *
indicates p < 0.05.

Comparison of whole brain NAWM hemipshere difference medi-
ans in TERT mutation status with Mann-Whitney U-test. *
indicates p < 0.05

mRMSE values of each Gaussian fit for each DAT and DTE. Bold-
faced mRMSE values indicate the selected number of Gaussian
sums.

Number of selected Gaussian components with SVD and their
corresponding mRMSE for each DAI and DTE.

Classification results with the highest validation accuracy in IDH-
TERT subgroup prediction using full distributions, distribution
parameters and MGF parameters where components were se-
lected with mRMSE. *Due to the class imbalance between the 4
classes of IDH-TERT subgroups, one of the class—wise precision
calculations results in zero—division. This zero—division leads to
NaN in averaged precision.

Classification results with the highest validation accuracy in IDH
mutation prediction using full distributions, distribution param-
eters and MGF parameters where components were selected with

mRMSE.

xii

11

26

28

29

31

32

34

35



Table 5.8

Table 5.9

Table 5.10

Table 5.11

Table 5.12

Table 5.13

Table 5.14

Table 5.15

xiil

Classification results with the highest validation accuracy in TERT
mutation prediction using full distributions, distribution param-
eters and MGF parameters where components were selected with
mRMSE. 37
Classification results with the highest validation accuracy in IDH-
TERT subgroup prediction using full whole brain NAWM DAI
and DTE distributions without and with feature selection. 41
Classification results with the highest validation accuracy in IDH-
TERT subgroup prediction using full hemisphere difference DAI
and DTE distributions without and with feature selection. 43
Classification results with the highest validation accuracy in IDH
mutation prediction using full whole brain NAWM DAT and DTE
distributions without and with feature selection. 44
Classification results with the highest validation accuracy in IDH
mutation prediction using full hemisphere difference DAI and
DTE distributions without and with feature selection. 44
Classification results with the highest validation accuracy in TERT
mutation prediction using full whole brain NAWM DAT and DTE
distributions without and with feature selection. 45
Classification results with the highest validation accuracy in TERT
mutation prediction using full hemisphere difference DAI and
DTE distributions without and with feature selection. 45
Classification results with the highest validation accuracy in IDH-
TERT subgroup prediction using MGF parameters of DAI and
DTE distributions. Number of Gaussian components were se-
lected with mRMSE. * Due to the class imbalance between the 4
classes of IDH-TERT subgroups, one of the class—wise precision
calculations results in zero—division. This zero—division leads to

NaN in averaged precision. 47



Table 5.16

Table 5.17

Table 5.18

Table 5.19

Table 5.20

Classification results with the highest validation accuracy in IDH-
TERT subgroup prediction using MGF parameters of DAT and
DTE distributions. Number of Gaussian components were se-
lected with SVD using 20% relative change threshold. * Due
to the class imbalance between the 4 classes of IDH-TERT sub-
groups, one of the class—wise precision calculations results in zero—
division. This zero—division leads to NaN in averaged precision.
Classification results with the highest validation accuracy in IDH
mutation prediction using MGF parameters of DAT and DTE dis-
tributions. Number of Gaussian components were selected with
mRMSE.

Classification results with the highest validation accuracy in IDH
mutation prediction using MGF parameters of DAI and DTE dis-
tributions. Number of Gaussian components were selected with
SVD using 20% relative change threshold.

Classification results with the highest validation accuracy in TERT
mutation prediction using MGF parameters of DAI and DTE dis-
tributions. Number of Gaussian components were selected with
mRMSE.

Classification results with the highest validation accuracy in TERT
mutation prediction using MGF parameters of DAI and DTE dis-
tributions. Number of Gaussian components were selected with

SVD using 20% relative change threshold.

xXiv

47

48

49

20

20



S NN

N>

XV

LIST OF SYMBOLS

Original data matrix

Amplitude of a Gaussian component

Location or centroid of a Gaussian component
Width of a Gaussian component

Coefficients of the Gaussian function

Total number of classes

Diffusion tensor

Diffusion tensor eigenvalues

Fitted vector or matrix—valued multimodal Gaussian function
Distribution of the k*" patient

Density function of the k'™ patient
Mean-—centered density function of the k'™ patient
Indicator function

Total number of patients

Bin index

Total number of bins in the distribution

Mean of the distribution bins calculated over the cohort
k' patient’s total number of mask pixels
Number of Gaussian components

Singular value matrix and singular value

Left singular vectors

Right singular values

Input feature

Multimodal Gaussian function

Observed or ground truth data

Input distribution

Minmax scaled input feature



2-HG
a-KG
ADC
CNS
DAI
DICOM
DTE
DTI

FA

FN

FP

FSL
GDCM
HIF-1a
IDH
IDHmut
IDHwt
kNN
MD
MGF
MIPAV
MLA
MRI
mRMSE
MRS
NAA
NADPH
NAWM

LIST OF ABBREVIATIONS

2-hydroxygluterate

a—ketogluterate

Apparent Diffusion Coefficient

Central Nervous System

Diffusion Anisotropy Indices

Digital Imaging and Communications in Medicine
Diffusion Tensor Eigenvalues

Diffusion Tensor Imaging

Fractional Anisotropy

False Negative

False Positive

Oxford University FMRIB Software Library
Grassroots DICOM Library

Hypoxia Inducible Factor—1a

[socitrate Dehydrogenase

IDH-mutant

IDH-wildtype

k—Nearest Neighbors

Mean Diffusivity

Multimodal Gaussian Fitting

Medical Image Processing, Analysis, and Visualization
Machine Learning Algortihm

Magnetic Resonance Imaging

Mean Root Mean Square Error

Magnetic Resonance Spectroscopy
N-acetylaspartate

Nicotinamide Adenine Dinucleotide Phosphate

Normal-Appearing White Matter

XVi



NifTT
RA
RMSE
ROI
RUS
SBFES
SFFS
SVD
SVM
n"w
W
TERT
TERTmut
TERTwt
TN

TP
WHO

Neuroimaging Informatics Technology Initiative
Relative Anisotropy

Root Mean Square Error

Region of Interest

Random Undersampling

Sequential Backward Feature Selection
Sequential Forward Feature Selection
Singular Value Decomposition
Support Vector Machine

T1—weighted

Thr—weighted

Telomerase Reverse Transcriptase
TERT-mutant

TERT-wildtype

True Negative

True Positive

World Health Organization

xvii



1. INTRODUCTION

Glioma is the most common central nervous system (CNS) tumor, constituting
more than 70% of all malignant CNS tumors [1]. Standard of care treatment consists
of surgical resection, radiotherapy and chemotherapy [2]. Yet, survival remains poor
with 12-15 months for glioblastomas, which constitutes more than 50% of all malig-
nant gliomas. For other gliomas survival can extend to 5 or more years depending
tumor type [1]. Decisions on treatment options become highly relevant for establishing
a balance between patient comfort and life span, e.g., opting for surgery is based on
expected survival times. In the past, gliomas were classified into grades by histopathol-
ogy, with larger grade number corresponding to a more aggressive tumor [3]. While this
was the main decision factor for disease classification in the past, more recently, use of
glioma genotype information in clinical workflow has shown to be valuable in prognosis
and treatment response evaluation [4], which led to the integration of glioma genetic
alterations to World Health Organization (WHO) 2016 tumor classification system [5].
Isocitrate dehydrogenase (IDH) mutation is one of the classification criterion used by
WHO 2016 tumor classification system. In addition, mutation in telomerase reverse

transcriptase (TERT) informs clinicians on tumor aggressiveness and disease course.

IDH enzymes are responsible for the production of nicotinamide adenine dinu-
cleotide phosphate (NADPH) and a—ketogluterate (a—KG) in cells. While, NADPH
is used in multiple cellular processes including cell division and reduction of oxidative
stress, a—KG is utilized in the energy metabolism. On the other hand, mutant IDH
gene, first identified in gliomas by Parsons et al. [6], produces mutant IDH enzymes
which further convert a-KG to 2-hydroxyglutarate (2-HG) [7|. Accumulation of 2-HG
in the cell eventually alters cell differentiation mechanisms and cause tumor forma-
tion. Furthermore, 2-HG accumulation also causes a cascade of events that decreases
hypoxia—inducible factor law (HIF-1«), which is responsible for oxygen consumption
and suppression of the production of reactive oxygen species that might harm the cell.

With a decrease in HIF-1«, the cell becomes prone to oxidative damage. In contrast,



HIF-1a is also activated in gliomas, increasing tumor cell proliferation and angiogene-
sis. It is hypothesized that activation of HIF-1a and IDH mutation in gliomas increase
tumor cell proliferation, but also make cell susceptible to damage, which is an advan-
tage because it might explain why IDH-mutant (IDHmut) gliomas have more favorable

outcome [8|.

TERT gene regulates the expression of TERT, a catalyzer for the enzyme telom-
erase which maintains the length of telomeres in the cell. Without telomerase activity,
proliferation capabilities of the cells slowly diminishes as telomeres shorten with each
cell division. Telomerase enzyme prevents telomere shortening and is expressed during
development. In cancer, TERT gene can be overexpressed as a result of a mutation,
leading to increased telomerase activity, which is believed to be a precursor for glioma
cell formation as cells gain immortality [4, 9, 10]. However, the biology of TERT

mutation and its effects are still being investigated.

IDH mutation is more common in secondary glioblastomas and low—grade (grade
IT and grade III) gliomas and are associated with higher overall survival of 57 months [4,
6, 11, 12, 13]. Mutation of the TERT gene is usually seen in high-grade (grade IV)
gliomas and primary glioblastomas, and their presence is associated with the worst
lower overall survival of 11.5 months [4, 9]. On the other hand, overall survival increases

to 125 months when both IDH and TERT mutations are present.

Histopathological and genetic information obtained from biopsy [2| can only
cover targeted area, which, is prone to increased false negative rates due to highly
challenging tumor heterogeneity [14]. In contrast, magnetic resonance imaging (MRI)
can offer a non-invasive alternative to biopsy by providing information from a larger
area while decreasing sampling bias and increasing patient comfort. Accordingly, cur-
rent MRI radiomics research has focused on the analysis of observer placed or seg-
mented tumor’s region of interest (ROI) [15, 16, 17, 18] with the aim of identifying
glioma genotypes without biopsy. However, gliomas’ notoriously heterogeneous land-
scape [14] might affect the whole brain in a diffuse manner rather than remaining in

tumor locus. This raises the concern that diffuse, rather than focal, tissue properties,



which might potentially be crucial in genotype identification and thereby disease stag-
ing and/or clinical decisions, are left unexamined with biopsy and/or MRI tumor ROI

analysis [19].

For instance, a crucial diffuse characteristic is glioma’s tendency to infiltrate
into normal appearing white matter (NAWM) [19, 20, 21]. The infiltrative behavior
of gliomas were first shown by Hans—Joachim Scherer [20] almost a century ago. His
research showed that gliomas prefer to infiltrate along pre—existing structures, such as
white matter fibers, also confirmed by modern research [22, 23]. His research showed
that a large majority of gliomas exhibited infiltrative growth, with the exception of
ependymomas which sharp and clear tumor borders. Among those gliomas exhibiting
infiltrative growth, not all tumors destroy the brain parecnyhma (i.e white matter
fibres) followed during migration. Destruction of the brain tissue was observed in
glioblastomas [24]. In the following decades, research into the biological mechanisms
of glioma infiltration has shown complex interactions of tumor cells with extra-cellular

matrix components and cytokines [25].

By providing a methodology for whole brain coverage, MRI might be useful in
investigating the infiltrative nature of gliomas specifically in NAWM. However, anatom-
ical MRI, such as T;—weighted (71W) and To—weighted (75W) contrast mechanisms,
might not be sufficiently sensitive to NAWM infiltration [21], especially at the early
disease stages [26]. By contrast, microstructural changes in NAWM have the potential

to present relevant information for glioma infiltration.

Investigating and quantifying microstructural changes in NAWM is realized by
diffusion MRI, most popularly with Diffusion Tensor Imaging (DTTI) [27|. In brief, DTI
is composed of diffusion-weighted images acquired from multiple directions. Signal
attenuation depends on the restricted movement of water molecules, which is shaped
by the underlying tissue microstructure, for each diffusion-weighted image. Signal
attenuates faster during free diffusion, due to higher decrease in the MRI signal. The
DTI model calculates at each pixel three eigenvalues of the diffusion tensor which

represent diffusitivities in the three orthogonal major motion directions, i.e. in the



coordinate frame defined by the tensor’s eigenvectors, whereby providing an orientation

independent characterization of local microstructure.

The diffusion tensor consists of 2 components; eigenvectors (D) and eigenvalues

(E) that represent the direction and magnitude of movement, respectively.

Dyy Dy Dy
D= |D,, D,, D, (1.1)
D.; D, D,
A0 0
E=10 X 0 (1.2)
0 0 X

Elements of matrix D corresponds to the eigenvectors of the diffusion tensor,
which represents the coordinates of the diffusion ellipse in space. Matrix E includes
the eigenvectors of the diffusion matrix, which are positioned diagonally in descending
order, such that \; > Ay > A3. Elements of E corresponds to the length of each axis of

the diffusion ellipse, or diffusivity along each major orthogonal direction.

Diffusion of water molecules in the tissue can be inferred from the diffusion
ellipse. When diffusion is isotropic, water molecules move equally in all directions, all
eigenvalues are equal (A\; = Ay = A3), thus diffusion ellipse is a sphere (Figure 1.1).
When diffusion is anisotropic, water molecules moves preferentially along one direction,
eigenvalues are not equal, which allows diffusion movement to be represented with
an ellipse [28]. Diffusion anisotropy indices (DAIs), derived from diffusion tensor
eigenvalues (DTEs), quantify the degree of anisotropy in tissues. While mean diffusivity
(MD; or apparent diffusion coefficient, ADC) represents the mean diffusivity, as the
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Figure 1.1 Magnitude and shape of water diffusion in (A) isotropic medium and (B) anisotropic
medium. In (A) isotropic medium, water diffusion is equal in magnitude along all major orthogonal
axis, thus forming a sphere. In (B) anisotropic medium, water diffusion is stronger in one direction
and forms an ellipse.

mean of eigenvalues, fractional anisotropy (FA) and relative anistoropy (RA) quantify

the degree of anisotropy.

ADC = W (1.3)

o VO AT O = R (n = P "
V200 + X+ X9)
V(A1 — X2)2 + (Xa — A3)2 + (A — X3)?)

RA = 1.5
AL+ A2+ A3 (1.5)

DATs and DTEs guarantee a direction independent estimation of microstructure
thereby eliminating effects of white matter tissue displacements caused by the tumor
volume and locus, e.g. in comparing infiltrative gliomas and non—infiltrative menin-
giomas. In the brain, anisotropic diffusion is mainly observed in the normal-appearing
white matter due to the shape of axon fibers, whereas isotropic diffusion is observed in

normal-appearing gray matter [28, 29].



Considering the highly infiltrating behavior of gliomas on top of tumor hetero-
geneity, DTT might represent the mutation-related effects of the tumor by investigating
the NAWM. DAIs and DTEs, derived from DTI, are appropriate tools to investigate
changes in the NAWM, with their sensitivity to motion of water in anisotropic tissue.
Studies show that IDH and TERT mutations may have varying effects, proportional to
tumor grade, which can be detected with DAIs and DTEs. Most studies in the liter-
ature use summary statistics, such as mean or percentile values, to correlate diffusion
alterations in the NAWM with tumor related effects in a pre-defined ROI of the tumor
or the NAWM. full distributions of DAIs and DTEs may have better predictive value
for IDH and TERT mutation prediction.



2. LITERATURE REVIEW

An early study by Price et al. [30] investigated RA in tumor, peritumoral NAWM
and contralateral NAWM of glioma patients. This study revealed RA abnormalities
in regions with no Ty—abnormality and contralateral NAWM in high—grade glioma pa-
tients. RA decrease in NAWM regions with normal appearance on ToW MRI was
also reported. Later, Inglese et al. [31] reported decreased N-acetylaspartate (NAA), a
neuronal marker, and increased MD in the contralateral NAWM, correlating magnetic
resonance spectroscopy (MRS) and DTI parameters. Maudsley et al. [32] confirmed
these findings and also reported metabolite changes occurring with a greater magni-
tude in higher grade gliomas. Goebell et al. [33| studied NAA and FA changes along
tumor center, tumor border, peritumoral white matter and contralateral white matter,
and showed decreasing neuronal integrity indicated by decreasing NAA and FA when
moving towards tumor center. Kallenberg et al. [34] also found increased ADC and
decreased FA in the NAWM glioma patients compared to controls, confirming previ-
ous findings. Provenzale et al. [35] compared ADC and FA changes in peritumoral
To—hyperintense regions and peritumoral white matter among glioma and meningioma
patients. Although no significant difference in ADC changes was found, a significant
difference in FA decreases in the peritumoral white matter was found, where there were
no abnormalities in ToWW MRI. However, a more recent study [36], while in accord with
the earlier results, questions whether DAI changes are solely due to infiltration as it re-
ports similar changes in meningioma, which is a non—-infiltrative disease. Another study
by Kassubek et al. [37] studied interhemispheric FA changes before and after radiation
therapy to identify radiotherapy-related white matter damage. They found decreased
global interhemispheric FA after radiation therapy, which could be a biomarker for
radiation-induced white matter damage, and confirmed this finding with longitudinal

data.

In addition, glioma infiltration and changes in DAI metrics were studied to cor-

relate histopathology of tumor infiltration and imaging parameters as well. Specifically,



a study by Stadlbauer et al. [38] found a negative logarithmic correlation of FA with
tumor cell number and negative linear correlation with percantage tumor infiltration.
Furthermore, this study reported a positive logarithmic correlation of MD with tumor
cell number and positive linear correlation with percent tumor infiltration. Another
study by Deng et al. [39] aimed to correlate DTI parameters with tumor cell count
obtained from peritumoral edematous tisse, in an attempt to quantitatively analyze
glioma infiltration. The study reported increased ADC in peritumoral edematous re-

gion and a negative FA correlation with degree of infiltration.

Following the inclusion of tumor genetics in WHO 2016 classification system,
effect of different mutations were also studied in the NAWM. Jiitten et al. [40] investi-
gated changes in MD, FA, axial and radial diffusivities in IDHmut and IDH-wildtype
(IDHwt) patients. Notably, results demonstrated higher FA and lower MD, axial and
radial diffusivities in IDHmut patients in comparison to IDHwt, which indicates white
matter integrity. Their hypothesis of better prognosis in IDHmut patients was also
confirmed by higher scores in cognitive function tests of IDHmut patients. In addition,
IDHwt glioblastomas and lower grade gliomas have been shown to have less invasive
phenotype measured with the isotropic and anisotropic components of the diffusion

tensor [41, 42|.

The aforementioned studies used standard histogram parameters, for instance
mean and peak width, assuming diffusion anisotropy distributions were normally—
distributed. Skew and kurtosis of ADC distributions were accounted for by analyz-
ing the distributions as multi—-Gaussian in the literature, however, no studies, so far,
modeled DAT of NAWM as multi-Gaussians. For example, several studies [16, 43, 44,
45, 46, 47] modeled enhancing tumor ADC distributions as 2-component Gaussians
using probabilistic Gaussian Mixture Modeling, and analyzed upper and lower ADC
curves to predict progression—free and overall survival in recurrent glioblastoma pa-
tients. Similar approach was used by Huo et al. [48] to predict treatment response in

glioblastoma patients.

Standard distribution parameters may not capture all the information inside a



ROI, considering the heterogeneity of gliomas. Studies using full diffusion anisotropy
or eigenvalue distributions to study gliomas are limited and mostly encompass tumor
region instead of NAWM. One study by Tozer et al. [15] investigated whether tumor
ADC histograms could predict low—grade glioma subtypes. This study also compared
the performance of standard histogram parameters, including peak height, peak loca-
tion, mean, and percentile values, with raw ADC histogram, and concluded that raw
histograms had better predictive value compared to standard histogram parameters.
Another study by Lutz et al. [49] tested whether the shift in ADC histograms could
differentiate patients with Ty—progress or stable disease. Their results showed ADC
shift toward lower or higher values in Ty—progress compared to control group. Further-
more, distributions of patients with following T;-progress had shifted toward lower

ADC values, which suggested ADC shift may be time-dependent.
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3. PROBLEM STATEMENT

Past studies were based mostly on straightforward statistics of NAWM ROIs
such as the mean DAI values and/or histogram properties such as percentile points,
peak height and location [15, 40]. If tumor heterogeneity affects NAWM microstructure,
DALI distributions would be expected to be ‘complicated’ functions unlike, for instance,
a Gaussian distribution function. This raises the concern that straightforward statisti-
cal parameters, such as mean ROI value and variance, might become less informative
due to the averaging of various microstructure populations within the NAWM, e.g.,

distal versus proximal tissue.

In this study, the predictive value of usual summary statistics, multi-Gaussian
fitting parameters, full distributions with different resolutions, and selected bins of full
distributions of DAIs and DTEs were compared in predicting IDH-TERT subgroups,
IDH mutation and TERT mutation. Feature selection and extraction techniques were
used capture only the most informative subset of distribution bins for classification. In
contrast to studies in literature, Gaussian curve fitting (multimodal Gaussian fitting,
MGF) was utilized, instead of Gaussian Mixture Modeling, a probabilistic approach,
to extract multi-Gaussian parameters. In addition, to analyze hemispheric variations,
all distributions were calculated for whole brain NAWM and hemisphere difference
of contralateral and ipsilateral NAWM. All features were used as inputs in machine

learning algorithms (MLAs) for glioma molecular subgroup prediction.
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4. MATERIALS AND METHODS

4.1 Patient Characteristics

Table 4.1
Cohort Characteristics.

Patient Demographics
Mean Age + SD 43.73 +15.32
Gender 30F /40M

Tumor Characteristics

Tumor Grade Count (%)
Grade I 1 (1%)
Grade 1T 29 (41%)
Grade 111 22 (31%)
Grade IV 18 (26%)

IDH mutation (WT/MUT) 29/41 (41%/59%)
TERT mutation (WT/MUT) | 33/37 (47%/53%)

In this institutional review board approved retrospective study, out of 170 con-
secutive glioma patients with written informed consent, data from 70 patients (age:
43.73 £+ 15.32, F/M: 30/40) with full sets of T5,W images, DTI and, IDH and TERT
data were analyzed. All patients were treated at Acitbadem Hospitals (Istanbul, Turkey)
between March 2012 and February 2016. Histopathology analysis was performed on
surgically removed tumor samples which were analyzed according to WHO 2016 Clas-
sification of Tumors of the Central Nervous System Scheme [5]. IDH and TERT mu-

tations were determined using either minisequencing or Sanger sequencing [50].

Patients were further stratified into 4 molecular subgroups, from hereon, referred

as IDH-TERT subgroups.:

1. Double negative: IDH-wildtype, TERT-wildtype (n =9),
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Figure 4.1 Distributions of (A) IDH-TERT subgroup labels, (B) IDH mutation status, (C) TERT

mutation status.

2. IDHonly: IDH-mutant, TERT-wildtype (n

— 24),

3. TERTonly: IDH-wildtype, TERT-mutant (n = 20),

4. Double positive: IDH-mutant, TERT-mutant (n = 17).

Cohort characteristics and demographics described by molecular subgrouping

and histopathological grading are presented in Table 4.1, and mutation status distri-
butions of IDH-TERT subgroups, IDH and TERT mutations are shown in Figure 4.1
Among the patients 1 (1%) had Grade I, 29 (41%) had Grade II, 22 (31%) had Grade I1I
and 18 (26%) had Grade IV gliomas. 41 (59%) tumors were IDH-mutated (IDHmut),
whereas 29 (41%) were IDH-wildtype (IDHwt). While 37 (53%) patients had TERT-
mutant (TERTmut) tumors, 33 (47%) patients had TERT—wildtype tumors (TERTwt).
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4.2 MRI Data Acquisition

MR imaging was conducted on a 3T Siemens Magnetom Tim Trio MR scanner
(Siemens Healthineers, Erlangen, Germany) with a 32-channel head coil, 1 to 7 days
before surgery. The scanning protocol included T5W images acquired using 2D turbo
spin echo sequence with voxel dimensions of 0.26 x 0.26 x 0.26mm with 20 axial slices,
Tg/Tr = 107/3470ms, slice thickness = 5mm, slice spacing = 6.5mm, flip angle =
120°. DTT data were acquired using 2D diffusion EPI sequence with 1.8 x 1.8 x 1.8mm
voxels, 60 axial slices, Tp/Tr = 107/3470ms, slice thickness = 1.8mm, slice spacing =
2.34mm, flip angle = 90° and b-value = 1000ms/mm? with 20 diffusion gradient
vectors. DTT eigenvalue maps for the three eigenvalues (A; > Ay > \3) were computed

by the scanner’s console computer.

All of the image volumes were transferred in Digital Imaging and Communi-
cations in Medicine (DICOM) format, which were then anonymized using in-house
developed scripts based on Grassroots DICOM library (GDCM) [51]. The data were
converted to Neuroimaging Informatics Technology Initiative (NIfTI) format using
Medical Image Processing, Analysis, and Visualization (MIPAV) software [52|. For
converting By and eigenvalue images that were in ‘mosaic’ DICOM format, in—house

developed MATLAB® (Mathworks Inc., Natick, MA, USA) software was used.

4.3 NAWM Segmentation and Co—Registration

NAWM regions were selected on T3/ images using semi-automatic level set
segmentation tools in MIPAV by two trainees with 2 years of experience (Ozan Geng
and Oguzhan Aslan), inspected by an imaging scientist of 20+ years of experience
(Alpay C)zcan) and approved by a neuro-radiologist with 30+ years of experience (Alp
Dinger).

By images were co-registered onto T5W images with Oxford University FMRIB
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Figure 4.2 NAWM segmentations and masks. (A) ToW image, (B) NAWM segmentation overlaid
on ToW image, (C) co-registered By image, (D) NAWM segmentation on co-registered By image,
(E) total NAWM mask on ToW image, (F) on By image and corresponding (G) right and (H) left
hemisphere masks.

Software Library (FSL) [53] using the mutual information cost function with trilinear
interpolation method. The transformation optimizing the By — T3W co-registration
problem was applied for co-registering eigenvalue maps onto 7T5W images by interpo-

lating with the nearest neighbor method for preventing ‘invention’ of data values.

The distortion of NAWM masks caused by the difference of total slice numbers
between the MR modalities while co-registering was corrected with an in-house de-
veloped MATLAB® code' which identifies shared pixel coordinates in matching B,
images mapped to T/ images and the original By image. The code infers mask pixels
in the ‘sandwich’ slices from the ‘shell’ slices, and interpolates with nearest neighbor

method.

Furthermore, an in-house developed MATLAB® code sub—divided the mask

'In-house mask registration and hemisphere separation programs were developed by Korhan Polat
at Dr. Alpay Ozcan’s laboratory.
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images automatically into left and right hemispheres which were used for computing
contralateral and ipsilateral DAI and DTE distributions. Quality assurance for the
outcomes of the image processing routines was conducted by three trainees, each with
more than 2 years of experience (Hande Halilibrahimoglu, Seda Keskin and Korhan
Polat), inspected by an imaging scientist of 20+ years of experience (Alpay Ozcan)
and approved by a neuro—radiologist with 30+ years of experience (Alp Dinger).

4.4 Data Preparation

DATI maps defined as functions of the DTEs (see Eqs. 1.3, 1.4, 1.5) and their
distributions on the whole brain NAWM and each of the hemispheres were calculated

with in-house developed MATLAB® software.

For each anisotropy index and eigenvalue respectively, the cohort’s minimum
and maximum values were used for defining a common histogram bin range. Using the
corresponding bin range for each index, three histograms with 30, 60 and 90 equally

spaced bins were computed for each patient.

The inter—patient mask volume variability was eliminated by normalizing each

patient’s histogram and thus converting it to a probability density function:

he(l) = mh’“@ :hj’“\;l) = > h()=1 (4.1)

where hy, and hy, respectively denote the distribution and the corresponding density
function for the k' patient, [ denotes the bin index, m denotes the total number of

bins in the distribution and Nj, denotes k™" patient’s total number of mask pixels.

For using the normalized distributions as inputs to the MLAs, each normalized
histogram was treated as a vector with entries equal to the bin counts. The difference

between the contralateral and ipsilateral distribution functions of each patient, referred
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to as hemisphere difference distributions, was calculated by subtracting normalized ip-
silateral distributions from contralateral distributions. The cohort’s set vectors for each
index was mean—centered prior to running MLAs. Mean of each bin was calculated,

creating an 1 x n vector, and subtracted from each patient’s density function:

hi(l) = (1) — H) (4.2)

where hy(1) denotes mean—centered I bin of k™ patient’s distribution, hx(l) denotes
the I*" bin of &* patient’s density function and pj ) denotes the mean of the ™ dis-
tribution bin calculated over the cohort. In addition, ADC, FA and RA maps were
concatenated to yield "all DAI" distributions; A1, Ay and A3 distributions were concate-
nated to yield "all DTE" distributions. Feature selection methods were also applied to

these concatenated distributions, and selected bins were used for classification.

4.5 Feature Selection and Extraction

Relevant characteristics of the distributions were identified with four feature

selection and dimension reduction methods:

1. variance threshold [54],
2. sequential forward feature selection (SFFS) [55, 56, 57]
3. sequential backward feature selection (SBFS) [55, 56, 57]

4. singular value decomposition (SVD) [58, 59].



17

4.5.1 Variance Threshold

Features, i.e. count value at each bin, that remain constant within the cohort
were removed by computing the variance of each bin’s count values across the cohort.
Then variance of each bin was scaled to [0 1] range with minmax scaling [60] for

thresholding,

Z — Zmin

IS
Il

(4.3)

Zmaz — *min

where Z denotes the scaled vector, z denotes the input vector, z,,,, and z,,, denotes
the minimum and maximum of the input vector. A heuristically chosen threshold value

of 1075 was used for removing features with cohort—variances below it [54].

4.5.2 Sequential Feature Selection

Sequential feature selection is a wrapper based feature selection technique which
uses classifier performance to determine which feature to retain or remove. The selec-
tion criterion is selected as the minimum or maximum of a classifier performance met-
ric, such as loss or accuracy, or a custom function of classifier performance. Sequential
forward feature selection (SFFS) is initialized with an empty set and a feature satis-
fying the criterion is added on each iteration, until the criterion is no longer satisfied.
Conversely, sequential backward feature selection (SBFS) is initialized with the full
feature set and features are removed on each iteration, until no further removal crite-
rion is reached [55, 57]. In this study, SFFS and SBFS was used to select the subset of
most relevant distribution bins while considering the mutual interaction between the
them [56, 57|. Features with minimum classification loss of a decision tree classifier,

with leave—one—out cross—validation, were selected as the most relevant bins.
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4.5.3 Singular Value Decomposition

Singular value decomposition (SVD) factors a rectangular matrix into two or-

thogonal matrices U, V' and diagonal matrix > given by

A=Uxv? (4.4)

The diagonal matrix X contains essential information of the original data matrix rep-
resented by the diagonal entries, which are the singular values [58, 59]. As the larger
singular values are more significant than smaller ones, if we select the r largest singular
values, then we can reconstruct a lower ranked data matrix with only the essential

information, or we can extract r most significant basis vectors for the columns of A by:

Av, = o,u, (4.5)

and reduce data dimensions. In this study, SVD was applied to anisotropy and eigen-
value distribution data matrices of whole-brain NAWM and hemisphere difference to

extract basis vectors of the column space of the data.

SVD was computed for each data set using MATLAB®s svd function and left,
right—singular vectors and singular values in descending order were obtained. Dimen-
sion reduction for each data set was realized by first computing the relative changes
between consecutive singular values and then pruning the singular values after the 20%

drop level with the corresponding singular vectors.
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4.6 Distribution Parameters and Multimodal Gaussian Fitting

In order to compare the predictive performance of full distributions with stan-
dard distribution parameters, straightforward distribution features such as mean, stan-
dard deviation, median, kurtosis, skewness and 10", 25" 40 60", 75 90" per-
centile values were calculated (see Appendix B for details). All parameters were scaled
to [0 1] range with minmax scaling (Eq. 4.3), and mean—centered (Eq. 4.2) before

classification.
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Figure 4.3 Whole brain NAWM (A) ADC, (B) FA, (C) RA, (D) A1, (E) A\g, (F) A3 distributions
and multimodal Gaussian fits of an example patient. Gray area: 1000-bin distribution. Red line:
Multimodal Gaussian fit.

Distributions with multiple peaks and long-tails were observed in the data,
similar to the reports in existing literature [16, 43, 45, 46, 48]. Accordingly, MGF was
performed for summarizing distribution features such as peak locations and spread.
Histograms were re-computed with 1000 bins for increasing sampling resolution and
thereby improving the fitting process. Histograms were normalized to obtain proba-
bility density functions (see Section 4.4) and a Gaussian function is fitted to 1000-bin

distribution of each patient:
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y:izn;aiexp[—<x;bi>2] (4.6)

where n is the number of Gaussian components, a; is the amplitude , b; is the location
or centroid, and ¢; is the peak width of the i*" component [61] (Figure 4.3). For an
n—component Gaussian fit, starting values were initialized as the n highest points and n
modes for amplitude and centroid, respectively. Width parameter was initialized as 100
for ADC and DTEs, and 0.1 for FA and RA. Following initialization, distributions of
each patient was fitted with n = 1...6-component Gaussian functions with MATLAB®
Curve Fitting Toolbox®’s non-linear least squares function. Non-linear least squares

function aims to iteratively solve for coefficients a such that

: A2 — i N a2
min [[F'(d, x) — 9|2 ml.mzi:(F(d,xz) 9i) (4.7)

where F'(d,z) is a matrix—valued or vector-valued non-linear function which in this
study is a Gaussian function, x is the input data, y is the observed data and d is the

coefficients of non-linear function [62].

For each fit with n Gaussians, the root mean square error (RMSE) was calculated

for each patient,

Z%:l(ym - Qm)z
RMSE = \/ o (4.8)

where M is the number of source distribution bins, ¢ is the observed function value

and y is the predicted or fitted function value [63].
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The RMSE values were then averaged over the cohort for obtaining the mean

root mean square error (nRMSE) at each n:

K
1

MSE = — MSE 4.

mRMS KkEZIR SE, (4.9)

where K is the number of patients, RMSFE,, is the RMSE of n—component Gaussian fit.
For each anisotropy index and eigenvalue, the best number of Gaussians was determined

by the multi-Gaussian fit with the lowest mRMSE value.

Coefficients of best fitting n Gaussians were extracted,mean-centered (See Equa-
tion 4.2) and used as features in classification. Furthermore, standard distribution
parameters and MGF parameters of ADC, FA and RA maps were concatenated to
create "all DAI" parameters; \;, Ay and A3 were concatenated to create "all DTE"

parameters, which were then used for mutation prediction.

4.7 Dimensionality Comparison of MGF in mRMSE and SVD

The multi-Gaussian fit and SVD are two methods describing the set of basis
vectors that would best represent the data. The dimensionality obtained from these
two methods is used in determining dimensions of whole brain NAWM as well as
contralateral and ipsilateral hemispheres’ number of Gaussian components in MGF.
To compare the performance of dimensions selected with mRMSE and SVD, number
of best fitting Gaussian components for each DAT and DTE map were determined with

mRMSE and SVD, then their parameters were used in molecular subgroup prediction.

Dimension selection with mRMSE was realized with method described in Sec-
tion 4.6. For SVD dimensionality selection, 1000-bin DAT and DTE density functions

were recalculated in the whole brain, contralateral and ipsilateral NAWM. SVD was
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applied to these distributions, and relative change between singular values were calcu-
lated. Number of singular values below 20% relative change cut-off were selected as

the number of Gaussians to be fitted (See Section 4.5.3 for details of SVD and cut-off).

4.8 Statistical Analysis and Machine Learning

4.8.1 Statistical Analysis

Statistical analysis was performed on whole brain NAWM and hemisphere dif-
ference DAI and DTE medians using MATLAB® Statistics and Machine Learning
Toolbox® . DAI and DTE distributions were either multimodal, skewed or kurtotic,
promoting the use of DAI and DTE medians instead of their means. DAI and DTE
medians were compared with Kruskal-Wallis test, followed by post—hoc Dunn—Sidak
test among IDH-TERT subgroups [64]. Dunn-Sidak correction was applied in post—
hoc analysis, and p < 0.0085 determined statistical significance. Diffusion differences
among IDH mutation and TERT mutation status were compared using Mann—-Whitney
U-test with p < 0.05 determining the statistical significance. Hemisphere difference
DAT and DTE medians were calculated by subtracting ipsilateral NAWM means from
contralateral NAWM means.

4.8.2 Machine Learning

Whole brain and hemisphere difference NAWM DAI and DTE distribution pa-
rameters, full distributions, features of full distributions and multimodal Gaussian sums
were used to predict IDH-TERT subgroups, IDH and TERT mutations, using ML As
available in MATLAB® Statistics and Machine Learning Toolbox®. MLAs were run
with the DAI and DTE parameters in whole brain NAWM and hemisphere difference,
or contralateral and ipsilateral NAWM separately for MGF parameters for the following

data representations:
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e Distribution parameters

e Full distributions

e Variance thresholding applied to full distributions

e SFFS applied to full distributions

e SBFS applied to full distributions

e SVD applied to full distributions

e MGF, number of components selected with mRMSE

e MGF, number of components selected with SVD

In all, 912 classifications, with 24 MLAs for each run, were performed with each DAI
and DTE map in whole brain NAWM and hemisphere difference for IDH-TERT sub-
groups, IDH and TERT mutation predictions. ML As included the following algorithms:
Gaussian naive bayes, kernel naive bayes, logistic regression, linear support vector ma-
chine (SVM), quadratic SVM, cubic SVM, fine Gaussian SVM, medium Gaussian SVM,
coarse Gaussian SVM, linear discriminant, quadratic discriminant, coarse tree, fine
tree, medium tree, fine k-nearest neighbor (kNN), medium kNN, cosine kNN, cubic
kNN, coarse kNN, weighted kNN, AdaBoostM2-boosted trees, bagged trees, subspace
discriminant, subspace kNN, RUS—boosted trees.

4.8.2.1 Decision Trees. A decision tree is a nonparametric hierarchical classifier,

that does not make any assumptions on the data or label distribution [55]. Decision
trees make a prediction by recursively splitting the data until an output is reached.
Such recursive splits are made at decision nodes, where if-then functions split the data
until a leaf node is reached. Decision boundaries are drawn at the leaf node, where
similar inputs reside in the same decision region, thus localizing inputs with the same
predicted labels in the same region. The value of the leaf node is the classification

label in a classification problem. A decision tree’s decision nodes can be expressed as
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if—then rules to understand each decision, which makes decision tree an interpretable

machine learning algorithm.

4.8.2.2 Support Vector Machines. SVM is a discriminant-based method that

expresses class margins as a linear of sums of the influences of the subset of the train-
ing data, also called the support vectors. In SVM classification, a convex-optimization
problem with a single optimum solution is solved [55] to maximize the margin. Ker-
nel functions are used to map the input data to new space to find a linear solution
in a complex space, which can be written as the sums of the influences of the sup-
port vectors, defined as the subset of training data that are close to class margin. A
good kernel function maximizes class margins in its own space. Variants of SVMs use

different kernel functions, such as linear, quadratic or Gaussian functions.

4.8.2.3 k-Nearest Neighbors. kNN algorithm is a nonparametic classification

algorithms, which predicts the class of a new input as the class of its k nearest neigh-
bors [55]. For a given test input, distance, such as Eucledian or Mahalanobis distance,
of the test input with each of the data points is calculated and k nearest neighbors
are identified. The class of the test input is assigned as the class of the majority of
the k-—nearest neighbors, determined by a simple vote. Without any weighting, each k-
nearest neighbors’ weights are equal, and class of the majority of neighbors are assigned
to the test input. Usually, an odd number of k neighbors are selected to avoid ties in
the majority voting. In the case of weighting, the vote of each neighbor is multiplied

with a weight that either limits or increases its contribution to the vote.

4.8.2.4 Ensemble Methods. A single classifier or a single set of hyperparame-

ters may not work well in a classification problem. In that case, ensemble learning,
combining different classifiers or combining different hyperparameters of a single classi-
fier, can improve classification accuracy [55]. Boosted trees, bagged trees, RUS boosted

trees are examples of ensemble methods. Classifiers can be combined by voting; where
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accuracy is determined as the average accuracy of all classifiers; as well as bagging or
boosting. In bagging, each classifier is trained on a slightly different subset of train-
ing data and accuracies are combined by taking a vote. Boosting is done by training

classifiers from the mistakes of other classifiers.

4.8.2.5 Performance Evaluation. Validation accuracy, sensitivity, specificity

and precision, averaged over the executions and classes were calculated;

1 g
Accuracy = 1—— Z Hy; # vy;} (4.10)
g <
7j=1
1< TP,
Sensitivity = — S 4.11
VI g ; TP, + FN; (4.11)
1< TN,
Specificity = -— S — 4.12
P YT g £ TN; + FP, (4.12)
1 < TP,
Precision = —Zij (4.13)

qg =1 TP] + FP]

where g denotes total number of classes; TP;, TN;, FP;, FN; denotes true positives,
true negatives, false positives and false negatives for the j*" class, respectively, and I
denotes the indicator function which has a value of 1 if §; = y; and 0 otherwise [65].
These metrics were used to evaluate molecular subgroup predictions with a higher value
in each metric indicating better performance. Due to large number of combinations
tested, only the models with the highest validation accuracy is reported for each DAI
and DTE. In case of ties in validation accuracy, the model with highest sensitivity was

selected.
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5. RESULTS

5.1 Statistical Analysis

Table 5.1
Comparison of whole brain NAWM and hemipshere difference medians IDH-TERT molecular
subgroups with Kruskal-Wallis test. * indicates p < 0.05.

NAWM Coverage Diffusion Map | p—value
ADC 0.2657

FA 0.0010*

Whole brain RA 0.0010*
A1 0.0343*

A2 0.0244*

A3 0.0102*

ADC 0.1624

FA 0.0001*

Hemisphere difference RA 0.0001*
A1 0.0056*

Ao 0.0736

A3 0.0154*

Table 5.1 summarizes the results of the Kruskal-Wallis test for comparing whole
brain NAWM and hemisphere difference diffusion anisotropy and eigenvalues in IDH—
TERT subgroups. Figure 5.1 shows median values of whole brain NAWM and hemi-
sphere difference diffusion anisotropy indices and eigenvalues, among IDH-TERT sub-

groups, IDH mutation and TERT mutation.
All whole brain NAWM eigenvalues, FA and RA were statistically significantly
different in IDH-TERT subgroups (p < 0.05), whereas ADC showed no significant

difference (p = 0.2657).

According to post-hoc Dunn-Sidak test, among IDH-TERT subgroups, whole
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Figure 5.1 Boxplots of whole brain NAWM (A) ADC and DTE medians and (B) FA and RA medians
grouped by IDH-TERT subgroups, (C) ADC and DTE medians and (D) FA and RA medians grouped
by IDH mutation, (E) ADC and DTE medians and (F) FA and RA medians grouped by TERT
mutation status. * indicate statistical significance < 0.05, *x indicate statistical significance < 0.0085

according to Dunn—Sidak correction for post-hoc analysis.

brain NAWM FA and RA were higher in IDHonly group than TERTonly (p < 0.0085),

while showing a trend towards lower values in TERTonly patients compared to double

positive (p < 0.05).
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In whole brain NAWM eigenvalues, A\ and A3 showed a trend towards lower val-
ues in IDHonly patients compared to TERTonly (p < 0.05). Additionally, A3 tended to
be higher in TERTonly group than double positive (p < 0.05). A; did not demonstrate

any statistically significant differences in post-hoc analysis.

Table 5.2
Comparison of whole brain NAWM hemipshere difference medians in IDH mutation status with
Mann-Whitney U-test. * indicates p < 0.05.

NAWM Coverage Diffusion Map | p—value
ADC 0.0580
FA 0.0001*
Whole brain RA 0.0001*
A1 0.0035*
A2 0.0041*
A3 0.0014*
ADC 0.5391
FA < 0.0001*
Hemisphere difference RA < 0.0001*
A1 0.0011*
A2 0.7976
A3 0.0457*

Table 5.2 and 5.3 show Mann-Whitney test results for the comparisons of whole
brain NAWM and hemisphere difference diffusion anisotropy indices and eigenvalues

in IDH mutation and TERT mutation status.

In IDH mutation status, IDHmut patients had higher whole brain NAWM FA,
RA (p =0.0001) and A; (p = 0.0035), while IDHwt patients had higher Ay (p = 0.0041)
and Az (p = 0.0014). Whole brain NAWM ADC did not statistically significantly differ
between IDHwt and IDHmut patients (p = 0.0580). In contrast to IDH mutation, no
whole brain NAWM diffusion anisotropy index or eigenvalue demonstrated a statisti-

cally significant difference between TERTwt and TERTmut patients (p > 0.05).

Figure 5.2 shows median values of hemisphere difference diffusion anisotropy
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Table 5.3
Comparison of whole brain NAWM hemipshere difference medians in TERT mutation status with
Mann—Whitney U—test. * indicates p < 0.05

NAWM Coverage Diffusion Map | p—value
ADC 0.4237

FA 0.0647

Whole brain RA 0.0647
A1 0.02661

A2 0.1044

A3 0.1614

ADC 0.6253

FA 0.0084*

Hemisphere difference RA 0.0090*
A1 0.2101

A2 0.2585

A3 0.0473*

indices and eigenvalues, among IDH-TERT subgroups, IDH mutation and TERT mu-

tation.

All hemisphere difference eigenvalues as well as FA and RA were statistically
significantly different among IDH-TERT subgroups (p < 0.05) (Table 5.1), whereas
ADC did not show any statistically significant difference (p = 0.1624).

Post-hoc analysis demonstrated that among IDH-TERT subgroups, IDHonly
and double positive patients had higher hemisphere difference FA and RA (p < 0.0085)
compared to TERTonly patients. Hemisphere difference \; trended towards lower
values in double negative and TERTonly patients compared to IDHonly group (p <
0.05). Hemisphere difference ADC, Ay and A3 did not show any statistically significant

differences in post-hoc analysis.

In IDH mutation status, IDHmut patients had higher hemisphere difference FA
and and lower RA (p < 0.0001) (Table 5.2). Within hemisphere difference eigenvalues,
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Figure 5.2 Boxplots of hemisphere difference (A) ADC and DTE medians and (B) FA and RA
medians grouped by IDH-TERT subgroups, (C) ADC and DTE medians and (D) FA and RA medians
grouped by IDH mutation, (E) ADC and DTE medians and (F) FA and RA medians grouped by TERT
mutation status. * indicate statistical significance < 0.05, *x indicate statistical significance < 0.0085
according to Dunn—Sidak correction for post-hoc analysis.

A1 and A3 were higher in IDHmut patients in comparison to IDHwt (p = 0.0011,p =
0.0457, respectively). There was no statistically significant difference in hemipshere

difference ADC (p = 0.5391) and Ay (p = 0.7976) between IDHmut and IDHwt groups.
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TERTmut patients had higher hemisphere difference FA (p = 0.0084) and RA
(p = 0.0090) than TERTwt, while TERTwt patients had higher hemisphere difference
A3 (p = 0.0473). There were no statistically significant differences in hemisphere dif-
ference ADC (p = 0.6253), A\; (p = 0.2101) and A2 (p = 0.2585) of TERTmut and
TERTwt patients.

5.2 MGF Dimensionality Selection

Table 5.4
mRMSE values of each Gaussian fit for each DAI and DTE. Boldfaced mRMSE values indicate the
selected number of Gaussian sums.

mRMSE Values (x107%)
NAWM Hemisphere | n = 1 2 3 4 5 6
ADC | 3.17 | 450 | 3.97 | 3.44 | 3.53 | 3.30
FA 1.75 | 1.70 | 3.70 | 3.15 | 3.01 | 2.25
Whole RA | 1.98 | 2.37 | 3.67 | 4.35 | 5.20 | 4.72
brain A1 3.20 | 3.05 | 5.88 | 8.89 | 9.33 | 7.73
A2 2.64 | 4.77 | 7.20 | 6.56 | 6.11 | 5.97
A3 3.22 | 6.36 | 6.40 | 6.97 | 6.76 | 6.42
ADC | 2.87 | 3.90 | 3.64 | 3.25 | 3.20 | 3.13
FA 1.94 | 1.94 | 3.69 | 294 | 2.88 | 2.44
Contralateral RA | 211 | 249 | 3.16 | 3.19 | 4.31 | 3.86
A1 3.19 | 3.50 | 5.32 | 8.70 | 9.10 | 7.71
A2 3.16 | 6.16 | 6.87 | 6.89 | 6.32 | 6.11
A3 4.04 | 6.09 | 7.60 | 6.92 | 6.71 | 6.34
ADC | 3.46 | 4.66 | 4.17 | 3.55 | 3.64 | 3.55
FA 2.28 | 2.38 | 3.42 | 2.61 | 3.20 | 2.64
Ipsilateral RA 2.30 | 2.25 | 3.66 | 2.83 | 3.71 | 3.13
A1 3.51 | 3.25 | 6.65 | 8.43 | 8.65 | 7.74
A2 4.32 | 6.28 | 7.81 | 7.13 | 6.77 | 6.32
A3 3.39 | 6.12 | 6.91 | 6.99 | 6.55 | 6.25

Table 5.4 shows resulting mRMSE values of each diffusion map after MGF fitting

with n = 1...6 Gaussian components. 2—component Gaussian was selected as the best
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fit for whole brain FA and A\, while 1-component Gaussian was selected as the best fit
for whole brain ADC, RA, Ay and A3. For all diffusion maps of the contralateral NAWM,
1-component Gaussian was the best fit. In ipsilateral NAWM, 2—component Gaussian

was selected for ipsilateral RA and A;, and 1-component Gaussian was selected as the

best fit for ADC, FA, Ay and As.

Number of selected Gaussian components wiglagi?DSéid their corresponding mRMSE for each DAI
and DTE.
Number of Gaussians/mRMSE (x107%)
Whole brain NAWM | Contralateral NAWM | Ipsilateral NAWM
ADC 6/3.30 6/3.17 5/3.64
FA 5/3.01 5/2.88 5/3.20
RA 5/5.20 5/4.31 5/3.71
A1 5/9.33 5/9.10 5/8.65
A2 5/6.11 5/6.32 4/7.53
A3 6/6.42 6/6.61 5/6.55

Table 5.5 shows the number of Gaussian components selected with SVD and
their corresponding mRMSE values. SVD selected 6 Gaussians for whole brain and
contralateral NAWM ADC and A3 distributions, and 5 Gaussians for FA, RA, A\; and
Ao. Furthermore, 4 Gaussians were selected for ipsilateral NAWM ), distributions, and
5 Gaussians for ipsilateral ADC, FA, RA, A\; and As.

5.3 Machine Learning Results
5.3.1 Comparison of Distribution Representations

Figure 5.3 demonstrates the validation accuracies of whole brain NAWM and
hemisphere difference full distributions and distribution parameters; whole brain, con-

tralateral and ipsilateral NAWM MGF parameters where components were selected

with mRMSE.



33

Whole brain NAWM

100 IDH-TERT subgroups Classification i

Hemisphere difference NAWM
IDH TERT subgroups Classification

>
W

I Full distributions /I Full distributions
[ Distribution Parameters | Distribution Parameters
— [IMGF Parameters —~100 - [T contralateral MGF Parameters
8 80y 2 — al MGF Par s
2 >
IS § 80 - 4
=S 60 3
o o
< & 60
5 40 1 s
g E 40 -
S 20- ] >,
0 [ 1 Il il 1 I |
ADC FA RA Al /\1 )\2 )\3 All ADC FA RA Al /\ /\ All
DAls DTEs DAIls DTEs
Diffusion Maps Diffusion Maps
Whole brain NAWM Hemisphere difference NAWM
C 100 IDH Classification D IDH Classification
I Full distributions I Full distributions
I Distribution Parameters /I Distribution Parameters
— [ IMGF Parameters ~100 - I:lContra|a(eral MGF Parameters
® 8oy S al MGF Par s
> >
8 g 80 i
5 60 =
g g
< g 60 B
S 40 s
© ® 40" 1
] 3
© | | =
> 20 = 20 .
0 = 0
ADC FA RA Al )\1 /\2 /\3 All ADC FA RA Al /\ All
DAls DTEs DAls DTEs
Diffusion Maps Diffusion Maps

Whole brain NAWM
TERT Classification

Hemisphere difference NAWM
TERT Classification

m
m

100 '
I Full distributions [ Full distributions
[ Distribution Parameters [ Distribution Parameters
= [""IMGF Parameters —~100 - [ Contralateral MGF Parameters
= 80 B I \psilateral MGF Parameters
2 >
8 S 80- -
S 60 s
) o
< < 60 ]
§ 40t 1 S
= T 40 -
3 e}
© ©
20 1
> > 20 |
0 = 0
ADC FA RA Al )\1 )\2 )‘3 All ADC RA Al A, All
DAls DTEs DAIls DTEs
Diffusion Maps Diffusion Maps

Figure 5.3 Validation accuracy comparison of whole brain NAWM and hemisphere difference full DAT
and DTE distributions, distribtuion parameters and MGF parameters selected with mRMSE in (A-B)
IDH-TERT subgroups, (C-D) IDH mutation, (E-F) TERT mutation classifications. MGF parameters
were analyzed as contralateral and ipsilateral hemisphere for hemipshere difference analysis.

Table 5.6 summarizes the best performing whole brain NAWM and hemisphere
difference diffusion distribution representations for IDH-TERT subgroups prediction.
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Table 5.6
Classification results with the highest validation accuracy in IDH-TERT subgroup prediction using
full distributions, distribution parameters and MGF parameters where components were selected
with mRMSE. * Due to the class imbalance between the 4 classes of IDH-TERT subgroups, one of the
class—wise precision calculations results in zero—division. This zero—division leads to NaN in
averaged precision.

NAWM Diffusion Dist. MLA Val. Sens. | Spec. | Prec.
Hemisphere Map Type Ace. (%) | (%) (%) (%)
ADC Dist. Medium kNN 50.0 41.3 | 82.1 | 38.9
All DTEs | params. Cubic kNN 50.0 42.0 | 82.1 48.3
Whole ADC 90 bin Cosine kNN 51.4 439 | 82.1 | 67.7
Brain A3 60 bin Cubic kNN 52.9 44.3 83.2 39.5
All DAIs | 4—comp. Cosine kNN 50.0 41.7 | 82.0 | NaN*
All DTEs | 4-comp. Subspace 51.4 46.0 | 83.1 48.1
Discriminant
All DATs Dist. Kernel Naive Bayes 54.3 50.9 | 83.9 | 54.8
Hemisphere | All DTEs | params. Quadratic SVM 54.3 48.1 | 83.8 51.0
difference RA 30 bin Cubic kNN 55.7 48.3 | 84.3 | 49.1
A1 30 bin | Kernel Naive Bayes 58.6 51.9 | 86.0 53.5
ADC 1-comp. Subspace 45.7 36.3 | 80.0 | NaN*
Contralateral Discriminant
Ao 1-comp. Coarse Tree 51.4 41.7 82.4 | NaN*
FA 1-comp. Coarse Tree 514 46.0 | 82.2 52.7
Ipsilateral All DTEs | 4—comp. Fine Tree, 52.9 47.7 | 84.0 47.9
Medium Tree

Among all distribution representations of whole brain NAWM, IDH-TERT mu-
tation was best predicted by 60 bin A3 distributions with 52.9% validation accuracy in
comparison to standard distribution and MGF parameters (Table 5.6). Similary, whole
brain NAWM full distributions were the best predictors for ADC, A\{, Ay and all DTEs
(Figure 5.3). Full distributions and distribution parameters of FA, RA and all DAI
maps had comparable classification performance, outperforming MGF parameters. 60
bin A; distribution was the best hemisphere difference distribution representation for
IDH-TERT classification with 58.6% validation accuracy (Table 5.6). If each DAT and

DTE map were evaluated separately, full hemisphere difference distributions were the
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best predictors for ADC and RA as well (Figure 5.3). In contrast, while FA, Ay and all
full hemisphere difference DTE distributions predicted IDH-TERT subgroups with the
same accuracy as the distribution parameters of these maps, distribution parameteres
of all DAIs had increased predictive power than full distributions and MGF parame-
ters. Lastly, contralateral NAWM MGF parameters were the representation with the
highest validation accuracy for A, and ipsilateral NAWM MGF parameters were for
A3.

Table 5.7
Classification results with the highest validation accuracy in IDH mutation prediction using full
distributions, distribution parameters and MGF parameters where components were selected with

mRMSE.
NAWM Diffusion Dist. MLA Val. Sens. | Spec. | Prec.
Hemisphere Map Type Ace. (%) | (%) (%) (%)
ADC Dist. Coarse Tree 74.3 745 | 745 | 73.9
A3 params. | Coarse Tree 75.7 75.2 | 75.2 75.0
Whole All DAIs | 90-bin | Medium kNN 75.7 747 | 747 | 75.0
brain A1 60-bin Cosine kNN 75.7 74.2 | 742 | 75.2

All DATs | 4-comp. | Cosine kNN 78.6 79.2 | 79.2 | 78.3
All DTEs | 4—comp. | Medium kNN 75.7 75.7 | 75.7 | 75.2

RA Dist Cosine kNN 81.4 80.6 | 80.6 | 81.0

Hemisphere | All DTEs | params Cosine kNN 77.1 75.4 | 754 | 76.9
difference FA 30-bin Cubic kNN 81.4 80.1 | 80.1 | 81.3
A1 30-bin | Bagged Trees 82.9 82.3 | 82.3 | 82.3

Contralateral RA 1-comp. Cubic kNN 70.0 709 | 709 | 70.3

All DTEs | 3—comp. | Cosine kNN 72.9 70.8 | 70.8 72.4

ADC 1—comp. | Cosine kNN 75.7 75.2 | 75.2 | 75.0
Ipsilateral All DAIs | 4—comp. | Cosine kNN 75.7 75.2 | 75.2 | 75.0
A1 2—comp. | Cubic kNN, 80.0 784 | 784 | 80.0
Medium kNN

Table 5.7 summarizes the best performing whole brain NAWM and hemisphere
difference diffusion distribution representations for IDH mutation prediction. Among
all whole brain NAWM distributions, whole brain NAWM MGF parameters of all DAIs
predicted IDH mutation with the highest validation accuracy of 78.6% (Table 5.7).
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While whole brain NAWM MGF parameters were also the best representation for the
RA map, full distributions were the best representations for ADC, FA, A\ and A,
(Figure 5.3). For whole brain NAWM A3 map, distribution parameters and full distri-
butions predicted IDH mutation with the same accuracy. On the other hand, whole
brain NAWM all DTE distribution parameters and MGF parameters also predicted
IDH mutation with the same accuracy. 30 bin hemisphere difference A\; distribution
parameters predicted IDH mutation with 82.9% validation accuracy and became the
top performer among all hemisphere difference distribution representations (Table 5.7).
Full distributions were also the best representation for ADC, FA, all DAIs and A,
(Figure 5.3). On the other hand, hemisphere difference distribution parameters were
the predictors with the highest validation accuracy for RA. Furthermore, hemisphere
difference distribution parameters and full distributions of all DTEs had comparable

performance.

In TERT mutation prediction, whole brain NAWM 30 bin distributions had the
highest validation accuracy with 75.7% among other whole brain NAWM distribution
representations (Table 5.8). On an individual basis, full distributions were also the best
distribution representation for ADC, all DATs, A; and Ay, in TERT mutation classifica-
tion (Figure 5.3). For FA maps, full distribution and distribution parameters had the
same accuracy. A similar case was observed between all DTE distribution parameters
and full distributions. Among hemipshere difference NAWM distribution representa-
tions, distribution parameters of RA and contralateral NAWM 1-component A3 MGF
parameters predicted TERT mutation with 75.7% accuracy (Table 5.8). While, hemi-
sphere difference distribution parameters were the best representation for A, distribu-
tion parameters had the same predictive power as full distribution and contralateral
MGF parameters for ADC and all DAIs (Figure 5.3). Furthermore, hemisphere differ-
ence full distribution was the best representation for FA and )\y. Contralateral MGF

parameters were the best predictors for all DTEs similar to As.

5.3.1.1 Effect of NAWM Hemisphere. Figures 5.4, 5.5 and 5.6 compare the

validation accuracies of whole brain NAWM and hemisphere difference full distribu-
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Table 5.8
Classification results with the highest validation accuracy in TERT mutation prediction using full
distributions, distribution parameters and MGF parameters where components were selected with

mRMSE.

NAWM Diffusion Distribution MLA Val. Sens. | Spec. | Prec.
Hemisphere Map Representation Acc. (%) | (%) (%) (%)
ADC Distribution Medium kNN 74.3 73.9 | 73.9 | 745
A3 parameters Coarse Tree 71.4 72.0 | 72.0 | 726
Whole ADC 90-bin distribution Cosine kNN 72.9 73.0 | 73.0 | 73.0
brain A3 30-bin distribution Medium kNN 75.7 75.4 75.4 75.8
RA 1-component MGF Cosine kNN 65.7 65.1 | 65.1 | 65.9
A3 1-component MGF Medium kNN 72.9 72.5 | 725 | 729
RA Distribution Coarse Tree 75.7 75.7 | T5.7 | T5.7
A1 parameters Fine Tree, 72.9 727 | 7277 | 72.8

Hemisphere Medium Tree
difference FA 90-bin distribution | Logistic Regression 74.3 749 | 749 | 75.5
A2 60-bin distribution Fine Tree, 71.4 715 | 715 | 714

Medium Tree
ADC 1-component MGF Cubic kNN, 68.6 68.1 | 68.1 | 68.6

Contralateral Medium kNN
A3 1-component MGF Cosine kNN 75.7 75.6 | 75.6 | 75.7
RA 2—-component MGF Fine Tree, 67.1 67.3 | 67.3 | 67.2

Medium Tree
Ipsilateral A1 2—component MGF Fine Tree, 71.4 71.8 | 71.8 | 72.0

Medium Tree

tions, distribution parameters and MGF parameters selected with mRMSE.

Focusing on full distributions, IDH-TERT subgroups were predicted the best
with 30 bin hemisphere difference A3 distributions, among all full distributions (Ta-
ble 5.6). If classification accuracies of whole brain NAWM and hemisphere difference
distributions are compared for each diffusion map, hemisphere difference distributions
had higher accuracy in ADC, FA, RA, all DAIs and all DTEs (Figure 5.4). In con-
trast, whole brain NAWM distributions of As and A3 were the best predictors for
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Figure 5.4 Validation accuracy comparison of the full whole brain NAWM and hemisphere differ-
ence DAT and DTE distributions for (A) IDH-TERT subgroups, (B) IDH mutation, and (C) TERT
mutation classifications.

IDH-TERT subgroups for these maps. 30 bin hemisphere difference distribution of )\,
predicted IDH mutation with 82.9% accuracy and became the top performer among all
full distributions (Table 5.7). For individual DAT and DTE maps, hemisphere differ-
ence distributions had higher validation accuracy in comparison to their whole brain
NAWM counterparts in ADC, FA, RA, all DAIs and all DTEs (Figure 5.4). While
whole brain NAWM \; distribution outperformed its hemisphere difference counter-
parts, performance of distributions from both hemispheric analysis were similar for As.
In contrast to IDH-TERT subgroups and IDH mutation predictions, TERT mutation
was predicted the best by whole brain NAWM 30 bin A3 distribution (Table 5.8). Whole
brain NAWM was the better predictor for ADC and A; map in comparison to the cor-
responding hemisphere difference distribution (Figure 5.4). Whole brain NAWM and
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hemisphere difference distributions of all DAIs and \; had similar validation accuracies.

Hemisphere difference distributions were the best predictors for FA, RA and all DTEs.
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Figure 5.5 Validation accuracy comparison of the whole brain NAWM and hemisphere difference
DAT and DTE distribution parameters for (A) IDH-TERT subgroups, (B) IDH mutation, and (C)
TERT mutation classifications.

Among distribution parameters, IDH-TERT subgroups were best predicted by
hemisphere difference distribution parameters of RA, all DAIs and all DTEs separately
with 54.3% validation accuracy, and all DAIs had increased performance compared to
RA in terms of sensitivity, specificity and precision (Table 5.6). Except for Ay and
A3 maps, where whole brain NAWM distribution parameters had better predictive
performance, hemisphere difference distribution parameters had better performance
compared to their whole brain NAWM counterparts in ADC, FA and \; (Figure 5.4).
In IDH mutation prediction, hemisphere difference distributions of RA had the high-
est validation accuracy with 81.4% (Table 5.7). For each DAI and DTE, hemisphere
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difference distributions of all diffusion maps had better classification accuracy in com-
parison to whole brain NAWM, except for A3 where whole brain NAWM distribution
parameters resulted in higher accuracy (Figure 5.4). Similarly, hemisphere difference
RA distribution parameters achieved the highest validation accuracy in TERT muta-
tion prediction with 75.7% validation accuracy (Table 5.8). On an individual basis,
whole brain NAWM distribution parameters had higher accuracy in ADC, A5, A3 and
all DTEs, whereas hemisphere difference distribution parameters had higher accuracy

in FA, all DAIs and RA (Figure 5.4).
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Figure 5.6 Validation accuracy comparison of the whole brain, contralateral, ipsilateral NAWM
DAT and DTE MGF parameters for (A) IDH-TERT subgroups, (B) IDH mutation, and (C) TERT
mutation classifications.

Among MGF parameters selected with mRMSE, IDH-TERT subgroups were
predicted with the highest validation accuracy using ipsilateral NAWM 4—component
MGF parameters of all DTEs (Table 5.6). Ipsilateral NAWM MGF parameters of
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ADC, FA and A; had higher validation accuracy in comparison to whole brain NAWM
and contralateral NAWM MGF parameters of these maps. Furthermore, whole brain
NAWM were the best predictors in comparison to other NAWM hemispheres in RA, all
DATs and A3 (Figure 5.6). In IDH mutation prediction, ipsilateral NAWM 2-component
MGF parameters of A\; achieved the highest accuracy with 80.0% (Table 5.7). When
each DAI and DTE is evaluated individually, ipsilateral NAWM MGF parameters were
better predictors of IDH mutation for ADC, FA and ), while ipsilateral NAWM MGF
parameters of all DTEs had similar performance with whole brain NAWM MGF pa-
rameters of all DTEs (Figure 5.6). Whole brain NAWM MGF parameters had higher
predictive value for RA, all DAIs and A3 maps in contrast to other NAWM hemi-
spheres. In contrast to IDH-TERT subgroups and IDH predictions, TERT mutation
was predicted the best by 1-component contralateral NAWM MGF parameters of \;
with 75.7% accuracy (Table 5.8). Considering each DAI and DTE map individually,
contralateral NAWM MGEF parameters were the best predictors for ADC, all DAISs,
Ao and all DTEs(Figure 5.6). Furthermore, ipsilateral NAWM MGF parameters had
higher accuracy in FA, RA and A\; maps.

5.3.2 Feature Selection Applied to Full Distributions

Table 5.9
Classification results with the highest validation accuracy in IDH-TERT subgroup prediction using
full whole brain NAWM DATI and DTE distributions without and with feature selection.

Feature Diffusion | Number MLA Val. Sens. | Spec. | Prec.
Selection Map of Bins Ace. (%) | (%) (%) (%)
No Feature ADC 90 Cosine kNN 51.4 439 | 82.1 | 67.7
Selection A3 60 Cubic kNN 52.9 44.3 83.2 39.5
All DATs 90 Fine Tree, 78.6 77.0 | 925 | 78.1

SBFS Medium Tree
All DTEs 90 Fine Tree, 714 72.3 | 90.4 | 70.2

Medium Tree

Figure 5.7 demonstrates the validation accuracy comparison of feature selection
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Figure 5.7 Validation accuracy comparison of feature selection methods applied to full whole brain
NAWM and hemisphere difference DAT and DTE distributions in (A-B) IDH-TERT subgrops, (C-D)
IDH mutation, (E-F) TERT mutation classifications.

methods applied to full distributions of whole brain NAWM and hemisphere difference
for IDH-TERT subgroups, IDH and TERT mutation predictions.
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Table 5.10
Classification results with the highest validation accuracy in IDH-TERT subgroup prediction using
full hemisphere difference DAT and DTE distributions without and with feature selection.

Feature Diffusion | Number MLA Val. Sens. | Spec. | Prec.

Selection Map of Bins Ace. (%) | (%) (%) (%)

No Feature RA 30 Cubic kNN 55.7 48.3 | 84.3 | 49.1

Selection A1 30 Kernel Naive Bayes 58.6 51.9 | 86.0 | 53.5

SFFS All DATs 30 Boosted Trees 72.9 744 | 909 | 715

SFFS A1 90 Fine Tree, 75.7 73.7 | 91.5 | 754
Medium Tree

Tables 5.9 and 5.10 summarize the best performing whole brain NAWM DAI
and DTE distributions without and with feature selection for IDH-TERT subgroups

prediction.

For both whole brain NAWM and hemisphere difference distributions, SBF'S was
the feature selection that increased classification accuracy the most for most of the DAT
and DTE maps (Figure 5.7) except for whole brain NAWM J\;, hemisphere difference
ADC and all DAIs with SFFS. Furthermore, hemisphere difference Ay distributions
with SBFS and SFFS had similar prediction performance. Specifically, whole brain
NAWM 90 bin distributions of all DAIs predicted IDH-TERT subgroups with 78.6%
validation accuracy, while hemisphere difference 90 bin A; distributions predicted with

75.7% validation accuracy (Table 5.10).

Tables 5.11 and 5.12 summarize the best performing whole brain NAWM DAI

and DTE distributions without and with feature selection for IDH mutation prediction.

In IDH mutation prediction, SFF'S applied all 90 bin DAT distributions achieved
91.4% validation accuracy (Table 5.11). SFFS also increased the validation accuracy
the most for whole brain ADC, FA and A3, whereas SBFS was the top performing
feature selection technique for RA, A;, Ay and all DTE maps (Figure 5.7). Using
hemisphere difference distributions, SBF'S applied 60 bin all DAIs and \; distributions
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Table 5.11
Classification results with the highest validation accuracy in IDH mutation prediction using full
whole brain NAWM DAT and DTE distributions without and with feature selection.

Feature Diffusion | Number MLA Val. Sens. | Spec. | Prec.
Selection Map of Bins Ace. (%) | (%) (%) (%)
No Feature || All DAIs 90 Medium kNN 75.7 74.7 | 4.7 | 75.0
Selection A1 60 Cosine kNN 75.7 74.2 74.2 75.2
SFFS All DATs 90 Fine Tree, 91.4 90.7 | 90.7 | 91.6

Medium Tree

SBF'S All DTEs 60 Fine Tree, 88.6 87.7 | 87.7 | 88.6

Medium Tree

Table 5.12
Classification results with the highest validation accuracy in IDH mutation prediction using full
hemisphere difference DAT and DTE distributions without and with feature selection.

Feature Diffusion | Number MLA Val. Sens. | Spec. | Prec.
Selection Map of Bins Ace. (%) | (%) (%) (%)
No Feature FA 30 Cubic kNN 81.4 80.1 | 80.1 | 81.3
Selection A1 30 Bagged Trees 82.9 82.3 | 82.3 | 82.3

All DATs 60 Coarse Tree, Fine Tree, 94.3 93.6 | 93.6 | 94.7
SBFS Medium Tree
A1 60 Fine Tree, 94.3 93.6 | 93.6 | 94.7

Medium Tree

separately predicted IDH mutation with 94.3% validation accuracy. SBFS improved
the accuracy the most in Ay, A3 and all DTEs as well. On the other hand, SFFS
performed better for ADC, FA and RA hemisphere difference distributions.

Tables 5.13 and 5.14 summarize the best performing whole brain NAWM DAI
and DTE distributions without and with feature selection for TERT mutation predic-

tion.

Among all feature selection methods applied to whole brain NAWM distribu-
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Table 5.13
Classification results with the highest validation accuracy in TERT mutation prediction using full
whole brain NAWM DAT and DTE distributions without and with feature selection.

Feature Diffusion | Number MLA Val. Sens. | Spec. | Prec.
Selection Map of Bins Ace. (%) | (%) (%) (%)
No Feature ADC 90 Cosine kNN 72.9 73.0 | 73.0 | 73.0
Selection A3 30 Medium kNN 75.7 75.4 75.4 75.8
FA 90 Fine Tree, 82.9 83.0 | 83.0 | 82.9

SBFS Medium Tree
All DTEs 90 Fine Tree, 85.7 85.8 | 85.8 | 85.7

Medium Tree

Table 5.14
Classification results with the highest validation accuracy in TERT mutation prediction using full
hemisphere difference DAT and DTE distributions without and with feature selection.

Feature Diffusion | Number MLA Val. Sens. | Spec. | Prec.
Selection Map of Bins Ace. (%) | (%) (%) (%)
No Feature FA 90 Logistic Regression 74.3 74.9 | 74.9 | 75.5
Selection Ao 60 Fine Tree, 71.4 71.5 71.5 71.4

Medium Tree

FA 90 Fine Tree, 88.6 88.4 88.4 88.8
SBFS Medium Tree
A1 60 Fine Tree, 88.6 88.4 | 88.4 | 88.8

Medium Tree

tions, SFFS and SBFS applied 90 bin distributions separately predicted TERT muta-
tion with 85.7% validation accuracy, although they differed in sensitivity (Table 5.13).
SBFS was the most successful method in increasing accuracy of whole brain NAWM
full distributions for all DAT and DTE maps except for A\, for which SFF'S was the most
successful feature selection method (Figure 5.7). In hemisphere difference distributions,
SBES applied 90 bin FA and 60 bin \; distribution predicted TERT mutation with the
highest validation accuracy of 88.6% (Table 5.14). SFFS increased the accuracy of the

hemisphere difference A3 distribution the most, whereas SBFS improved the accuracies
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On the other hand, SBFS and

SFFS applied hemisphere difference ADC and Ay maps achieved similar performance.

5.3.3 Dimensionality Comparison in MGF
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Figure 5.8 Validation accuracy comparison of DAI and DTE MGF parameters of whole brain,
contralateral and ipsilateral NAWM whose components were selected with mRMSE and SVD in (A-
C) IDH-TERT subgroups, (D-F) IDH mutation, (G-I) TERT mutation classifications.

Figure 5.8 demonstrates the validation accuracy comparison in dimensionality

selection with mRMSE and SVD in MGF of whole brain, contralateral and ipsiateral
NAWM for IDH-TERT subgroups, IDH and TERT mutation predictions.

Tables 5.15 and 5.16 show the best performing diffusion map of whole brain,

contralateral and ipsilateral NAWM MGF parameters, where number of components
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Table 5.15
Classification results with the highest validation accuracy in IDH-TERT subgroup prediction using
MGF parameters of DAT and DTE distributions. Number of Gaussian components were selected
with mRMSE. * Due to the class imbalance between the j classes of IDH-TERT subgroups, one of
the class—wise precision calculations results in zero—division. This zero—division leads to NaN in
averaged precision.

NAWM Diffusion Number MLA Val. Sens. | Spec. | Prec.
Coverage Map of Gaussians Ace. (%) | (%) | (%) (%)
Whole All DAIs 4 Cosine kNN 50.0 41.7 | 82.0 | NaN~*
Brain All DTEs 4 Subspace 51.4 46.0 | 83.1 48.1
Discriminant
ADC 1 Subspace 45.7 36.3 | 80.0 | NaN*
Contralateral Discriminant
Ao 1 Coarse Tree 51.4 41.7 82.4 | NaN*
FA 1 Coarse Tree 51.4 46.0 | 82.2 | 52.7
Ipsilateral All DTEs 4 Fine Tree, 52.9 47.7 | 84.0 47.9
Medium Tree

Table 5.16
Classification results with the highest validation accuracy in IDH-TERT subgroup prediction using
MGF parameters of DAT and DTE distributions. Number of Gaussian components were selected
with SVD using 20% relative change threshold. * Due to the class imbalance between the 4 classes of
IDH-TERT subgroups, one of the class—wise precision calculations results in zero—division. This
zero—division leads to NaN in averaged precision.

NAWM Diffusion Number MLA Val. Sens. | Spec. | Prec.

Coverage Map of Gaussians Ace. (%) | (%) (%) (%)

Whole RA ) Cosine kNN 47.1 40.3 | 81.0 46.7

Brain All DTEs 16 Cubic kNN 48.6 46.8 | 82.5 | 46.9

Contralateral RA 5 Cosine kNN 48.6 40.1 | 81.4 | NaN*

A2 5 Medium kNN 47.1 41.2 | 814 35.9

FA ) Linear SVM 50.0 44.6 82.2 52.1

Ipsilateral A1 5 Fine Tree, 41.4 40.1 | 80.1 39.3
Medium Tree

were determined by mRMSE and SVD, for IDH-TERT subgroups prediction.
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In IDH-TERT subgroups prediction, among whole brain NAWM MGF param-
eters, 4—component MGF selected with mRMSE achieved the highest validation accu-
racy with 51.4% (Table 5.15). For the remaining DAT and DTE maps, MGF compo-
nents selected with mRMSE had higher accuracy than components selected with SVD
for all maps except RA, which had higher accuracy with SVD, and A;, which had simi-
lar accuracy for mnRMSE and SVD (Figure 5.8). In contralateral NAWM, 1-component
A2 MGF parameters selected with mRMSE achieved the highest accuracy with 51.4%
in comparison to SVD (Table 5.15). mRMSE selected components also outperformed
SVD in all DAT and DTE maps, with the exception of FA, for which SVD performed
better, and RA, where both dimensionality selection methods achieved similar accuracy
(Figure 5.6). In ipsilateral hemisphere, mRMSE selected components of 4-component
all DTEs achieved 52.9% validation accuracy (Table 5.15). Similarly, when DAT and
DTE maps are evalauted individually, mRMSE selected components performed bet-
ter than SVD for all DAI and DTE maps, except for RA where SVD outperformed
mRMSE and all DAIs where both mRMSE and SVD predicted IDH-TERT subgroups

with the same accuracies (Figure 5.8).

Table 5.17
Classification results with the highest validation accuracy in IDH mutation prediction using MGF
parameters of DAI and DTE distributions. Number of Gaussian components were selected with

mRMSE.

NAWM Diffusion Number MLA Val. Sens. | Spec. | Prec.
Coverage Map of Gaussians Ace. (%) | (%) | (%) | (%)
Whole All DAIs 4 Cosine kNN 78.6 79.2 | 79.2 | 78.3
Brain All DTEs 4 Medium kNN 75.7 75.7 | 75.7 | 75.2
Contralateral RA 1 Cubic kNN 70.0 70.9 | 70.9 | 70.3
All DTEs 3 Cosine kNN 72.9 70.8 | 70.8 | 72.4
ADC 1 Cosine kNN 75.7 75.2 75.2 75.0
Ipsilateral All DATs 4 Cosine kNN 75.7 75.2 | 75.2 | 75.0
A1 2 Cubic kNN, 80.0 784 | 78.4 | 80.0

Medium kNN

Tables 5.17 and 5.18 show the best performing diffusion map of whole brain,

contralateral and ipsilateral NAWM MGF parameters, where number of components
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Table 5.18
Classification results with the highest validation accuracy in IDH mutation prediction using MGF
parameters of DAT and DTE distributions. Number of Gaussian components were selected with
SVD using 20% relative change threshold.

NAWM Diffusion Number MLA Val. Sens. | Spec. | Prec.
Coverage Map of Gaussians Ace. (%) | (%) (%) (%)
Whole RA 5 Cosine kNN 75.7 727 | 727 | 77.0
Brain All DTEs 16 Cosine kNN 75.7 742 | 742 | 75.2
Contralateral FA 5 Medium kNN 70.0 66.8 | 66.8 | 70.0
Ao 5 Cubic kNN 78.6 772 | 772 | 782

Ipsilateral FA 5 RUS Boosted Trees 74.3 74.0 | 74.0 | 73.6
A3 5 Cosine kNN 77.1 73.9 | 73.9 | 794

were determined by mRMSE and SVD, for IDH mutation prediction.

Among whole brain NAWM MGF parameters, 4-component MGF parameters
of all DAIs selected with mRMSE resulted in a 78.6% validation accuracy for IDH
prediction (Table 5.17). mRMSE also performed better for FA, A, Ay and A3 (Fig-
ure 5.8). For FA, SVD selected components achieved higher validation accuracy than
mRMSE selected components. mRMSE and SVD selected components of ADC and all
DTEs achieved similar accuracies. In contrast, in contralateral NAWM, 5—component
MGF parameters of Ay selected with SVD achieved the highest validation accuracy
with 78.6% (Table 5.18). For A3 SVD selected MGF parameters performed better
than mRMSE, whereas both methods resulted in the same accuracy in IDH prediction

(Figure 5.8). mRMSE outperformed SVD in ADC, RA, all DAIs, \; and all DTEs.

Tables 5.19 and 5.20 show the best performing diffusion map of whole brain,
contralateral and ipsilateral NAWM MGF parameters, where number of components

were determined by mRMSE and SVD, for TERT mutation prediction.

In TERT mutation prediction with whole brain NAWM MGF parameters, 1-
component MGF parameters of A3 selected with mRMSE and 16—component MGF
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Table 5.19
Classification results with the highest validation accuracy in TERT mutation prediction using MGF
parameters of DAT and DTE distributions. Number of Gaussian components were selected with

mRMSE.

NAWM Diffusion Number MLA Val. Sens. | Spec. | Prec.
Coverage Map of Gaussians Ace. (%) | (%) (%) (%)
Whole RA 1 Cosine kNN 65.7 65.1 | 65.1 | 65.9
Brain A3 1 Medium kNN 72.9 72.5 72.5 72.9
ADC 1 Cubic kNN; 68.6 68.1 | 68.1 | 68.6

Contralateral Medium kNN
A3 1 Cosine kNN 75.7 75.6 | 75.6 | 75.7
RA 2 Fine Tree, 67.1 67.3 | 67.3 | 67.2

Ipsilateral Medium Tree
A1 2 Fine Tree, 71.4 71.8 | 71.8 | 72.0

Medium Tree

Table 5.20
Classification results with the highest validation accuracy in TERT mutation prediction using MGF
parameters of DAI and DTE distributions. Number of Gaussian components were selected with
SVD using 20% relative change threshold.

NAWM Diffusion Number MLA Val. Sens. | Spec. | Prec.
Coverage Map of Gaussians Ace. (%) | (%) | (%) | (%)
Whole FA 5 Cubic kNN 67.1 67.8 | 67.8 | 68.5
Brain All DTEs 16 Coarse Tree 72.9 72.5 | 725 | 729
Contralateral || All DAIs 16 Coarse Tree 74.3 75.2 | 752 | 773
A3 6 Coarse Tree 70.0 69.3 | 69.3 | 70.6

Ipsilateral ADC 5 Coarse Tree 74.3 749 | 749 | 755
All DTEs 14 Coarse Tree 77.1 779 | 779 | 79.3

parameters of all DTEs selected with SVD achieved the highest accuracy with 72.9%
(Tables 5.19 and 5.20). When diffusion maps are evaluated individually, mRMSE se-
lected components of ADC, all DAIs, A\; and A; achived higher accuracies than SVD
selected components, SVD selected components outperformed mRMSE selected com-

ponents in FA (Figure 5.8). With contralateral NAWM MGF parameters, 1-component
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A3 MGF parameters selected with mRMSE achieved the highest validation accuracy
with 75.7% (Table 5.19). Among contralateral NAWM TERT prediction, mRMSE se-
lected components resulted in increased accuracies for ADC, A5 and all DTEs. On the
other hand SVD selected components had increased validation accuracy for FA, RA
and A\;. In ipsilateral NAWM, 5-component MGF parameters of A; and 14-component
MGF parameters of all DTEs selected with SVD achieved the highest accuracy in
TERT prediction with 77.1%, although they differed in sensitivity (Table 5.20). SVD
selected components also had higher validation accuracies in TERT predictions with
ADC, FA, all DAIs and Ay, whereas mRMSE selected components of RA had higher
accuracies than RA MGF parameters selected with SVD (Figure 5.8).
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6. DISCUSSION

In this study, the classification performances of whole brain and hemisphere
difference diffusion anisotropy indices and eigenvalues’ distributions of NAWM in pre-
dicting IDH-TERT subgroups, IDH and TERT mutations were analyzed. Full distri-
butions as well as selected distribution bins and MGF parameters were used and the
results were compared with those of standard histogram parameters. The results show
that diffusion distributions can generally predict glioma molecular subgroups more
accurately than standard distribution parameters. When whole brain NAWM and
hemisphere difference distributions are compared, hemisphere difference distributions
mostly achieved higher accuracy compared to their whole brain NAWM counterparts.
Furthermore, using feature selection methods enhanced classification performance in
all performance metrics used in this study. In addition, MGF component selection with

mRMSE achieved higher accuracy compared component selection with SVD.

Differences of DAIs and DTE among IDH-TERT subgroups, IDH mutation and
TERT mutation status were statistically compared. Among IDH-TERT subgroups,
significant differences were detected among IDHonly and TERTonly subgroups with
whole brain NAWM FA and RA. Hemisphere difference FA and RA also showed signif-
icant differences for the same subgroup pair and TERTonly and double positive groups.
For the TERT mutation, no significant differences were found by whole brain NAWM
DATs and DTEs, however hemisphere difference FA and RA were higher, and A3 was
lower in TERTmut patients than TERTwt. However, to the best of our knowledge,
there are not any studies statistically comparing diffusion distributions between differ-
ent TERT mutations or IDH-TERT subgroups. In IDH mutation, IDHmut patients
have higher FA, RA, A\; and lower Ay and A3 compared to IDHwt. However, there was
no significant difference in ADC. Higher FA and lower Ay and A3 agree with results
of Jiitten et al. [40], yet differ in ADC and \;. Lastly, hemisphere difference FA and
RA were found to be lower, and hemisphere difference A\; and A3 were found to be

higher in IDHmut patients in comparison to IDHwt. In this study, medians of diffu-
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sion parameters were compared due to high skew, kurtosis or multi-modality of DATs
and DTEs. In contrast, mean values were used in the statistical analysis of Jiitten et
al. study, which might be the reason behind the disagreement in the findings for ADC
and A;. Although nonparametric statistical tests have lower statistical power [64], such

selection was made after checking for normality assumptions of parametric tests.

Classification performance of full distributions with standard distribution pa-
rameters and MGF-derived parameters of mRMSE, in whole brain and hemisphere
difference NAWM were compared. MGF parameters of mRMSE were analyzed as con-
tralateral and ipsialteral NAWM for hemisphere difference analysis, because different
number of Gaussian components were selected by mRMSE for RA and A\; maps (Ta-
ble 5.4). Our results confirm that full distributions are generally better predictors for
glioma molecular subgroups than standard distribution parameters or multi-Gaussian
fit parameters, in all NAWM hemipsheres and for all molecular subgroups labels, with
some exceptions in IDH-TERT subgroups, IDH and TERT mutation (Figure 5.3). Al-
though the findings agree with of Tozer et al. [15] who found raw tumor ADC histograms
to be bettter predictors than histogram parameter for low-grade glioma subtypes, some
DATs and DTEs can better represent tumor effects in the NAWM caused by variations
in IDH and TERT mutations with "simpler" distribution representations. Overall,
this might suggest that while some diffusion parameters can be represented with sum-
mary statistics, others may need more complex representations such as MGF or full

distributions.

Generally, hemisphere difference distribution representations had higher vali-
dation accuracies (Figures 5.4 and 5.5) in comparison to whole brain NAWM data.
Exceptions to this observation was identified for eigenvalues and ADC data. MGF fit
parameters of contralateral and ipsilateral NAWM had comparable to or better clas-
sification performance than whole brain NAWM distribution parameters. Of all full
DATI and DTE distributions, hemisphere difference distributions had increased classifi-
cation performance than most whole brain NAWM distributions, which might indicate
the ability of hemisphere difference distributions’ to capture DAI and DTE changes in
NAWM caused by IDH and/or TERT mutations. Among contralateral and ipsilateral
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NAWM MGF parameters, ipsilateral NAWM MGF parameteres had higher accuracy
compared to contralateral NAWM except for contralateral NAWM )\, in IDH-TERT
subgroup classification and ADC and A3 in TERT classification (Figure 5.6). This
might suggest that TERT mutation may have more increased effects on contralat-
eral NAWM MGF parameters, although this requires further investigation. Although
distal changes have only been studied for different glioma grades only [32, 33|, pres-
ence and prognosis of IDH and TERT mutated tumors have been linked to glioma
grade [4, 11, 12, 13]. Varying IDH and TERT mutations might have caused vary-
ing magnitudes of change, with more pronounced diffusion changes in the ipsilateral
NAWM. As a consequence, hemisphere difference distributions might be defined with

different functions according to mutation status.

To use only the most informative subset of distribution bin columns, variance
threshold, SFFS, SBFS and SVD were used. Among all feature selection and extraction
methods, SFFS and SBF'S selected features had the highest accuracy in all molecular
subgroup predictions (Figure 5.7). These methods increased IDH-TERT prediction
to 70% range and predicted IDH mutation with more than 90% accuracy and TERT
mutation with more than 85% accuracy. In all predictions with SFFS and SBFS
features, variants of decision trees were used to predict molecular subgroup labels,
which might have an effect on increased accuracies. This confirms the observation that
classifier used during feature selection process prepares the features for a specific MLA,

which was a decision tree in this study [66].

To select a global number of Gaussians to fit to each diffusion map, 2 different
methods, mRMSE and SVD, were used. mRMSE was calculated as the mean RMSE
of each patient’s fit. SVD was used to find the number of basis vectors that best
defines the 1000—bin distribution, which was then selected as the number of Gaussians
that models the full distribution. The results show that MGF parameters selected
with mRMSE performed better or as well as MGF parameters selected with SVD in
glioma subgroup prediction, although with some exceptions. For all diffusion maps
SVD selected more Gaussian components than mRMSE in all maps. Classifications

where SVD selected MGF components achieved higher accuracies than mRMSE, for
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instance TERT prediction from ipsilateral NAWM, suggest the underlying data requires
more complex Gaussians to predict genetic mutation, even though more components

does not necessarily mean a better fit.

IDH-TERT subgroups prediction had the lowest classification performance ir-
respective of the features or feature selection method. This may be attributed to the
effect of class imbalance in IDH-TERT subgroups. MLAs does not perform well under
class imbalance because they learn examples of the majortiy class more than they learn
the examples of the minority class. Inevitably, this results in high class-wise prediction
accuracy for the majority class and low or zero accuracy for the minority class. Ran-
dom undersampling (RUS) boosted trees are known for their robustness to imbalanced
data, because this algorithm undersamples the majority class to balance class distri-
butions before classification [67]. However, in this study, RUS boosted trees achieved
the highest accuracy only in one of the classifications. Maps with highest validation
accuracies generally used decision trees or kNN variants. This may be due to small size
of the minority class, which causes underfitting during training (Figure 4.1). In future
studies, oversampling methods, such as SMOTE [68] or A—-SUWO [69] can be used to

create a more uniform label distribution thus, increasing prediction performance.

Statistical analysis is a tool to draw inferences from sample data, where MLAs
aim to recognize patterns and predict an outcome variable. As the number of variables
increases, statistical model and analysis becomes more complex, and ML becomes a
useful tools [70]. In this study, MLAs predicted mutations with diffusion maps that
showed no statistical significance, for which ADC maps are examples. Statistical anal-
ysis was performed with one variable, the median values, yet the data were represented
in a more complex manner, with full distributions and MGF parameters, in classifica-
tion. This complexity may have been a factor that allowed maps that did not show any
statistical signifcance to achieve the highest validation accuracy among all distribution

parameters.

There are some limitations of this study. First of all, an in—house developed

program was used to register NAWM masks from anatomical space to DTI space,
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in order to correct for distortions caused by other registration tools. However, this
program may not be able to delineate all NAWM areas as there were excluded islands
belonging to NAWM tissue. Despite excluding some NAWM, masks registered with
this program did not include any non-NAWM tissue. Second, cohort size decreased
from 170 to 70 patients due to lack of imaging and genetic data in some patients, which
is something expected in clinical data. In a clinical setting, physicians may not be able
to perform genetic analysis due to time constraints imposed by the medical condition.
Furthermore, imaging studies may have been cut short due complications related to

tumor, resulting in certain missing imaging modalities.

In the future work, further studies are planned on a larger cohort to verify
the success of DAI and DTE distributions in predicting IDH and TERT mutations
in glioma patients. Furthermore, with MGF, instead of fitting a certain number of
Gaussians to each diffusion map, number of fits of each patient will be studied and

tested for mutation prediction.
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7. CONCLUSION

In conclusion, this study demonstrated that more complicated data representa-
tions, namely full distributions and MGF parameters, may be more successful in pre-
dicting glioma genotype from NAWM DAIs and DTEs compared to standard summary
statistics. Specifically , full diffusion distributions generally had increased predictive
power compared to standard summary statistics and MGF parameters. Distal differ-
ences were investigated by testing distributions of whole brain NAWM and hemipshere
difference. The results showed that hemisphere difference distributions generally pre-
dicted molecular subgroups with higher accuracy compared to whole brain NAWM
distributions. In MGF parameters, data from ipsilateral NAWM mostly predicted
IDH-TERT subgroups better than data from contralateral NAWM. Success of con-
tralateral NAWM MGF data in TERT prediction suggests more investigation into
the microstructural effects of TERT in the contralateral NAWM. Furthermore, using
sequential feature selection significantly increased the classification accuracy and per-
formance for all molecular subgroups included in this study. Considering the highly
infiltrative and heterogenous behavior of gliomas, DAI and DTE information with
varying complexities from NAWM provides a wider perspective and notable features

for glioma molecular subgroup prediction.
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APPENDIX A. NAWM Mask Registration

Figure A.1 Detailed steps of NAWM mask registration using in-house MATLAB® software. (A)
ToW image, (B) NAWM mask delineated in T2W image space and (C) segmetation mask, (D) ToW
image, (E) By map registered to ToW imge sapce using FSL, (F) overlay of NAWM mask in oW image
space on By — ToW image, (G-I) whole brain, left and right hemisphere NAWM masks registered to
By image space using in-house developed MATLAB® software.



60

APPENDIX B. Definitions of Distribution Parameters

In a sample with n elements, where x; denotes the i*® element [65, 71]:

B.1 Mean

3

&I
Il
S|
8
o
=

B.2 Standard Deviation

B.3 Median

If n is odd, median is calculated as the (—) largest observation. If n is even,

2
median is calculated as the mean of (g)th and (g + 1)t observations.

B.4 Skewness

E(x —1)3
 stdev?
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where E denotes the expected value.

B.5 Kurtosis

B E(x —x)*
- stdevt

(B.4)

where E denotes the expected value.

B.6 p't Percentile

p™ percentile point is defined as the (k + 1)"™ largest elements of 1% is not an

integer, where k is the largest integer such that k < (5. If {05 is an integer, the pth

percentile is defined as the mean of %th and (% + 1)th elements.
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