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ABSTRACT

PROBABILISTIC DETERMINATION OF BRAIN TUMOR
LOCATIONS

Determination of the origin of tumor locations is an important issue in terms
of diagnosis and treatment of patients with glioma. The aim of this study was to
determine and analyze a probabilistic brain tumor map reflecting tumor observation
frequencies in different brain locations. T1-weighted MR images of 232 patients diag-
nosed with high and low grade brain tumors were analyzed. The data were collected
from both online MRI brain tumor data resources shared for academic usage as well as
brain tumor patients from Bagkent University Hospital. We obtained 78 high and 54
low-grades MRI scans from Bagkent University Hospital, and 20 high and 10 low-grades
images from the MICCAI 2012 Challenge on Multimodal Brain Tumor Segmentation
(BRATS). Combining all these MRI scans together with the use of brain imaging tech-
niques created the probabilistic brain tumor map. Following brain extraction, image
registration is implemented to transfer all MRI scans to the reference image coordi-
nates, and individual transformation matrices are obtained for each data. Then brain
tumors are segmented, and a radiologist confirmed the segmentation results. Then
segmented images are registered to the standard coordinates by multiplying them with

their specific transformation matrices.

Our results indicated that there is a difference between high and low-grade tumor
regions. Many of tumor positions were around the frontal and temporal ventricular
zone for high-grades while the low-grade tumors were located around the posterior
ventricular wall. These findings also support the theory that there is a close relationship

between gliomas and ventricle region where neural stem cells are emanated.

Keywords: MR, Brain Image Analysis, Registration, Segmentation, Brain Tumor,

Glioma, Neural Stem Cell, Probabilistic Map.



OZET

BEYIN TUMORU BOLGELERININ OLASILIKSAL
OLARAK BELIRLENMESI

Beyin tiimorlerinin yerlerinin tespiti, tiimor hastalarinin teshis ve tedavisi
agisindan biiyiik 6nem arz etmektedir. Bu ¢aligmanin amaci farkli beyin bolgelerinde
tiimor goriinme sikligini yansitan olasiliksal beyin tiimorii haritasini olusturmaktir.
Beyin tiimorii teshisi konan toplam 232 hastanin T'1 agirlikh diigiik ve yiiksek gradeli
MR goriintiileri incelenmigtir. Veriler hem akademik aragtirma amaciyla yayimnlanan
beyin tiimorii veri kaynaklarindan hem de Bagkent Universitesi Hastanesi’nin sagladig:
beyin tiimorii hastalarinin verilerinden olugmaktadir. 78 adet yiiksek ve 54 adet diigiik
gradeli MR verileri Bagkent Universitesi Hastanesi'nden toplandi. Bunun yanmda 20
adet yiitksek ve 10 adet diigiik gradeli goriintiileri MICCAI 2012 konferansindan, 70
adet beyin goriintiisi de REMBRANDT veri tabanindan alindi. Beyin tiimori haritas
gesitli goriintiileme yontemlerinin yardimiyla biitiin bu MRI taramalarinin birbiri {iz-
erine eklenmesiyle olugturuldu. Beyin ¢ikartma yonteminden sonra goriintii cakigtirma
yontemi, biitiin MRI taramalarinin ayni zeminde degerlendirilmesi i¢in kullanildi ve
her veri i¢in ayr1 doniigtiirme matrisleri olusturuldu. Segmente edilen tiimoérler bu

doniigtiirme matrisleriyle carpilarak ayni referans zeminine getirildi.

Elde edilen neticeler gosterdi ki yiiksek ve diisiik gradeli tiimor bolgeleri arasinda
ufak farkliliklar goze ¢arpmaktadir. Bir ¢ok beyin tiimorii yiiksek gradeli verilerde
frontal ve temporal ventricular bolgelerde gézlemlenmis olmasina ragmen diigiik gradeli
tliimorlerde posterior ventricular duvarinda oldugu belirlenmigtir. Bu bulgular sinir kok
hiicrelerinin ortaya ¢iktigi yerdeki ventricle bolgesi ile beyin tiimorii arasinda yakin bir

iligki oldugu teorisini desteklemektedir.

Anahtar Sozciikler: MR, beyin tiimorii, glioma, beyin goriintii isleme, segmentasyon,

cakigtirma, noral kok hiicreleri, olasiliksal harita.
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1. INTRODUCTION

1.1 Literature Review and Motivation

In 2014, according to Central Brain Tumor Registry of the United States (CB-
TRUS), 23,380 people are diagnosed with cancerous brain tumors while 14,320 adults
died from the disease in the US. Brain tumors are commonly seen not only in older
people but also in the children. 20% of tumor cases observed on children younger than
19. So far, 120 different types of brain tumors were identified. While there is a big
effort in detection and treatment of brain tumors, there is also a considerable effort
for determining where gliomas are originated. There might be a relation between the

location and the place of its origin [1].

Finding the place where brain tumor cell originates is challenging. There are
various mathematical models [2] describing glioma growth. Tumor location may give
insight about the diagnosis, and brain tumors may have various features comparing the
phenotypes of the tumor-based regions [3|. Depending upon where they originate, the
tumors may display different progressions [4]. Determination of glioma locations 5]
enables to identify the connections between tumor types and the diagnosis as well as to

present a different perspective regarding anatomic relations of tumor and its region [6].

Although the source of gliomas has been unnamed, at the present time, the
recent studies have revealed that brain tumors may emerged from mutation of neural
stem cells that populated in lateral ventricular system walls [7, 8], which is called as
sub-ventricular zone (SVZ). SVZ hosts neural stem cells, and plays an important role
in self-renewal and reproduction of glial and neurons during a human’s lifetime. Both
brain tumor cells and neural stem cells have a bunch of typical characters including
high motor response and association with blood vessels and white matter tracts |9];
thereby, there is a high probability that gliomas may originate from the neural stem

cells resided at SVZ. As a result, the determination of glioma probabilistic map might



provide a contribution to such an approach.

The reason why the segmentation of brain tumors is a highly complicated work
is that gliomas do not have a particular shape as of skull, cerebrospinal fluid (CSF)
as well as white and grey matter. Hence, specific algorithms are applied to segment
gliomas automatically including the comparison of approximate left-right symmetry
of a healthy brain [10]. There are also semiautomatic methods used for tumor seg-
mentation. Tumor-cut segmentation introduces a rapid and robust functional tool for
tumor detection with minimal user intervention by choosing two points comprising of
the longest line covering tumor region [11]. Despite of the appreciable progression in
tumor segmentation algorithms, gliomas are preferably detected in manually for it is a
more confidential and accurate solution [12]|. In this thesis, semi-automatic and man-
ual ways of tumor segmentation methods are utilized according to the type, shape and

occupied volume of the brain tumors.

Tumor grades are evaluated as low and high-grade gliomas according to the
commonly used magnetic resonance imaging technique (MRI) called as relative cere-
bral blood volume (rCBV). Hence, low and high-grade gliomas can be evaluated as
separately in the determination of a brain’s probabilistic tumor map. The difference
between the distributions of high and low-grade tumors may help to specify tumor
grades; thereby, the determination of original place of tumors can be approximated
through such a method [13]. Another aim of this thesis is also the determination of
radiation treatment region that is remarkably crucial in reducing the risk of tumor

reoccurrence.

We created the probabilistic brain tumor maps through the data obtained from
232 tumor patients including probabilistic brain tumor location by registering and

segmenting related structural MRI brain data.



1.2 Gathering MRI Image Data

We had collaborated with Bagkent University Hospital. They collected the MRI
image data of patients with brain tumor. All MRI data are included of pre-operated
T1 and T2 weighted images. We obtained 132 data sets of patients diagnosed with
brain tumors. 78 datasets included high-grade glioma patients whereas 54 of them have

low-grade gliomas.

We also obtained 20 high, 10 low-grade, and total 30 glioma images from the
MICCATI 2012 Challenge on Multimodal Brain Tumor Segmentation (BRATS 2012' ).
Lastly, we gathered 70 MRI datasets of brain tumors from The REpository of Molecular
BRAin Neoplasia DaTa (REMBRANDT) project® . In total, we had 232 brain tumor
patients for the determination of brain tumor probabilistic map to get information

about the origin of brain tumors.

1.3 Contribution

In this thesis:

e Brain extraction algorithm is performed in order to remove the skull from MR

images.

!Brain tumor image data used in this work were obtained from the MICCAI 2012 Challenge on
Multimodal Brain Tumor Segmentation (http://www.imm.dtu.dk/projects/BRATS2012) organized
by B. Menze, A. Jakab, S. Bauer, M. Reyes, M. Prastawa, and K. Van Leemput. The challenge
database contains fully anonymized images from the following institutions: ETH Zurich, University
of Bern, University of Debrecen, and University of Utah.

2The REpository of Molecular BRAin Neoplasia DaTa (REMBRANDT) project, run by the Glioma
Molecular Diagnosis Initiative, is focused on uncovering the underlying causes of glioblastoma mul-
tiforme (GBM) cancer. More specifically, the REMBRANDT project seeks to characterize a large
number of adult and pediatric primary brain tumors and identify biomarkers by correlating molecular
data with extensive retrospective and prospective clinical data. REMBRANDT provides a bioinfor-
matics framework and Web portal that allows researchers to integrate clinical and functional genomics
data from clinical trials involving patients suffering from Gliomas. The portal is enabled by calnte-
grator and leverages the caBIG Clinical Genomics Object Model (CGOM) to provide Web-based and
programmatic access to the data. REMBRANDT currently houses two sets of data: The first comes
from the NCI-sponsored Glioma Molecular Diagnostic Initiative, the largest genetic/clinical corollary
study ever conducted on Gliomas The second comprises a wide array of molecular and genetic data
regarding all types of primary brain tumors.



e All images are registered with the standard-space T1-weighted average struc-
tural template image from Montreal Neurological Institute (MNI 152), and are

generated separate transformation matrices for each image.

e Tumors are segmented manually or semiautomaticly. Pysicians confirmed the

results for the sake of reliability.

e Segmented images are transformed frame of the reference (MNI) brain after they
are multiplied with corresponding transformation matrices obtained from regis-

tration step.

e All resulting brain segmented images are combined to generate individual brain
probabilistic tumor maps as high-grade, low-grade and total image maps of the

brain.

e Intensity normalization method is implemented to compare resulting probabilistic

maps in the same basis.

The proposed method in this thesis is accepted as a publication by the 37th
Annual International Conference of the IEEE Engineering in Medicine and Biology
Society (EMBS 2015). Moreover, it is planned to present thesis outcomes in some of the
national conferences as 19th Biyomedikal Miihendisligi Ulusal toplantisi (BIYOMUT
2015) and 36th Ulusal Radyoloji Kongresi (TURKRAD 2015). In addition, an article
will be submitted to one of the international journals from among American Journal
of Roentgenology, European Journal of Radiology, or Magnetic Resonance Materials

in Physics, Biology and Medicine.

1.4 Outline

The organization of the thesis is as follows. In Chapter 2, a background on
medical image artifacts, difference between low and high-grade gliomas as well as T1
and T2 images, and brain tumors are given with the necessary information to follow

the thesis. In Section 3.1 and Section 3.2, brain extraction and registration methods



are described respectively. The proposed segmentation methods in thesis are presented
in Section 3.3. Transformation of segmented images and finally the generation of
probabilistic brain tumor atlas are mentioned at the rest of Section 3. The results are
demonstrated separately depending upon the resources of MRI images in Chapter 4
with deep analysis as well as comparison of high and low-grade results, followed by a

conclusion and discussion in Chapter 5.



2. BACKGROUND

In this chapter, used MRI data acquisition methods and glioma features infor-
mation required to follow the thesis are briefly described. The differences between T1
and T2 images as well as distinctions between low and high-grade brain tumors are

presented.

2.1 Image Artifacts in MRI

Although MRI imaging technique is widely used by physicians and researchers,
gliomas are hardly eliminated due to the acquired signal intensity that in some cases

greatly reduces the image quality. These artifacts can be classified as three categories.

e Main magnetic field distortion caused by the inhomogeneity in homogeneous
magnetic field (By). It may result in the image distortions as spatial or intensity

distortions, or both [14].

e Gradient field artifacts due to the improper function of the gradient field coils
bring about the inhomogeneity along the gradient direction or the abnormal

current passing through the coils [15].

e Radio frequency (RF) inhomogeneity, called as bias field, result from either a non-
uniform rotating RF magnetic field (B;) or a non-uniform sensitivity in receiving

only coil [16].

MRI pre-processing imaging techniques are extremely crucial implementations
to cope with such distortions in the determination of high quality data, so as accurate
diagnosis of illness. Even though some of the solutions to MRI artifacts are applied
during the process of MRI test, additional corrections on images should be performed

on acquired MRI data to increase the performance of the post processing applications.



Hence, we will concentrate on choosing the most appropriate parameters and methods

during the brain extraction, registration and segmentation processes.

2.2 Brain Tumors & Low and High Grade Gliomas

According to the MRI data, the diagnosis is identified whether the glioma is
benign or malign. The radiologist checks bleeding and necrosis around the tumor and
observes invasive effects on neighborhood structures. Consequently, tumor pathology

is diagnosed to decide on the treatment type.

Some tumors arise elsewhere in the body and metastasized to the brain whereas
some are originated in the brain. These glioma types are called as secondary and
primary brain tumors respectively. Glia cells function as supportive structure to the
brain and serve nerve cells in their activity as maintaining fundamental nutrition and
appropriate water ion concentration. Glia cell mutation is the main source of primary
brain tumors. Gliomas are classified into four grades as grade I, II, III and IV. Grade
I and II tumors are named as low-grade gliomas whereas grade III and IV tumors are
high-grades. After the determination of which class the glioma fits, the treatment and

prognosis are preceded accordingly [17].

Low-grade gliomas are categorized in terms of the tumor appearance as diffuse
and pilocytic astrocytomas, oligodendrogliomas, gangliogliomas, and mixed gliomas.
Patients diagnosed with any type of low-grade gliomas mostly do not need any surgical
operation. These types of tumors are benign tumors and localized narrowly. They
generally do not spread outside the brain and do not increase in size. Since low-grade
gliomas hold a small amount of contrast during the data acquisition process, they have

more homogeneous images as shown in Figure 2.1.

High-grade gliomas, which are roughly malignant tumors, are classified into two
groups as Grade 3 that includes astrocytoma, oligoastrocytoma and ependymoma, and

as Grade 4 that only includes glioblastoma. Gliomas grow inside the brain region and



Figure 2.1 Low grade glioma MRI data including T1 (a) and T2 (b) images.

Figure 2.2 High grade glioma MRI data including T1 (a) and T2 (b) images.



makes pressure in nearby normal brain tissue. Since such gliomas have vital adverse
effects on the brain functioning, patients are subjected to surgical operation for the
treatment. As it can be observed from the Figure 2.2, high-grade gliomas can be

observed explicitly because of the necrotic areas.

To sum up, it is easier to segment high-grade tumors than low-grades because
of the contrast differences in MRI data. Both high and low-grade brain tumors can be
observed with the use of T1 weighted images. On the other hand, some of low-grade

images are better detected on T2 images, which will be explained later on.

2.3 T1 and T2 Images

T1 relaxation constitutes for the time constant determining the rate of longi-
tudinal magnetization along the (z) axis following an RF pulse. During the process
of T2 relaxation, transverse magnetization along the (xy) plane following excitation
results in permanent loss in magnetization. T'1 relaxation is also called as spin-lattice

relaxation while T2 refers to the spin-spin relaxation time [18].

Longitudinal Relaxation (T1) at 3.0T

1 T

e——

——Gray Matter
——White Matter

Recovery

0 1 1 1 1 1
0 1000 2000 3000 4000 5000 6000

TR (ms)

Figure 2.3 T1 relaxation characteristic curve.
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Calculation of T1 and T2 values for brain tissues requires the acquisition of
images at different imaging parameters. Signal intensity for spin-echo relaxation can

be expressed as;
Ag = MP(1 — e Tr/Th) = TE/T2 (2.1)

where Ag is the signal intensity acquired, MY is the proton density, T is the repetition

time and T is the echo time.

T1-weighted MR image is calculated by choosing a short echo time (7%) to get
rid of Ty effect on the images. Then, the signal intensity reduces to the following
equation 2.2. As a result, the exponentially increasing curve in Figure 2.3 can be

sampled by changing repetition time.

Ap = M2(1 — e~ Tr/Th) (2.2)

1 Dephasing: Transverse Relaxation (T2) at 3.0T

——Gray Matter
09t ——White Matter

0.8 -

0.7 |

03

0.2

0.1}

0 50 100 150 200 250 300 350 400 450 500
TE (ms)

Figure 2.4 T2 relaxation characteristic curve.

In comparison with the T1-weighted image procedure, T2-weighted MR data is
gathered by taking long Ty relative to the T values of the tissues in order to remove

T the effect. The signal intensity Ag goes up exponentially according to the equation
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2.3.

Ap = M Te/T2 (2.3)

As clearly explained by former equations and graphs in this section, there is a
distinction between the acquired T1 and T2 weighted MRI images. Since high-grade
tumors hold the contrast better, gliomas are observed clearly in T1 data. Conversely,
T2 data includes the detection of low-grade gliomas with higher quality. As a result,
both T1 and T2 weighted MRI images will be employed to compose low and high-grade

probabilistic tumor maps.
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3. METHODS

In order to obtain a probabilistic map of tumors on the brain, MRI images are
preprocessed for brain extraction, registration, and tumor segmentation and transfor-

mation with the use of particular medical imaging tools.

3.1 MRI Image Analysis Tools

MRI is vulnerable to the magnetic field changes due to the applied radio fre-
quency pulses in the presence of magnetic field gradients. Hence, MRI imaging process
is sensitive to disturbances such as scanning room conditions or imperfect alignment
of MRI machine. A number of imaging software programs are commonly used in or-
der to remove these effects. In this study, we used quite a few complicated imaging
tools including filtering, brain extraction, image registration, and segmentation, when

insufficient, manual ways are also utilized to analyze such individual situations.

FSL [19-21], SPM [22], and ITK-SNAP [23] are all broadly used tools in medical
image processing. ITK- SNAP program is very advanced in 3D visualization and man-
ual segmentation of scanned images. Moreover, SPM is composed of a set of MATLAB
functions as well as user-friendly interface. It is easy to use but runs slowly due to
the restrictions of MATLAB. On the other hand, FSL can operate in Ubuntu/Linux;
thereby, user may prefer using Linux Terminal to run FSL codes by writing batch
codes for the automatic analysis of huge numbers of MRI images in one click. In this
study, semi automatic segmentation is applied to particular images using a specific tool
named as Tumor-cut Program [11], which is coded through MATLAB. On the other
hand, manual segmentation using ITK-SNAP is implemented in most cases for the re-
liability of segmenting tumors. Furthermore, a radiologist validates all the segmented

images.
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3.2 Brain Extraction (BET)

MRI gives the image of the whole head including skull and the brain. In order
not to mislead preprocessing methods, especially for the segmentation process, it is

crucial to pick up only the brain image of the patient.

320001
280001 /|
240001/ |
20000+

16000 |
120000 |
8000, |

4000
0l
0 2500 5000 7500 10000

2%t 98%
background (air)

Figure 3.1 BET processing flowchart

FSL is employed for its effective toolbox for brain extraction [24]. BET tool
first brings about the intensity histogram from the MRI image to determine "robust"
lower and upper intensity values. According to histogram thresholds, it separates brain
tissue from the non-brain tissue roughly. Furthermore, rough size and the center of

mass of the head are acquired. A triangular tessellation of a sphere’s surface is set
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up on the center of mass of the brain and it starts distortion of one vertex at a time
gradually by following forces that keep the surface well spaced and smooth. In this
way, the algorithm tries to determine the contacting regions of the brain and the skull,
that is to say the edge of the brain tissue. If a pleasantly bright edge is not resolved,
a higher smoothness constraint is chosen and this process reruns to reach a pleasant
solution. At the end, the outer region of the skull is measured if needed. As a result,
the neighboring line between brain and skull is determined considering such features
and the skull is stripped [24]|. The graphical schematic of the process is given in Figure
3.1.

Boundary around the brain is stripped with the use of BET tool, and only
the brain volume is left for further processing. Fractional intensity threshold (FIT) is
defined as the threshold level between brain and other head structures. It takes values

in between 0 and 1. If it is close to zero, it means more brain volume is left out. FIT

is chosen by trial and error as 0.4, which is defined as the optimum value.

Figure 3.2 BET result of both high and low glioma images
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3.3 Image Registration

Mathematically, the registration problem is an estimation of a transformation
matrix between a moving image I;(X) and a reference image I5(X). In this way, the
moving image is transferred into the coordinate system of the reference image by the use
of estimated transformation matrix. Hence, the similarity measure can be represented

as S(11(X), [,(T(X))).

Registration methods can be classified as linear (rigid or affine) or deformable.
In this study we only needed linear methods. Rigid transformation is mainly composed
of the translation and the rotation of the image coordinates to the basis image. On
the other hand, affine transformation includes more aspects than rigid transformation
like scaling and shearing as well as rigid constraints. In short, affine transformation

performs better and more accurate registration method in than rigid registration.

In addition to rigid and affine transformations, parametric registration con-
structs a finite number of transformation matrix parameters by achieving maximum
similarity between the reference and the registered image. 3D image has three di-
mensions such that rigid mapping requires 3 rotation and 3 translation (totally 6)
parameters while affine transform requires 3 scales and 3 shear (totally 12 degrees of
freedom) parameters. Estimation of these parameters is a cumbersome process, which

is hotly debated research area among medical imaging community [25].

x a;p aip oz ty| |2
Y| _ | ax: ass ty| |V (3.1)
z Qs oy gz t| |2
1 0 0 0 1 1

If needed, non-linear methods of registration are generally implemented after

linear registration. A popular approach to linear (affine) analysis is the generation
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of mapping function 2. The elements of 2 stand for a product of a transformation
matrix T with homogeneous coordinates in the original image. A sample mapping is
shown below formula where [z 3 2]” and [2" 3/ 2]” represent homogeneous coordinates

of reference and moving images respectively [26].

Figure 3.3 MNI152 standard-space T1-weighted average structural template image

All MRI images should be transformed to a template (reference) image to be
evaluated them in the same basis. Moreover, we obtained appropriate spatial transfor-
mation matrices after image registration, and used them to convert segmented images

to a reference coordinate system.

Medical imaging tools like FSL [27,28| present users to implement registration
in different degrees of freedom as 6, 7, 9, 12 degrees. Moreover, it has different interpo-
lation methods as nearest neighbor, sinc, and spline methods. It also includes a variety
of cost functions that can be categorized as least squares, normalized correlation, as
well as correlation ratio. Among these, sinc and least square with 12 degrees of freedom

gave the best registration consistently.

We extracted the brain tissue, and the result was shown on Figure 3.2. As an

example presentation, the registration result of these images can be seen on Figure 3.4.
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Figure 3.4 Registration result of both high and low glioma images

3.4 Tumor Segmentation

On the brain studies, segmentation is frequently used FSL tool to differentiate
separate parts of the brain, i.e. CSF, gray or white matter and tumor/edema. More-
over, physicians have been detecting the tumor region with reference to their experience
and intuition. On the other hand, especially in recent years, automatic tumor segmen-
tation methods became popular to detect the tumor regions in brain in a quantitative

way [29].

Perfusion, diffusion or spectroscopic imaging techniques give unclear results in
tumor segmentation due to their low resolution compared to conventional MRI. While
some algorithms utilize the differences in T1 weighted and post contrast T1 weighted
images, T2 weighted images are also used for the detection of non observable elements
in T1 data. In this study, we utilized post contrast T1 weighted images successfully.
Despite the appreciable progress in automatic tumor segmentation algorithms, the seg-
mentation of MRI brain images is still a challenging process due to various disturbances
and artifacts. Therefore, we still needed to operate manual segmentations checked by

radiologists to establish a ground truth.
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3.4.1 Semi-automatic Tumor Segmentation

(b) VOI, foreground (c-d) CA algorithm is run twice, once for tumor
seeds (in red) and seeds and once for background seeds, to
background seeds (in calculate the tumor strengths (on the left) and
blue) are determined. the background strengths (on the right).

(a) Longest diameter of the
tumor is drawn by the user.

(e) Strength maps
are combined to
obtain a tumor
probability map (P;).

(h-i) Finally, necrotic regions within
the tumor are segmented using the
CA algorithm with the seeds in h.

(g) A level-set surface is
initialized at P;=0.5 surface and
evolved on the tumor
probability map to obtain the
total tumor segmentation..

(f) P:=0.5 surface is
the result of the CA
algorithm without
imposing
smoothness.

Figure 3.5 Steps of the proposed tumor segmentation method|[11].

Tumor-cut algorithm, which is developed by Anda¢ Hamama [11], is used to
segment brain tumors from the brain tissue in a semi-automatic way. The method
is semi-automatic, requiring the user to draw the maximum diameter of the tumor,
which takes about a minute user-interaction time per case. The typical run-time for
each case is around 10-20 minutes depending on the size of the tumor. Steps of the
proposed cellular automata (CA) based tumor segmentation algorithm is shown in 3.1
First, (a) the user draws a line over the largest visible diameter of the tumor; (b) using
this line, a VOI is selected with foreground (red)-background (blue) seeds; (c)&(d)
tumor CA algorithm is run on the VOI for each two sets of seeds (for the foreground
and background) to obtain strength maps for foreground (c) and background (d) at
each voxel; (e) two strength maps are combined to obtain the tumor probability map
(6); (f) a level set surface is initialized at Pr = 0.5 is used to evolve the surface which

converges to the final segmentation map (g). Finally, (i) the necrotic regions of the
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tumor are segmented using a CA-based method with the chosen enhanced and necrotic

seeds in (h).

This algorithm gives advanced result in highly qualified T1-C images including
small size tumors. It also differentiates the edema regions around tumors. The MRI
images regarding T'1-weighted high-grade tumors give clear segmentation results due
to composing of the distinct intensities between tumor and brain tissue with the help
of injected contrast agents to patients. On the other hand, since low-grade gliomas do
not hold contrast agent properly in T1 weighted scans, tumor-cut algorithm generally

fails in the detection of tumor regions.

Figure 3.6 Tumor-cut brain tumor segmentation example of a high grade glioma image

3.4.2 Manual Segmentation

Tumor-cut algorithm takes about less than 60 seconds to obtain segmented MRI
data for small size gliomas while the algorithm needs to operate for a time period more
than 10 minutes to obtain the tumor regions for larger size gliomas. Since I have 232
datasets, I would need to wait approximately 40 hours to observe all resulting seg-
mented images. Moreover, not all acquired segmentation results identify the accurate
tumor regions. Therefore, I preferred to use manual tumor segmentation ways for MRI
data including high size gliomas of high-grades and including all low-grade tumors with

the use of ITK-SNAP segmentation tool.
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In ITK-SNAP tool, we can determine a label for brain tumors as a number
of 255, which stands for the full white region. When the MRI image is loaded to
SNAP, slice-by-slice segmentation can be initiated by drawing a line around the tumor
region for each slice. Then, SNAP makes the segmentation in all three orthogonal slice

windows by labeling tumor regions as full white, and others as full black.

3.4.3 Tumor Segmentation of Particular T2-Weighted Images

In some cases, especially for low-grade gliomas, tumor regions are not able to be
detected even using manual ways in T1-weighted images. As shown in the figure below,
which is of the brain of a patient with low-grade glioma from Bagkent University, glioma
region is not observed in T1-weighted image. Hence, we should utilize from another

type of MRI data, which is accused of T2-weighted MRI scan.

Figure 3.7 Particular T2-weighted images are first converted to T1 reference plain, and then sub-
jected of segmentation process.

The standard protocol used in observing tumor regions by physicians is inves-
tigation of both T1 and T2 weighted MRI scans according to the glioma type during
the diagnosis process. At this stage, there are particular findings to determine whether
tumor type is benign or malign. They also look around tumor regions in terms of blood
or nechrosis originated. At the end, physicians determine the tumor type as low or

high-grade glioma.
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Because high-grade gliomas carry nechrosis-center feature, they hold contrast
agent better; thereby, they are explicitly seen on T1-weighted contrast data. On the
other hand, low-grade glioma image exhibits more homogenous characteristic with
regards to signal intensity differences. That’s why we could not detect tumor regions
in some of the cases in T1-weighted images. On the other side, gliomas were clearly
observed in T2-weighted data of the same patients. Hence, we did the registration
of T2-weighted images onto their T1 weighted data, and applied the manual tumor

segmentation accordingly.

3.4.4 Transformation of Segmented Images

Figure 3.8 Transformation of segmented images to the reference plane (MNI template).

Until now, all data used in this work are registered to MNI 152 space as a
reference brain map. On the other side, tumors in all images are segmented, and a
radiologist as a ground truth checks segmented tumors. Then, all glioma-segmented
images should be transformed to evaluate the size and the place of tumors in the
same basis. After the brain image registration, we obtained individual transformation
matrices for each MRI data. When tumor segmented images are multiplied with their
specific transformation matrices, they become transmitted to the MNI 152 reference
brain map. Therefore, we get ready to add them together to obtain a probabilistic

brain tumor map.
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3.5 Probabilistic Brain Tumor Map

There are variety of technical issues in generation of probabilistic tumor map. At
first, the brain volumes were extracted from acquired MRI data. Next, skull stripped
structural MRI data were registered with respect to the reference brain image volume
from Montreal Neurological Institute (MNI 152) [30,31]. As a result of the registration,
transformation matrices for each MRI data obtained. Tumor tissues in brain images
are segmented. All segmentation results were reviewed and segmented manually when
needed. A physician confirms segmentation results. Afterwards, the tumor tissues
are registered by using the transformation matrices that were acquired during the
registration process. As a result, each tumor data from different patients are mapped
to a standard brain atlas; thereby, we attained a probabilistic map of brain tumors and

evaluated the resulting images. During this process, we employed two image processing

tools; FSL and ITK-SNAP.

Transformation Matrix

m

Tumor Segmented Dat€1

Figure 3.9 Probabilistic brain tumor map generation steps. MRI data first gets into both registration
and segmentation processes, and the resulting transformation matrix from registration is used bringing
segmented MRI data to MNI 152 reference. This analysis is done for all patients MRI data and results
are added together to compose a probabilistic tumor map.
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3.6 Differentiation of Glioma Types Using Probabilistic Brain
Tumor Maps

The prediction of glioma types is a cumbersome process because of irregular
alignment of brain tumors. Physicians decide glioma grades by observing tissue bleed-
ing or propagation throughout the brain tissue. As a consequence, we might contribute
the detection of glioma types comparing the correlation between the high and low grade

probabilistic brain tumor maps.

3.6.1 Dot Product Comparison

10 images of both high and low grade brain tumor segmented data from Bagkent
University are randomly chosen for each iteration as testing data. The rest of data from
Basgkent University are treated to generate high-grade and low-grade probabilistic maps.
Then, we applied dot product between each test data with high grade and low grade
glioma maps respectively. Since we know the image type, we compared the result of
high grade test data dot product by high grade and low grade maps as well as vice
verse for low grade test data. If the resulting value from high grade map multiplication
is higher for high grade test images, it means that the algorithm meet to the target, we
counted for how many high grade test images the algorithms succeeds. We applied the
same methodology to the low grade test images, and counted the success rate of the
algorithm. We also aimed to normalize the dot product comparison results. For this
purpose, we divided each dot product results to the value obtained by the addition of

each voxels including total area between test image and glioma maps.

3.6.2 Center of Mass Comparison

We recognized a distinction between high and low-grade glioma maps including
their centers of masses. That’s why we aimed to measure the distinction between center-

of-mass of glioma maps and test images. We implemented the same methodology in the
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process of randomly chosen test data and generation of probabilistic maps. For each
high-grade test images, we calculated their center-of-mass, and measured the distance
to the center-of-mass of high grade and low grade brain tumor probabilistic maps. For
each high-grade test data, if its center-of-mass is close to the center-of-mass of high
grade glioma map, we accepted that the algorithm predicted the glioma type truly,
and we counted for how many test images the algorithm hit the target. Total opposite

procedure is applied for the determination of success rate of low-grade test images.

3.6.3 K-means Clustering Comparison of Gliomas

We also implemented k-means clustering algorithm to the dataset from Bagkent
University. We did the same procedure in obtaining probabilistic glioma maps and
randomly selection of test images. We created a 2*n matrix which holds resulting values
of high and low grade dot products by high and low-grade glioma maps. Afterwards,
we created 2 clusters from this matrix with the use of k-means clustering algorithm
by MATLAB. The algorithm divides all observations into two groups, and the division

line is accounted for the differentiation region of high and low-grade test images.

3.6.4 White and Gray Matter Registration of Glioma Maps

Till now, we only utilized from the resulting probabilistic brain tumor maps.
When the maps are deeply examined, the tumours are observed close to the white and
gray matter tracts. Therefore, we registered glioma maps to the gray and white matter
segmented MNI 152 template. Then, we applied the method mentioned in the first
procedure to the resulting maps to have an idea about the relation between tumors

and the brain tracts.



25

4. RESULTS

In this work, structural MRI data of tumor patients and the grades of resulting
tumors are combined together. The main purpose of this study was to obtain a proba-
bilistic tumor map of the brain that helps to determine where tumors on the brain are
emanated. Hence, tumors are differentiated with locational relevance with respect to

a reference brain map, which was chosen as MNI 152.

We analyzed MRI scans of 232 patients with tumors. Pre-treatment MRI data
of brain tumor patients collected and analyzed using advanced imaging techniques. 20
high, 10 low-grade, and total 30 images were acquired from BRATS 2012. Furthermore,

78 high, 54 low-grade, and total 132 images were obtained from Baskent University
Hospital. We gathered 70 MRI images with brain tumors from REMBRANDT.

Note that the maximum and minimum signal intensity threshold is shown on
the image in the following resulting images of probabilistic brain tumor maps. To make
it clear, minimum threshold serves as a means to display the minimum value under
which the tumor regions are not presented. Furthermore, it gets more yellow if tumor-
observing rate gets higher. The region will turn to a more reddish tone, as tumors get

rare as a visualization of probabilistic maps.

In addition to the signal intensity, we normalized all resulting images to evaluate
them in the same basis. 12 patients across 132 Bagkent University patients with glioma
are recognized to have brain tumors in the same region of interest. Hence, we deter-
mined approximately the value of 9% (12/132) as a normalization constant. To put it
another way, threshold levels were taken between 0.09*z and 2/3%0.092 where z is the
total number of images in a dataset. For instance, the highest threshold value for 132
images is determined as 0.09 x 132 ~ 12 while the lowest is 2/3 % 0.09 x 132 ~ 8, which
shows that tumor observing rates greater than 8 will turn to red & yellow intensity

tones. Table 4.1 presents all data threshold levels for each data sources comparatively.
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Table 4.1
Probabilistic brain tumor maps comparison chart. All figures are generated according to the values
presented in this table. (LHG stands for low and high grade gliomas while LG is low grade and HG
is high grade.)

Data Resource Data Number Maximum Minimum
Type of Images Threshold Threshold

HG 78 7 5

Baskent University LG 54 5 3

LHG 132 12 8

HG 20 1,8 1

BRATS LG 10 0,9 1

LHG 30 2,7 2

. HG 98 9 6

Bag.kentB g:_lrvsersny & G " 5 2

LHG 162 15 10

REMBRANDT 70 7 5

Baskent University &
’ REMBRAN DTty 202 B 13
TOTAL 232 22 14

The last but not the least important note is that we are studying with a 3D
image data, but visualizing them in 2D throughout the thesis. Hence, we tried to
exhibit resulting probabilistic brain tumor maps as the most properly observable as
possible. Notwithstanding we did show the best results, the reader must remember the

dataset being 3 dimensional.

4.1 Probabilistic Brain Tumor Map of Bagkent University Hos-

pital Dataset

We obtained brain probabilistic brain tumor map for both high-grade and low-
grade images from Bagkent University Hospital separately. Figure 4.1 shows the pixel-
wise addition of tumor regions on the template brain (MNI 152) comprising of 78
high-grade MRI images. Note that threshold level is calculated 5 as minimum and 7
as maximum intensity level. High-grade tumors are existed commonly around supe-

rior and nearly right lateral ventricle zone. Contrary to the high-grade map, gliomas
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are mostly located around the occipital horn and nearly left of the ventricular region
between 54 low-grade gliomas from Bagkent University Hospital as shown in Figure
4.2. Then, the high and low-grade gliomas added together. Since tumor regions are
distinct from each other comparing these probabilistic tumor maps, we observed re-
sulting total probabilistic map graph as having very low tumor observing intensities.
Nevertheless, it is observed that gliomas are encapsulated around the sub-ventricular

zone as in Figure 4.3.

4.2 Probabilistic Brain Tumor Map of REMBRANDT Images

REMBRANDT database provides researchers random brain tumor data in order
to investigate in the gliomas deeply. In the thesis, probabilistic brain tumor of REM-
BRANDT data is generated even though high or low-grade information of gliomas is
not maintained. All the same, we observed close relation between resulting probabilis-
tic maps of REMBRANDT gliomas and Bagkent University high-grade gliomas. As

shown in Figure 4.4, tumors are spread over the right superior part of CSF region.

4.3 Probabilistic Brain Tumor Map of BRATS Images

BRATS images have high glioma observable rates, which is more than 50%.
Furthermore, we have just 10 low-grade and 20 high-grade images. These low numbers
of images are actually not enough to compose a probabilistic map. Moreover, MICCAI,
which is the main resource of data, does not provide the patient reports so that we
are unable to reach information about how random the data is. Because the dataset
has few patients, when we normalized them with a constant of 0.09 they would have
binary intensity thresholds. Hence, it is better to present them without normalization.

Even so, we can evaluate the resulting figures and compare them with Bagkent data.

In Figure 4.5, we noticed that gliomas are banded together mostly around right
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and superior region of the ventricular zone. There are 12 brain tumor patients besides
20 have gliomas in that region of interest. It is very high observing rates as a ratio.
Yet it is hopefully observed close circumference area as a high grade glioma map of

Bagkent dataset.

When the low-grade maps are compared, we come to a different solution from
Bagkent low-grade images. That’s why we have too few data from BRATS 2012,
the resulting diagrams differ from each other. Low-grade probabilistic glioma map of
BRATS 2012 data, which is shown in Figure 4.2, has tumor regions mostly around the
right of the ventricular zone. The total glioma map of 30 patients are presented in
Figure 4.3, and the resulting figure is very close to other BRATS 2012 low and high-
grade glioma maps. Notice that tumors are again located around the sub-ventricular

zone.

4.4 Probabilistic Brain Tumor Map of High & Low Grade Im-

ages

High and low-grade maps are generated from the data of Bagkent University
and Brats separately. We added resulting figures from both data sources together
and compared the probabilistic maps of high and low-grade gliomas. For the high-
grade map, we gathered totally 98 patients data, which is a sufficient number for a

probabilistic map formation.

In Figure 4.8, tumors are encircled around the ventricular region, especially
around right and superior part. This result is compatible to above high-grade maps.
In addition, the total low-grade probabilistic map also includes tumors mostly around
right and upper region of SVZ as in Figure 4.9. Although location of tumors in Bagkent
University low-grade map was observed on the left side of SVZ comparing sagittal
planes, because Brats tumors were highly dense on right and superior region of SVZ,

Brats effect on total low-grade map became dominant. To go into detail, Brats low-
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grade data were composed of 10 images, which is not sufficient number to generate a
probabilistic map. Hence it might be better to stick on the result of the low-grade map
of Bagkent University, which includes more than fifty images. Besides, we combined
both low and high-grade maps together, which is indicated in Figure 4.10. The resulting
diagram is composed of 162 images, and tumors are predominantly spread over right

and superior SVZ.

4.5 Probabilistic Brain Tumor Map of All Images

Finally, we combined all probabilistic maps together, and obtained a brain tumor
probabilistic map composing of 232 MRI data through glioma patients. Figure 4.11
indicates tumor-observing regions within the threshold values between 14 and 22. Other
brain parts have tumor observing rates less than the threshold value (14); thereby, we
may ignore such regions for presenting a probabilistic map generation. Coronal view
of this diagram shows that tumors are located on right side while axial view presents
that tumors are observed anterior region of the brain essentially. In sagittal view, we

observed gliomas commonly around the right and superior field of SVZ.

Bagkent University provided us with completely random data. Rembrandt data
are also incidentally collected. However, we could not reach information about the
randomness of Brats data. It is because tumor observing rates in Brats images are
recognized more than 50%, which is extremely higher rate compared to the probabilistic
maps from other data resources, we got suspicious about the heterogeneity of glioma
regions. Hence, it might be better also to give result of probabilistic map composing of
brain tumor patients from Bagkent University and Rembrandt that is shown in Figure
4.12. When this figure is compared to the previous one, there is not much difference
between graphics in terms of the tumor observing circumferences. But the area of
tumors became slimmer. The reason why Brats data is not included in this figure is
that the resulting figure is just slightly changed, but hopefully mostly observed tumor

regions remained unchanged.
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4.6 Overall Evaluation of the Results

For comparison of thesis results from a different angle, we created a table in-
dicating tumor observance frequency comparison in Table 4.2. The table shows the
maximum number of the tumors in mostly observed regions for each particular dataset.
Moreover, we divided this number to total number of images for each MRI data and
obtained the observance rates as percentages. Also note that the probabilistic maps
that have tumor-observing rate greater than 9% have more yellow regions than others

as it can be examined in above figures.

Table 4.2
Tumor Observance Frequency Comparison.

Max # of Tumor

Data Number

Data Resource Type of Images Observed Observance
Tumors Rate
HG 78 10 13%
Baskent University LG 54 5 9%
LHG 132 9 7%
HG 20 15 75%
BRATS LG 10 5 50%
LHG 30 12 40%
Baskent University & Il-_lg 22 295 ii:
BRATS
LHG 162 20 12%
REMBRANDT 70 10 14%
Baskent University &
REMBRANDT 202 23 e
TOTAL 232 30 13%

For Bagkent University patients, high grade gliomas are observed with a per-
centage of 13 whereas low grades are of 9% and their composition map has a percentage
of 7. Besides, Rembrandt probabilistic map has also close observing rates with Bagkent
data, and their combination composing of 202 patients shows that 11% of gliomas are
observed around the same region. Likewise the Bagkent maps, there is also a slight
difference between low and high-grade gliomas such that high-grade glioma observing

frequency is higher than the low-grade observing frequency. The same phenomenon is
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again observed for the combination of both data resources as 26% for a total high grade
map and as 13% for low grade map. When the Figures 4.8 and 4.9 are compared, tu-
mors are observed in different regions, which is right side for high-grade while it stands
on left side for low-grade map. Hence, when both maps are added, the combination
map must have less tumor observation rates; thereby, the table confirms these figures.
Furthermore, tumor observing rates in Brats data are about fifty percentages, which
means that one of each two patients have gliomas on the same region. Therefore, it is

possible that Brats data are composed of particular types of gliomas.

4.7 The Accuracy Rates of Glioma Type Decision Algorithms

With the use of the probabilistic maps obtained from Bagkent University brain
tumor patients, we speculated to generate a system which may estimate the brain
tumor type. We applied the methods mentioned in Section 3.6.1. We randomly chose
10 high grade gliomas and 10 low-grade gliomas as testing data. The rest of data is
put to use for generation of brain tumor maps. We did 32 iterations for the sake of
reliability. It means that we picked total 20 random patients and observed the accuracy
of the result whether it guessed tumor type right or wrong. We defined an accuracy
rate which presents how many patients are estimated truly between 10 high and 10 low-
grade brain tumor patients. Then we run the algorithm for another total 20 random
patients and saved the result. In this way, we iterated the algorithm 32 times and
come up with 32 % 10 = 320 different accuracy rates for each glioma type. Finally we

obtained the mean and standard deviation of these rates.

Normalized dot product comparison algorithm is estimated high grade brain
tumors with the success rate of 72% whereas of 53% for low grades. On the other
hand, the success rate in center of mass comparison method is only 62% for high grade

brain tumor patients and 55% for low-grade brain tumor patients.

Dot product comparison method is succeeding to guess the high-grade gliomas

while low grades test data presented very low performance which has fifty-fifty accuracy
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rate. The reason behind depressed success rate may be that low-grade gliomas hold
contrast agent with a little amount; thereby, they have low intensity values compared
to the high-grade gliomas. Since we make dot product of test data with glioma maps
and the low-grade tumor region is located narrowly compared to the high-grades as
well as the intensity values of low-grades are fewer, the dot product results of low-grade
test data are not as high as the dot product results of high-grades. Correspondingly,

we obtained low accuracy rates for the estimation of low-grade gliomas.

The method of center-of-mass comparison is misestimated even high-grade gliomas.
When the probabilistic high-grade brain tumor map is examined in detail, tumors are
gathered in the superior and right lateral region of sub-ventricular zone. When we cal-
culated the center-of-mass of high-grade brain tumors, we hopefully obtain the center
inside the SVZ zone, which generally does not include any brain tumors. Because we
attained the center-of-mass of brain tumors out of their highly observance regions, the

algorithm performs with low quality in the determination of glioma types.

To test the algorithm, we also utilized from k-means clustering method to deter-
mine a specific area which separates low-grades from high-grades. We again used total
20 patients as test data, but run the algorithm 2500 times for the sake of reliability.
Finally, we obtained 25000 observations from randomly chosen low and high grade test
data, and draw the graph as shown in Figure 4.13. K-means algorithm draw a line
that separates the observations into two clusters. When we assigned the blue regions
as high-grades and red regions as low-grades, the algorithm predicts the glioma type

properly with an accuracy rate of 45%, which is a very low estimation rate.

To put all into a nutshell, we have a variety of technical limitations for generation
of an estimation algorithm for glioma types. One is that we have just 54 low-grade and
78 high-grade brain tumor patients, which are limited numbers of studies. In addition,
the grade 1 gliomas have small dimensions. That’s why we are unable to validate the
glioma type with high accuracy rates. On the other side, because grade 4 gliomas
are large in size, they can be discriminated easily. We need to maintain more data to

differentiate grade 2 gliomas from grade 3 gliomas.
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Figure 4.13 Dot product observations (a) and k-means cluster assignments and centroids (b)

As it is mentioned in the introduction part of the results section, all graphics
are actually 2D presentation of 3D constructed data. Hence, the reader is unable to
see other slices of resulting figures. Moreover, we also underlined that the images are
presented in between the intensity threshold levels. That’s why we presented the high
and low-grade glioma maps from a different perspectives in following images. In Figure

4.14, we did not apply any threshold value to the images.

Figure 4.14 High (a) and low (b) grade probabilistic brain tumor maps

In Figure 4.14, high grade tumors are mostly observed around the white mat-
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ter tracts as well as sub-ventricular zone. Moreover, low grade tumors are generally
gathered around the some of gray matter region. To observe the connection between

brain tracts and glioma maps, we registered glioma maps to white and gray matter

segmented images of MNI 152 template image.

Figure 4.15 White (a) and gray (b) matter segmented images of MNI 152 template image

We registered the resulting high and low-grade glioma maps of Bagkent Univer-
sity to the images in Figure 4.15. While there is a slight change after the registration of
high grade glioma map to both white and gray matter tracts, low-grade glioma maps
are altered dramatically after the registration process. By just looking at the graphics,
we may claim that high-grade tumors are mostly located close to the white matter

tracts while low-grade tumors do not belong to any of brain tracts.

According to the resulting white and gray matter registered low and high grade
maps, we applied dot product comparison method, which is mentioned in Section 3.6.1
in detail. We applied dot product to 78 high grade gliomas with white matter registered
high and low grade glioma maps. As a result, we estimated high-grade gliomas properly
in 77% of the cases. For 54 low-grade gliomas, we obtained truth rate as just %45.

On the other side, we implemented the same method to gray matter segmented glioma
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maps. As a consequence, we obtained 69% truth rate for high-grades and 39% for
low grades. By looking at the outcomes, we can maintain that the brain tumors are

commonly observed closer to the white matter tracts than gray matter tracts.

Figure 4.17 Gray matter registered high (a) and low (b) grade-glioma maps
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5. CONCLUSIONS AND FUTURE WORK

In this study, all data from different sources are processed to generate the prob-
abilistic glioma maps. We observed a slight difference between resulting probabilistic
brain tumor maps of high and low-grade images. Tumors are dispersed all around the
right and anterior ventricle zones in low-grades. On the other hand, high-grade tumors
have more emerging rates on both sides of ventricle zone, especially in the anterior

region.

We attempted to design a system to detect the tumor grade utilizing from the
slight difference between resulting low and high grade probabilistic maps. We applied
a variety of algorithms including center of mass and k-means clustering algorithm for
this purpose. Since we have a limited data for low grade images for the generation of
a probabilistic map as well as the sizes and locations of both low and high grade test
images are highly complicated, the program resulted in very low accuracy to estimate
the tumor grades. Hence, if we could higher number of truth images, the overlap
between tumor maps and corresponding test images might increase and this may enable

the tumor grade estimation system to work properly.

To put all into a nutshell, all maps indicated that tumors are commonly sur-
rounded over the sub-ventricular region. We also hopefully obtained approximate re-
sulting figures from probabilistic maps composing of low and high-grade gliomas. Fig-
ures on results section barely indicate that tumors are observed rarely on cerebellum
region of brain while CSF region has generally higher rates of tumor existence suggest-
ing that tumors may arise from stem cells located inside the ventricle. We mentioned
about the theory claiming that stem cells are the resource of gliomas in the introduction

section. As a result, brain tumor probabilistic maps support this theory.

Physicians implement the radiation therapy treatment around the circumference

area after taking out the brain tumor during the operation. We already have an idea
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about the spreading region of tumors by virtue of probabilistic glioma maps. As a
consequence, in addition to the estimation of originating place of tumors, we may also
speculate that physicians should make radiation therapy on the whole tumor and its

circumference area so that the tumor may not arise in the same place anymore.

As a future work, the origin of brain tumors can be studied. The group tractog-
raphy can be generated with the use of fair number of high-resolution diffusion tensor
imaging (DTI) dataset. Brain tumor probabilistic maps may be registered to the re-
sulting group tractography. Tumors may use the white matter pathways to spread
around the brain tissue. In this way, white matter segmented images that tumors are
appearing can be determined. If the gliomas are really originated from the inside of
sub-ventricular zone, they are penetrating to the brain in a sort of way. Hence, such
a future work may give insight about the determination of both the origin and the

pathways of gliomas.
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