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Brain tumor is one of the most deadly types of cancer diseases. Accurate
assessment of pre-surgical prognosis for patients with this disease can lead to better
patient management. While Biopsy is the most commonly used diagnostic
technique in routine clinical applications of prognosis estimation, it has several
disadvantages such as it is invasive, and prone to tissue trauma. Consequently,
automated pre-operative prognosis estimation techniques based on MRI images are
recently getting attention, so noninvasive. However, most of the recently developed
automated techniques are based on the handcrafted image features extracted from
the manually segmented tumor regions in MRI, which is tedious & time-
consuming. This study aimed to develop fully automated pre-operative prognostic
models for the survival time, and glioma grade predictions in multi-modal MRI
images of patients with brain tumors by using two-stage learning-based methods.
In the first stage, we developed novel CNN architectures using pre-trained deep
learning models as backend. In the second stage, the outputs of CNN models were
fused using various classical machine learning methods to get the final prediction
results. The experimental results demonstrate that the proposed prognostic models
achieve AUC values of 99.7%, and 93% in glioma grading, and survival time
predictions, respectively, outperforming current state-of-the-art results.
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TUMORU HASTALARININ HAYATTA KALMA TAHMINI iCiN TAM
OTOMATIK DERIN OGRENME VE MAKIiNE OGRENME TABANLI
PROGNOZ MODELLERI

Abdela Ahmed MOSSA

CUKUROVA UNIVERSITESI
FEN BiyiMLERi ENSTIiTUSU
BiLGiSAYAR MUHENDISLiGi ANABILIiM DALI

Danisman  : Prof. Dr. Ulus CEVIK
Year: 2021, Pages: 183
Jiiri : Prof. Dr. Ulus CEVIK
: Prof. Dr. Mustafa GOK
: Prof. Dr. Turgay IBRIKCI
: Dog. Dr. Mustafa ORAL
: Dr. Ogr.Uyesi Gokay DISKEN

Beyin tiimori, en 6liimciil kanser hastaliklar tiirlerinden biridir. Bu hastaliga
sahip hastalar i¢in ameliyat oncesi prognozun dogru degerlendirilmesi, daha iyi hasta
yonetimine yol acabilir. Biyopsi, prognoz tahminin rutin klinik uygulamalarinda en sik
kullanilan tani teknigi olmasiyla birlikte, invazif ve doku travmasma yatkinlik gibi
birgok dezavantaja sahiptir. Sonug olarak, non invaziv olan MRI goriintiilerine dayanan
otomatik preoperatif prognoz tahmin teknikleri son zamanlarda dikkat ¢ekmektedir.
Bununla birlikte, son zamanlarda gelistirilen otomatik tekniklerin ¢ogu, sikici ve
zaman alict olan MRI'da manuel olarak segmentlere ayrilmis tiimor bolgelerinden
cikarilan 6zel yapimi goriintli 6zelliklerine dayanmaktadir. Bu caligma, beyin tlimorli
hastalarin multi-modal MR goriintiilerinde sagkalim siiresi ve glioma derecesi
tahminleri i¢in iki agsamali Ogrenme tabanli yontemler kullanarak tam otomatik
preoperatif prognostik modeller gelistirmeyi amaglanustir. Ik asamada, arka ug olarak
onceden egitilmis derin Ogrenme modellerini kullanarak yeni CNN mimarileri
gelistirildi. Tkinci asamada, CNN modellerinin ¢iktilari, nihai tahmin sonuglarmi elde
etmek icin ¢esitli klasik makine 6grenimi yontemleri kullanilarak birlestirildi. Deneysel
sonuglar, Onerilen prognostik modellerin glioma derecelendirme ve hayatta kalma
stiresi tahminlerinde sirasiyla % 99,7 ve% 93 AUC degerlerine ulasildigini gosterdi ve
mevcut son-teknoloji sonuglarindan daha iyi bir performans gosterdi.

Anahtar Kelimeler: Beyin tiimérii teshisi, Derin Ogrenme, Makine Ogrenmesi, MRI
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EXTENDED ABSTRACT

A brain tumor is one of the most deadly types of cancer diseases
characterized by the uncontrolled growth and spread of abnormal cells in the
central nervous system (brain and spinal cord) (Stewart & Wild, 2014). As defined
by the WHO, there are more than 120 types of brain tumors that differ in the tumor
cell origin, location, size, cancerous, and characteristics of the tumor tissues.
However, they can be coarsely classified as primary or metastatic. A brain tumor is
considered as primary if there is an abnormal growth of cells that starts in the
central nervous system, and does not spread to other parts of the body. However,
the metastatic brain tumors begin as cancer elsewhere in the body (lung, breast,
prostate, etc.), and spread to the brain through the bloodstream or lymphatic
vessels.

Gliomas are a broad category of primary brain tumors that grow from the
glial cells (Laws & Thapar, 1993). Gliomas are responsible for substantial
morbidity and mortality across the globe that can strike all human races at various
ages, and the overall incidence is increasing every year (Goodenberger & Jenkins,
2012). According to the report by CBTRUS, in 2016 alone, there were a total of
330,000 incident cases and 227, 000 deaths of glioma patients across worldwide.
Thus, diagnosis and treatment of brain tumor patients require huge resource
allocation and sophisticated diagnostic and therapeutic technologies (Patel et al.,
2019).

Prognosis is a branch of medicine that encompasses many aspects but
classically specializes in predicting the likely or expected development of a
disease. Knowledge of patients’ prognosis is a key element because it does not only
assist physicians in deciding on appropriate treatment options but also in discussing
the opinions of patients or relatives concerning management in palliative care
settings if the life expectancy is minimal. Therefore, prognostic models for pre-

operative grading and survival time estimation are critical steps in the management
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of patients with glioma. There are four grades of glioma that range from grade I,
which are slow-growing, to grade IV, which are the most malignant and almost
incurable. Historically, the slower-growing lesions, corresponding to grade I and
grade II, have been commonly referred to as low-grade glioma (LGG), while the
more rapidly progressive tumors corresponding to grade III and grade IV are
commonly referred to as high-grade glioma (HGG) (Bauer, Wiest, Nolte, & Reyes,
2013; Louis et al., 2007). Overall survival time of patients with HGG is also further
categorized into two (long vs. short), or three (short, medium and long) groups of
survival for valuable insights in advancing surgical and treatment plans (Adeberg
et al., 2014; Gandia-Gonzalez et al., 2019; Macyszyn et al., 2016).

An accurate assessment of pre-surgical prognosis for patients with glioma
can lead to better management of the patients. While Biopsy is the most commonly
used diagnostic technique in routine clinical applications of prognosis estimation, it
has several disadvantages such as it is invasive and prone to tissue trauma. Most
importantly, recent studies indicated that it is also possible to do it on non-invasive
medical imaging techniques, such as multi-modal magnetic resonance images
(MRIs). Consequently, an MRI-based automated medical image analysis technique
for pre-operative brain tumor prognosis estimation is gaining attention due to an
increased need for efficient and objective evaluation of the large amounts of
images generated by the MRI scanners. However, most of the recently developed
automated techniques are based on the handcrafted image features extracted from
the manually segmented tumor regions in MRI, which is tedious & time-
consuming.

The main objective of this study was to develop fully automated prognostic
models for the pre-operative survival time, and glioma grade predictions based on
multi-modal MRI images of patients with brain tumors by using a two-stage
learning-based method. In the first stage, inspired by Su et al. (2015), and N. Wu et

al. (2019), three novel convolutional neural network architectures by using state-of-
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the-art pre-trained deep learning models as backends were developed. The
proposed architectures were named Mv-CNN, Triplanar-CNN, and Mc-CNN.

The proposed architectures use a stack of 2D MRI slices as input.
Specifically, the volumetric MRI images were reconstructed into 2D stacked slices
in the axial, coronal, and sagittal planes, which are subsequently used to train the
proposed CNN models. Transfer learning techniques consisting of a fine-tuned
deep learning models based on natural images and classical data augmentation
techniques that increase the available training data sets were used to improve the
performance of the proposed deep learning models. In the meanwhile, we
examined both whether large pre-trained CNN architectures perform better than
smaller pre-trained architectures and whether higher performance on natural
images guarantees higher performance on medical image classification problems.
Moreover, another novel pre-processing technique, which is a concatenation of two
images, was used to leverage pre-trained deep learning models trained on natural
images without enlarging them to benefit from the fine-grained details in each slice
of the coronal and sagittal projections.

In the second stage, the predicted probability outputs by the CNN models
were fused using different classical machine learning methods to improve the
performances of the proposed prognostic models and get the final prediction
results. Moreover, majority voting, weighted majority voting, averaging, and
majority averaging ensemble strategies were also implemented and compared with
the classical machine learning methods.

We applied our methods to the most widely used public dataset of brain
multi-modal MRI images (FLAIR MRI, T1Ce MRI, T1 MRI, and T2 MRI),
BraTS’17 dataset (Bakas et al., 2017; Menze et al., 2015). The dataset consists of
multi-modal volumetric MRI exams of 75 LGG, and 210 HGG glioma patients
who underwent the examination before surgery, and obtained at different hospitals
with a pathologically confirmed diagnosis. The experimental results demonstrate

that our best proposed prognostic models achieve AUC, Sensitivity, and Specificity
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values of 99.7%, 98.6%, and 94.7%, and 93%, 92.9% and 92.3% in glioma
grading prediction, and survival time prediction, respectively, outperforming
current state-of-the-art results.

In this study, the individual classification performance of the four MRI
modalities both for glioma grading, and survival time predictions were also
compared. The experimental results show that T1Ce coronal slices, and FLAIR
axial slices have more discriminative deep features for glioma grading, and
survival time prediction, respectively. Moreover, with the aim of improving the
proposed prognostic model for the survival time prediction, the effecting of using
segmented glioma region (ROIs), determined by a deep learning-based
segmentation model (Wang et al., 2018), or extended glioma region (EROIs) that
contains the surrounding tumor tissues, or whole slide image (without
segmentation) as input while training deep learning model were analyzed. The
conclusion is that incorporating the surrounding tumor tissues while training the
deep learning models for survival time prediction improves the model
performance.

To conclude, prognostic models in glioma are useful for health
professionals in guiding when choosing the right treatment options for each patient,
end of life planning for seriously ill patients, and avoid unnecessary treatments.
Thus, the developed fully automated prognostic models can have huge
contributions to an early diagnosis of patients with a brain tumor through providing
valuable insights for physicians in advancing treatment planning using only MRI at

the time of diagnosis.
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GENISLETILMIS OZET

Beyin tiimorii, merkezi sinir sistemindeki (beyin ve omurilik) anormal
hiicrelerin kontrolsiiz biiyiimesi ve yayilmasiyla karakterize edilen en oliimciil
kanser hastaligr tiirlerinden biridir (Stewart & Wild, 2014). Diinya Saglik
Orgiitii'niin tanimladig1 gibi, timdr hiicresi orijini, yeri, boyutu, kanserli ve timor
dokularinin 6zellikleri bakimindan farklilik gdsteren 120'den fazla beyin tlimori
tiri vardir. Bununla birlikte, kabaca birincil veya metastatik olarak
siniflandirilabilirler. Bir beyin tiimorii, merkezi sinir sisteminde baslayan ve
viicudun diger bolgelerine yayilmayan anormal bir hiicre biiyiimesi varsa, birincil
olarak kabul edilir. Bununla birlikte, metastatik beyin tiimérleri viicudun bagka bir
yerinde (akciger, meme, prostat vb.) kanser olarak baglar ve kan dolagimi veya
lenfatik damarlar yoluyla beyne yayilir.

Gliomlar, glial hiicrelerden biiyiiyen genis bir birincil beyin timdrleri
kategorisidir (Laws & Thapar, 1993). Gliomalar, diinya genelinde ¢esitli yaslarda
tiim insan irklarini etkileyebilecek 6nemli morbidite ve mortaliteden sorumludur ve
genel insidans her yil artmaktadir (Goodenberger ve Jenkins, 2012). CBTRUS'un
raporuna gore, yalnizca 2016 yilinda diinya ¢apinda toplam 330.000 vaka ve
227.000 beyin tiimori hastast 6limii olmustur. Bu nedenle, glioma hastalarinin
teshis ve tedavisi, biiylik kaynak tahsisi, sofistike teshis ve tedavi teknolojileri
gerektirir (Patel et al., 2019).

Prognoz, birgok yonii kapsayan ancak klasik olarak bir hastalifin olasi
veya beklenen gelisimini tahmin etmede uzmanlasmis bir tip dalidir. Hastalarin
prognozuna iliskin bilgiler, hekimlere sadece uygun tedavi seceneklerine karar
vermede yardimci olmakla kalmaz, ayn1 zamanda yasam beklentisi minimum ise
palyatif bakim ortamlarinda tedavi ile ilgili hasta veya yakinlarinin goriislerini
tartismada da yardimci olur. Bu nedenle, ameliyat 6ncesi derecelendirme ve
hayatta kalma siiresi tahmini i¢in prognostik modeller, gliomali hastalarin

yonetiminde kritik adimlardir. Yavas biiyiiyen I. evreden en kotii huylu ve
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neredeyse tedavi edilemez olan evre IV'e kadar degisen dort derece glioma vardir.
Tarihsel olarak, derece 1 ve derece Il'ye karsilik gelen daha yavas biiyliyen
lezyonlar, yaygin olarak diisiik dereceli glioma (LGG) olarak adlandirilirken,
derece III ve derece IV'e karsilik gelen daha hizli ilerleyen tiimorler genellikle
yiiksek dereceli gliomalar (HGG) olarak adlandirilir (Bauer, Wiest, Nolte ve
Reyes, 2013; Louis ve digerleri, 2007). HGG'li hastalarin ameliyat 6ncesi sagkalim
stiresi ayrica, cerrahi ve tedavi planlarinda ilerlemeyi kaydedilebilmesi igin iki
(uzun vs. kisa) veya ii¢ (kisa, orta ve uzun) sagkalim grubuna ayrilmistir (Adeberg
ve digerleri, 2014; Gandia-Gonzélez ve digerleri, 2019).

Gliomal1 hastalar i¢in ameliyat Oncesi prognozun dogru bir sekilde
degerlendirilmesi, hastalarin daha iyi yonetilmesine yol agabilir. Biyopsi, prognoz
tahminin rutin klinik uygulamalarinda en sik kullanilan tanmi teknigi olmakla
birlikte, invazif ve doku travmasina yatkinlik gibi birgok dezavantaja sahiptir. En
onemlisi, son ¢aligmalar, bunu multi-modal manyetik rezonans goriintiiler (MRI)
gibi invazif olmayan tibbi goriintiileme tekniklerinde de yapmanin miimkiin
oldugunu gosterdi. Sonug olarak, ameliyat 6ncesi beyin tiimorii prognoz tahmini
icin MRI tabanli otomatik tibbi goriintii analizi teknigi, MRI tarayicilari tarafindan
olusturulan biiyiik miktarlarda goriintiiniin verimli ve objektif degerlendirilmesine
olan artan ihtiya¢ nedeniyle dikkat ¢cekmektedir. Bununla birlikte, son zamanlarda
geligtirilen otomatik tekniklerin ¢ogu, sikici ve zaman alic1 olan MRI'da manuel
olarak segmentlere ayrilmig tiimor bolgelerinden ¢ikarilan 6zel yapimi gorintii
ozelliklerine dayanmaktadir.

Bu calismanin temel amaci, iki asamali 6grenme tabanli bir yontem
kullanarak, beyin tiimorii olan hastalarin ¢ok modlu MRI goriintiilerine dayanan
ameliyat Oncesi sagkalim siiresi ve glioma derecesi tahminleri i¢in tam otomatik
prognostik modeller gelistirmektir. Ik asamada Su ve ark. (2015) ve N. Wu ve ark.
(2019), arka ug gelistirilirken son teknoloji tiriinii 6nceden egitilmis derin 6grenme
modellerini kullanarak {i¢ yeni evrisimli sinir ag1 mimarisi gelistirmislerdir.

Onerilen mimariler Mv-CNN, Triplanar-CNN ve Mc-CNN olarak adlandirilmistir.
VI



Onerilen mimariler, girdi olarak bir 2D MRI dilimi y1gin1 kullanmakttadir.
Spesifik olarak, hacimsel MRI goriintiileri, daha sonra 6nerilen CNN modellerini
egitmek i¢in kullamilan eksenel, koronal ve sagital diizlemlerde 2D yigilmis
dilimler halinde yeniden yapilandirmustir. Onerilen derin 6grenme modellerinin
performansini iyilestirmek icin dogal goriintiilere dayali ince ayarli derin 6grenme
modellerinden ve mevcut egitim veri setlerini artiran klasik veri artirma
tekniklerinden olusan aktarim O6grenme teknikleri (Transfer Learning)
kullanilmistir. Ayrica, hem onceden egitilmis biiyilk CNN mimarilerinin daha
kiiciik 6nceden egitilmis mimarilerden daha iyi performans gosterip gostermedigini
hem de dogal goriintiilerde daha yiiksek performansin tibbi goriintii siniflandirma
problemlerinde daha yiiksek performansi garanti edip etmedigini inceledik. Ayrica,
iki gbriintliniin bir araya getirilmesi olan bir bagka yeni 6n isleme teknigi, koronal
ve sagittalin her bir dilimindeki ince taneli ayrintilardan yararlanmak i¢in onlar
biliylitmeden, dogal goriintiiler ilizerinde Onceden egitilmis derin O6grenme
modellerinden yararlanmak i¢in kullanildi.

Ikinci asamada, CNN modellerinin tahmin ettigi olasilik ¢iktilar1, 6nerilen
prognostik modellerin performanslarini iyilestirmek ve nihai tahmin sonuglarini
elde etmek icin farkli klasik makine Ogrenimi yontemleri kullanilarak
birlestirilmigtir. Ayrica, ¢ogunluk oylamasi, agirlikli cogunluk oyu, ortalama ve
cogunluk ortalamali topluluk stratejileri de uygulandi ve klasik makine 6grenimi
yontemleriyle karsilastirimustir.

Bu calismada yoOntemlerimizi, beyin ¢ok modlu MRI goriintiilerinin
(FLAIR MRI, T1Ce MRI, T1 MRI ve T2 MRI), BraTS'17 veri setinin (Bakas ve
digerleri, 2017; Menze ve digerleri, 2015) en yaygin kullanilan kamu veri setine
uyguladik). Veri seti, ameliyat oncesi muayeneye giren ve farkli hastanelerde
patolojik olarak dogrulanmis tani ile alinan 75 LGG ve 210 HGG glioma hastasinin
multi-modal voliimetrik MR incelemelerinden olugmaktadir. Deneysel sonuglar, en
iyl Onerilen prognostik modellerimizin, glioma derecelendirme tahmininde ve

hayatta kalma siiresi tahmininde sirastyla% 99,7,% 98,6 ve% 94,7 ve% 93,% 92,9
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ve% 92,3 AUC, Duyarlihk ve Ozgiillik degerlerine ulasildigimi gdstermis ve
mevcut son-teknoloji sonuglarindan daha iyi bir performans gostermistir.

Bu c¢alismada, hem glioma derecelendirme hem de sagkalim siiresi
tahminleri i¢in dért MRG modalitesinin bireysel smiflandirma performansi da
karsilastirilmistir. Deneysel sonuglar, T1Ce koronal dilimlerin ve FLAIR eksenel
dilimlerinin sirasiyla glioma derecelendirme ve hayatta kalma siiresi tahmini i¢in
daha ayirt edici derin 6zelliklere sahip oldugunu gostermektedir. Ayrica, hayatta
kalma siiresi tahmini i¢in 6nerilen prognostik modeli iyilestirmek amaciyla, derin
O0grenmeye dayali bir segmentasyon modeli (Wang ve digerleri, 2018) veya
genisletilmis glioma bolgesi ile belirlenen segmentli glioma bolgesi (ROI'ler)
kullaniminin etkisi Derin 6grenme modeli egitilirken girdi olarak ¢evreleyen tiimor
dokularini igeren (EROI'ler) veya tiim slayt goriintiisii (segmentasyonsuz) analiz
edilmistir. Hayatta kalma siiresi tahmini i¢in derin 6grenme modellerini egitirken
cevreleyen tiimor dokularmi dahil etmenin model performansim iyilestirdigi
gOriilmiistiir.

Sonug olarak, gliomadaki prognoz modelleri, her hasta i¢in dogru tedavi
seceneklerini secerken, agir hastalar i¢in yasam sonu planlamasi yaparken ve
gereksiz tedavilerden kaginirken rehberlik etmede saglik uzmanlart i¢in yararhdir.
Bu nedenle, gelistirilmis tam otomatik prognostik modeller, tan1 aninda sadece
MRI kullanarak tedavi planlamasini ilerletmede doktorlara degerli bilgiler

saglayarak beyin timorii olan hastalarin erken teshisine katkida bulunabilir.
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1. INTRODUCTION Abdela Ahmed MOSSA

1. INTRODUCTION

1.1. Artificial Intelligence

One of the main goals in the field of computer engineering is to develop
algorithms that can solve problems computationally. Human ingenuity has been
playing a key role in developing this kind of algorithms. However, there are
problems whose solutions seem extremely challenging to solve using human
ingenuity alone. Also, there are some problems that are easy for people to solve but
hard to articulate in a formal way. Collectively, these kinds of problems are often
named the “Al-set” in which systems claiming to be intelligent ought to be able to
have a larger impact in complementing and augmenting human ingenuity in
solving them. Problems categorized under the “Al-set” include finding and
recognizing objects in an image, make a diagnosis in medicine, natural language
understanding, and providing customer services.

The concept of using computers to simulate intelligent behavior and
critical thinking was first coined in the "Computing Machinery and Intelligence"
seminal paper written in 1950 by Alan Turing (Turing, 1950). However, the term
artificial intelligence (Al) as a field was officially introduced for the first time by
John McCarthy in 1955 at the conference that took place in Hanover, New
Hampshire, Dartmouth College. During the conference, Al was used to describe a
new field of computer science that studies about machines in principle performing
as good as humans in all aspects of cognition, including problem-solving, decision-
making, reasoning, planning, and learning. In addition, the participants of the
conference had expected that Al would fulfill the principle in no more than a few
decades if a carefully selected group of scientists work on it together (McCarthy,
Minsky, Rochester, & Shannon, 2006). However, failure to meet the intense
optimism set during the conference and the astonishing programs developed in the

years after the conference characterized the life cycle of the field which led to
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several “Al-winters and Al-summers’ in which the intense optimism spurred by
brief progress (Russell & Norvig, 2002).

Al is now a broad scientific discipline with its roots in computer science,
philosophy, neuroscience and mathematics that has a definite goal of understanding
intelligence and develop intelligent systems for the “Al-set” problems. However,
the methods and formalisms used on the way to this goal are not firmly set (yet),
which has resulted in Al consisting of a bunch of tools or subdisciplines. The most
tangible form of Al is machine learning (ML), which are Al techniques that give
computers the ability to learn without being explicitly programmed to do so.
Another subdiscipline of Al which is most important these days is deep learning
(DL). It is a subset of machine learning which makes the computation of multi-
layer neural networks feasible. Supervised learning, unsupervised learning, semi-
supervised learning, reinforcement learning, graphical models, knowledge graph,
and so on are also the most commonly used buzzwords in the field of Al. The
easiest way to understand the relationship between Al and its subdisciplines is to
visualize them as a Venn diagram as shown in Figure 1.1. This thesis contributes to
computer aided diagnosis (CAD) models for brain tumor diagnosis using ML and
DL algorithms. Hence, the remainder of this chapter describes the background and

summarizes the contributions and goals set to this thesis.

4

ML

| DL Tz

Qi

Figure 1.1. The Venn diagram showing how deep learning (DL) is a kind of
Machine Learning (ML), which is in turn a kind of Artificial
Intelligence (AD).
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1.1.1. Machine Learning

The main reason that early researchers found the “Al-set” problem to be
much harder is that it wasn’t amenable both to the hard-coded or rule-based
algorithms defined by human experts. The solution for these kinds of problems
turned out to be machine learning techniques, which are used to accomplish tasks
through a provided predefined model of the task with training data examples and
let it figure things out through experience similar to how humans do. These
examples can come from nature, generated by another algorithm, or handcrafted by
humans. For instance, Naive Bayes, which is a simple machine learning technique
can now distinguish between legitimate e-mail and spam e-mail, which was not
possible earlier.

Arthur Samuel (1901-1990), who was one of the attendees at the
Dartmouth conference and one of the most famous pioneers in the Al field, defined
machine learning as a “field of computer science that gives computers the ability to
learn without being explicitly programmed” (Samuel, 2000). Machine learning
algorithms have some inputs and outputs. Moreover, they are equipped with
parameters that can be adjusted using optimization algorithms by anticipating the
output of every training example in the data set in such a manner that its expected
future performance improves. The main goal of every ML model is to be able to
generalize their learned expertise and deliver correct predictions for new or unseen
data during training, often named testing dataset.

There are four major settings in which we wish to learn the machine
learning models. The first one in which most of the recently developed applications
are based is called the supervised learning approach. In this approach, the values of
the output samples in the training data set are known and the model learns from
these input-output pairs to yield correct outputs on the previously unseen data.
Localization and segmentation of brain tumors from MRI images using human-
labeled data (Bien et al., 2018) or cyberbullying detection using Twitter users’

psychological features and manually annotated by human experts (Balakrishnan,
3
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Khan, & Arabnia, 2020), are some of the two recent tasks tackled using the
supervised ML algorithms.

In contrast to the supervised learning algorithms, the unsupervised learning
algorithms consume the unlabeled training data as input for the machine learning
models. These unsupervised learning approaches use techniques for finding traits
in the training data that have common natural partitions of patterns. Clustering,
anomaly detection, and dimensionality reduction problems are major examples that
can be tackled using the unsupervised learning approach (Alloghani, Al-Jumeily,
Mustafina, Hussain, & Aljaaf, 2020; Hinton, Sejnowski, & Wang, 2001).

Machine learning algorithms that are intermediate between the supervised
and unsupervised approaches in which a few labeled and a large collection of
unlabeled training examples are given to train the models are often called the
semisupervised learning approach (Alloghani et al., 2020). Moreover, any ML
technique that can be applied in unknown environments in which the models learn
from a series of reinforcement rewards or penalties for the action it performs to
maximize the reward is named reinforcement learning. AlphaGo and AlphaZero
application developed by DeepMind is the most famous application of
reinforcement learning (Mnih et al., 2015; Silver et al., 2017).

Machine learning techniques can also be coarsely classified as traditional
or representational taking into account the way features are extracted from data
sets. Machine learning techniques that learn from the datasets based on expert-
based extracted features or based on features obtained by applying an additional
several feature extraction algorithms are categorized as conventional or traditional
ML algorithms. Most importantly, traditional machine learning models expect a
small amount of data for training, and require all the input data in the format of
structured data like numbers. Logistic Regression (LR), Linear Regression, Support
Vector Machine (SVM), Random Forest (RF), and Naive Bayes (NB) fall under

this category.
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ML techniques where discriminative features are learned directly from
underlying data without experts explicitly identifying them are called
representational machine learning models. This automatic feature extraction
capability is the strong point of these representational machine learning techniques
against the traditional machine learning approaches. Besides, when large datasets
are presented, the performance of the conventional machine learning algorithms
becomes steady, whereas the representational machine learning algorithms increase
with respect to the increment of the amount of data. Deep learning techniques are
the quintessential example of these representational ML algorithms.

In addition, when the outputs of any ML models are an instance of a
predefined set of classes (such as high-grade cancer vs low-grade cancer), the task
is referred to as a classification problem and is called binary classification if there
are only two values. On the other hand, if the outputs are continuous (such as the

survival time of cancer patients in days), it is known as a regression problem.

1.1.2. Deep Learning

The introduction of ML algorithms enabled computers to solve many
complex real-world problems and make correct decisions that appear subjective.
However, it is since 2010 where machine learning has witnessed a tremendous
amount of attention when deep artificial neural networks, often termed deep
learning, began outperforming other established automated models on several
benchmarks. In fact, it was when a deep learning architecture named convolutional
neural network (CNN) halved the second-best error rate on the ImageNet Large-
Scale Visual Recognition Challenge (ILSVRC) (Krizhevsky, Sutskever, & Hinton,
2012). Now, deep learning is so widespread that it has effectively become
synonymous with the term artificial intelligence itself.

In a physiologic analogy, a neuron is a unit that takes electrical and
chemical signals as input and subsequently produces and sends an output signal to

others. Artificial neural networks (ANN) are engineered systems inspired by the
5
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computation mechanism of the biological brains that learn complicated patterns in
data in a hierarchical manner by changing the strengths of synaptic connections
between neurons. The main idea of an artificial neural network is that if a bunch of
artificial neurons can be linked together in the right way, analogous to how neurons
are linked in the brain, then we can build models that can be able to learn a variety
of tasks. Artificial Neural Networks are discussed in more detail in Section 3.2.1

Deep learning is part of a broader family of ML methods based on artificial
neural networks with millions or sometimes billions of artificial neurons organized
into hierarchical layers between the input and the output. The hidden layers
amplify aspects of the input that are important for discrimination and suppress
irrelevant variations. Deep learning needs a machine to be fed with large quantities
of raw data and it subsequently discovers discriminative features necessary for
detection or classification using a general-purpose learning procedure. The general-
purpose learning procedure represents the raw data as a nested hierarchy of features
or concepts in many stages between the input and output layers, with each concept
being defined in terms of simpler concepts, and more abstract representations
constructed in terms of less abstracted ones (Ian Goodfellow, Yoshua Bengio,
2016; Lecun, Bengio, & Hinton, 2015; Schmidhuber, 2015). Through learning the
automatic discriminative features that are essential for detection or classification,
deep learning can significantly outperform systems that rely on features that are
designed by hand or supplied by domain experts (Lecun et al., 2015).

Since its inception, the deep learning technology has been garnered
remarkable success in solving a wide variety of complex problems such as drug
discovery and genomics (Chang et al., 2018; Jiménez, Skali¢, Martinez-Rosell, &
De Fabritiis, 2018), image analysis (Chen, Tian, & He, 2020; Farabet, Couprie,
Najman, & Lecun, 2013), reconstructing brain circuits (Helmstaedter et al., 2013;
K. Lee et al., 2019), speech recognition and synthesis (Oord et al., 2016; Xiong et
al., 2018), natural language processing (Howard & Ruder, 2018; Peters et al.,

2018b, 2018a), and in the analysis of unstructured, tabular-type data using entity
6
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embeddings (De Brébisson, Simon, Auvolat, Vincent, & Bengio, 2015; Guo &
Berkhahn, 2016). Moreover, it has been growing rapidly and has also become part
of our everyday lives as it is being used by various big technology companies
including IBM, Google, Apple, Facebook, NVIDIA, Netflix, Microsoft, and
Adobe. OpenAl and DeepMind are also some of the recent deep learning research
centers that research and build safe AI technologies that learn how to solve
problems and advance scientific discovery for all.

Different categories of deep learning techniques have also been developed
and applied by researchers in solving various types of problems. These categories
include Convolutional Neural Network (CNN or ConvNet), Auto-Encoder (AE),
Deep Boltzmann Machine (DBM), Deep Belief Network (DBN), Capsule Neural
Network (CapsNet), Recurrent Neural Network (RNN), Long-Short Term Memory
(LSTM), and Generative Adversarial Network (GAN).

ConvNet architectures fall under the category of supervised learning
approaches, and they make the explicit assumption that the inputs are images. They
have brought about breakthroughs in image processing (Hou et al., 2018), video
processing (Ballas, Yao, Pal, & Courville, 2016; Mathieu, Couprie, & LeCun,
2016), speech and audio processing (Hou et al., 2018), and solving graph problems
(Niepert, Ahmad, & Kutzkov, 2016). They have also recently been the most
preferred choice, over state-of-the-art handcrafted feature detectors, by the
computer-vision community for solving image classification (Al-Saffar, Tao, &
Talab, 2017; Copur, Melisozyildirim, & Ibrikci, 2018; Pak & Kim, 2018) and
object recognition (Eris & Cevik, 2019; Girshick, Donahue, Darrell, & Malik,
2014; Sultana, Sufian, & Dutta, 2020; Ulku & Akagunduz, 2019).

ConvNets are one of the most researched and high-performing
architectures in the field of artificial intelligence. Nonetheless, they have their
limits and fundamental drawbacks, which are that they do not take into account
spatial relationships, orientation, perspective, and size of features. To tackle these

limitations, Geoffrey Hinton and his teammates introduced a modified version of
7
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ConvNets named capsule network (CapsNet) based on the so-called capsules
(Sabour, Frosst, & Hinton, 2017). Section 3.2.2 presents more detail about
ConvNets.

Recurrent neural networks (RNN) are popular deep learning architectures
that have shone a light on many natural language processing (NLP) and speech
recognition tasks (Alom et al.,, 2019). RNNs are suitable to process time-series,
DNA sequences, and sequential data (such as text and speech) with no
predetermined limit on the input and output size vectors (Lecun et al., 2015). They
map variable-length input sequences to variable-length output sequences. Due to
this capability, RNNs can also be applied in health care for modeling sequences
when huge amounts of sequential data, such as patients’ medical history, are
available to process (Khan & Yairi, 2018). Since training the conventional RNNs
has proved to be problematic due to the vanishing gradient problem, more
advanced variants of RNNs, including Long short term memory units (LSTMs) and
gated recurrent units (GRUs), were also proposed in the literature (Cho et al., 2014;
Hochreiter & Schmidhuber, 1997). Researches combining CNN and RNN
architectures for automated diagnosis in the medical field are also rapidly
increasing (Abdi et al., 2017; Mao & Yin, 2016; Qin et al., 2019).

Restricted Boltzmann Machine (RBM), Deep Belief Networks (DBN),
Discriminative Deep Belief Networks (DDBN), and Deep Boltzmann Machines

2

(DBM) are deep learning models that belong to the “Boltzmann family,” in the
sense that they utilize the RBM as a learning module. RBM is a generative
stochastic neural network containing a layer of observable variables and a single
layer of latent variables. DBNs are built with RBM and have multiple latent layers.
Unlike CNN algorithms, the DBM, DBN and DDBN algorithms do not rely on
labeled datasets and can work in an unsupervised manner (Karabulut & Ibrikci,
2017). Similarly, an autoencoder is a deep neural network approach used for

unsupervised feature learning with efficient data encoding and decoding, typically

for data compression and dimensionality reduction.
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Generative adversarial networks (GAN), which are developed by Ian
Goodfellow and his colleagues in 2014 (Goodfellow et al., 2014), are able to
generate new data with the same statistics as the training data set. Hence, they have
been recently used to produce photorealistic images and “deep fake” videos for
application range from medicine to visualization of industrial designs (Vondrick,
Pirsiavash, & Torralba, 2016; Yi, Walia, & Babyn, 2019).

Recently, deep learning algorithms have been applied in almost all
application domains, and these algorithms are consequently called a universal
learning approach. The three major catalysts that contributed to the recent abundant
successes of deep learning algorithms have been the empowerment of High-
Performance Computing (HPC) systems, the appearance of publicly available high-
quality huge data sets, and open-source frameworks.

The development of faster computational devices such as graphics
processing units (GPUs), which is a type of processor that was originally designed
for gaming and made parallel processing ever faster by a factor of more than 50,
cheaper, and more powerful, allowed for significant acceleration of training deep
learning models that are big enough to take advantage of the availability huge
datasets.

The increased availability of high-quality, enormous publicly available
labeled datasets such as ImageNet (Deng et al., 2010), which is a large database of
nearly 15 million manually annotated images, contributed to the huge boost of deep
learning models. Similarly, the open-source deep learning frameworks, such as
TensorFlow (Abadi et al., 2016), Theano (Bergstra et al., 2010), PyTorch (Paszke
et al., 2019), Keras (Chollet, 2015), and Caffe (Jia et al., 2014), which allow
researchers for faster prototyping through implement deep learning methods in a
high-level language rather than implementing low-level GPU operations, have also

played their role in the recent success of deep learning models.
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1.2. Artificial Intelligence in Medicine

Since the inception of Al, researchers have tried to explore the potential
application of Al techniques in every field of medicine from the diagnosis to the
prediction that later functioned as the groundwork. Methods such as the Bayesian
classifier, knowledge-based expert systems, and artificial neural networks were the
potential Al techniques explored in the various subfields of medicine (Kulikowski,
2019). However, medicine is considered to be a perennial latecomer to the
technology adoption of Al that had emerged in the early 1970s (Amisha, Malik,
Pathania, & Rathaur, 2019; Kaul, Enslin, & Gross, 2020; Kulikowski, 2019;
Ramesh et al., 2004).

In 1973, the SUMEX-AIM project was created by Stanford University to
explore the technological and clinical opportunities for the emerging field of Al in
medicine, such as infectious disease diagnosis, cancer drug development, and work
on diabetic retinopathy image (Freiherr, 1980). Similarly, the application of Al
technology in the field of surgery for the possibility of a computer-based diagnosis
of acute abdominal pain was investigated in 1976 (Gunn, 1976). In addition, a rule-
based expert system (EMYCIN) that recommend antibiotic treatment options
adjusted appropriately for a patient’s body weight (London, 1998), and a decision
support system (DXplain) that help to explain the clinical manifestation of more
than 500 diseases were also explored in the 1980s (Shortliffe, 1977).

In the 1990’s, ANNs were heavily used for a different type of medical
diagnosis problems including diagnosis of back pain disorders (Bounds, Lloyd, &
Mathew, 1990), analysis of ophthalmological data from glaucoma patients
(Henson, Spenceley, & Bull, 1997), predicting survival in colorectal cancer
patients (Bottaci et al., 1997), prostate cancer classification (Babaian et al., 1998),
diagnosis of acute abdominal pain (Pesonen, Ohmann, Eskelinen, & Juhola, 1998),
predict the presence of suspected common bile duct stones in patients at high risk

of having duct stones (Golub, Cantu, & Tan, 1998).
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Al in medicine has evolved swiftly over the past two decades enabled by
the three main trends that are converging and holding the potential to transform
healthcare into all areas of medicine. First, the advancements of ML algorithms
especially deep learning technologies. Second, the significantly enhanced
computing powers, such as GPU, Tensor Processing Unit (TPU), and cloud
computing and storage, available to developers and researchers. The third trend is
the generation of publicly available huge quantities of medical data from sources
such as electronic medical records (EMRs), high-resolution medical images,
genome sequencing, and biosensors with a continuous output of physiologic
metrics.

The current limitations, including bias, privacy and security, and lack of
transparency along with limits on analysis of such huge data by physicians alone
have also necessitated computer scientists and Al specialists to improve medical
care via developing Al-based automated computer-aided diagnosis systems (CAD).
IBM's Watson Health (IBM, 2013) and Stanford University’s PAC (Pusiol et al.,
2016) Al-systems to efficiently detect heart failure based on EMRs and behavioral
changes in elderly people living alone using multi-modal visual data are two of the
recent prime examples on the role of Al in medicine.

With an increasing life span, cancer (including brain tumor) has been a
major health problem and is now the second leading cause of death worldwide
(Cancer - WHO, 2018). Hence, working on techniques to prevent, detect, and cure
these diseases is an excellent path towards increasing life expectancy and end-of-
life treatments. Thus, this study was initiated within the scope of these issues
through developing fully automated computer-aided diagnostic models for brain
tumor diagnosis using Al and patients’ pre-operative medical imaging scan results.
To achieve this, we have developed novel deep learning architectures, and various

traditional machine learning methods have also been used in our study.
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1.3. Brain Tumor

Biologists define a cell as the smallest structural and functional unit of all
known organisms. These cells contain the fundamental molecules of life and of
which all living things are composed. Cells in our bodies grow in a controlled
fashion as new cells replace old or damaged ones. However, for one or more
reasons, some cells may reproduce uncontrollably and crowd out normal cells.

According to the American cancer society (ACS), the term cancer is an
umbrella term for more than 100 diseases caused by the uncontrolled growth of
abnormal cells that can start anywhere in the body, go beyond their usual
boundaries to invade adjoining parts of the body, and/or spread to other organs.
The cancer had not been considered a serious human disease for thousands of
years. However, during the past century, major advances in the field of modern
biology have significantly improved understanding of what cancer really is and
how it progresses, which may eventually lead to the patient's death if the spread is
not controlled at an early stage.

As reported in the National Cancer Institute statistics, the overall incidence
and death rate of cancer had increased highly until the early 1990s. However, due
to the decline in death rates for breast, colorectal, lung, and prostate cancers, the
death rate of the overall cancer decrease continuously through 2017. Nevertheless,
cancer continues to be a major public health problem across worldwide of all
income levels. According to recent studies from the World Health Organization
(WHO), cancer is the second leading cause of death both in the USA alone and
globally, where every year over 9 million patients are dying in the world (Siegel,
Miller, & Jemal, 2020).

There were an estimated 14.1 million new cancer cases and 8.2 million
cancer deaths worldwide in 2012 (Torre et al., 2015). Similarly, according to the
statistics obtained between 2015 and 2017, the cause of more than one in four of all
deaths in the UK was cancer (Cancer Research UK, 2017). Like most of the

middle-income countries, cancer incidence and mortality rates in Turkey have also
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been increasing. In the year 2000, above 13% of all deaths in Turkey were due to
cancer (Yilmaz et al., 2011), and around 210,537 people were newly diagnosed
with cancer, and among them, more than 55% have died in 2018 (WHO, 2018).

Because of the rapid population growth, aging and increased prevalence of
risk factors, unfortunately, it is observed that a higher proportion of cancer-related
deaths are gradually increasing in economically undeveloped countries, which
possess only 5% of the resources allotted for cancer worldwide. For instance, it is
estimated that there were about 715,000 new cancer cases and 542,000 cancer
deaths in Africa in 2008, and these numbers are expected to double over the next
20 years (Jemal et al., 2012).

The number of new cases of cancer patients is projected to be increasing
every year throughout the world. In the US alone, there will be an estimated 1.8
million new cancer cases diagnosed and 606,520 cancer-related deaths in 2020. In
addition, in 2030, cancer incidence rates will almost double (20 million) and are
expected to kill around 11.8 million people, and around 70% of these deaths are
also expected to occur in low- and middle-income countries (Siegel et al., 2020).

The human brain that weighs around 31b (1.4kg) and controls all our body's
functions is considered as the most complex and important organ of our body. The
primary task of the brain is to help keep the entire body in an optimal condition in
the environment in order to maximize the chances of survival. In addition to this, it
produces the emotions, perceptions, and thoughts that guide our behavior (Carter,
Aldridge, Page, & Parker, 2019). It is also considered as one of the most sensitive
parts of the human body especially in terms of diseases that affect its functionality.
Moreover, it is a soft jelly-like mass of tissue that contains a staggering one
hundred billion neurons and up to 5 trillion glial cells. The neurons are responsible
for sensing change and communicating with other neurons. Glial cells have four
main functions: (1) to surround neurons and hold them in place; (2) to insulate one
neuron from another; (3) to supply nutrients and oxygen to neurons; (4) to destroy

pathogens and break down dead neurons.
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Brain cancers, which are commonly referred to as brain tumors, are not a
very common disease. However, they are one of the most common deadly types of
cancers faced by modern medicine. Brain tumors are characterized by the
uncontrolled growth and spread of abnormal cells in the central nervous system
(brain and spinal cord) that can disrupt proper brain function, and are an important
cause of morbidity and mortality in both adults and children, often generating
severe disabilities (PDQ, 2020; Stewart & Wild, 2014; Kaba & Kyritsis, 1997).

The causes of most brain tumors are unclear yet. But so far, oncologists
have identified that exposure to ionizing radiation, exposure to certain chemicals,
work in the nuclear industry, race (Caucasians get more often than people of other
races), and a family history of a brain tumor or inherited syndromes such as
tuberculosis, neurofibromatosis, and von Hippel-Lindau diseases may increase the
risk of brain tumor (J Strong & Garces, 2016; Ohgaki, 2009; Rees,
Smirniotopoulos, Jones, & Wong, 1996). See Table 1.1 for more potential risk
factors associated with brain tumors.

As defined by the WHO, there are more than 120 types of brain tumors
that differ in the tumor cell origin, location, size, cancerous, and characteristics of
the tumor tissues. However, expert oncologists/pathologists progressively organize
them into different classes. According to their origin, they classify the tumor as
primary or metastatic, according to the degree of malignancy, they classify them as
benign or malignant, and according to the cell of origin, they classify them as
neuroma, meningioma, craniopharyngioma, glioma, pituitary adenoma, etc.

Brain tumors that grow from Schwann cells are named neuroma vestibular
schwannoma. Meningiomas are the most common primary brain tumor that grows
from dura cells. Pituitary adenoma and craniopharyngioma tumors are grown from
pituitary gland cells. Similarly, gliomas are brain tumors that grow from the glial
cells, where around half of all primary brain tumors grow (Laws & Thapar, 1993).

Fig 1.2 illustrates some of the brain tumor types and their origin in the brain.
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Table 1.1. Epidemiologic risk factors that may increase a person’s possibility of
developing a brain tumor.

Risk Factors Examples
Radiation Ionizing Electromagnetic Cell phones and radiofrequency
radiation radiation
Exposure to
Infections and Epstein-Barr Polyomaviruses Cytomegalo Toxoplasma
Viruses virus (EBV) virus (CMV) infection
Diet and N-nitroso Fat intake low in vitamin Aspartame
Vitamins compounds C-fruits and ingestion
supplementati vegetables
on
Head injury Serious head trauma A history of seizures
and Seizures
Alcohol and
Tobacco
Chemicals Hair dyes and Traffic-related air pollution
sprays
Genetics Neurofibromat ~ Von Hippel-Lindau Li-Fraumeni Turcot
osis type I & 11 syndrome syndrome syndrome
Home and Electrical Agriculture workers ~ Other industries (vinyl chloride, oil
Work workers and exposed to products, and rubber industries)
Exposure electromagneti pesticides,
c fields herbicides, and
fungicides

>
me Inglomag\\l’ s

A
e

a 4
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sﬁ 5 & Mayfie Clinic
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Figure 1.2. Examples of brain tumor types according to the cell of origin (image is
taken from https://mayfieldclinic.com)

A brain tumor is considered as primary if there is an abnormal growth of
cells that starts in the central nervous system (brain and spinal cord) and usually

does not spread to other parts of the body. However, the metastatic (secondary)
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brain tumors begin as cancer elsewhere in the body (lung, breast, prostate, etc.) and
spread to the brain through the bloodstream or lymphatic vessels. Brain tumors
caused by slowly enlarging growths and do not contain cancer cells are labeled as
benign. They typically have clear borders that do not spread into other tissue. On
the other hand, brain tumors that grow more rapidly and develop from enlarging
growths are described as malignant (cancerous). These malignant tumors do not
have clear borders and may even spread to other regions or return after surgical
removal. Brain tumor differs from other tumors in that both malignant and benign
tumors can result in significant morbidity and mortality due to their intracranial
location (McKinney, 2004).

A brain tumor is responsible for substantial morbidity and mortality across
the globe, and the overall incidence is increasing every year. In 2016, there were
330 000 incident cases of brain cancer and 227 000 deaths globally. In the same
year, China, USA, and India were the top three countries with the highest number
of incident cases (Patel et al., 2019). According to the report by CBTRUS, a total
of 405,740 Americans of all primary brain tumors were diagnosed during the year
2012-2016. During the same year, the overall annual average age-adjusted
incidence rate was 23.41; the aggregate total number of observed deaths was
79,718, and an annual average age-adjusted mortality rate of 4.42 per 100,000
populations. For 2017 and 218, the total number of new cases of primary brain and
other CNS tumors for all the District of Columbia and the other 50 states was
projected to be 78,370 and 79,870, respectively (Ostrom et al., 2019).

According to the report by the American Society of Clinical Oncology
(ASCO), a brain tumor is the 10th leading cause of death in the USA, and this year,
an estimated 3,540 children under the age of 15, and 13,590 men and 10,300
women adult patients is expected to be diagnosed with primary cancerous tumors
of the brain and spinal cord. It is also projected that among the 23,890 adults
primary cancerous brain and CNS tumor patients, 18,020 of them will die this year

(ASCO, 2020).
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Gliomas are a broad category of brain and spinal cord tumors that originate
from the precursor or gluey supportive cells (glial cells), including astrocytes,
ependymal, and oligodendrocytes cells. Any of these three types of normal glial
cells mentioned may produce a specific type of glioma tumor that spans a broad
spectrum of biological aggressiveness. Gliomas produced from astrocyte cells are
commonly referred to as astrocytoma (including glioblastoma). Similarly,
ependymal cells may produce ependymoma tumors, and oligodendroglioma tumors
come from oligodendrocyte cells. Astrocyte cells are star-shaped dominant
macroglial cells in the brain and spinal cord that outnumber neurons by over
fivefold. Astrocytes involve in the repair process of the brain and spinal cord
tissue, provision of nutrients to the nervous tissue, neuron maintenance, and in the
formation of the blood-brain barrier.

Ependymal cells are the thin neuroepithelial lining of a region of the brain
known as the ventricular system, where cerebrospinal fluid is created and
circulates, and the central canal of the spinal cord. The ependymal cells are an
extremely important component of the developing and mature brain by playing an
important role in the production and regulation of cerebrospinal fluid, which has
many functions, including nutrient transfer to and from the brain and protection
against shock injuries.

Similarly, oligodendrocyte cells are the myelin-forming cells and the most
vulnerable cells of the central nervous system. They play an important role in the
uptake and inactivation of chemical neurotransmitters released by neurons,
formation of the myelin sheath of neurons and mechanical support of neurons in
the central nervous system (Bradl & Lassmann, 2010; Johns, 2014; Sofroniew &
Vinters, 2010; Wolburg, Wolburg-Buchholz, Reichenbach, & Mack, 2015). An

illustration of neurons and glial cells is depicted in Figure 1.3.
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Figure 1.3. Illustration of glial cells (ie, astrocytes, oligodendrocytes, and
ependymal cells) (image taken from verywellhealth.com)

Gliomas are also primary tumors that represent about 80 percent of all
malignant brain tumors, 30 percent of all brain and central nervous system tumors,
and the number of incidences is increasing every year (Goodenberger & Jenkins,
2012; He, Mitteer, Mou, & Fan, 2016). Gliomas can strike at various ages,
depending on the subtype, but are more likely to occur in the elderly, where their
incidence seems to be increasing. In addition, gliomas affect both sexes and all
human races. But gliomas are slightly more likely to occur in men than in women
and more common in Caucasians than in African Americans (Desmeules,
Mikkelsen, & Mao, 1992; Ostrom et al., 2019). Despite some gliomas that do not
show any symptoms, the most common symptoms are; headaches, vision loss,
numbness, seizures, problems with speech, personality changes, nausea and
vomiting, weakness in some parts of our body, and cranial nerve disorders as a

result of increased intracranial pressure.
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1.4. Management of Glioma
1.4.1. Classification

Gliomas are a pretty heterogeneous group of brain tumors with multiple
histologic types and malignancy grades in which many of them have significantly
different biologic properties, treatment options, and prognoses (Louis, Schiff,
Batchelor, & Wen, 2017). The WHO classification of tumors of the CNS, which is
revised four times since the first published in the year 1979 and the most recent
revision published in 2016, is the standard and universally accepted diagnostic
system for the grading and classification of brain tumors.

Gliomas range from WHO grade I that are slow-growing to WHO grade IV
that are the most malignant and almost incurable. Historically, the slower-growing
lesions, corresponding to WHO grade I and grade II, have been commonly referred
to as low-grade gliomas (LGGs), while the more rapidly progressive tumors
corresponding to WHO grade III and grade IV are commonly referred to as
malignant gliomas or high-grade gliomas (HGGs) (Bauer, Wiest, Nolte, & Reyes,
2013; Louis et al., 2007). Further classification of glioma is also possible
depending on the underlying histopathological and molecular parameters of the
tumor along with the fourth edition of the WHO (2016) CNS Tumors classification
guidelines, in which gliomas coarsely classified as diffuse glioma and non-diffuse
glioma (Louis et al., 2016; Wesseling & Capper, 2018). Table 1.2 depicts diffuse

and non-diffuse glioma subtypes and their corresponding malignancy grade.

Table 1.2. Glioma types and malignancy grading.

WHO grade | WHO WHO WHO
grade Il grade lll grade IV
Pilocytic astrocytoma  Diffuse Anaplastic astrocytoma Glioblastoma
astrocytoma multiforme
Myxopapillary Ependymoma Anaplastic Diffuse  midline
ependymoma Oligodendroglioma glioma
Angiocentric glioma Astroblastoma Oligoastrocytoma Diffuse astrocytic
glioma
Ganglioglioma Fibrillary Anaplastic ganglioglioma Gliosarcoma
astrocytomas
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The diffuse gliomas are the most common glioma tumors characterized by
extensive infiltrative growth into the surrounding CNS parenchyma, and generally
affect the cerebral hemispheres of adults. Oligodendrogliomas, oligoastrocytomas,
diffuse midline glioma, and glioblastoma are examples of diffuse glioma types. In
addition, based on the absence/presence of histological features such as necrosis,
marked mitotic activity, and lorid microvascular proliferation, glioma types within
diffuse glioma subgroups have a malignancy grade between WHO grade II and
WHO grade IV. However, the diffuse low-grade gliomas represent only 15% of
gliomas, and unfortunately, over 70% will transform to high-grade gliomas
(Jooma, Waqas, & Khan, 2019).

The diffuse midline gliomas, which are newly introduced in the 2016
revision of the WHO classification of tumors of the CNS, occur in children and
young adults, and they are most frequently located in the brain stem, thalamus,
and/or spinal cord. In addition, recent studies demonstrate the clinical significance
of considering diffuse midline glioma as a universally fatal prognosis and a distinct
entity corresponding to WHO grade IV (Karremann et al., 2018). Unlike diffuse
gliomas, non-diffuse gliomas are generally much more circumscribed. Different
variants of pilocytic astrocytoma and ependymoma are examples of this category

(Kristensen, Priesterbach-Ackley, Petersen, & Wesseling, 2019).

1.4.2. Prognosis

Prognosis is a branch of medicine that encompasses many aspects but
classically specializes in predicting the likely or expected development of a
disease, such as informing patients the likelihood of survival with a certain illness,
forecasting the risk of a certain illness recurrence after therapy, predicting the 5-
year certain illness risk of an individual, and pre-operative grading/stage of cancer.
As such, the prognosis may vary depending on the seriousness of the injury,

disease type, race, sex, age, and implemented treatment types (NIH, 2020.).
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Knowledge of the patients’ prognosis is a key element because it does not
only assist physicians in deciding on appropriate treatment options but also in
discussing the opinions of patients or relatives concerning management in
palliative care settings if the life expectancy is minimal. Appropriate use of
treatment options or patient palliative care management will decrease the economic
burden and provide optimal life-extending therapies or end-of-life care (Hansebout,
Cornacchi, Haines, & Goldsmith, 2009; Kwok, Pang, Salvo, & Chow, 2011). In
clinical practice, for instance, the prediction of the 10-year risk of heart attack is
applied to decide whether a patient should get drugs to reduce the risk (Babatunde
et al., 2020; Benner et al., 2008). The six-month mortality risk for any disease is
also used for patients with seriously ill and incurable conditions to decide who
should receive end-of-life treatment (D. H. Lee, 2002).

The advanced glioma patients represent a heterogeneous group of people.
Thus, prognostication in glioma remains a difficult topic for health care
professionals, patients, and patient's families to make important clinical decisions.
The prognosis of gliomas is given in relation to the cellular subtype and grade of
the tumor the patient presents with. Typically, any patient with more malignant
than WHO grade I tumor will have a prognosis resulting in eventual death, varying
from years to months (Maher et al., 2001; Sanai, Chang, & Berger, 2011). Hence,
prognosis models in glioma are also useful for health professionals in guiding when
choosing the right treatment options for each patient, end-of-life planning for

seriously ill patients, and avoid unnecessary treatments.

1.4.2.1. Survival Times

Overall survival time (OS) and progression-free survival time (PFS) are
two important medical terms in the oncology field often used during the
management of glioma patients. PFS is the duration of time from treatment
initiation to post-treatment of a disease state, in which a patient lives with the

disease condition showing no signs of progression or worsening. Whereas, OS, a
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universally-accepted direct measure of clinical benefit, is the duration of time from
the date of diagnosis or commencement of treatment of a particular disease to date
of death or date of last follow up if the patient is still alive (Hess, Brnabic, Mason,

Lee, & Barker, 2019).

1.4.2.2. Low grade gliomas

Lower grade gliomas are typically less aggressive and the prognosis is
optimistic than patients with high-grade glioma. One study at the Eskisehir
Osmangazi University Hospital Department of Neurosurgery Department reported
that low grade gliomas patients diagnosed in the years 1980 - 2006 have a median
survival of 11.754/-1.24 years (Durmaz et al., 2008); another study on low-grade
oligodendroglioma patients reported a median survival of 16.7 years (Olson,
Riedel, & DeAngelis, 2000). Moreover, children and adolescents patients with low
grade glioma have a better prognosis with more than 90 % of all patients survive

long term (Yiallouros & Tallen, 2007).

1.4.2.3. High grade gliomas

The median overall survival time of the high grade glioma patients is
generally poor compared to the low grade glioma patients. For instance, anaplastic
astrocytoma high grade gliomas have a poor median overall survival of 3.5 years
but the anaplastic oligodendroglioma patients have a median survival rate of above
10 years. However, the other high grade glioblastoma multiform has a survival of
only 15 months, and only 27% survive 2 years (Stupp, Brada, van den Bent, Tonn,
& Pentheroudakis, 2014; Bleeker, Molenaar, & Leenstra, 2012). The overall
survival time of patients with high grade glioma is often categorized into two
(long-term vs. short-term) or three (short-term, medium-term and long-term)
groups of survival for valuable insights in advancing surgical and treatment plans
(Adeberg et al., 2014; Gandia-Gonzalez et al., 2019; Lacroix et al., 2001;

Macyszyn et al., 2016).
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1.4.3. Diagnosis and Treatment

Glioma is a highly heterogeneous and complex type of brain tumor with
considerable variability in age of onset, histological features, grade of severity, and
survival time. As a result, there is a lack of effective diagnostic strategies for
glioma management, and accordingly places substantial psychosocial and financial
burdens on patients and their families. In the current trends of glioma management,
if any patient admitted at a hospital is suspected of a glioma tumor, after receiving
appropriate personal and family medical history interrogation and physical clinical
evaluation at the initial visit, the patient should be immediately referred to
oncologists who are doctors specialized in cancer. The patient may also be referred
to doctors who specialized in brain disorders (neurologists) or to doctors who use
radiation to treat cancer (radiation oncologists). A collaboration between various
specialists including oncologists, radiation oncologists, neurosurgeons,
neuropathologists, and neuro-radiologists may also be required for counseling and
to find out whether the patient suffers from glioma.

If any patient is suffered from glioma, a diagnosis will be initiated that
includes determining the exact locations of the tumor (localization or
segmentation), glioma subtype, malignancy of the disease (grading), and patient’s
survival time. Obtaining the diagnosis results of these details is unequivocally
essential for optimal management and treatment planning of the disease. Medical
imaging techniques, such as Magnetic Resonance Imaging (MRI), Magnetic
Resonance Spectroscopy (MRS), Computed Tomography (CT), and Positron
Emission Tomography (PET), which provide a very detailed image of the brain and
tumor, play a central role for non-invasive and preoperative diagnosis, and support
during the evaluation of glioma. Moreover, these medical imaging scans show a
brain tumor in almost all cases and also may give an idea about the type of tumor
based on how it looks on the scan and where it is in the brain (Laws & Thapar,

1993).
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For making a definitive diagnosis of glioma, a neurosurgeon may also take
a sample of the tumor using surgery/biopsy with subsequent pathological
evaluation using a microscope by pathologists. A biopsy, which is performed using
a small needle to remove a sample of tissues from the tumor, is usually performed
without a larger surgery. This approach is preferred if the tumor is located within a
critical area of the brain or if the patient’s overall health condition doesn’t permit
surgery. According to their appearance under the microscope and by using certain
molecular and genetic markers, the pathologists will then determine the type and
grade of the tumor and the survival time of the patient. For instance, when a
pathologist observes a low proliferative potential and infiltrative morphological
features, they categorize the malignancy of the tumor as low grade glioma, with
patient survival from 5 to 15 years. Similarly, high grade gliomas are exhibited by
pathologists through observing the presence of nuclear atypia, brisk mitotic
activity, and microvascular proliferation and pseudopalisading necrosis (Ertosun &
Rubin, 2015)

Once a glioma is diagnosed, treatment options for glioma encompassing
from surgical resection to chemotherapy or radiotherapy, and other therapies and
experimental clinical trials are used (Buckner et al., 2007). They may also be used
either separately or in combination. However, patients follow different treatment
plans according to the grade of the tumor, the extent of tumor resection, biomarker
profile, patient’s age, and survival time prediction. In terms of current standard
treatments, grade I and grade I low-grade glioma tumors are grouped together and
treated similarly. Likewise, grade III and grade IV high-grade glioma patients are
grouped together and treated similarly (Alifieris & Trafalis, 2015; Altwairgi et al.,
2017).

The goal of surgery is to remove as much tumor tissue as possible without
causing too much damage to nearby organs or tissues that may disturb neurological
functions. Considering that the entire tumor may not be removed using

surgery/biopsy alone, radiation therapy may be applied after surgery/biopsy using
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high-energy x-rays in several sessions to kill any remaining tumor cancer cells
while sparing the healthy tissues in the brain. Similarly, the objective of
chemotherapy is to stop or slow the growth of cancer cells by applying medicines.
When used in combination with radiation therapy and surgery, chemotherapy may
improve survival and quality of life in some patients with high-grade gliomas
(Buckner et al., 2007). Other treatments such as corticosteroids and anticonvulsant
therapy can also be used in the patients to alleviate symptoms and improve the
quality of life (Timmons, 2012). Moreover, for high-grade glioma patients where a
short survival time is predicted, hospice care that includes the physical (e.g., pain
relief), psychological, social, and spiritual aspects of treatment is recommended,

since the disease may not be cured (Giammalva et al., 2018).

1.5. Magnetic Resonance Imaging in Glioma
1.5.1. MRI Techniques

Medical imaging is the technique and process of creating visual
representations of the internal of the human body using medical scanners and a
computer, with medical imaging required for 30 percent of all medical conditions
(DeStigter et al., 2019). It is being used by hospitals and healthcare organizations
to aid physicians in the diagnosis and management of patients, and therefore plays
an important role in initiatives to improve public health for all population groups.

Magnetic Resonance Imaging (MRI) is an advanced medical imaging
scanner of modern healthcare where most commonly used in radiology for imaging
the human brain, spinal cord muscles, joints, and other structures in studying
anatomical details and pathological abnormalities (Liang & Lauterbur, 2000). In
2003, the Nobel Prize was awarded jointly to Lauterbur (Lauterbur, 1973) and
Mansfield and (Mansfield, 1977) to give recognition for their discoveries
concerning MRI.

Computer Tomography (CT) and X-Rays are the other medical imaging

scanners commonly used in radiology (Drevelegas & Papanikolaou, 2011). X-rays
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are most commonly used to detect broken bones and certain cancer types through
creating 2D images of the patients’ body parts. However, CT and MRI are
commonly used to diagnose conditions in patients’ organs and soft tissues by
creating high-quality cross-sectional three-dimensional (3D) images taken from
multiple angles. Moreover, CT and MRI are multi-planar, which means that images
can be reconstructed in the axial, coronal and sagittal multiple body planes without
changing positions, allowing for better appreciation of anatomical location and for
more accurate longitudinal assessment, which provides detailed information to the
physicians to detect any abnormality behavior (Reuter et al., 2014).

A major difference between an MRI and a CT scan is that the MRI uses
radio waves emitted by atoms subjected to a magnetic field to create images of
detailed internal structures of the human body, while CT uses multiple X-rays
which provide physicians with another way to see structures of the internal body
parts. As a result, MRI is non-ionized and non-invasive, unlike that of X-ray and
CT scanners (Liang & Lauterbur, 2000). Moreover, since it provides high soft-
tissue contrast resolution compared to the other medical imaging modalities, MRI
is the most frequently used brain imaging technique to aid physicians in diagnosing
gliomas accurately and choosing the right treatment options (Watanabe, Tanaka, &
Takeda, 1992; Wen et al., 2010).

Gliomas have different degrees of aggressiveness, variable prognosis, and
several heterogeneous histological sub-regions. As a result, they are often
diagnosed and distinguished from healthy tissues by using more than one MRI
technique aka multimodality. Each modality reflects diverse tumor biological
properties with different image contrasts that offer insights to confirm the presence,
location, and type of tumor that may be present (Ellingson, Wen, Van Den Bent, &
Cloughesy, 2014). Ordinarily, physicians use the four conventional MRI modalities
to diagnose glioma pre-operatively; T1-weighted (T1), Contrast-Enhanced T1-
weighted (T1Ce), T2-weighted (T2) and Fluid-Attenuated Inversion Recovery

Imaging (FLAIR) (Zelenak, Viera, & Hubert, 2013). Radiographers generate these
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four MRI sequences by adjusting the Time to Echo (TE) and Repetition Time (TR)
of the MRI scanner parameters. TE is defined as a duration between the series of
successive pulses applied to the same slide where TR is defined as the time interval
between two continuous radiofrequency pulses used in the same sequence (Brown
& Semelka, 2011).

When the radiographers want to generate T1 MRI images, they de-
emphasize the longitudinal relaxation by using a short TR between 300-600ms and
a TE of 10-30ms. Similarly, T2 MRI images are generated through de-emphasizing
the transverse relaxation based on longer TE and TR times than T1 images with TR
>2000ms and TE-90-140ms. Both T1 and T2 images can be used to provide a
detailed representation of the boundaries between gray matter, white matter, and
cerebrospinal fluid (CSF). In addition, pathological lesions are usually high signal
on T1 and low signal T2 images (Zimny, Neska-Matuszewska, Bladowska, &
Sasiadek, 2015).

Another common MRI sequence is the FLAIR modality which has longer
TR and TE than the T1 and T2 which has the advantage to highlight abnormalities.
FLAIR images are considered highly effective scans to distinguish the edema
glioma sub-region from the CSF (Liu et al., 2014). In T1Ce, a paramagnetic
contrast agent (usually gadolinium-based) is administered and has the effect of
reducing the T1 relaxation time and thereby increasing the signal intensity to
improve the contrast of the borders of the area that are affected by hemorrhage.
The internal architecture seen on T1Ce is determined by the presence of necrosis
core, cysts, and tumor boundaries (Mittal, Wu, Neelavalli, & Haacke, 2009). Figure
1.4 depicts examples of the four MRI modalities of a glioma patient in the axial

plane.
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Figure 1.4. MRI images of the brain of glioma patient in the axial plane with
different types of image contrasts: (a) T1; (b)T2; (c) FLAIR; and (d)
T1Ce

1.5.2. Automated Diagnosis of Glioma using MRI

During the past decades, glioma management based on either removing a
section of the tumor during surgery or based on a biopsy through taking a sample
of the tumor by inserting a needle through the skull into the brain, then let
pathologists examine the tumor tissue under a microscope were the domain of
oncologists. However, these approaches are not only invasive but also prone to
deformity, tissue trauma and sampling error leading to neurological function
impairment or even life-treating effects (Coons, Johnson, Scheithauer, Yates, &
Pearl, 1997; Jackson et al., 2001; Shankar, Balaj, Stott, Nahed, & Carter, 2017).
Moreover, they are time-consuming, inaccurate and subjective tasks even for
experienced pathologists due to the complex mechanical properties of the tissues,
which vary from patient to patient (Christakis & Lamont, 2000; Peleg & Biderman,
2000).

Thus, it was indispensable to come up with a non-invasive approach that
can overcome the above-listed issues, and the comprehensive MRI imaging
techniques that can be applied in glioma management, including prognosis models
for classifying glioma grades and survival time rapidly and accurately, has become

a continuing trend allowing an effective pre-operative diagnosis. Consequently,
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radiologists have increasingly taken over that diagnostic role, and the management
of gliomas has improved considerably (Reardon & Wen, 2015; Zelenak et al.,
2013).

During the past decades, an increase in the number of patients diagnosed
with brain-related diseases, including glioma, has been observed. As a result,
demand for MRI exams has been increasing across a range of countries in which
around 2 billion brain MRIs are scanned each year and almost 40 million MRI
scans worth nearly $50 billion conducted each year in the US, out of which $1
billion worth is spent for brain scans (Callaghan, Kerber, Pace, Skolarus, & Burke,
2014; GE Healthcare Partners, 2018simonyan).

During the pre-operative diagnosis of glioma, a radiologist who is trained
in the interpretation of brain MRI, visualize the smaller structures and
abnormalities in the brain through visual inspection of the images that may provide
valuable insights if the patient has a tumor concerning glioma location and other
conditions such as glioma type and grade (Gillies, Kinahan, & Hricak, 2016;
Legaz-Aparicio et al., 2017; Smits & Van Den Bent, 2017). However, due to the
complex features of glioma morphology and the immense variations of glioma
types, even the best-experienced radiologists can fail to accurately localize the
glioma region and subsequently finding the other conditions by visual inspection of
the images (Upadhyay & Waldman, 2011). Another big problem with MRI
screening through visual inspection of the MRI images by the radiologists is that
since MRI comes at the cost of generating a bunch number of cross-sectional
images per patients, which must be analyzed one by one by the radiologists, it does
not appear to be feasible that the radiologist himself has to visually inspect
discriminative MRI features of the glioma region in the whole brain MRI images,
calculate a bunch of numbers, makes some advanced statistics and then combines
the numbers into a meaningful diagnosis, which is both expensive and time-

consuming.
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Moreover, there is a stagnating number of trained radiologists available to
interpret the images despite the growing number of patients, particularly in low-
and middle-income countries (LMICs), struggling to meet the ongoing growth in
demand in diagnostic imaging (DeStigter et al., 2019; GE Healthcare Partners,
2018; Welling et al., 2011). Thus, the use of a robust automatic computer-aided
volumetric image analysis system for brain tumor diagnosis becomes very essential
to overcome those shortcomings, due to its ability to quantitatively and
reproducibly measure MRI images on a large-scale. Ultimately, the aim of this
thesis is also to develop automated brain tumor prognosis models for glioma grade
and survival time predictions based on the presurgical multi-modal MRI scans with

the goal to significantly automate and reduce the workload of the radiologists.

1.6. Thesis Description and Goal

This PhD thesis focused on the development of fully automated and
computerized prognosis models for patients with a brain tumor, in particular
glioma, based on multi-modal MRI images acquired pre-surgically. More
specifically, pre-operative glioma grading and survival time prediction models
have been aimed to develop. For this purpose, novel end-to-end deep learning
architectures, in particular convolutional neural networks, have been developed.
The multi-modal volumetric MRI images obtained from BraTS’17 challenging data
set were used as data in this study. The developed model can have a contribution to
an early diagnosis of patients with a brain tumor and most importantly it should
provide valuable insights for physicians in advancing treatment planning using
only MRI at the time of diagnosis.

Transfer learning techniques consisting of a fine-tuned deep learning
models based on natural images and classical data augmentation techniques that
increase the available training data sets were used to improve the performance of
the proposed deep learning models. During pre-processing, prior to feeding images

to the deep learning architectures, the volumetric MRI images were reconstructed
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to 2D stacked images to tackle the GPU memory constraint and reduce the training
time. Moreover, another novel pre-processing technique, which is a concatenation
of two images, was used to leverage pre-trained deep learning models trained on
natural images without enlarging them to benefit from the fine-grained details in
each slice of the coronal and sagittal projections.

How the incorporation of tissues surrounding the brain tumor to the input
during training a deep learning architecture affects the performance of prognosis
models was also investigated through providing input images varying from the
masked tumor regions to the entire square bounding box around the tumor region.
For this, a well-established existing brain tumor segmentation model developed
based on the convolutional neural network has been used. Moreover, the individual
classification performance of the different MRI modalities and corresponding 2D
projection images while developing prognosis models were also investigated.

The performances of single learners are generally unsatisfactory in the
small data regime, and ensemble learning is one of the prospective areas of
research in CNNs for small data regimes. Hence, an ensemble learning strategy that
combines the output of more than one model to improve generalization when
compared to a single learner has also been explored in this study to improve the
performance of the prognosis models. Thus, besides voting and averaging, different
classical machine learning algorithms have been used as an ensembling strategy in
our experiments. Ultimately, the proposed approaches combine a highly efficient
imaging scanner with artificial intelligence algorithms to allow a reliable, rapid,

non-invasive, robust, and automated brain tumor diagnosis.

31



1. INTRODUCTION Abdela Ahmed MOSSA

32



2. RELATED WORKS Abdela Ahmed MOSSA

2. RELATED WORKS

2.1. CNN Architectures for Volumetric Image Recognitions

This section deals with the work related to the various CNN architecture
improvements reported from 2012 to 2020 for the volumetric image recognition
tasks such as classification, detection, localization and segmentation. This section
also gives an insight into data augmentation and transfer learning techniques used
during training CNNs for small medical image recognition tasks.

In 1998, the first multilayered CNN architecture, named LeNet-5, was
introduced for a handwritten character recognition task (LeCun, Bottou, Bengio, &
Haffner, 1998). The LeNet-5 produced promising performances in recognizing
characters from 2D images. Hence, the architecture was essentially a 2D-CNN
which made a groundwork for the current 2D-CNN architectures. However, it is
after 2012 where CNNs have been extensively explored and proved their
supremacy for 2D image recognition tasks.

Several different versions of deep 2D-CNN architectures have been
proposed and shown substantial performances for 2D medical image analysis tasks.
For instance, the AlexNet (Krizhevsky et al., 2012) and Googl.eNet (Szegedy et
al., 2015) architectures have won the 2012 and 2014 ImageNet challenges with a
large margin, respectively. Similarly, VGGNet (Simonyan & Zisserman, 2015)
who has the same but deeper architecture as that of AlexNet secured the first
position for the localization task and the second position for the classification task
in the 2014 ImageNet Challenge. SqueezeNet (Iandola et al., 2016), ResNet (K.
He, Zhang, Ren, & Sun, 2016) and DenseNet (Huang, Liu, Van Der Maaten, &
Weinberger, 2017), MobileNet (Howard et al., 2017) and MnasNet (Tan et al.,
2018) are also some of the other popular state-of-the-art deep 2D-CNN
architectures in the literature who have shown substantial performances in different

image recognition tasks.
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Nowadays, there is a rapid increase in new CNN architecture innovation
and applications. However, most of these new CNN architectures are built upon the
principles introduced in the above popular state-of-the-art 2D-CNN architectures.
Medical imaging analysis is not an exception, as 2D-CNNs have accomplished
expert-level performances in numerous medical fields based on 2D images of a
patient’s organ. For instance, U-Net, one of the most popular 2D-CNN architecture
in the literature, was the winner of the 2015 ISBI cell tracking challenge for the
segmentation of neuronal structures in 512 x 512 biomedical microscopy images.
U-Net is also applicable for many biomedical image segmentation tasks, such as
liver image segmentation (X. Li et al., 2018) and brain image segmentation (Menze
et al., 2015). Similarly, Ciresan et al. (2013), Gulshan et al. (2016) and Esteva et
al. (2017) demonstrated the potential of 2D-CNN for the mitosis detection in breast
cancer using histology images, diabetic retinopathy detection using retinal fundus
photographs, and classification of skin cancer directly form images, respectively.

Following their success in 2D images, conventional 2D-CNN architectures
have been easily extended to various CNN architectures to exploit volumetric
images while considering their challenging properties. However, it is not obvious
what architecture will produce a substantial performance in volumetric datasets.
Improvements made in the conventional 2D-CNN architectures in order to apply it
to volumetric image recognition tasks can be coarsely divided into three-
dimensional CNN (3D-CNN) and view-based CNN architectures.

Many researchers who used 3D-CNNs for volumetric image recognition
tasks basically apply the conventional 2D-CNN architectures by replacing the 2D
convolutional kernels with 3D kernels. Among prior researches on this trend can be
observed in the work by Maturana et al. (2015). The authors proposed VoxNet, a
basic 3D-CNN architecture developed using 3D kernels, which can be applied in
any 3D object recognition task. In a similar fashion, Brock et al. (2016) proposed

Voxception-ResNet (VRN), a 3D-CNN that adopts CNN with 3D kernels and
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achieved a significant improvement by 51.5% in the ModelNet benchmark for 3D
object recognition.

Several researchers have contributed to the use of 3D-CNN in medical
image classification and segmentation tasks. For instance, in the work by Yang et
al. (2018), the classification of Alzheimer’s disease was performed using brain
MRI scans based on the 3D counterparts of some well-known state-of-the-art 2D-
CNN architectures, specifically ResNet and VGGNet. In a similar fashion, a 3D-
CNN was proposed for Alzheimer’s disease classification using volumetric CT
head scans (Gao, Hui, & Tian, 2017). The authors also compared their proposed
results with state-of-the-art hand-crafted-based features and showed that the
proposed 3D CNN approach gives around four percent higher classification
accuracy.

In regard to medical image segmentation, a 3D-CNN architecture named
Deep Medic has been developed for automatic segmentation of brain tumors,
which results a high performance on 3D volumetric brain scans (Kamnitsas et al.,
2016). A modified version of the original 2D-U-Net i.e., 3D U-Net for various
volumetric medical image segmentation tasks has also been used by different
researchers (Baris, kayalibay, Jensen, & Van Der Smagt, 2017; S. Chen et al.,
2020; W. Chen, Liu, Peng, Sun, & Qiao, 2019; Isensee, Kickingereder, Wick,
Bendszus, & Maier-Hein, 2018; Zeng et al., 2017).

While 3D-CNNs are easily and directly applicable to volumetric images,
they have three main challenges: lack of a large number of public volumetric
datasets, high computational complexity, and lack of available pre-trained 3D-
CNN models (Singh et al., 2020). Most importantly, 3D images may be presented
as a combination of multiple 2D images captured for the 3D object from different
projections or viewpoints. Learning 3D images from the rendered 2D multi-view
images of the same object aims to learn a function modeling each view separately
and then jointly optimize all the functions to represent the whole 3D image. To this

end, different view-based CNNs that comprise multiple 2D views of a 3D object
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are mentioned in the literature to overcome the above three challenges. Most
importantly, CNN's categorized under the view-based 2D-CNNs generally perform
slightly better than 3D-CNNs in a range of volumetric benchmark datasets
(Griffiths & Boehm, 2019; Gupta et al., 2020; Kim et al., 2020).

One of the first attempts on view-based 2D-CNNs for 3D object
recognition tasks through combining multi-angle 2D projections of a 3D object in a
single end-to-end architecture was presented by Su et al. (2015). The architecture
took 12 rendered 2D image views of 3D objects in its simplest pipeline, sent
through respective independent 2D-CNNSs, and concatenated at the view pooling
layer, which is subsequently sent to the second aggregated 2D-CNN architecture.
An accuracy of 90.1% was reported by the authors using the proposed view-based
2D-CNNs on the ModelNet40 dataset (Wu et al., 2015), which is composed of
objects such as, tables, chairs, desks, etc.

A considerable amount of literature has been published on view-based 2D-
CNN for volumetric image recognition tasks. Setio et al. (2016) carried out a study
on a view-based 2D-CNN architecture for pulmonary nodule detection and false-
positive reduction in volumetric CT scans. The authors first decomposed the
volumetric CT scans into multiple 2D views in 9 different fixed planes. Thereafter,
the proposed architecture which comprises multiple streams of 2D-CNNs
processed the extracted view specific 2D patches. The outputs of each stream 2D-
CNN were then concatenated using various fusion methods to get the final
classification results using the softmax activation function on the top of the fully
connected layer. On the publicly available LIDC-IDRI dataset (Armato et al.,
2011), the proposed model achieved a sensitivity of 90.1% and 85.4% at 4 and 1
false positives per scan, respectively.

Wang et al. (2017) used a view-based 2D-CNN architecture with three
branches, named MV-CNN, for automated lung nodule segmentation in volumetric
CT images. The authors extracted detailed texture and nodule shape information

using axial, sagittal, and coronal 2D projection of the volumetric CT images as the
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input to the three branches of the MV-CNN. After training on 393 nodules obtained
from the publicly available LIDC-IDRI dataset, the MV-CNN obtained
encouraging segmentation results with an average dice similarity coefficient (DSC)
of 77.67%.

Geras et al. (2017) proposed a multi-view 2D-CNN architecture for breast
cancer screening using a set of high-resolution mammographic images of a
patient’s breast obtained in cranial-caudal and mediolateral oblique views. The
proposed method obtained performance comparable to a group of four experienced
doctors when examined with the same data. Similarly, Bien et al. (2018) proposed
a fully automated view-based 2D-CNN architecture based on AlexNet for feature
extraction in knee diagnosis using an MRI examination of patients. The proposed
architecture was named MRNet. The inputs to the MRNet were a stack of 2D slices
in one of the three views (axial, coronal, and sagittal). The out probability by each
view was then combined using logistic regression. The authors achieved AUC
values of 0.937, 0.965, 0.847 in detecting abnormalities, ACL tears, and meniscal
tears, respectively. Moreover, the authors found no significant difference between
the performance of MRNet and that of expert radiologists in detecting
abnormalities.

Zhang et al. (2019) proposed a novel view-based 2D-CNN architecture for
automated volumetric digital breast tomosynthesis classification that
simultaneously handles the variable number of slices and retains slice-to-slice
variation. The proposed approach leverage AlexNet pre-trained on ImgeNet and
achieved 28.8% higher than approaches based on 3D-CNNs on the same data.
Gupta et al. (2020) investigated the incremental impact of volumetric data on 2D
reformation combined with novel data augmentation and transfer learning on the
performance of view-based 2D CNNs using small coronary CTA volumetric
images. The results indicated that a positive impact could be achieved on 2D-

CNNs for binary classification in CCTA screening using the proposed 3D to 2D
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reformatting based on multiple mosaicked projection views, transfer learning from
ImageNet weights, and data augmentation by MPV techniques.

The training process of CNNs from the scratch requires a huge number of
annotated datasets, and several studies have revealed that the larger the amount of
the data, the better the performances of CNN models (Sun, Shrivastava, Singh, &
Gupta, 2017). In natural images, researchers have been creating an abundant
amount of datasets for decades, such as MSCOCO (Lin et al., 2014) and ImageNet
(Russakovsky et al., 2015), which are large databases including millions of images
that have been labeled using a crowd-sourcing effort. However, creating large
medical image datasets as comprehensively annotated as ImageNet or MSCOCO
remains a challenging task due to the time and labor cost involved in creating
expertly annotated medical datasets. As a result, data augmentation and transfer
learning techniques have been employed in the literature as an alternative to
improve the performances of CNN models for various medical image recognition
tasks (Gupta et al., 2020; Zhang et al., 2019).

Data augmentation techniques aim at artificially enlarging the training
dataset from existing data using various techniques, such as, translation, random
rotations, horizontal and vertical flipping, random cropping, and adding noises
(Krizhevsky et al., 2012; Simonyan & Zisserman, 2014). Transfer learning is the
process of transferring pre-trained weighted models from the large labeled natural
image datasets to reuse and apply to the given task of interest with smaller datasets
through fine-tuning the final layer of the CNN while weights of the initial layers
are held unchanged (Shin et al., 2016). The fundamental hypothesis of transfer
learning is that generic features learned on huge datasets can be shared between
apparently different datasets. This portability of learned generic features is a
distinctive advantage of deep learning technology, which makes it beneficial in
various domain tasks with very small datasets. Currently, many ImageNet pre-
trained models, including AlexNet, GoogleNet, ResNet and VGG, are freely

accessible to the public and readily accessible, along with their learned parameters.
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2.2. Automated Prognostic Models

Since revealing the potential of multi-modal MRI scans in designing pre-
operative prognostic models for patients with a brain tumor, and the weakness of
the human-centered healthcare systems, there have been several studies trying to
develop automated pre-operative glioma grade and survival time prediction
prognostic models using MRI scans obtained pre-surgically. These automated
prognostic models can be coarsely classified as handcrafted-based, deep learning-
based, and hybrid-based approaches.

The pipeline of handcrafted-based approaches in designing prognostic
models for brain tumor require first to identify the region of interest (ROI) from the
MRI image, either manually by expert radiologists or alternatively via
segmentation algorithms. Subsequently, a large amount of high-throughput
quantitative image features is extracted from the ROI. These handcrafted features
include tumor volumetric parameters, tumor intensity, histogram, and wavelet
textures. The extracted image features are then subjected to a feature selection
technique. Finally, the traditional machine learning algorithms using the selected
features, and metadata if available, are used to predict glioma grade and survival
time.

Automated prognostic models based on handcrafted-based approaches
have been studied by many researchers. With the endpoint being OS stratified as
short or long survival time, Upadhaya et al. (2015) developed a prognostic model
based on handcrafted features extracted from the segmented tumor regions of T1,
T2, T1Ce, and FLAIR scans of 40 glioma patients. The authors applied SVM for
selecting, ranking, and combining optimal features. K. Wang et al. (2015)
investigated a univariate and multivariate survival analysis on handcrafted
radiological features, clinical and genetic characteristics to predict the survival time
of patients with glioblastoma. The authors demonstrated that IDHI status

combined with handcrafted radiological features, including, peritumoral edema,
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multi-enhancing foci, and tumor contrast enhancements were found to predict
survival time with more accuracy.

Kickingereder et al. (2016) carried out a study on 119 patients with a newly
diagnosed brain tumor to investigate whether handcrafted—based features from
MRI allow prediction of survival time with better accuracy compared with that of
conventional clinical and radiologic models. The authors extracted 12190 features,
including first-order, volume, shape, and texture features, from the multiparametric
and multiregional volumetric MRI scans of the patients, out of which 11 features
were found to predict survival time with improved accuracy compared with that of
conventional clinical and radiologic models.

Li et al. (2017) presented a fully-automatic but handcrafted-based approach
that eliminates human factors while predicting the survival time of glioma patients
from multi-modal MRI images. In this work, 864 first-order and 44928 high-order
image features were extracted from automatically segmented 6 tumor sub-regions.
Random forest and multivariate Cox regression were used for automatic
segmentation and OS prediction, respectively. The result showed that stratification
of glioblastoma patients into short and high survival time was achieved with better
performance compared to the conventional factors such as age, tumor volume and
Karnofsky Performance Score.

Intending to develop an automated preoperative glioma grading model
using multi-modal MRI images of 120 glioma patients, X. Zhang et al. (2017)
investigated the influence of 8 different feature selection techniques and 25
commonly used ML methods. Histogram and image texture were extracted from
the perfusion, diffusion and permeability parametric maps of MRI tumor images
obtained pre-surgically. The authors found that the RFE feature selection technique
when combined with SVM exhibited superior performance to the other ML
methods. Similarly, H. Cho et al. (2017) extracted handcrafted features from
manually segmented tumor regions in multi-modal MRI images and used LASSO

for selecting optimal features for categorizing glioma into low-grade and high-
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grade. In another work based on a handcrafted-based approach for glioma grading,
a two-step SVM-based feature selection technique was also implemented (Tian et
al., 2018).

Sanghani et al. (2018) extracted a total of 2200 clinical, volumetric, tumor
shape, and textures features from manually segmented tumor regions of
multimodal MRI images of brain tumor patients. The authors selected 150
optimum number of features from the 2200 handcrafted features using SVM based
recursive feature elimination technique. Finally, SVM classifiers were trained for
the OS prediction of patients. Similarly, Shboul et al. (2019) extracted 74
handcrafted features from automatically segmented tumor regions and
subsequently combined them with the age of patients to train XGBoost ML
classifier for survival time prediction.

Xu Bi et al. (2019) developed a prognostic model for pre-operative
automatic classification of glioma grade by extracting 483 first-order statistical,
shape and size-based, and texture-based handcrafted features in automatically
segmented tumor regions of multi-modal brain tumor patients obtained pre-
surgically. LASSO and SVM were used for optimal feature extraction and glioma
classification, respectively. In another work for automatic grading of glioma (Reza,
Samad, Shboul, Jones, & Iftekharuddin, 2019), the authors used molecular data in
addition to the handcrafted features extracted from the automatically segmented 3D
tumor region of a magnetic resonance image scanned pre-surgically.

In the literature, designing of brain tumor prognostic models have also
been applied through a hybrid approach that comprises CNNs as feature extraction
mechanism and traditional ML algorithms to fuse handcrafted features and CNN
learned features and give the final prediction result (Chato & Latifi, 2017; Lao et
al., 2017; L. Sun, Zhang, Chen, & Luo, 2019). Furthermore, Lao et al.
reconstructed the 3D MRIs into 2D slices in the axial plane, and selected three
slices that have the largest tumor core, necrosis, and whole tumor area,

respectively. The three tumor subregions were also segmented manually by the two
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neurosurgeons. In the end, only the selected three slices were used to fine the pre-
trained CNN model, and the deep features were extracted subsequently from this
finetuned CNN model to combine with handcrafted features.

Handcrafted-based approaches in designing brain tumor prognostic models
introduced unavoidably a big challenge during optimizing feature extraction and
selection from multi-modal MRI images. Even for a single MRI modality, it is still
unobvious which features contribute most to prognostic, those from commonly
used histogram parameters or image texture attributes (X. Zhang et al., 2017).
Most noticeably, handcrafted features are usually bound to the current limited
knowledge of a specific field which often prevents the ability to take full advantage
of all the information provided by the multi-modal MRI images from being fully
utilized in OS prediction (Nie, Zhang, Adeli, Liu, & Shen, 2016). To tackle such
problems, some deep learning algorithms have been explored in the literature for
brain tumor prognostic model designing, as they eliminate the need for handcrafted
feature extraction and selection.

Nie et al. (2016) proposed a deep learning-based pipeline that predicts the
survival time of brain glioma patients in three steps. In the first step, novel 3D-
CNN architectures were used for extracting automatic high-level features from
fMRI, DTI and T1W MRI scans of brain tumor patients. The inputs to the 3D-CNN
architectures were patches from manually delineated extended tumor regions of
brain images. In the second step, a feature selection procedure was conducted on
the deep features using Principal Component Analysis (PCA) and Sparse
Representation (SR). The authors subsequently trained SVM for distinguishing
between long and short OS. Moreover, the authors showed that an approximate
30% higher specificity and sensitivity were achieved on the deep learning-based
approach compared to the handcrafted-based approach.

There have also been attempts to accurately predict brain tumor patients'
glioma grades from volumetric MRI images, using various CNN algorithms. On

one hand, the researchers modified the state-of-the-art CNN architectures, which
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have been proved to have high accuracy in natural image classification or leverage
them via transfer learning. For instance, Khawaldeh et al. (2017) reconstructed a
3D FLAIR modality in the axial plane, and selected slices that contain lesions to
develop a 2D CNN model, which was based on AlexNet architecture, for glioma
grading.

Similarly, Y. Yang et al. (2018) investigated AlexNet and GoogleNet
CNN architectures, through training both from scratch and trained on natural
images, for stratifying glioma grade into LGG and HGG by analyzing on axial
T1Ce MRI images of 113 glioma patients obtained pre-surgically. During pre-
processing, slices with 80% of the tumor were selected and segmented with a
rectangular region of interest (ROI) by two experienced neuroradiologists. In
addition, the training data were augmented using random rotation, histogram
equalization, flipping, zooming, and adding noise. The result showed that transfer
learning improved the result compared with the models trained from scratch, and
GoogleNet performed better than AlexNet.

On the other hand, some researchers have developed their own CNN
architectures. For instance, Pereira et al. (2018) developed a 3D CNN architecture
to classify glioma grades from automatically defined tumor regions. Similarly, Y.
Li et al. (2018) developed an end-to-end CNN-based framework, SPNet, that takes
four multi-modal MRI images of brain tumor patients, deep learning-based
automatically segmented tumor region and age of the patient as input, and finally
predicts the survival time of patients in days.

Banerjee et al. (2019) developed three novel CNN architectures for
low/high-grade glioma classification problems. using multi-modal MRI images.
The three CNN architectures are based on MRI patches containing the tumor, MRI
slices, and multiplanar volumetric slices, respectively. Results demonstrate that the
performance of VGGNet and ResNet pre-trained models showed the same results,
and the proposed ConvNets were observed to achieve better accuracy when trained

on the multi-planar volumetric dataset.
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In the most recent work (Zhuge et al., 2020), the authors proposed a fully
automated glioma grading on multimodal MRI images using both a novel 3D-CNN
architecture (3DConvNet) and a state-of-the-art 2D-CNN model (2D mask R-
CNN). The authors first segmented the volumetric tumor region using the pre-
existing segmentation algorithm, U-Net. In the first approach (2D Mask R-CNN),
the 2D slice with the largest segmented tumor area is chosen to train the mask R-
CNN model. To improve the performance of the proposed grading model, a 2D
data augmentation technique, which increases both the amount and the diversity of
the training images, has been used. In the second approach (3DConvNet), the 3D
cropped regions of the tumor were used to train the proposed 3D-CNN using
ResNet as a backbone. The experimental result showed that the 3DConvNet
technique performs slightly better than the 2D Mask R-CNN technique.

To the best of our knowledge, little work has been done on the construction
and evaluation of fully automated prognostic models for brain tumor patients using
CNN and multi-modal MRI images. In addition, it can be noticed from the
abovementioned studies that there are at least four common issues associated with
the existing CNN architectures developed for automated prognosis models for
glioma patients. Primarily, most of the existing CNN architectures are 3D CNNs
that do not consider the insufficient training available datasets. For example, the
well-known BraTS 2017-2018 public datasets contain only 210 training samples.
These numbers are far from enough to reach the full potential of 3D CNNss.

Secondly, without considering the prognostic features of slices in coronal
and sagittal projections, most of the existing 2D-CNNs are based on slices in the
axial projections only. Most importantly, combining the information properly from
different modalities and across the three planes may enhance the diagnostic
performance. However, when developing prognostic models for glioma patients
using these multimodal MRI images, which modalities and 2D-projections are the
most effective, and whether combinations of multiple modalities can improve the

performance are still unclear and not investigated very well (Y. Liu et al., 2018).
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Thirdly, most of the existing CNN networks are based on manually
segmented tumor regions neglecting the tumor surrounding tissue that may contain
tumor cell infiltrates that contribute to poor prognosis (Choi et al., 2019). In
addition, manual tumor segmentation is a very challenging task that requires more
time hindering their application for time-constrained largescale medical imaging
tasks, like preoperative OS prediction.

The last but not the least common issue in the existing automated prognosis
models is that most existing approaches make predictions based on a single
classifier. However, single classifiers sometimes present poor results for small and
imbalanced datasets. Moreover, previous studies in other medical image analysis
problems have shown that ensemble learning of multiple CNN models may yield
better stratification accuracy than individual CNN models (Winzeck et al., 2019;
Xiao, Wu, Lin, & Zhao, 2018; B. Zhang et al., 2019). Therefore, this thesis aimed
in addressing the above-discussed issues and consequently develop a fully
automated brain tumor prognostic model using deep learning and classical machine

learning algorithms.
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3. MATERIALS AND METHODS

3.1. Dataset and Image Pre-processing

In this study, two groups of brain tumor datasets were used in which both
were collected from BraTS’17 public dataset (Bakas et al., 2017; Menze et al.,
2015). The first dataset consists of multi-modal 3D MRI exams of 75 LGG and 210
HGG glioma patients who underwent the examination before surgery and obtained
at different hospitals with a pathologically confirmed diagnosis. Similarly, the
second dataset contains pre-operative multi-modal 3D MRI exams, age and OS in
days for 163 glioma patients. We used the first and second datasets for glioma
grade and survival time classification problems, respectively. In this thesis, two
groups of survival were considered, i.e. long-term survivors (OS > 10 months) and
short-term survivors (OS <= 10 months). We split the second dataset into two
groups such that 75% for training and 25% for testing. We used stratified random
sampling for balancing OS distribution between the two groups. Thus, there was no
significant difference observed in the demographics and clinical characteristics
between the training and testing sets. Detailed patients’ information can be found
in Table 3.1.

The multi-modal MRI images included for each patient in both datasets
were of type T1 MRI, T1Ce MRI, T2 MRI, and FLAIR MRI. Before publicly
released the dataset for researchers, the images in the dataset have been skull-
striped, co-registered and resampled to a uniform isotropic resolution (Imm?) by
the organizer. Moreover, All the glioma subregions in the datasets have been
segmented manually, and their annotations were approved by experienced
neuroradiologists. These annotations contain GD-enhancing tumor, peritumoral
edema, non-enhancing tumor and necrotic core glioma sub-regions. An example of
the modalities provided for each patient from the two datasets using an ITK-SNAP

visualization toolkit is depicted in Figure 3.1.
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testing dataset.

Table 3.1 Demographic and clinical characteristics of patients in the training and

Parameters

No. of Patients

Age (year)

OS (days)

No of
Slices

No of Slices
with no
brain tissue

No of slices
with no

brain tumor

Range
Mean
StdDev
Range
Mean
StdDev
Long (%)
Short (%)
axial
coronal
sagittal
Axial (%)
Coronal (%)
Sagittal (%)
Total (%)
Axial (%)
Coronal (%)
Sagittal (%)
Total

Training

Dataset
121
19 — 86
60.181
12.379
5 -1767
424.645
346.214
72(59.5)
49(40.5)
75,020
116,160
116,160
7,832 (73.2)
34,059(73.7)
49,234 (73.5)
91,125 (73.5)
42,166 (73.2)
75,705 (73.7)
86,363 (73.5)
94,567 (73.5)

Testing
Dataset

42

30 -85
60.774
11.319

30 -1731
417.881
363.787
26(61.9)
16(38.1)
26,040
40,320
40,320
2,872 (26.8)
12,174 (26.3)
17,751 (26.5)
32,797 (26.5)
15,438 (26.8)
27,015 (26.3)
31,137 (26.5)
34,043 (26.5)

Overall
Dataset
163
19— 86
60.334
12.083
5-1767
422.963
349.684
98

65
101,060
156,480
156,480
10,704
46,233
66,985
123,922
57,604
102,720
117,500
128,610
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Figure 3.1. Example of MRI sequences of a patient with pathologically proven
LGG glioma. From Left to right: Slices of a volumetric MRI scan
after represented in the Axial (XY-Plane), Coronal (YZ-Plane) and
Sagittal (XZ-Plane) projections. From top to bottom: FLAIR, TI,
T1Ce, and T2 MRI modalities. Ground truth for tumor segmentation is
shown with colors of Green for edema, Red for non-enhancing tumor,
and Yellow for enhancing tumor glioma sub-regions. The axes are
shown with blue lines.
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The images in the datasets were also stored in the NIFTI medical image
file format with nii.gz file extension. These file formats are represented as 3D
arrays containing raw voxel intensities in Hounsfield units (HU) along with the
corresponding image metadata such as slice duration, image dimensions,
orientation, slice thickness, voxel size in physical units, etc. Thus, we used the
Python framework with the NiBabel package to interact with these images
(Matthew Brett, Michael Hanke, MARC-ALEXANDRE COTE, Paul McCarthy,
Chris Cheng, 2017).

All the images in the dataset were size-adapted uniformly to 240x240x155.
In addition, the input sizes of all the images should be the same and should match
the input size of the CNN model architecture. Accordingly, as we planned to
leverage 2D-CNN models pre-trained on natural images of a fixed image
resolution, we reconstructed each 3D MRI scan to a group of 2D stacked slices in
the axial, coronal and sagittal planes. These reconstructions of 3D-to-2D lead all
the axial slices of every MRI modality to have a shape size of 240x240 with 155
slices per exam. Similarly, all the sagittal and coronal slices lead to have the same
shape size of 155%240 with 240 slices per exam.

After converting from 3D to 2D, each modality in the first dataset have
44,175, 68,400 and 68,400 slices in the axial, coronal and sagittal planes,
respectively. Similarly, each modality in the second dataset has 25,265, 39,120 and
39,120 slices in the axial, coronal and sagittal planes, respectively. Subsequently,
some slices obtained at the beginning and end of each 2D projection, which did not
contain any brain tissue intensity value, were also discarded to avoid processing
slices that do not add useful information. Moreover, it aids to reduce GPU memory
requirement and processing time.

In the first dataset, 4,826, 20,155 and 29,138 slices that did not contain any
brain tissue were discarded from the axial, coronal and sagittal projections of the
T1 modality, respectively. Similarly, 4,806, 20,159 and 29,153 slices from the

axial, coronal and sagittal projections of the T1Ce modality, respectively, 4,853,
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20,158 and 29,160 slices from the axial, coronal and sagittal projections of the T2
modality, respectively, and 4,824, 20,492 and 29,135 slices from the axial, coronal
and sagittal projections of the FLAIR modality, respectively, were discarded from
the 285 patients found in the first dataset. These led to the exclusion of 54,119,
54,118, 54,171 and 54,451 slices from T1, T1Ce, T2 and FLAIR MRI exams of the
285 patients found in the first dataset.

In the second dataset, 2,673, 11,556 and 16,740 slices that did not contain
any brain tissue were discarded from the axial, coronal and sagittal projections of
the T1 modality, respectively. Similarly, 2,672, 11,557 and 16,741 slices from the
axial, coronal and sagittal projections of the T1Ce modality, respectively, 2,684,
11,556 and 16,764 slices from the axial, coronal and sagittal projections of the T2
modality, respectively, and 2,675, 11,564 and 16,740 slices from the axial, coronal
and sagittal projections of the FLAIR modality, respectively, were discarded from
the 163 patients of the second dataset. These led to the exclusion of 30,969, 30,970,
31,004 and 30,979 slices from T1, T1Ce, T2 and FLAIR MRI exams of 163
patients of the second dataset.

In some of our experiments, slices that do not contain any tumor tissue
have also been eliminated before training our CNN architecture. For instance,
25,179, 44,746 and 48,361 slices with no brain tumor tissue were discarded in the
first dataset from the axial, coronal and sagittal projections of T1 modality,
respectively. These led to the exclusion of 118,286 slices with no brain tumor from
T1 MRI exam of the 285 patients found in the first dataset. Similarly, 14,401,
25,680 and 29,375 slices with no brain tumor tissue were discarded in the second
dataset from the axial, coronal and sagittal projections of T1 modality, respectively.
These led to the exclusion of 69,456 slices with no brain tumor from T1 MRI exam
of the 163 patients found in the second dataset. The number of used and discarded
axial, coronal and sagittal slices in all of the four MRI modalities for the first and

second datasets are shown in Table 3.2 and 3.3, respectively.
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Table 3.2. The number of reconstructed and discarded slices from each modality
and projections in the first dataset.

Modalities Slices Axial Coronal Sagittal Total
All 44175 68,400 68,400 180,975
T1 No brain tissue 4,826 20,155 29,138 54,119
No brain tumor 25179 44,746 48,361 118,286
All 44175 68,400 68,400 180,975
T1Ce No brain tissue 4,806 20,159 29,153 54,118
No brain tumor 25179 44,746 48,361 118,286
All 44175 68,400 68,400 180,975
T2 No brain tissue 4,853 20,158 29,160 54,171
No brain tumor 25,179 44,746 48,361 118,286
All 44175 68,400 68,400 180,975
FLAIR No brain tissue 4,824 20,492 29,135 54,451
No brain tumor 25,179 44,746 48,361 118,286
All 176,700 273,600 273,600 723,900
Total No brain tissue 19,309 80,964 116,586 216,859
No brain tumor 100,716 178,984 193,444 473,144

Table 3.3. The number of reconstructed and discarded slices from each modality
and projections in the second dataset

Modalities Slices Axial Coronal Sagittal Total
All 25,265 39,120 39,120 103,505
T1 No brain tissue 2,673 11,556 16,740 30,969
No brain tumor 14,401 25,680 29,375 69,456
All 25,265 39,120 39,120 103,505
T1Ce No brain tissue 2,672 11,557 16,741 30,970
No brain tumor 14,401 25,680 29,375 69,456
All 25,265 39,120 39,120 103,505
T2 No brain tissue 2,684 11,556 16,764 31,004
No brain tumor 14,401 25,680 29,375 69,456
All 25,265 39,120 39,120 103,505
FLAIR No brain tissue 2,675 11,564 16,740 30,979
No brain tumor 14,401 25,680 29,375 69,456
All 101,060 156,480 156,480 414,020
Total No brain tissue 10,704 46,233 66,985 123,922
No brain tumor 57,604 102,720 117,500 277,824
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Another operation that we conducted during the pre-processing stage was
cropping each slice to a fixed size of 224x224 pixels for axial, and 112x224 pixels
for coronal and sagittal views, respectively. To avoid the effect of image enlarging
on the classification performance, two consecutive coronal slices were
concatenated and reshaped to 224x224 pixels. Similarly, two consecutive sagittal
slices were concatenated and reshaped to 224x224 pixel sizes. The example of
reconstructed, cropped and concatenated 2D images of a sample patient MRI exam
is depicted in Figure 3.2. A similar approach was used and reported promising
result in our published works where each consecutive coronal and sagittal slices at
the same position were concatenated before fed to the CNN model in deep
learning-based automated Tuberculosis diagnosis using chest CT scans (Mossa,
Eris, & Cevik, 2020; Mossa, Yibre, & Cevik, 2019).

In the experiments for the survival time prediction, since the size of the
dataset is very small and a large portion of the MRI slices regions are non-tumor
tissues, the CNN models may focus on unnecessary and redundant information,
which may lead to degraded performance. Thus, in order for the proposed CNN
models to focus only on learning notable features related to the tumor region and
its surrounding tissues, rather than feeding the whole slide image while training the
models, it may be essential to feed them only the rectangular box containing the
tumor regions and it‘s surrounding tissues. Thus, in this study, three different types
of slice inputs with different sizes of extended tumor regions (ROI-15, ROI-30 and
ROI-45) were extracted in the pre-processing stage. ROI-15 represents the
rectangular bounding box containing tumor regions and surrounding tissues up to
15 pixels from the tumor border. Similarly, ROI-30 and ROI-45 represent the
rectangular bounding box containing tumor regions and surrounding tissues up to
30 and 45 pixels from the tumor border, respectively.

At the end of pre-processing, we rescaled the intensity values of all the
slices in the (0,255) range, convert them to PNG format, and normalized them to

have zero mean and unit variance. This is a common technique in deep image
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processing since standardization makes it much easier for the network to learn. In
addition, it facilitates model training by standardizing the input distribution. Then,
all the reconstructed PNG images of an MRI in the axial, coronal and sagittal views
were stacked together and saved it in serialized form with a pickle toolbox,
respectively. Therefore, our input shape turned to be (n, 3,224,224). The values can
be interpreted such that the first value holds for the number of stacked images in
the axial, coronal or sagittal views, respectively. The second value for the number
of color channels, third and fourth values for width and height of PNG images. The
first value varies across different views and modalities. The axial slices extraction
procedure is detailed in Algorithm 1. The coronal and sagittal slices extraction and
concatenation algorithms are detailed in Algorithm2. Similarly, Algorithm 3
detailed the extraction of the extended ROI with a rectangular bounding box that
includes the surrounding tumor tissues of the glioma region. These algorithms were

implemented using the Python programming language and the NiBabel package.

@

(&)

Figure 3.2. Concatenation. (a) two consecutive coronal slices having the same
shape size (155 x 240) were sliced from the 3D MRI scans, center
cropped and then concatenated, (b) two consecutive sagittal slices
having the same shape size (155 x 240) were sliced from 3D MRI
scans, center cropped and then concatenated.
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Algorithm 1: Algorithm for Axial Slices Extraction from the volumetric MRI
Images.

Input: volumetric MRl image

Dimension = [240,240,155]
[row intensity, column intensity, number of slices] = dimensions of MRI image in the axial plane
[row intensity, number of slices, column intensity] = dimensions of MRl image in the coronal plane
[ number of slices, row intensity, column intensity] = dimensions of MRI image in the sagittal plane

MAX_PIXEL_VAL = 255

axialslices =[]
for k<— 1 to number of slices do
axial_slice = Input[:,.k]
if IsNot_empty (slice) then
axial_slice = resize(axial_slice [224,224])
axial_slice = Standardize_Normalize(axial_slice)
axialslices.append(axial_slice)
k=k+1
axialslices = numpy. stack((axialslices,)*3, axis=1)
axialslices = Standardize_Mormalize(axialslices)

IsMot_empty(slice)

{
index_xy = numpy.where(slice 1= 0)
if index_xy[0].shape[0] = O then
return true
}
Standardize_Mormalize{slice)
{

slice = (slice - numpy.min(slice)) / (np.max(slice) - np.min(slice)) * MAX_PIXEL_VAL
slice = (slice - numpy.mean(slice)) / numpyp.std(slice)
}
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Algorithm 2: Algorithm for Coronal and Sagittal Slices Extraction and
Concatenation.

Input: volumetric MRI image

Dimension = [240,240,155]
[row intensity, column intensity, number of slices] = dimensions of MRl image in the axial plane
[row intensity, number of slices, column intensity] = dimensions of MRl image in the coronal plane
[ number of slices, row intensity, column intensity] = dimensions of MRl image in the sagittal plane
MAX_PIXEL_VAL = 255

coronalslices =[]
for k€— 1 to number of slices do
coronal_slice1 = Input[: k,-]
coronal_slice? = Input[;, k+1 7]
if Ishot_empty (coronal_slice) then
coronal_slice1 = resize(coronal_slice1,[112,224])
coronal_slice1 = Standardize_MNormalize(coronal_slice1)
coronal_slice2 = resize(coronal_slice2,[112,224])
coronal_slice? = Standardize_MNormalize{coronal_slice 1)
coronal_slice = Concatenate(coronal_slice, coronal_slice2)
coronalslices. append(coranal_slice)
k=k+2
coronalslices = numpy.stack({coronalslices,)*3, axis=1)
coronalslices = Standardize_MNormalize(coronalslices)

sagittalslices =[]
for k<— 1 to number of slices do
sagittal_slices1 =Input[k,:,’]
sagittal_slices2 = Input[k+1,:,]
if Ishot_empty (slice) then
sagittal_slice1 = resize(coronal_slice1,[112,224])
sagittal_slice1 = Standardize_Normalize(sagittal_slice1)
sagittal_slice? = resize(sagittal_slice2 [112 224])
sagittal_slice? = Standardize_MNormalize(sagittal_slice1)
sagittal slice = Concatenate(coronal_slice, sagittal_slice2)
sagittalslices append(sagittal_slice)
k=k+2
sagittalslices = numpy.stack((sagittalslices, *3, axis=1)
sagittalslices = Standardize_MNormalize(sagittalslices)

IsNot_empty(slice)

index_xy = numpy.where(slice 1= 0)
if index_xy[0].shape[0] != 0 then
return true

Standardize_MNormalize(slice)

{

slice = (slice - numpy.min(slice)) / (numpy.max(slice) - numpy.min{slice)) * MAX_PIXEL_VAL
slice = (slice - numpy.mean(slice)) / numpy std(slice)

}
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Algorithm 3: Algorithm for ROI and Extended-ROI Slices Extraction from
MRI Images.

Input: volumetric MRI image
Dimension = [240,240,155]
[row intensity, column intensity, number of slices] = dimensions of MRl image in the axial plane
MAX_PIXEL_VAL =255
mask = NiftyNet_Segment(Input)
axialslices =[]
for k<— 1 to number of slices do
mask_axial = mask[:,: k]
axial_slice =Input[-- k]
d ={15,30,45}
if Ishot_empty (mask_axial) then
mask_axial_xy =np.where{mask_axial==1)
imag_axial_xy = np.where(axial_slice!=0)
Eroi = EROl({image_axial_xy,mask_axial_xy,d)
axial_slice = resize(Eroi [224,224])
axial_slice = Standardize_Normalize(axial_slice)
axialslices append(axial_slice)
k=k+1
axialslices = numpy.stack{(axialslices,)*3, axis=1)
axialslices = Standardize_MNormalize(axialslices)

IsMot_empty(slice)
{

index_xy = numpy.where(slice 1=0)
if index_xy[0] shape[0] I= 0 then
return true

}
Standardize_MNormalize(slice )

slice = (slice - numpy.min{slice)) / (np.max(slice) - np.min{slice)) * MAX_PIXEL_VAL
slice = (slice - numpy mean(slice)) / numpyp.std(slice)
}

EROI()

if(max(image_axial_xy[0]) - max{mask_axial_xy[0]) >= d) then
max_EROI_xy_0 = max(msk_axial_xy[0]) + d
else
max_EROI_xy_0 = max(img_axial_xy[0])

if(max (img_axial_xy[1]) - max(msk_axial_xy[1]) == d) then
max_EROI_xy_1 = max(msk_axial_xy[1]) +d

else
max_EROI_xy_1 =max{img_axial_xy[1])

if(min(msk_axial_xy[0]) - min(img_axial_xy[0]) == d) then
min_EROI_xy_0 = min(msk_axial_xy[0])-d
else
min_EROI_xy_0 = min(img_axial_xy[0])
if(min(msk_axial_xy[1] - min(img_axial_xy[1])) ==d) then
min_EROI_xy_1 = min(msk_axial_xy[1]) —d
else
min_EROI_xy_1 = min(mg_axial_xy[1])

center_x = (max_EROIl_xy_0+min_EROIl_xy 0)/2
center_y = (max_EROIl_xy_1 +min_EROIl_xy_1)/2

length_EROI = max_EROI_xy_0 - min_EROI_xy_0
width_ERQOI = max_ERQI_xy_1 - min_ERQOI_xy_1

EROI = np_zeros(length, widthl)
EROI[] = image_axial[int(center_x - length/2) - int{center_x + length/2), int{center_y - width/2) - int(center_y + width_EROI/2)]

return EROI
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3.2. Deep Learning
3.2.1. Artificial Neural Network (ANN)

An artificial Neural Network, usually simply called a neural network, is a
type of learning algorithm inspired by the early models of sensory processing in the
brain. It has emerged as a powerful technique for modeling the general relationship
between input and output by applying algorithms that mimic the processes of
biological neurons. Most importantly, it is now the basis for most deep learning
algorithms.

Essentially, ANNs are comprised of several interconnected computational
units, named neurons, arranged in layers. Neurons are the basic operating unit in a
neural network. Each neuron takes several inputs from other neurons or external
sources and produces a single output that may be passed to other neurons through a
connection link. Each connection link is associated with a weight that determines
the strength of the interconnection and thus the contribution of that interconnection
to the following neurons. Moreover, each neuron has an internal state, which is
called an activation function.

Using Equation 3.1, the output of a neuron, z, is computed through
combining the input values x = {X;, X5, .... X,} and learnable parameters ® = {W,
b}, where W is a set of weights {w;, w,, .... w,} and b represent bias, and
subsequently, pass them through an activation function, f(.). A single neuron model
is referred to as perceptron and its function is illustrated in Fig 3.3. The output, y,

of the perceptron, can be computed using Equation 3.2.
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Figure 3.3. Graphical representation of a neuron model or perceptron

zZ = Z?:l Wi X +b (31)

Yy =12 (3.2)

Typically, activation functions are non-linear functions that allow the
neural network to combine the inputs in a more complex way and in turn provide a
richer capability in the functions they can model. The most commonly used
activation functions for the traditional neural networks include the binary
threshold, bipolar threshold, rectified linear unit, and sigmoid functions. The output
y of a neuron with the binary threshold activation function is 1 if z> 0 in Equation
1, ie., if ey wix; + b) > 0. The output y of a neuron with the bipolar threshold
activation function is similar to that of the binary threshold, but O is represented as
-1 when z < 0. The rectified linear unit (ReL.U) computes a linear weighted sum of
their inputs, and the output is a non-linear function of the total input computed
using the max operation, f(x) = max (0, x). The sigmoid function transforms a real-
valued output to the value in the range between 0 and 1, which is a smooth and
bounded function of their total input. Typically, sigmoid activation functions use
the logistic function. The binary threshold, bipolar threshold, ReLLU, and sigmoid
activation functions are represented in Equation 3.3, Equation 3.4, Equation 3.5,

and Equation 3.6, respectively.
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fse)={7 230 (33)
fes o) ={7 250 (3.4)
fos =) 25 (35)
fi 0) =—— (3.6)

A multilayer neural network is essentially built using three layers: input,
hidden, and output layers. The input layer is used to interface with the real world
for receiving the input and passes them to the next layer, often referred to as a
hidden layer. Last comes the output layer that produces the neural network's
predictions. If the network comprises more than one hidden layer, it is typically
considered as a deep neural network (DNN), hence the term ‘deep learning’.

As depicted in Figure 3.4, the multi-layered perceptron (MLP) is one of the
most well-known of the traditional Feed-Forward DNN characterized by several
layers of nodes connected as a directed graph between the input and output layers,
which means that the signals that pass through the nodes go only one way. Each
layer of an MLP has a weight (W) vector and a bias vector (b) to be assigned or
learned. Suppose that the input pattern x = (x;, . . . , X,) is to induce the desired
output y at the final layer (L), and Wn is a matrix comprising of rows w*,
associated with activation function k in the output, where the symbol n indicates
the number of the current layer, then, the output of an MLP network at the final
layer is computed using Equation 3.7, which is obtained through applying Equation

2 for each neuron of the network.
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Figure 3.4. Examples of Multi Layer Neural Network Architecture
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For the binary classification problem, the final layer of a neural network
may have a single output neuron with a sigmoid activation function to predict a
value between 0 and 1 that represents the probability of predicting a value for class
1. This can be turned into a crisp class value by using a threshold. If the total input
is above a threshold, the output of the neuron is interpreted as class 1; otherwise, it
is class 0.

Neural Networks can be trained to perform a particular task by adjusting
the values of weights and biases parameters in such a way that the performance of
the networks is improved through reducing the network loss (cost function), which
measures the compatibility between the actual prediction of the network and the
desired output as given on a training dataset. The choice of the proper cost function
is an important aspect of a neural network algorithm. The binary cross-entropy loss
for two-class problems and the categorical cross-entropy loss for the multi-class
problems that are associated with the Softmax functions are the most preferred
techniques in the deep learning field for computing the cost function. The cross-
entropy equation for n classes using the Softmax function to compute the data loss

61



3. MATERIALS AND METHODS Abdela Ahmed MOSSA

for a single training example is shown in Equation 3.8, where ¢; is the truth label

and p; the Softmax probability for the i*"class scores of that example.

L=-%i t;log(py) 3-8)

During training the neural network, the performance of the network under
particular weight and bias parameters is evaluated by the cost function during the
forward propagation stage. Subsequently, the gradient descent algorithm, the
classical and still the most preferred parameter optimization technique is used to
iteratively update the parameters until the cost function is lower than a
predetermined threshold value or the loss no longer changes after a certain number
of iterations by using the gradient of the loss, which is computed using the back-
propagation algorithm (Rumelhart, Hinton, & Williams, 1986), often simply called
backprop. Modern optimization techniques are improvements and refinements on
the idea of this gradient descent algorithm. The gradient is, mathematically, a
partial derivative of the loss with respect to each learnable parameter, and a single
update of a weight and bias parameters are formulated as using Equation 3.9 and

Equation 3.10, respectively:

aL
U i 3.9)
oL
b._b—a*£ (3.10)

where w and b stand for the biases and weights learnable parameter, L. stands for
the cost function and o stands for the learning rate, a positive scalar determining
the step size. There are also some parameters, such as momentum and weight
decay that need tuning while training the neural network. In the end, when the

network has learned to solve problems based on the training datasets, the new
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dataset from the same knowledge domain can then be put into the trained neural

network to estimate the generalization performance of the network.

3.2.2. Convolutional Neural Networks (CNNs)

Convolutional Neural Networks also called Convolutional Networks or
ConvNets are a class of ANN techniques that have shown exemplary performances
in various computer vision tasks. CNNs make the explicit assumption that the
inputs are images, and they are designed to automatically and adaptively learn
hierarchies of features from input images by building high-level attributes from
low-level ones. CNNs were built as early as 1989 ultimately for the purpose of
automatic 2D image classification tasks (Y. LeCun et al., 1989) and were trained to
recognize images of numbers from handwritten ZIP-codes collected by the US post
office (LeCun and Cortes, 2005).

Several pioneering ideas have been explored in the literature to bring
advancements in CNNs, such as the use of different architectural innovations,
various optimization algorithms, activation function, loss function and
regularization techniques. However, as depicted in Figure 3.5, the majority of any
typical CNN architecture is based on a sequence of layers that transform one
volume of activation to another through a differentiable function. These typical
CNN architectures consist of repetitions of a stack of several convolutions and
pooling layers, followed by a classification module (i.e. MLP) at the end. The first
two convolutions and pooling layers perform feature extraction, whereas the third,
an MLP, maps the extracted features by the convolution and pooling layers into the

final output, such as classification.
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Figure 3.5. Building blocks of a typical CNN architecture

The convolution layer is the most essential component of any CNN
architecture that performs feature extraction using a stack of convolution
operations and activation functions by dividing the input into small parts. This
stack of convolutions and activation functions will make the extracted features
become more abstract with the increase of depth. Moreover, since digital images
are stored in a 2D grid of pixels, the input and output of each convolution layer for
the case of image recognition are sets of a multi-dimensional array of data called
feature maps. For example, if the input is a colour image, each feature map would
be a 2D array containing a colour channel of the input image. In addition, the
output of the first convolution layer can be used as an input for the second
convolution layer, which can be used as an input for the third convolution layer,
and so on. Each output feature map of any convolutional layer represents a
particular feature extracted at many spatial locations on the input. As a result, to
obtain feature maps that represent many kinds of features, a small grid of multiple
trainable parameters called filters (kernels), which are adapted by the learning
algorithm, are applied at every location on the input. Thus, different filters can be
considered as different feature extractors, and they are shared among all units of
the same feature maps. As a result, convolutional layers have fewer parameters to

train than MLP layers, making CNN easier to train and less prone to overfitting.
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The step where input data are transformed into output through the network
is called forward propagation. During this forward propagation, an element-wise
product between each element of the filter and the input feature map is calculated
at each location of the input and summed to obtain the output value in the
corresponding position of the output feature map. This special linear type of
mathematical operation is called convolution, which is typically denoted with an
asterisk. In the convolution layer, the output feature maps obtained after the
convolution operator are also passed through a non-linear activation function,
responsible for non-linearly transforming the data. The most commonly used
nonlinear activation function implemented in the convolution layers is the very
simple ReLLU activation function, which is defined in Equation 5.

Two key hyperparameters that define the convolution operation are the size
and number of filters. The most common filter size in the literature is 3 x 3, but
5x5 or 7x7 are also rarely used in the literature. The number of features
determines the depth of output feature maps. For instance, suppose an fl x 2 size
filter k connects a 2D input feature map x of size nl x n2 to output the feature map,
y, then the convolution operation to get the desired feature map can be expressed
using Equation 3.11. With stride s and amount of padding p used on the border, the
height and width dimensions of the output feature map, y, can also be expressed

using Equation 3.12 and Equation 3.13, respectively.

y(i,)) = Zm Xnx(@ +m,j + n)k(m,n) (3.11)

ni+2p—f1

— —+1 (3.12)
2s

n2+2p—f2 +1 313
2s ( . )
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The pooling layer provides a downsampling operation that reduces the
dimensionality of the feature maps in order to speed up the computation and make
the features detected by the convolution layers more robust. The pooling operator
operates using the average function (average-function) or the max function (max-
pooling) using values in each feature map within a rectangular neighbourhood with
a stride larger than 1, and subsequently, makes the representation invariant to small
translations and distortions of the input. Although several subsampling operations
are in use, the widely used ones are 2x2 max or average-pooling with a stride of 2,
which reduces the dimension of the feature maps by a factor of 2. The 2x2 max
pooling operation computes the maximum values of the four neighbourhood values
in each feature map and discards all the other values. Similarly, the average
pooling computes the mean of the 4 neighbourhood values in each feature map.

The outputs of the final pooling layers of any ConvNet architecture are
typically flattened into a one-dimensional (1D) array of numbers, and connected to
a traditional ANN, such as MLP, in which every input is connected to every output
by a learnable weight. Just like the regular neural network, the final fully connected
layer of an MLP in a CNN has output nodes followed by a nonlinear activation
function that needs to be chosen according to the task, as discussed in section 3.2.
Similarly, supervised training of the network is performed using a backpropagation
approach and an optimization technique to reduce the discrepancy between the
ground truth labels and the actual outputs of the ConvNet as for the standard ANN.
All the learnable parameters such as filter weights and biases in all the building
blocks of the ConvNet are updated concurrently by the learning procedure. On the
other hand, the type of loss function, filter size, number of filters, padding, learning
rate, and stride size are some of the hyperparameters that need to be chosen before

the training process starts.
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3.2.3. State-of-the-art CNN Models

In medical image analysis tasks, the standard of finding the optimal CNN
architecture is through trying out multiple architectures and see which one
achieved an enhanced performance for a particular task. As a result, some of the
famous state-of-the-art CNN architectures such as AlexNet, Googl.eNet, VGG,
ResNet, UNet, etc have been customized and applied to various image analysis
problems. In this thesis, fifteen most common state-of-the-art ImageNet CNN
architectures were investigated in finding an optimal feature extraction layer for the
proposed CNN architectures and subsequently, leverage weights learned from
natural images. A UNet based state-of-the-art CNN model developed by Wang et
al. (2018) was also utilized in this thesis for the automatic segmentation of the ROI
tumour region. All of these state-of-the-art CNN architectures vary in their
architectural design as discussed in the following paragraphs.

AlexNet is considered as the first deep CNN architecture that launched the
current deep learning thrive by winning the 2012 ILSVRC competition by a huge
margin for image classification and recognition tasks. The basic architectural
design of AlexNet is shown in Figure 3.6. It consists of five convolution layers,
three pooling layers and three fully connected layers. Input RGB images with a size
of 227x227 go through the convolutional and pooling layers, and subsequently to

the fully connected layers.
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Figure 3.6. Building blocks of the AlexNet architecture

The input images in the AlexNet architecture are convolved with 96 filters
of size 11x11, with 256 filters of size 5x5, with 384 filters of size 3%3, with 384
filters of size 3x3, with 256 filters of size 3x3, in the first, second, third, fourth and

fifth convolution layers, respectively. In the architecture, the immediate feature

maps obtained after the first convolutional layer are used as input to the second

convolutional layer. Subsequently, the max-pooling operation with 3x3 filter size

is performed on the output of each convolutional layer where the output feature
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maps are used as input to the immediate consecutive convolutional layer in which
similar max-pooling is applied to reduce the learnable parameters. At the end of the
convolution layer, the max-pooling with a 3x3 filter size and a stride of 2 is
performed on the output. In addition to the convolutional and pooling layers, three
fully connected layers are also constructed at the end of the last pooling layer in the
AlexNet architecture. Moreover, notable features including the use of the ReL.U as
a non-saturating activation function to improve the convergence rate by alleviating
the problem of vanishing gradient to some extent, training on multiple GPUs to
overcome the shortcoming of the hardware were used in the architecture.

With the goal of achieving high accuracy with a very deep CNN
architecture while maintaining minimal computational time, GooglLeNet
architecture, also called Inception-v1, was built by a Google research team using a
new concept called inception. The architecture contains 22 layers based on
conventional convolutional and pooling layer and stacked inception modules with
different filter sizes of 5x5, 3x3, and 1x1 to parallelly filter the layers and
subsequently concatenate their results and fed to the subsequent inception module
(Szegedy et al. 2015). It was much deeper than AlexNet and was the winner of the
ILSVRC14 competition. GoogleNet also brought the popularized idea of not using
fully-connected layers at the end, but rather global average pooling, significantly
reduce the number of parameters from 138 million to 4 million parameters which
improve the computational efficiency. Other regulatory factors applied were batch
normalization and the use of RmsProp as an optimizer (Dauphin, De Vries, &
Bengio, 2015).

VGG was proposed with a deeper CNN architecture through improving
AlexNet architecture by replacing the 11 x 11 and 5 x5 large-sized filters with
multiple 3x3 small-sized filters stacked one after another. The use of the small-size
filters provides an additional benefit of low computational complexity by reducing
the number of parameters. For the tuning of the network, max-pooling is placed

after the convolutional layer, while padding was performed to maintain the spatial
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resolution (Huang et al. 2007). VGG showed good results both for image
classification and localization problems and was in 2nd place in the 2014-ILSVRC
competition. VGG11, VGGI13, VGG16 and VGGI19 are variants of the VGG
architecture with 11,13,16 and 19 layers, respectively.

The main limitation associated with VGG was the use of very deep
architecture with 138 million parameters, which make it computationally expensive
and difficult to train because of the vanishing and exploding gradient type of
problems. Moreover, while training deep CNN architectures with a large number of
layers, the layers do not increase performance efficiency beyond a certain point. In
addition, in such a scenario depth can also increase the model error. As a result,
skip connections that allow taking the activation from one layer and suddenly feed
to another layer even to the much deeper in the network, created an efficient
methodology for the training such kind of deep CNN architectures. Proposed by He
et al. (2015), ResNet is built using the concept of skip connections that allows the
network to copy the activation from one ResNet block to another ResNet block,
preserving information as the data goes through the layers. As a result, it provides a
solution to the problem of the vanishing gradient and the learning speed of the
model is increased and still achieves compelling performance. ResNetl8,
ResNet34 and ResNet50 are some of the variants of the ResNet architecture with
18, 34 and 50 layers, respectively.

DenseNet is a network architecture in which each layer is connected to the
other in a feed-forward manner. These connections allow the model to reuse
features and avoid the problem of vanishing gradient. DenseNet121, DenseNet169
and DensNet201 are some of the variants of the DensNet architecture with 121,
169 and 201 layers, respectively. In this thesis, MansNet and MobileNet
architectures, which belong to the family of the second generation computer vision
networks and designed to perform classification tasks at a very low computational

cost, were also investigated.
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The objective of image segmentation problems is to label every pixel in the
image with the class of its enclosing object or region. The ML-based automatic
segmentation of brain tumours from MRI images is extremely challenging because
the method should have a strong classification and localization properties at the
same time. Recently, considerable advancement in the area of automatic medical
image segmentation was achieved after state-of-the-art methods based on
convolutional neural networks were developed. Among this, the UNet architecture,
which was first proposed and implemented by Ronneberger et al. (2015) for the
segmentation of neuronal structures in 512 x 512 biomedical microscopy images
and won the cell tracking Challenge proposed during the 2015 ISBI, has gained
wide popularity within the research community implementing for many biomedical
image segmentation tasks with satisfactory segmentation results, including for
brain tumor segmentation challenges (Dong, Yang, Liu, Mo, & Guo, 2017; G.
Wang, Li, Ourselin, & Vercauteren, 2018).

As depicted in Figure 3.7, the UNet CNN architecture, which has a
symmetrical letter “U” shape, is comprised of three core parts: (1)
encoding/contracting/downsampling; 2) bottleneck; and 3)
decoding/expanding/upsampling. The encoding part is composed of multiple
blocks comprising of convolutional and pooling layers, where each block is formed
by a number of convolutional layers (each followed by a ReLLU activation function)
downsampled by the max pooling layer of stride 2. Through this path, the network
learns the important features (context) but not their locations. The decoding part
has a reversed effect as it works to progressively propagate context information to
a higher resolution until it reaches its original size. For this, it is composed of a
number of transpose convolution (deconvolution) layers with a stride of 2. The
bottleneck appears between the contracting and expanding paths, and it is built
with two convolutional layers and a dropout layer. In addition, based on the ideas

of ResNet, there are skip connections that concatenates features from the
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downsampling to the upsampling paths to ensure the precise localization of context

at each stage of the expanding path.
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Figure 3.7. The Original U-Net architecture (Ronneberger et al., 2015)

3.2.4. Multi-View CNN (Mv-CNN)

This thesis aimed to tackle a binary classification problem on volumetric
medical images through leveraging the knowledge learned from state-of-the-art
2D-CNN architectures pre-trained over large natural image datasets (ImageNet).
Thus, the Mv-CNN architecture that we proposed is similar to the original Multi-
View CNN architecture developed for 3D shape recognition but unlike the original
Multi-View CNN, our proposed Mv-CNN used the feature extraction layers of the
pre-trained ImageNet architecture as a backend. The basic concept of the proposed
Myv-CNN architecture is that during the training process we can provide the model
a series of 2D slices sampled from the volumetric MRI scan of a patient, which can

be processed using 2D-CNNss for the classification.
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The proposed Mv-CNN architectures consist of three core modules: feature
extraction layers of pre-trained ImageNet architecture, pooling layers (global
average and max pooling) and Fully connected layers. Figure 3.8 depicts an
example for the AlexNet based Mv-CNN architecture. Similar architectures were
developed using the other 14 state-of-the-art ImageNet architectures which were
discussed in Section 3.2.3. The first two modules of the Mv-CNN architectures
operate as feature extraction layers and the third as a classification layer. Details of

each module are briefly discussed in the following paragraphs.

AlexNet Feature Extraction Layers
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Figure 3.8. The architecture of the proposed Mv-CNN architecture for volumetric
image classification using AlexNet as a backend.

The feature extraction layers of the pre-trained AlexNet, which contains
five convolution and three pooling layers, are used to exploit the hierarchical
features uniformly from each slice. Given a volumetric MRI scan represented by k
slices in one of the three planes obtained after the pre-processing stage (discussed
in Section 3.1), the size of the training data inputs to the network will be fixed as &
X 3 x 224 x 224 stacked slices, where 3 indicates the number colour channels.

For each slice, the output feature map after applying the AlexNet feature extraction
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layers will be ¥; € R?36%¢*¢ and for the k slices of the volumetric MRI, we will

obtain varying feature map shapes R¥*256X6X6 where s = {y;}¥, is the set of
feature maps of all the slices of a volumetric MRI. Most importantly, each slice in
the AlexNet feature extraction layers is treated fairly by sharing the learnable
parameters, which makes it easier to train and less prone to overfitting.

The global average pooling computes the average value of all elements in
the feature map (M. Lin, Chen, & Yan, 2014). Thus, the Global average pooling
and max pooling layers were incorporated on the top of the feature extraction
layers of the ImageNet architectures to reduce the generated feature maps obtained
in the previous module and increase the compactness of the models. The global
average pooling layer applied across the spatial dimensions, reduce the generated
features maps in the AlexNet based Mv-CNN from & x 256 x 6 x 6 to k x 256.
On the other hand, the max pooling layer applied across slices on top of the global
average pooling layer reduces the generated feature maps from &k x 256 to reduce
to a 1D 256-dimensional vector, as a total feature representation. The description of
the feature extraction layers of the AlexNet based Mv-CNN with dimensions of
feature maps at each layer is detailed in Figure 3.9.

The last module that is incorporated in the Mv-CNN architecture is the
three fully connected layers with 256 nodes on each of the first two layers and a
node with a sigmoid activation function on the last year that map the computed
hidden representation to the output probability prediction in the O to 1 range
indicating whether an instance belongs to the given classes or not. In the
experiments performed in this thesis, class labels both for HGG and short-term OS
patient exams were set to 1 (positive), and class labels both for LGG and long-term

OS patient exams were set to 0 (negative).
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Figure 3.9. Description of the AlexNet based Mv-CNN feature extraction layers,
which transform the input stacked slices with k x 3x 224 x 224 into a
256-dimensional vector

The Mv-CNN architectures were trained using an adaptive moment
estimation (Adam) optimization algorithm that is an extension of the stochastic
gradient descent (SGD) that has recently seen broader adoption for deep learning
applications in computer vision and natural language processing. The Adam
optimization technique has many advantages including: computationally efficient,
invariant to diagonal rescale of the gradient, appropriate for problems with very
noisy gradients. The optimizer is responsible for updating the learnable parameters
via backpropagation The parameters of the AlexNet portion of the Mv-CNN
architecture were leveraged from the AlexNet trained on the ImageNet dataset,
then fine-tuned these parameters using our dataset.

The proposed Mv-CNN architecture consists of a large number of trainable
parameters. Moreover, the available training datasets are small and unbalanced
class sizes which may lead the Mv-CNNs to converge towards the majority class
sizes. Thus, apart from transfer learning, conventional data augmentation

techniques, such as Gaussian noise, horizontal and vertical flipping, random
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rotation, and elastic deformation, were used during training the proposed CNN
models to increase the size of the training data and make the models more robust
by learning more features. This helps increase the diversity of the general MRI
images, which may improve the generalization of the proposed Mv-CNN on the
test dataset samples. In addition, since we are dealing with the binary classification
problem with imbalanced class sizes, the weighted binary cross-entropy loss
function through modifying the loss function which is defined in Equation (8), to
weight the two classes differently based on the class frequencies, has been applied
for all the tasks while training the models. With this setting, we can have all of the
examples for the loss contribution from both the negative and positive classes to be
the same.

The Mv-CNN architectures were trained twelve times using each pre-
processed 2D images of the four modalities projected in the three planes. With such
trained twelve models, patient-level twelve predicted probabilities were generated.
Then, we fused these twelve predicted probabilities using different ensemble
methods, which is discussed in Section 3.3. The idea is that a more accurate
stratification of OS patients with glioma may be obtained when the individual
learners' outputs, which are trained separately on 2D projected images of

multimodal MRI scans, are combined.

3.2.5. Multi-Column CNN (Mc-CNN)

To investigate and compare the performances of each modality and 2D
sliced images, and investigate the learning capability of different Multi-View CNN
architectures for the brain tumor diagnostic system, we developed two Multi-
Column CNN (Mc-CNN) architectures that can combine information from multiple
2D-projection images using multiple base learners within a single CNN
architecture by sharing a substantial amount of the learning parameters among the

base learners, which is inspired by prior work of Nan Wu et al. (2019). In this
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thesis, the two proposed Mc-CNN architectures are named TriPlanar-CNN and
QuadPlanar-CNN according to their architectural design style.

The TriPlanar-CNN architecture is a three-column CNN architecture that
takes as input the 2D stacked slices of the volumetric MRI scan of the three views
(axial, coronal and sagittal), which takes advantage of the multi-view property of
the volumetric MRI. As shown in Figure 3.10, the model computes the output
probability of a patient being HGG or LGG and short-term OS or long-term OS in
three stages. In the first stage, each input is processed independently by the three
columns aiming to extract features from each view-based slice. In the second stage,
the feature outputs by the three columns are consolidated into a fixed-size feature
map by using concatenation. In the third stage, Concatenated features are processed
together and classification is performed using a fully connected layer and a sigmoid
activation on top of it. Finally, the individual classification performance of each
modality was compared and the probability predictions of the four modalities were
fused to obtain the final more accurate classification result at the patient level.

The feature extractor module in each column of the TriPlanar-CNN
architecture adopts the feature extraction layer of the Mv-CNN architecture, which
is explained in the previous section. Similar to the Mv-CNN architecture, transfer
learning from AlexNet pre-trained on natural images was applied on the feature
extractor module and fine-tuned each column with the pre-processed axial, coronal
and sagittal slices, respectively. Similarly, each of the three columns outputs a
fixed-dimension hidden representation for each of the three views. Subsequently, a
fusion layer is used to integrate the output of the three columns vector into a 768-
dimension vector. In the end, a fully connected layer with a sigmoid activation

function was used to obtain the classification result in the O to 1 range.
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Figure 3.10. A schematic representation of the Triplanar-CNN architecture
pipeline. Each 3D MRI modality is represented by a sequence of 2D
slices in the axial, coronal and sagittal planes, giving rise to our
Triplanar-CNN architecture. Consecutive axial, coronal, and sagittal
slices, respectively, are stacked as image input to the feature extractor.
The feature extraction layers are employed to extract view-specific
features from each modality. The concatenation layer integrates
features obtained from each column, followed by a fully connected
layer with a sigmoid activation function that maps the 3D MRI scan to
probability prediction in the O to 1 range.

The TriPlanar-CNN architecture was trained four times using each
preprocessed 2D images of the four modalities. Similarly, The QuadPlanar-CNN
architecture was trained three times using each preprocessed 2D images sliced in
the axial, coronal, and sagittal planes. With such trained 7 models, patient-level
seven predicted probabilities were generated. Then, we fused these seven predicted
probabilities using different ensemble methods, which were discussed in Section
3.3.

The network architecture of the QuadPlanar-CNN is similar to that of the
TriPlanar-CNN architecture. It consists of four feature extractor sub-networks that

aim to learn view-specific features of the four modalities within the same
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architecture, followed by a common fusion and fully connected sub-networks that
compute the output (see Figure 3.11). The feature extractor modules in each
column adopt the feature extraction layer of the Mv-CNN architecture, and similar
to the Mv-CNN architecture, transfer learning from AlexNet pre-trained on natural
images was applied on the feature extractor modules and fine-tuned each column
with the pre-processed 2D stacked slices. Each of the four columns outputs the
same 256-dimensional hidden representation for each 2D stacked slices projected
in the same plane from the four modalities.

The fusion layer in the QuadPlanar-CNN was added to integrate the
outputs of the four-column vectors into a 1024-dimension vector through
concatenation. The QuadPlanar architecture also further incorporated a fully
connected layer and a sigmoid activation to map the computed hidden
representations to the binary classification results in the O to 1 range. Using the
same training fashion to that of the Mv-CNN, we trained the QuadPlanar-CNN
architecture three times, one for each 2D projections of the four modalities,
resulting in three different binary probability estimates for each patient’s
prognostic prediction. In the end, probability predictions by the TriPlanar-CNN and
QuadPlanar-CNN models were fused to improve the classification performance

and compare the result with the Mv-CNN approach.

| Classification resulf | | Classification resulf | | Classification resulf |
| Fully Connected Layver (:igmoid) | | Fully Connected Layver (:igmoid) | | Fully Connected Layver (:igmoid) |
| Fully Connected Layer (1024 hidden uniis) | | Fully Connected Layer (1024 hidden uniis) | | Fully Connected Layer (1024 hidden uniis) |
| Concatenation (256 x 4) | | Concatenation (256 x 4) | | Concatenation (256 x 4) |

|lI1'-C.\'.'\'| |J[\'—C_\'S| || |JI\'—C')'S| |M1'-C_\'_\'| |lI1'-C.\'.'\'| |J[\'—C_\'S| || |JI\'—C')'S| |M1'-C_\'_\'| |lI1'-C.\'.'\'| |J[\'—C_\'S| || |JI\'—C')'S| |M1'-C_\'_\'|

| st || sciat ||| asiet || st | [ coronst || coronat ||| coronat || coromsi | | sasittal || sasittr || | segiten || sasittn |
Figure 3.11. The Mc-CNN architecture pipeline. Mv-CNN refers to the feature
extraction layers of the Mv-CNN architecture. The arrow indicates the

direction of the information flow.
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3.3. Ensemble Learning

Ensemble learning is the process by which multiple independent learning
algorithms, often called the base learners, are trained separately either in parallel or
in a cascading manner, and the decisions made by each base learners are
subsequently combined with an optimal fusion strategy. Thus, even if a weak
classifier got a wrong prediction, the whole ensemble classifiers could correct the
error back. In general, the main purpose of ensemble learning is to obtain an
overall better predictive performance than that could be achieved from any of the
constituent base learning algorithms or to reduce the variance and bias of the base
learner model predictions (Zhou, Wu, & Tang, 2002).

In this thesis, we have performed an ensembling learning experiment by
combining the outputs of multiple deep learning-based base learner models to
effectively improve the performance and generalization of our automated
prognostic models. Hence, the individual Mv-CNN base learner prediction results
after trained in each 2D stacked image types sampled from the four volumetric
MRI modalities in the axial, coronal, and sagittal planes (12 in total) were fused
using different fusing strategies in order to reach the final better conclusion.
Similarly, the individual TriPlanar-CNN and QuadPlanar-CNN prediction results
after trained in each 2D stacked slices (7 in total) were combined with different
fusing strategies. In our experiments, we used the majority voting (VOT), weighted
VOT, averaging (AVE), weighted AVE, and stacking ensembling strategies.

Unlike that of VOT and AVE, stacking involves training a learning
algorithm using the available data, then a combiner algorithm is subsequently
trained to make a final prediction using all the predictions of the other algorithms
as additional inputs. In this study, traditional ML algorithms including logistic
regression, MLP, Naive Bayes, SVM, Random Forest (RF), and Random Tree
(RT) were used to fuse the prediction of the individual DL models and

correspondingly generate 8 ensemble learners. Finally, the comparison of results on
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the effects of different combining strategies is compared. The conceptual diagram

of the ensemble approach used in this study is illustrated in Figure 3.12.

Base learners Combining strategies
a) Ensembled
: : outputs
| I
| 1
| I
I 1
Base learners
TriPlanar-
CHNN4 Combining strategies
|
I :
|
b) | :
TriPlanar- Ensembled
CNN4 outputs

Figure 3.12. Deep learning-based individual classifiers combined using different
fusion strategies. a) The individual Mv-CNN models outputs
combined using the VOT, AVE, and Stacking ensembling strategies.
b) The individual Multi-Column CNN models outputs combined using
VOT, AVE, and Stacking ensembling strategies
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3.3.1. Majority Voting (VOT)

In majority voting ensemble strategies, the predicted class label for a
particular sample is the class label that represents the majority of the class labels
predicted by each individual deep learning model. Given that our prognostic task is

a binary classification problem, VOT can be evaluated using Equation 3.14,

K
Xi=1YpL;(Xn)

P(x,) = > (3.14)

where P(x,,) is the final prediction result for a patient x,, using the VOT method.

Yp1, (%) represents the classification result for each DL model of the patient x;,. If
P (YDLi(xn)) > 0.5, Ypy,(xy) is defined as 1, otherwise Y, (x,,) is 0. k represents

the number of base learners, i.e. k is 12 if the base learners are Mv-CNN otherwise
it is 7, which represents the number of Multi-Column CNN models as base

learners.

3.3.2. Averaging (AVE)
Similar to the VOT, AVE can also be evaluated using the following
Equation 3.15,

K P(YpL.(xn
P(xy) = 2zl oL Cn) 2 L)) (3.15)

where P(x,,) is the final prediction result for a patient x,, using the AVE method.

P (YD Ll.(xn)) is the predicted result for each DL model of the patient x,,.

82



3. MATERIALS AND METHODS Abdela Ahmed MOSSA

3.3.3. Logistic Regression

Logistic regression is one of the most popular supervised ML classification
techniques for modeling a categorical outcome variable (or output), Y, from a set
of features (or inputs), X, using the sigmoid function to model a binary dependent
variable and the maximum likelihood estimation approach to optimize the model.
The output prediction by the logistic regression is based on a linear combination of
more than one feature value as an argument to the sigmoid function, resulting in
output between 0 and 1; a probability. The logistic regression can be evaluated

based on the Equation 3.16,

Y=POy=1x)=— L (3.16)

T
eWTX+b

where Y is the predicted probability that the output is 1 given its input
features, b is the bias, and W is the learnable parameter vectors for the input feature
vectors X. For the binary classification, the middle predicted value of Equation 14
is considered as a threshold that establishes what belongs to class 1, and to class 0.
In particular, input having features that produce an outcome of less than 0.5 is
considered to belong to class 0. Otherwise, the corresponding inputs are classified
as belonging to class 1. In our experiments, we trained the logistic regression to
weight the probability prediction from the twelve Mv-CNN base learners and
generate a single output for each patient. We also trained the logistic regression to
weight the probability prediction from the seven Multi-Column CNN base learners

and generate a single output for each patient.

3.3.4. Naive Bayes
Despite its seemingly simple nature, the Naive Bayes classifier is one of
the most efficient and well-known statistical learning methods (Minsky, 1961). The

Naive Bayes classifier model predicts the probabilities of each class member based
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on applying Bayes’ theorem in the decision rule with strong assumptions that each
feature makes an independent and equal contribution to the outcome and that is
why it is named ‘Naive’. Bayes theorem is used for calculating conditional
probabilities, which is the probability of an event occurring given the probability of
another event has already occurred. If A and B are two events, the conditional
probability of A in such a condition that B has already occurred, which is
represented as P(A[B), can be equated using Equation (3.17), and the Bayes’
theorem can be derived from the following mathematical equations from our

probability course basics:

P(A|B) = % (3.17)
P(AN B) = P(A|B)P(B) (3.18)
P(A N B) = P(B|A)P(A) (3.19)

Then, when the right sides of Equation 3.18 and Equation 3.19 are equated the

Bayes’ theorem is obtained as shown in the following Equation 3.20

P(A|B)P(B)

P(B|A) = )

(3.20)

The Naive Bayes algorithm predicts the class probabilities of a given
observation and selects the class with maximum probability value as the decision.
It assumes that each feature value of an observation is independent of other the
feature values, but the class value of the observation affects all the other features.
This assumption, also known as “the conditional independence”, simplifies the

probability calculation and works very efficiently for problems in medical fields,
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probably connected to the fact that the chosen symptoms are independent to some

degree (Sierra et al., 2001).

In statistic and computer science literature, Naive Bayes classifier is also

simply called Bayesian classifiers, and it works as follows:

1.

Assume that a training data sample X in the dataset has features = {x1, x2,
., xn}, and there are m classes represented as C1, C2, ..., Cm. Using
Bayes’ theorem defined in Equation 20, it is possible to determine the class

of sample X from each of the possible classes as depicted in Equation 3.21:

P(X|C)P(Cyi)

P(Cilx) = 2

(3.21)

In the Naive Bayes-based classification, it is assumed that xi feature values
are conditionally independent. As a result, in order to calculate P (X|C;)

Equation 3.22 can be used (Han and Kamber, 2000):

P(X|C;) = [li=1 P(xk|C) (3.22)

Since the P(X) value will be the same in all the class probability
calculations, and also since the maximum class probability is going to be
selected as a class, we can discard P(X) from calculations as shown in

Equation 3.23.

arg max{P (X|C;)P(C;)} (3.23)

85



3. MATERIALS AND METHODS Abdela Ahmed MOSSA

3.3.5. Support Vector Machine

Support Vector Machine (SVM) is a supervised ML algorithm, which can
be generalized for classification and regression problems. Given a set of training
features and their corresponding classes, the SVM aims to find an optimal
hyperplane that can split new features into two classes for the case of binary
classification problems. A support vector is a data point that is nearest to the
hyperplane. They are accepted as the critical elements of the training dataset. The
term margin is defined as the distance between the support vector and hyperplane.
There can be more than one hyperplane solution in determining the optimal
hyperplane but SVM picks the best hyperplane having the largest marginal distance
(maximal margin) to any of the candidate hyperplanes for the generalization
performance of the classifier. This optimal hyperplane is usually named the optimal
separating hyperplane (OSH). However, the optimal hyperplane of any SVM is
unique (Theodoridis & Koutroumbas, 2010). Figure 3.13. illustrates the binary

classification problem with the SVM classifier.
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Figure 3.13. The Support Vector Machine Classifier
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3.3.6. Random Forest

A decision tree can be defined as a decision support tool that uses a tree-
like graph or model of decisions and their possible outcomes. Each branch of a
decision tree represents the outcomes of a test, and each leaf node represents a
class label. Introduced by Breiman (2001), Random Forest (RF) is one of the most
effective supervised machine learning models that perform well, especially when
few training data examples with many features are available (Witten, Frank, Hall,
& Pal, 2011). RF operates by creating an ensemble of a large number of
independent decision trees, and every individual decision tree, which is built by a
random selection of Ni features, spits out a class prediction. Each tree being a weak
classifier, the RF approach inspires the Bagging idea in the opinion that if a group
of weak learners is ensemble they may result in a strong classifier outperforming
any of the individual classifiers. The final class prediction of a random forest is
based on the majority voting, which is the class with the most votes. The
hyperparameters to be tuned while training an RF model include a number of trees,
max depth of the forest, and class weights. Figure 3.14 is the representation of a

random forest classifier. For each feature, there is one decision tree.

X dataset

NES s il el

N, features N, features N, features N, features
/
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C CLASS D CLASS B CLASS C

[ | | J

Figure 3.14. The Random Forest Classifier (Taken from the Global Software
Support))
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3.3.7. K-Nearest-Neighbour

The K-Nearest-Neighbour (KNN) algorithm is one of the simplest
supervised ML algorithms that can be used to solve both regression and
classification tasks. It works based on the assumption that similar examples exist in
close proximity in the feature space, i.e. similar examples are near to each other.
Therefore, for KNN distance or closeness is the metric for similarity. It calculates
the distance between points on a graph. That way, when a new sample is
introduced to the system, the classifier checks what the labels of the nearest data
points are, and assigns the label that occurs the most to this new sample. Figure
3.15 is the representation of KNN classifier. For each feature, there is one decision
tree. Significant hyperparameters include a number of neighbors, and class

weights.

k

Figure 3.15. KNN Classifier (Adapted from mathwork))

3.4. Baseline Approach
Radiomics, the prediction of disease characteristics using quantitative
image features from the segmented tumor regions has also been used in this study
as a baseline to the proposed fully automated approach. The age of patients, and the
12 standard radiomics (imaging) features depicted in Table 3.4 were extracted from
the Multi-Modal MRI images of each patient using ITK-SNAP toolkit. After
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extraction, each feature was subsequently normalized as shown in the table.
Finally, the combined features were used for the two tasks to train the six standard
ML algorithms discussed in the previous section. The age of patients was available
only for survival time prediction tasks, but not for glioma grading prediction.

Hence, the age feature was not used for the glioma grading task.

Table 3.4. Description of imaging features, and normalization techniques

Features Normalized Features
Age Age/100
Extent of NCR & NET tumor Number of Voxels of Necrotic and non-

enhancing tumor/Total number of Voxels

Extent of Edema tumor Number of voxels of Peritumoral
Edema/Total number of Voxels

Extent of Enhancing tumor Number of voxels of GD-Enhancing
tumor/Total Number of Voxels

Extent of Other Number of voxels of any region outside
the whole tumor/Total Number of Voxels

Mean-NCR and NET (The raw voxel mean image intensity of
NCR and NET — mean of all patients’ raw
voxel mean image intensity of NCR and
NET)/SDV

Mean-Edema (The raw voxel mean image intensity of

Edema — mean of all patients’ raw voxel

mean image intensity of Edema )/SDV

Mean-Enhancing tumor (The raw voxel mean image intensity of
Enhancing tumor — mean of all patients’
raw voxel mean image intensity of
Enhancing )/SDV

Mean-Other (The raw voxel mean intensity of any

region outside the whole tumor — mean of
all patients’ raw voxel mean intensity of

any region outside the whole tumor)/SDV
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STDV- NCR and NET (Standard deviation raw voxel mean
image intensity of NCR and NET — mean
of all patients’ raw voxel mean image
intensity of NCR and NET)/SDV

STDV-Edema (Standard deviation of raw voxel image

intensity of Edema — mean of all patients’
raw voxel mean image intensity of
Edema)/SDV

STDV - Enhancing tumor (Standard deviation of raw voxel image

intensity of Enhancing — mean of all
patients’ raw voxel mean image intensity
of Enhancing)/SDV

STDV - Other (Standard deviation of raw voxel image

intensity of any region outside the whole
tumor — mean of all patients’ raw voxel
mean image intensity of any region
outside the whole tumor)/SDV

3.5. Hardware and Frameworks

3.5.1. Hardware
The proposed deep learning implementations were developed using a

remote machine, and desktop computers that have the following features:

1. Desktop computer 1: Intel Corei7 2.8GHz, 1GB RAM, NVIDIA GeForce
GTX 1050 2GB, Windows 10 Operating System.

2. Desktop computer 2: AMD Phenom Quad-Core 2.5GHz, 8GB RAM,
NVIDIA GeForce RTX 2070 8GB, Windows 10 Operating System.

3. Remote Machine (Google’s free cloud service for Al developers): Google

Colab with free Tesla K80 GPU
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3.5.2. PyTorch

PyTorch is an optimized tensor open-source framework for the
implementation of DL models using GPUs and CPUs. It is primarily developed by
Facebook's Al Research lab group (FAIR), and open-sourced on GitHub in 2017. It
offers a platform to research the computer vision and natural language processing
fields to implement new DL architectures or state-of-the-art DL architectures with
trained models for achieving state-of-the-art results quickly and efficiently,
regardless of resource constraints. In general, it has a reputation for simplicity, ease
of use, flexibility, debugging capabilities, and efficient memory usage. In our
study, the proposed deep learning architectures, including the Mv-CNN and Multi-

Column CNN architectures were implemented using this PyTorch library.

3.5.3. NiftyNet

NiftyNet is an open-source deep learning platform built on the TensorFlow
framework to do research in both 2D and 3D medical image analysis applications,
including segmentation and classification (Gibson et al., 2018). It is developed by a
consortium of research groups, including the School of Biomedical Engineering
and Imaging Sciences at King's College London (BMEIS), Wellcome Centre for
Medical Engineering (CME), and the High-dimensional Imaging Group (HIG) at
the UCL Institute of Neurology. NiftyNet’s modular structure is designed for
sharing networks and pre-trained models to accelerate and simplify the
development of DL models. In summary, using NiftyNet’s modular structure it is
possible to get started with established pre-trained models, adapt existing state-of-
the-art architectures to your imaging data, and rapidly develop new solutions to
new medical image analysis problems. In our study, NiftyNet were used to do the
automatic segmentation of tumor regions from the multi-modal MRI images using
the well-established existing model, which is based on the paper entitled
“Automatic Brain Tumour Segmentation Using Cascaded Anisotropic

Convolutional Neural Network” (Wang, Li, Ourselin, & Vercauteren, 2018).

91



3. MATERIALS AND METHODS Abdela Ahmed MOSSA

3.5.4. ITK-SNAP

ITK-SNAP is a free, open-source, and multi-platform powerful toolkit for
3D medical image segmentation and visualization through overlaying the
segmentation on the image (Yushkevich, Gao, & Gerig, 2016). It supports different
volumetric medical image formats, including NIFTI, and DICOM. It is the product
of a decade-long collaboration between Paul Yushkevich, Ph.D., of the Penn Image
Computing and Science Laboratory (PICSL) at the University of Pennsylvania, and
Guido Gerig, Ph.D., of the Scientific Computing and Imaging Institute (SCI) at the
University of Utah, whose vision was to create a tool that would be dedicated to a
specific function, segmentation, and would be easy to use and learn. In order to
evaluate the baseline approach, all the radiomics features discussed in Section 3.4

were extracted using the ITK-SNAP software.

3.5.5. Weka

Weka stands for Waikato Environment for Knowledge Analysis, was
developed in New Zealand, at the University of Waikato for data analysis and
predictive modeling, together with graphical user interfaces for easy access to these
functions (Holmes, Donkin, & Witten, 1994). It is free a software licensed under
the GNU General Public License, and the companion software to the book "Data
Mining: Practical Machine Learning Tools and Techniques" (Witten et al., 2011).
Weka supports several standard data mining tasks, more specifically, data pre-
processing, clustering, classification, regression, visualization, and feature
selection. All of Weka's techniques are predicated on the assumption that the data
is available as one flat file or relation, where each data point is described by a fixed
number of attributes (numeric or nominal attributes). In this study, all the standard
ML algorithms that are discussed in Section 3.3 were implemented using the Weka

software.
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4. RESULTS

4.1. Evaluation Metrics

In order to evaluate the proposed models' performance, the results
predicted by the models have been compared with the ground truths using different
metrics, including the Accuracy, Area Under the Receiver Operating Curve (ROC-
AUC), and F1-Score (FSC). In addition, we used the Specificity (SPE), the
Sensitivity (SEN), and precision (PRE) evaluation metrics, which are key
ingredients in evaluating models in medical settings. These evaluation metrics are
calculated based on the outcome of a model interpreted with four possible
outcomes represented by True Positive (TP), False Positive (FP), True Negative
(TN), and False Negative (FN), which are elements of a confusion matrix as shown

in Table 4.1.

Table 4.1. A Confusion Matrix for a binary classification system

Model Output
Ground Truth

True Positive (TP)
False Positive (FP) | True Negative (TN)

False Negative (FN)

The confusion matrix can show the performance of a classification model
in the form of a table by showing how many positive or negative cases are
predicted truly, or falsely. The rows in the table correspond to the ground truth, and
the columns correspond to the model predictions. The cells in the table correspond
to the number of elements corresponding to each ground-truth model prediction
combination.

The True Positive (TP) in the confusion matrix refers to the number of
positive events correctly predicted as positive. Similarly, the False Positive (FP)

refers to the number of events predicted as positive when in fact they are negative.
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The True Negative (TN) in the confusion matrix refers to the number of negative
samples correctly predicted as negative. Similarly, the False Negative (FN) refers
to the number of samples predicted as negative when in fact they are positive.
Equation 4.1 to Equation 4.9 shows the definitions, and mathematical descriptions

of the parameters, which are used to evaluate the proposed models.

TP = Number of HGG patients correctly predicted as HGG or
Number of short — term OS patients correctly predicted as short —
term OS 4.1.)

FP = Number of LGG patients incorrectly predicted as HGG or
Number of long — term OS patients incorrectly predicted as short —
term 0S 4.2.)

TN = Number of LGG patients correctly predicted as LGG or
Number of long — term OS patients correctly predicted as long —
term 0S “4.3)

FN = Number of HGG patients incorrectly predicted as LGG or

Number of short — term OS patients incorrectly predicted as long —

term 0S 44.)
ACC=— PN+ 100 45.)
(TP+FP+TN+FN)
SEN = Recall = —~ (4.6.)
TP+FN
TN
SPE = oo 4.7)
TP
PRE = s (4.8.)
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FSC = 2 x PRExRecall 4.9)
PRE+Recall

4.2. Parameter Optimization

It is not intuitive what the most efficient parameters would be for training
CNN algorithms. It requires extensive testing and artistry to choose the optimal
values among the possible optimal parameters values. Thus, for all the proposed
deep learning models, we sought to find some of the optimal training parameter
settings, including learning rate, and optimizing algorithm. Hence, our initial
experiment revolved around training the designed Mv-CNN architecture with
AlexNet as a backend using the different parameter settings. The training was
performed for the glioma grading prediction problem using FLAIR axial slices as
input. Thus, we perform an ablation study on the three most commonly used
optimizers in the literature, including Adam, RMSProp, and SGD. In addition,
since a learning rate that is too small leads to a slow convergence, and a learning
rate that is too large can limit convergence, and make the loss function fluctuate
around the minimum, we investigated the six most commonly used learning rates
in the literature, ranging from 10 to 10°°. However, we used the same weighted
binary cross-entropy loss metric for the loss function, and hyperparameters values
such as 0.9 for the momentum and 0.01 for the weight decay across all the
experiments.

The dataset was split into 80% for training, and 20 % for testing at the
patient level to avoid any overlap in data between the sets. Epoch is the number of
times for the learning algorithm to pass through the training set, and the maximum
number of the epoch was set to 500 for all the training. However, if there was no
further improvement in the validation loss after 20 epochs, the training was
automatically stopped and the model with the least validation loss was used. This
approach is helpful because the last epoch may not give the best validation
performance to be updated in the weight. In the end, the final chosen optimized
parameter settings (learning rate and optimizer) were subsequently used across all

the deep learning models used in this thesis.

95



4. RESULTS

Abdela Ahmed MOSSA

The results of the Mv-CNN model when Adam, RMSProp, and SGD

optimizers were adapted using the six different learning rates with its

corresponding best model epochs number are illustrated in Table 4.2, Table 4.3,

and Table 4.4, respectively. The best results of the Mv-CNN model with Adam

optimizer were obtained when a learning rate of 10~ was used. It converged after

12 epochs of training. The loss of the training set and that of the test set decreased

to 0.0597, and 0.1642, respectively.

Table 4.2. Evaluation of Mv-CNN using Adam optimizer

Learning Training Validation Epoch
Rate AUC ACC Loss AUC ACC Loss

5x10™ 0.5189 | 56.1 0.2756 | 0.6968 | 75.4 0.2645 | 4

10™ 0.8687 | 79.4 0.1776 | 0.8238 | 61.4 0.2046 |8

5x10° 0.8677 | 77.2 0.1808 | 0.7937 | 63.2 0.1964 | 2

10° 0.9987 | 98.9 0.0597 | 0.8397 | 77.2 0.1642 | 12

5x10° 0.9984 | 96.1 0.0640 | 0.8349 | 73.7 0.1862 | 19

10° 0.993 93 0.0921 | 0.827 68.4 0.1866 | 56

Table 4.3. Evaluation of Mv-CNN using RMSProp optimizer

Learning Training Validation Epoch
Rate AUC ACC Loss AUC ACC Loss

5x10™ 0.6293 | 66.7 0.2657 | 0.8175 | 73.7 0.2639 | 93

10™ 0.5029 | 62.3 3.6177 [ 0.6508 | 71.9 0.2551 |1

5x107 0.8505 | 0.75 0.1785 | 0.754 0.5789 | 0.2152 | 43

10° 0.8145 | 73.7 0.2002 | 0.7698 | 54.4 0.2252 |3

5x10° 0.9562 | 89.5 0.1070 | 0.8095 | 754 0.2015 | 14

10° 1.0 99.6 0.0417 | 0.8381 | 75.4 0.1682 | 16

Table 4.4. Evaluation of Mv-CNN using SGD optimizer

Learning Training Validation Epoch
Rate AUC ACC Loss AUC ACC Loss

5x10™ 0.873 78.95 0.1705 | 0.8063 | 71.93 0.2096 |3

10™ 0.9488 | 83.8 0.1170 | 0.8143 | 77.2 0.1734 | 10

5x107 0.9408 | 85.1 0.1313 | 0.8048 | 68.4 0.1959 |12

10° 0.9777 | 89.5 0.1056 | 0.8095 | 70.2 0.1965 | 74

5x10° 0.9698 | 87.7 0.1131 [ 0.8048 | 68.4 0.1974 | 176

10° 0.9077 | 75.9 0.1665 | 0.7984 | 68.4 0.2034 | 225
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As depicted in Figure 4.1, after 12 epochs, while the training loss was
decreasing the testing loss was not decreasing. The same trend was observed for
the AUC values as well. Similarly, the best model for RMSprop optimizer was
obtained with a 10 learning rate and epoch number 16, and 10 learning rate, and
epoch number 10 for SGD optimizer. Figure 4.1 indicates that the best performing
model with higher validation AUC and lesser validation loss was obtained when
Adam optimizer was adapted with a 10” learning rate than the SGD and RMSProp
optimizers. For this reason, we chose Adam optimizer with a learning rate of 107

in all deep learning experiments implemented in this thesis.

0.8 o —— adam Training AUC
fe e e ” RMSProp Training AUC

—— SGD Training AUC
—— Adam Training Loss

docin —— RMSProp Training Loss
3 —— SGD Training Loss
S Adam Validation AUC
2 RMSProp Validation AUC
SGD Validation AUC
0.4 4 - Adam Validation Loss

—=—- RMSProp Validation Loss
SGD Validation Loss

0.2 4

0.0

o 5 10 15 20 25 30
Training Epoch

Figure 4.1. Comparison of optimization algorithms.

4.3. Choice of Feature Extractor

After we did the first experiment for choosing the optimal training
parameter settings, our second experiment was sought to determine the optimal
feature extractor layers for our proposed deep learning architectures. Hence, the
second ablation study was revolved around training the designed Mv-CNN
architecture fifteen times using the feature extractor layers of the 15 most common

state-of-the-art CNN models developed for ImageNet as a backend. The
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experiments were performed using the same training strategy on the glioma
grading prediction problem based on the T1 axial slices as input. The dataset was
split into 80% for training, and 20 % for testing at the patient level to avoid any
overlap in the data between the sets.

We evaluate all the 15 models using different evaluation metrics, and show
the result in Table 4.5. In general, our results show that the Mv-CNN architecture
using the VGG-19 feature extractor layers as a backend achieves the best
performance with an AUC of 0.981, ACC of 0.947, FSE of 0.964, and 0.0627 loss
on the test dataset. GoogLeNet was the second best with an AUC of 0.981, ACC of
0.93, FSE of 0.95, and 0.0677 loss on the test dataset, while, DenseNet121 got the
worst performance with an AUC of 0.752 AUC, ACC of 0.79, FSE of 0.867, and
0.2426 loss on the test set. GoogleLeNet has a similar AUC to that of VGG-19.
However, the VGG-19 model has higher ACC, and FSC and smaller validation loss
than GoogleNet, and the other models. In addition, we know that the higher the
SPE, the lower the chance of misclassifying the LGG patients, and the higher the
SEN, the lower the chance of misclassifying the HGG patients. But, regardless of
the class imbalance on the dataset, the VGG-19 model stratifies the LGG and HGG
patients with 0.952 SEN and 0.933 SPE, which shows the robustness of the feature
extractor compared to the other 14 models. As a result, we chose VGG-19 as a
feature extractor for all the proposed CNN architectures used for glioma grading

and AlexNet for survival time prediction problems used in this thesis.
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Table 4.5. Performance comparison of state-of-the-art CNN pre-trained models
Model AUC | ACC | SEN | SPE | PRE | FSE | v.losss
AlexNet 0.962 |87.7 |0.881 | 0.867 | 0.949 | 0.914 | 0.0923
DenseNet121 | 0.752 | 79 0.929 | 0.4 0.812 | 0.867 | 0.2426
DenseNet169 | 0.929 | 87.7 | 0.952 | 0.667 | 0.889 | 0.92 | 0.2100
DenseNet201 | 0.937 | 86 0.857 | 0.867 | 0.947 | 0.9 0.1535
GooglLeNet 0.981 | 93 0.905 | 1.0 1.0 0.95 | 0.0677
MobileNetV2 0.97 93 0.929 | 0.933 | 0.975 | 0.951 | 0.0858

MnasNet 0.967 | 93 0.905 | 1.0 1.0 0.95 | 0.0964
ResNet18 0.944 | 87.7 |0.881 | 0.867 | 0.949 | 0.914 | 0.1200
ResNet34 0.97 89.5 |0.857 | 1.0 1.0 0.923 | 0.0785
ResNet50 0.94 89.5 |0.857 | 1.0 1.0 0.923 | 0.0881
SgeezNet1 0.933 | 89.5 | 0.905 | 0.867 | 0.895 | 0.927 | 0.1226
VGG11 0.968 | 91.2 | 0.905 | 0.933 | 0.974 | 0.938 | 0.0893
VGG13 0.956 | 87.7 | 0.881 | 0.867 | 0.949 | 0.914 | 0.0981
VGG16 0.962 | 94.7 | 0.952 | 0.933 | 0.976 | 0.964 | 0.1061
VGG19 0.981 | 94.7 | 0.952 | 0.933 | 0.976 | 0.964 | 0.0627

While training from scratch, we knew that large CNN architectures
performed great for big datasets, and for small datasets, the performance decreased
when the architecture becomes bigger. The possible reason is that when the layers
go deeper, more abstract information can be extracted, but this comes at the cost of
training more parameters which requires a larger training dataset, and larger
training time. Thus, for small medical image datasets, like the proposed brain
tumor diagnosis in this thesis, instead of training large CNN architectures from
scratch, transfer learning can solve the diagnosis problem quite well. From our
experimental results depicted in Table 4.5, we can also observe that 93.3% and
60% of the pre-trained models achieved AUC values of above 0.9, and 0.95,
respectively, in classifying glioma into two, while the training time of each model
is less than 5 hours which normally takes more than a day while training without
fine-tuning. Even, light architectures like AlexNet, and MobileNet achieved an
AUC value above 0.95 while the training time is less than 3 hours.

Moreover, we examined whether larger pre-trained architectures performed
better than smaller architectures on glioma grade prediction. We display this
relationship in Table 4.6, and Figure 4.2. Our experimental results show that, with

ImageNet pre-training, there is no linear association between the number of
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parameters and the glioma grading classification’s AUC, with Spearman
correlation coefficient (p) = -0.174 as shown in Figure 4.2. These results
demonstrate that bigger does not necessarily guarantee better performance in pre-
trained models for small medical datasets. Similarly, smaller architecture does not
also guarantee better performance in pre-trained models for small medical datasets.
For example, the AlexNet based Mv-CNN architecture, a very light architecture
with approximately 2.6 million parameters, achieved an AUC value 2.5% larger
than the ResNet50 based Mv-CNN architecture which has approximately 50
million parameters. Similarly, the VGG-19 based Mv-CNN architecture which has
approximately 20.2 million parameters achieved an AUC value of 1.9% larger than
the AlexNet based Mv-CNN architecture, but is 7.77x larger. In general, based on
our experimental investigations, we can conclude that transfer learning parameter
efficient ImageNet models, such as AlexNet, can be effectively used for
biomedical image classification problems in small resource environments without

degrading the performance.

Table 4.6. Number of parameters for ImageNet models and Mv-CNN performance
for glioma grading

#Total #Feature

Model AUC Params extractor Params Mv-CNN
#Params | Log1o
AlexNet 0.962 | 61,100,840 2,469,696 2,601,537 | 6.415
DenseNet121 | 0.752 7,978,856 6,953,856 7,282,305 | 6.862
DenseNet169 | 0.944 | 14,149,480 12,484,480 12,976,769 | 7.113
DenseNet201 | 0.937 | 20,013,928 18,092,928 18,650,753 | 7.271
GooglLeNet | 0.981 6,624,904 5,599,904 5,928,353 | 6.773
MobileNetV2 | 0.97 3,504,872 2,223,872 2,617,857 | 6.418
MnasNet 0.967 4,383,825 3,102,312 3,497,321 | 6.544
ResNet18 0.944 | 11,689,512 11,176,512 11,373,889 | 7.056
ResNet34 0.938 | 21,797,672 21,284,672 21,482,049 | 7.331
ResNet50 0.937 | 25,557,032 23,508,032 24,098,625 | 7.382
SgeezNet1 0.933 1,248,424 735,424 932,801 5.970
VGG11 0.968 | 132,863,336 9,220,480 9,417,857 | 6.974
VGG13 0.956 | 133,047,848 9,404,992 9,602,369 | 6.982
VGG16 0.962 | 138,357,544 14,714,688 14,912,065 | 7.174
VGG19 0.981 | 143,667,240 20,024,384 20,221,761 | 7.306
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Figure 4.2. Mv-CNN AUC vs. Model Size. The plot shows the logarithm of the
model size has no linear relationship with model performance (p=-
0.174).

Besides, we have also tried to examine whether higher performance on
ImageNet guarantees higher performance for small medical imaging tasks like the
glioma grading task. We depicted the relationship between ImageNet accuracy, and
the glioma grading AUC in Figure 4.3. We notice that for small medical datasets
like glioma grading, we find no monotonic relationship with ImageNet accuracy,
with Spearman correlation coefficient (p) = -0.237. Our findings suggest that pre-
trained models that perform better on ImageNet do not necessarily guarantee better
performances than the other pre-trained models on small medical image task
datasets, at least on the dataset we examine. However, contrary to our experimental
result, a strong monotonic correlation between performances on natural image
tasks and ImageNet has been reported in the work by Kornblith et al (2019),
supporting the implicit assumption that CNN architectures that perform better on
ImageNet necessarily perform better on other image analysis tasks. Thus, a further
systematic study was required across pre-trained CNN architectures for other small
medical image tasks to explain the weak monotonic relationship obtained in our

experiment.
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Figure 4.3. Mv-CNN AUC vs. ImageNet Accuracy. The plot shows performances
of state-of-the-art CNN models trained on the ImageNet dataset have
no linear relationship with its customized CNN models on a small
medical image dataset (p=-0.237).

4.4. Comparisons of different inputs
4.4.1. Modalities

We examined the individual classification performances of all the four
MRI modalities using multiple evaluation metrics obtained after training the
proposed TriPlanar-CNN architecture both for the glioma grade, and survival time
classifications problems, which are presented in Table 4.7, and Table 4.8,

respectively.

Table 4.7. Performance comparison of MRI Modalities on glioma grading

Modality Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | FSC

FLAIR | 0.89 | 83.2 | 0.84 | 0.8 | 0.92 | 0.88
T 0.983 | 94.7 | 0.95 | 0.95 | 0.98 | 0.96

T1Ce 0.96 | 92.3 | 0.92 | 0.93 | 0.97 | 0.94
T2 0.957 | 90.2 | 0.89 | 0.95 | 0.98 | 0.93
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Table 4.8. Performance comparison of MRI modalities on survival time prediction

Modality Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | FSC

FLAIR | 0.863 | 78.6 | 0.769 | 0.812 | 0.87 | 0.816
T 0.755 | 71.4 | 0.615 | 0.875 | 0.889 | 0.727

T1Ce | 0.683 | 64.3 | 0.769 | 0.438 | 0.69 | 0.727
T2 0.714 | 61.9 | 0.577 | 0.688 | 0.75 | 0.652

For glioma grading, the average AUC of the five-fold cross-validation was
0.89, 0.957, 0.96, and 0.983 for FLAIR, T2, T1Ce and T2 modalities, respectively.
For the overall survival time prediction, the AUC performances on the test dataset
were 0.683, 0.714, 0.755, and 0.863 for T1Ce, T2, T1 and FLAIR modalities,
respectively. The results indicate that brain images from different MRI modalities
show different sensitivity to a brain tumor. Moreover, the performance of each
modality for glioma grading classification has an AUC, and Accuracy values
greater than 95%, except the FLAIR modality which has 89% AUC, and 83%
ACC, demonstrating that each of the four MRI modalities is more or less capable
of distinguishing between HGGs, and LGGs. However, the -classification
performances of each modality on the survival time are obviously dropped
compared with the performances on the glioma grading, and it is believed to be
reasonable because the survival time dataset is extremely smaller. Thus, we can
conclude that survival time prediction solely based on a single modality is a
difficult task when the dataset is extremely small. This necessitates the need to
extract and fuse features from the multimodal MRI images using different
strategies to improve the OS classification accuracy.

As shown in Figure 4.4, our experiments demonstrate that performances of
the four MRI modalities based on the AUC are in the following order
FLAIR>T1>T2>T1Ce for overall survival time prediction whereas for glioma
grade prediction T1>T1Ce>T2>FLAIR. These results indicate that the T1 modality
has more discriminative features for glioma grading prediction compared to the

other MRI modalities. Similarly, the FLAIR modality has more discriminative
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features for survival time prediction compared to the other MRI modalities.
However, in contrary to previous studies where FLAIR modality was reported to
be superior to T1Ce images (Gurwara et al., 2010), and FLAIR to be more superior
to T2 (Ge, Gu, Jakola, & Yang, 2018) in providing a more complete
characterization of glioma, our findings show that T1 modality is more predictive
among the four MRI modalities, and FLAIR gets the least performance. However,
our finding corroborates Ge et al. (2018) which shows individual glioma grading
classification performance of T1Ce is more superior to FLAIR, and T2. However,
in their experiment, they did not include the classification performance of the T1
modality. In summary, based on our findings we suggest that the T1, and FLAIR
modalities should be the preferred image sequence in clinical trials for glioma

grading, and survival time prediction, respectively.
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Figure 4.4. Performance comparison of the four MRI modalities on the OS and
glioma grade predictions
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4.4.2. 2D-projections

It is obvious that the vast amount of the brain tumor regions are found in
the axial plane of the volumetric MRI images, and reasonably outperform the
corresponding coronal, and sagittal 2D images when used as input while training
the deep learning-based prognostic models. However, in this study, we
hypothesized that through concatenating the two consecutive coronal slices, and
sagittal slices, respectively, we may improve the performances of deep learning
models for glioma grading, and survival time classifications. Thus, in this section,
we examined the classification performance of all the twelve 2D projected images
obtained from the four MRI modalities based on the glioma grade, and overall
survival time classification problems through training the Mv-CNN architecture.
Figure 4.5 presents comparisons of the glioma grading, and survival time
classifications of the Mv-CNN model with the different twelve 2D projection
images as input. As shown in the Figure, it is noted that the axial projection of the
FLAIR modality, and the coronal projection of the T1Ce modality perform the best
than the other inputs for survival time and glioma predictions, respectively. Most
importantly, when we observe the performances of the 2D-projected images of
each modality, the results are comparable and arbitrary, which complements our
hypothesis where concatenation may enhance the performance of deep learning
models. For instance, the sagittal, and coronal images of the FLAIR modality
outperform the corresponding axial images in the glioma grade prediction.
Similarly, the sagittal images of the T1Ce image outperform the corresponding

axial images in the OS prediction.

105



4. RESULTS Abdela Ahmed MOSSA

4 N

oS

H Columnl EMFLAIR mT1 ET1Ce HT2

0,95

0,9

0,85

0

AUC
o0

0,7

€]

0

N

(U]

0,6

0,

[e)]

o o
Figure 4.5. Performance comparison of all the twelve 2D-projections of the four
MRI modalities on the OS and glioma grade prediction.

Furthermore, to further prove our hypothesis on concatenated and resized
sagittal, and coronal slices, we did an experiment on all of the four modalities in
coronal and sagittal planes using the Mv-CNN model. As shown in Figure 4.6, for
all the MRI modalities (except the T2 modality), the concatenation of two
consecutive slices has improved the performance of the Mv-CNN model by more

than 4.6%.
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Figure 4.6. Comparisons of the survival time prediction performance of the Mv-
CNN model with resized and concatenated image as inputs

4.4.3. Extended-ROI

Table 4.9 presents the comparison of the survival time prediction
performance of the Mv-CNN model with five different inputs: segmented tumor
region only (ROI), ROI-15 - extended tumor regions through incorporating up to
15 pixels of the surrounding tumor tissues of the ROI, ROI-30 - extended tumor
regions through incorporating up to 30 pixels of the surrounding the tumor tissues
of the ROI, ROI-45 - extended tumor region through incorporating up to 45 pixels
of the surrounding tumor tissues of the ROI, and WSI - the whole slide image that
contains the whole brain tissue. It is noted that including the surrounding tumor
tissues as input while training the Mv-CNN model effectively improves the
performance of survival time classification. Nevertheless, ROI-30 performs the
best, indicating that adding excessive surrounding tumor tissues or discarding

surrounding tumor tissues can significantly decrease the performance of the deep
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learning models. Figure 4.7 also depicts the ROC curves for the Mv-CNN model

with the five different inputs.

Table 4.9. Comparison of the survival time prediction performance of the Mv-CNN

model with different inputs

Metrics ROI ROI-15 ROI-30 ROI-45 WSI
AUC 0.832 0.839 0.875 0.776 0.81
ACC 714 73.8 73.8 66.7 714
SEN 0.692 0.731 0.654 0.654 0.692
SPE 0.75 0.75 0.875 0.688 0.75
PRE 0.818 0.826 0.895 0.773 0.818
F1SC 0.75 0.776 0.756 0.708 0.75
LOSS 0.2417 0.1745 0.1652 0.2701 0.2486

True Positive Rate

" —— ROI(AUC=0.832)
- - ROI-15 (AUC=0.839)
ROI-30 (AUC=0.875)
ROI-45 (AUC=0.776)

- W5l (AUC=0.810)
0.0 :

0.2 4 o

T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Figure 4.7. ROC curves of Mv-CNN with different inputs
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4.5. Glioma grade prediction

Cross-validation is one of the most commonly used approaches in the ML
field to evaluate the generalization ability of trained models. It is carried out based
on splitting the whole dataset into n disjoint groups of the same size, then n-1
subgroups are used for training and the remaining subgroup for testing. Thus, we
used the five-fold stratified cross-validation in our experiment upon the 285 cases,
wherefrom each class, 80% of all the image dataset were used as the training set,
and the rest 20% as the testing set to assess the effectiveness of the proposed
models in differentiating glioma between HGG, and LGG. That is, for each testing
fold, the remaining other folds were used to train all the models. This operation
was reiterated five times. Only the seventy-five patients (26.3%) in fact had low-
grade gliomas, whereas the rest 210 cases (73.7%) had high-grade gliomas. The
results obtained for the classification of glioma grade using the Mv-CNN

architecture are reported in the following sections.

4.5.1. Performances of Mv-CNN Models

The same training process of the Mv-CNN architecture was applied to each
of the twelve 2D-projection images of the multi-modal MRI images, resulting in a
total of 60 training operations. The five-fold cross-validation results of the Mv-
CNN model for the axial, coronal, and sagittal projections of the FLAIR modality
are presented in Table 4.10, 4.11, and 4.12, respectively. The AUC, ACC, SEN,
SPE, PRE, and FSC evaluation metrics of the Mv-CNN model based on the FLAIR
axial images, when measured averaged over all the five-folds, were 83.5%, 71.9%,
69%, 80%, 90.7%, and 78.3%, respectively. Similarly, the AUC, ACC, SEN, SPE,
PRE and FSC evaluation metrics of the Mv-CNN model based on the FLAIR
coronal images when measured averaged over all the five folds were 85.9%,
78.3%, 76.7%, 82.7%, 92.7%, and 83.6%, respectively, when using the FLAIR
sagittal images were 88.8%, 77.2%, 74.8%, 84%, 93.2%, and 82.2, respectively.
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Table 4.10. Evaluation results of Mv-CNN architecture when axial projections of
the FLAIR modalities are used as an input

Fold Evaluation Metrics

AUC | ACC |SEN | SPE | PRE | F1SC | loss

1 0.819 | 66.7 | 0.619 | 0.8 0.897 | 0.732 | 0.2021

2 091 |79 0.762 | 0.867 | 0.941 | 0.842 | 0.1405

3 0.921 | 77.2 | 0.714 | 0.933 | 0.968 | 0.822 | 0.1549

4 0.938 | 80.7 | 0.762 | 0.933 | 0.97 | 0.853 | 0.1191

5

A

0.589 | 56.1 | 0.595 | 0.467 | 0.758 | 0.667 | 0.2561
verage | 0.835 | 71.9 | 0.690 | 0.8 0.907 | 0.783 | 0.1745

Table 4.11. Evaluation results of Mv-CNN architecture when coronal projections
of the FLAIR modalities are used as an input

Fold Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | F1SC | loss

1 0.843 | 75.44 | 0.81 | 0.6 0.85 | 0.829 | 0.2020

2 0.954 | 91.23 | 0.881 | 1.0 1.0 0.937 | 0.084

3 0.841 | 78.95 | 0.786 | 0.8 0.917 | 0.846 | 0.2071

4 0.905 | 77.19 | 0.738 | 0.867 | 0.939 | 0.827 | 0.1488

5

A

0.754 | 68.42 | 0.619 | 0.867 | 0.929 | 0.743 | 0.2099
verage | 0.859 | 78.25 | 0.767 | 0.827 | 0.927 | 0.836 | 0.1704

Table 4.12. Evaluation results of Mv-CNN architecture when sagittal projections
of the FLAIR modalities are used as an input

Fold Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | F1SC | loss

1 0.84 | 73.7 | 0.714 | 0.8 0.909 | 0.8 0.1799

2 0.968 | 87.7 | 0.929 | 0.733 | 0.907 | 0.918 | 0.1062

3 0.941 | 80.7 | 0.786 | 0.867 | 0.943 | 0.857 | 0.1212

4 0.925 | 80.7 | 0.786 | 0.867 | 0.943 | 0.857 | 0.1374

5

A

0.768 | 63.2 | 0.524 | 0.933 | 0.957 | 0.677 | 0.1990
verage | 0.888 | 77.2 | 0.748 | 0.84 | 0.932 | 0.822 | 0.1487

The five-fold cross-validation results of the Mv-CNN model for the axial,
coronal, and sagittal projections of the T1 modality are presented in Table 4.13,
4.14, and 4.15, respectively. The AUC, ACC, SEN, SPE, PRE, and FSC evaluation
metrics of the Mv-CNN model based on the T1 axial images, when measured
averaged over all the five-folds, were 93.3%, 88%, 85.7%, 94.6%, 97.7%, and
90.5%, respectively. Similarly, the AUC, ACC, SEN, SPE, PRE, and FSC
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evaluation metrics of the Mv-CNN model based on the T1 coronal images when

measured averaged over all the five folds were 81.8%, 73.3%, 74.3%, 70.7%,

88.4%, and 79.7%, respectively, when using the T1 sagittal images were 84.6%,
73.3%, 69.1%, 85.3%, 93.5%, and 78.3%, respectively.

Table 4.13. Evaluation results of Mv-CNN architecture when axial projections of
the T1 modality is used as an input

Fold Evaluation Metrics
AUC ACC SEN SPE PRE F1SC | loss

1 0.989 | 94.7 0.952 | 0.933 | 0.976 | 0.964 | 0.0541
2 0.986 |91.2 0.905 | 0.933 | 0.974 | 0.938 | 0.0507
3 0.981 | 94.7 0.952 | 0.933 | 0.976 | 0.964 | 0.0627
4 0.967 | 94.7 0929 |[1.0 1.0 0.963 | 0.0952
5 0.741 | 64.9 0.548 | 0.933 | 0.958 | 0.697 | 0.2487
Average | 0.933 | 88 0.857 | 0.946 | 0.977 | 0.905 | 0.1023

Table 4.14. Evaluation results of Mv-CNN architecture when coronal projections

of the T1 modality is used as an input

Fold

Evaluation Metrics

AUC

ACC

SEN

SPE

PRE

F1SC

loss

0.684

63.16

0.69

0.467

0.784

0.734

0.2396

0.918

80.7

0.857

0.667

0.878

0.867

0.1551

0.838

73.68

0.667

0.933

0.966

0.789

0.1883

0.884

85.96

0.952

0.6

0.87

0.909

0.1997

0.764

63.16

0.548

0.867

0.92

0.687

0.2202

]
2
3
4
5
A

verage | 0.818

73.3

0.743

0.707

0.884

0.797

0.2006

Table 4.15. Evaluation results of Mv-CNN architecture when sagittal projections of
the T1 modality is used as an input

Fold

Evaluation Metrics

AUC

ACC

SEN

SPE

PRE

F1SC

loss

0.767

61.4

0.476

1.0

1.0

0.645

0.2095

0.948

80.7

0.762

0.933

0.97

0.853

0.1188

0.771

64.9

0.619

0.733

0.867

0.722

0.1972

0.946

87.7

0.929

0.733

0.907

0.918

0.1183

0.8

71.9

0.667

0.867

0.933

0.778

0.1964

verage | 0.846

73.3

0.691

0.853

0.935

0.783

0.1680
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The five-fold cross-validation results of the Mv-CNN model for the axial,
coronal, and sagittal projections of the T1Ce modality are presented in Table 4.16,
4.17, and 4.18, respectively. The AUC, ACC, SEN, SPE, PRE, and FSC evaluation
metrics of the Mv-CNN model based on the T1Ce axial images, when measured
averaged over all the five-folds, were 97.9%, 95.1%, 94.1%, 98.7%, 99.4%, and
96.3%, respectively. Similarly, the AUC, ACC, SEN, SPE, PRE, and FSC
evaluation metrics of the Mv-CNN model based on the T1Ce coronal images when
measured averaged over all the five folds were 98.3%, 93.7%, 92.4%, 97.3%, 99%,
and 95.4%, respectively, when using the T1Ce sagittal images were 97.2%, 91.9%,
92.4%, 90.7%, 96.6%, and 94.4%.

Table 4.16. Evaluation results of Mv-CNN architecture when axial projections of
the T1Ce modality is used as an input

Fold Evaluation Metrics

AUC | ACC | SEN SPE | PRE | F1SC | loss
1 1.0 98.3 | 0976 | 1.0 1.0 0.988 | 0.0116
2 1.0 98.3 | 0976 |1.0 1.0 0.988 | 0.0103
3 1.0 100 | 1.0 1.0 1.0 1.0 0.0047
4 0.997 | 98.3 | 0976 | 1.0 1.0 0.988 | 0.0300
5

A

0.898 | 80.7 | 0.7762 | 0.933 | 0.97 | 0.853 | 0.1535
verage | 0.979 | 95.1 | 0.941 | 0.987 | 0.994 | 0.963 | 0.042

Table 4.17. Evaluation results of Mv-CNN architecture when coronal projections
of the T1Ce modality is used as an input

Fold Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | F1SC | loss
1 1.0 100 | 1.0 1.0 1.0 1.0 0.0156
2 1.0 98.25 | 0.976 | 1.0 1.0 0.988 | 0.0169
3 0.989 | 94.74 | 0.952 | 0.933 | 0.976 | 0.964 | 0.0654
4 0.963 | 91.23 | 0.905 | 0.933 | 0.974 | 0.938 | 0.1040
5

A

0.962 | 84.21 | 0.786 | 1.0 1.0 0.88 | 0.1121
verage | 0.983 | 93.7 ] 0.924 | 0.973 | 0.99 | 0.954 | 0.0628
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Table 4.18. Evaluation results of Mv-CNN architecture when sagittal projections of
the T1Ce modality is used as an input

Fold Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | F1SC | loss
1 0.973 | 93 0.952 | 0.867 | 0.952 | 0.952 | 0.1091
2 0.968 | 91.2 | 0.905 | 0.933 | 0.974 | 0.938 | 0.0766
3 0.983 | 93 0.905 | 1.0 1.0 0.95 | 0.0718
4 0.987 | 93 0.929 | 0.933 | 0.975 | 0.951 | 0.0678
5

A

0.949 | 89.5 | 0.929 | 0.8 0.929 | 0.929 | 0.1159
verage | 0.972 | 91.9 | 0.924 | 0.907 | 0.966 | 0.944 | 0.0882

The five-fold cross-validation results of the Mv-CNN model for the axial,
coronal, and sagittal projections of the T2 modality are presented in Table 4.19,
4.20, and 4.21, respectively. The AUC, ACC, SEN, SPE, PRE, and FSC evaluation
metrics of the Mv-CNN model based on the T2 axial images, when measured
averaged over all the five-folds, were 95.9%, 90.2%, 89%, 93.3%, 97.3%, and
92.3%, respectively. Similarly, the AUC, ACC, SEN, SPE, PRE, and FSC
evaluation metrics of the Mv-CNN model based on the T2 coronal images when
measured averaged over all the five folds were 82.6%, 70.2%, 63.8%, 88%, 95.1%,
and 72.8%, respectively, when using the T2 sagittal images were 80.6%, 69.8%,
70.5%, 68%, 86.6%, and 77.1%.

Table 4.19. Evaluation results of Mv-CNN architecture when axial projections of
the T2 modality is used as an input

Fold Evaluation Metrics

AUC | ACC | SEN SPE PRE F1SC | loss
1 0.998 | 96.5 0.976 | 0.933 | 0976 | 0.976 | 0.0316
2 1.0 98.3 0.976 | 1.0 1.0 0.988 | 0.0113
3 0.998 | 96.5 0.976 | 0.933 | 0.976 | 0.976 | 0.0276
4 0.983 |91.2 0.929 | 0.867 | 0.951 | 0.94 0.0704
5

A

0.817 | 68.4 0.595 |0.933 | 0.962 | 0.735 | 0.2266
verage | 0.959 | 90.2 0.89 0.933 10.973 |0.923 | 0.074
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Table 4. 20. Evaluation results of Mv-CNN architecture when coronal projections
of the T1Ce modality is used as an input

Fold Evaluation Metrics

AUC | ACC | SEN SPE PRE F1SC | loss
1 0.786 | 59.6 0.476 | 0.933 | 0.952 | 0.635 | 0.2129
2 0.965 | 87.7 0.857 | 0.933 | 0.973 | 0.911 | 0.0855
3 0.838 | 80.7 0.881 | 0.6 0.86 0.871 | 0.2133
4 0.91 78.9 0.738 | 0.933 | 0.969 | 0.838 | 0.151
5

A

0.633 | 43.8 0.238 | 1.0 1.0 0.385 | 0.2497
verage | 0.826 | 70.2 0.638 | 0.88 0.951 |0.728 | 0.1825

Table 4. 21. Evaluation results of Mv-CNN architecture when sagittal projections
of the T1Ce modality is used as an input

Fold Evaluation Metrics

AUC | ACC | SEN SPE PRE F1SC | loss
1 0.659 | 52.6 0.595 |0.333 | 0.714 | 0.649 | 0.2317
2 0.914 | 78.9 0.762 | 0.867 | 0.941 | 0.842 | 0.1402
3 0.816 | 66.7 0.571 | 0.933 | 0.96 0.716 | 0.1996
4 0.867 | 80.7 0.881 | 0.6 0.86 0.871 | 0.1819
5

A

0.776 | 70.2 0.714 | 0.667 | 0.857 | 0.779 | 0.2138
verage | 0.806 | 69.8 0.705 | 0.68 0.866 | 0.771 | 0.1934

In summary, regardless of the implemented MRI modality, and its
corresponding 2D-projection images, we could find that the proposed Mv-CNN
architecture using the 2D images sliced from a volumetric MRI as a training input
has impressive glioma grade classification performances where the minimum, max,
and average AUCs achieved across the twelve Mv-CNN models were 0.806, 0.983,
and 0.892, respectively. It is also observed that for most of the twelve models the
FSC can reach above 80%. These results indicate that, in clinical trials where only
a single MRI modality is available, the Mv-CNN could be effectively used to
stratify brain tumor patients into high, and low-grade gliomas preoperatively from
the MRI images.

Moreover, we know that the higher the SPE, the lower the chance of
misclassifying the LGG patients, and the higher the SEN, the lower the chance of

misclassifying the HGG patients. Nevertheless, regardless of the class imbalance
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on the dataset, we could find that the SEN, and SPE across the twelve models were
quite good where the average SEN, and SPE were 0.794 and 0.861, respectively. In
addition, we could find that the Mv-CNN model with the T1Ce axial slices as input
stratifies the HGG, and LGG patients with the highest specificity and sensitivity
values of 0.987, and 0.941, respectively, which has a very important clinical

impact.

4.5.1. Comparison of Different Ensemble Learning Strategies

After performing the cross-validation experiments using the twelve Mv-
CNN models, their respective probability predictions are combined in ten different
ways yielding ten different prediction results. In this section, we analyzed and
compared the results between the ten different combining strategies, including
AVE, W.AVE, VOT, W.VOT, and stacking (KNN, LR, MLP, NB, RF, and SVM).

The stacking-based ensemble methods were implemented and optimized
using the default settings of the Weka toolkit with modification of some of the
parameters. For instance, while training the RF classifier the number of iterations
parameter was changed to 10,000, for the KNN the distanceWeighting parameter
was changed to weight by [1/distance, for the Naive Bayes the
useSupervisedDiscretization parameter was changed to True, for the logistic
regression the useConjugateGradientDescent parameter was set True, for the MLP
a learning rate of 0.001, a momentum value of 0.9, and epoch number 500 were
used. However, the SVM classifier was optimized using the default settings of all
the parameters. The unweighted voting (VOT), and unweighted average (AVE)
ensemble methods were implemented using the Python software based on the
formulas defined in Equation 12, and Equation 13, respectively. For the weighted
voting (W.VOT), and weighted average (W.AVE) methods, we used double
weights on the three Mv-CNN models which have the highest AUC in the single

classifier experiment. Thus, because the Mv-CNN models with T1Ce axial, T1Ce
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coronal, and T1Ce sagittal were the top three performers in the single classifier
experiments, we set a weight value of 2 for each of them.

The overall classification performances of each of the twelve Mv-CNN
models, and the ten ensemble methods with multiple evaluation metrics are
presented in Table 4.22. The individual classification performances of each of the
twelve Mv-CNN models were elaborated on in the previous section. According to
the results, the RF method yielded the highest AUC (0.997), and SEN (0.986)
values, and LR yielded an SEN of 0.952 with the least AUC value (0.961).
However, from the classification results achieved by each of the ten ensemble
methods, it is observed that seven of them achieved AUC, and ACC values of more
than 99%, and 95%, respectively, while only four of the twelve Mv-CNN models
could achieve an AUC, and ACC values of more than 90%. Whereas the SEN,
SPE, PRE, and FSC values yielded by each of the ten ensemble methods range
from 93.3% to 98.6%, 92% to 100%, 97.1% to 100%, and 97.1% to 98.4%,
respectively. Therefore, the developed ensemble method can achieve impressive
glioma grade predicting performance as compared with a single CNN-based

system.

116



4. RESULTS Abdela Ahmed MOSSA

Table 4.22. The individual classification Performances of the proposed Mv-CNN
models and for the ten different ensemble methods for the pre-
operative glioma grading.

Models Evaluation Metrics

AUC [ACC [SEN [SPE |PRE | FSC
FLAIR-axial 0835 | 719 [0.690 | 0.8 0.907 | 0.783
FLAIR-coronal 0.859 | 78.25 | 0.767 | 0.827 | 0.927 | 0.836
FLAIR-sagittal 0.888 | 772 | 0748 [0.84 [0.932 |0.822
T1-axial 0.933 | 88 0.857 | 0.946 | 0.977 | 0.905
T1-coronal 0.818 | 73.3 [0.743 [ 0.707 | 0.884 | 0.797
Mv-CNN T1-sagittal 0.846 |73.3 [0.691 |0.853 | 0.935 | 0.783
T1Ce-axial 0.979 | 95.1 0.941 | 0.987 | 0.994 | 0.963
T1Ce-coronal 0.983 [93.7 [0.924 [ 0973 [ 099 | 0.954
T1Ce-sagittal 0972 | 919 [0.924 | 0.907 | 0.966 | 0.944
T2-axial 0.959 [90.2 [0.89 |0.933 |0.973 |0.923
T2-coronal 0.826 | 70.18 | 0.638 | 0.88 | 0.951 | 0.728

T2-sagittal 0.806 | 69.8 [0.705 |0.68 |[0.866 | 0.771
AVE 0.992 | 95.1 0.933 | 1.0 1.0 0.963
WAVE 0.996 | 954 |0.938 | 1.0 1.0 0.968
Ensemble VOT 0.978 [ 909 [0.886 | 0.973 | 0.989 | 0.935
Learning WVOT 0.988 | 93.3 0.91 1.0 1.0 0.953
NaiveBayes 099 [958 [0.952 [0.973 [0.99 |[0.971
KNN 0.968 | 96.1 0.971 | 0.933 [0.976 | 0.974
LR 0.961 | 947 [0957 [092 [0.971 | 0.964

MLP 0.995 | 972 [0.981 |0.947 [0.981 | 0.981
RF 0.997 [97.5 [0.986 | 0.947 | 0.981 | 0.984
SVM 0.995 [ 96.8 [0.981 |0.933 |[0.976 | 0.979

For the ten types of ensemble method strategies, the goal is to find the best
combination of the twelve Mv-CNN models. Figure 4.8 illustrates the ROC curves,
and AUC values yielded by each of the ten combining strategies. These curves
were generated by plotting the true positive rates versus the false-positive rates at
different threshold settings. The ROC curves for each ensemble strategy are plotted
to the same coordinates to visually examine the cons, and pros of the ensemble
method. As can be seen on the ROC curves, most of the implemented ensemble
strategies achieve the highest accuracy as they are closest to the upper left of the
corner of the curve. When comparing all the ensemble strategies, the difference is
not large for most of the curves. However, it can be observed from the figure

indicate that the RF classifier performs better than the other ensemble strategies.
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Figure 4.8. The ROC Curves yielded by the all ensemble strategies for the
preoperative grading of glioma. The random forest (RF) has the
highest AUC value (0.997) than the other ensembling strategies.

For a more detailed analysis, confusion matrices of the ten ensemble
strategies are also presented in Table 4.23. The confusion matrices show the
performances of all the ten ensemble strategies in terms of the number of glioma
patients that have been correctly classified as well as misclassification cases for
each class. One can see that the RF classifier was able to correctly classify 207
patients out of 210 HGG patients, yielding significantly the lowest false-negative
rate as compared with the other ensemble methods. Meanwhile, the AVE, W.AVE,
and W.VOT methods, interestingly, were able to classify all the LGG patients
correctly, yielding significantly the lowest false positive rate. Thus, it is reasonable
that the combination of multiple MRI modalities using an ensemble of multiple
CNN models produces more features about the brain tumor; which leads to a more
effective and accurate prediction of glioma grade pre-operatively solely from MRI

scans.
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Table 4.23. Confusion matrices of the ten ensembling strategies

Predicted Predicted
Actual HGG LGG Actual HGG LGG
KNN SVM
HGG 204 (97.1%) 6 (2.9%) HGG 206 (98.1%) 4 (1.9%)
LGG 5 (6.7%) 70 (93.3%) LGG 5 (6.7%) 70 (93.3%)
LR AVE
HGG 201 (95.7%) 9 (4.3%) HGG 196 (93.3%) 14 (6.7%)
LGG 6 (8%) 69 (92%) LGG 0 (0%) 75(100%)
MLP W.AVE
HGG 206 (98.1%) 4 (1.9%) HGG 197 (93.8) 13 (6.2%)
LGG 4 (5.3%) 71 (94.7%) LGG 0 (0%) 75 (100%)
NB VOT
HGG 200 (95.2%) 10 (4.8%) HGG 186 (88.6%) 24 (11.4%)
LGG 2 (2.7%) 73 (97.3%) LGG 2 (2.7%) 73 (97.3%)
RF W.vOoT
HGG 207 (98.6%) 3 (1.4%) HGG 191 (91%) 19 (9%)
LGG 4 (5.3%) 71 (94.7%) LGG 0 (0%) 75 (100%)

4.6. Survival Time Prediction

We split the dataset for the overall survival time (OS) classification task
into training, and testing set, where the multimodal MRI scans of the 122 patients
(75%) were used for training, and the remaining multimodal MRI scans of the 41
patients (25%) were used for testing. We used stratified random sampling for
balancing the overall survival time distribution between the training and testing
datasets, and assess the effectiveness of the prosed models in differentiating
between long-term OS, and short-term OS. Detailed patients’ information for the
two groups can be found in Table 3.1. In the following sections, we present a more
detailed result analysis for the classification of overall survival time using the Mv-
CNN architecture, Multi-Column CNN architecture, and the ensemble learning

strategies.
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4.6.1. Performance of Mv-CNN and Multi-Column CNN Models

The same training process of the Mv-CNN architecture was applied to each
of the twelve 2D-projection images of the multi-modal MRI images, resulting in a
total of 12 different training operations, and results. The results of the twelve Mv-

CNN models using multiple evaluation metrics are reported in Table 4.24.

Table 4.24. The individual classification performances of the Mv-CNN architecture
for the OS binary classification
Mv-CNN Evaluation Metrics
AUC | ACC | SEN | SPE | PRE | FSC
FLAIR-axial | 0.875 | 73.8 | 0.654 | 0.875 | 0.895 | 0.756
FLAIR-coronal | 0.844 | 81 | 0.731 | 0.938 | 0.95 | 0.826
FLAIR-sagittal | 0.844 | 76.2 | 0.769 | 0.75 | 0.833 | 0.8
T1-axial 0.827 | 64.3 | 0.731 0.5 |0.704 | 0.717
T1-coronal 0.755 | 64.3 | 0.654 | 0.625 | 0.739 | 0.694
T1-sagittal 0.817 | 76.2 | 0.885 | 0.562 | 0.767 | 0.821
T1Ce-axial 0.772 | 66.7 | 0.769 | 0.5 | 0.714 | 0.741
T1Ce-coronal | 0.75 | 66.7 | 0.654 | 0.688 | 0.773 | 0.708
T1Ce-sagittal | 0.829 | 73.8 | 0.692 | 0.812 | 0.857 | 0.766
T2-axial 0.702 | 61.9 | 0.615 | 0.625 | 0.727 | 0.667
T2-coronal 0.678 | 57.1 | 0.423 | 0.812 | 0.786 | 0.55
T2-sagittal 0.692 | 59.5 | 0.731 | 0.375 | 0.655 | 0.691

The AUC, ACC, SEN, SPE, PRE, and FSC evaluation metrics of the Mv-
CNN model based on the FLAIR axial images on the test dataset were 87.5%,
73.8%, 65.4%, 87.5%, 89.5%, and 75.6%, respectively. Similarly, the AUC, ACC,
SEN, SPE, PRE, and FSC evaluation metrics of the Mv-CNN model based on the
FLAIR coronal images on the test dataset were 84.4%, 81%, 73.1%, 93.8%, 95%,
and 82.6%, respectively, when using the FLAIR sagittal images were 84.4%,
76.2%, 76.9%, 75%, 83.3%, and 80%.

The AUC, ACC, SEN, SPE, PRE, and FSC evaluation metrics of the Mv-
CNN model based on the T1 axial images on the test dataset were 82.7%, 64.3%,
73.1%, 50%, 70.4%, and 71.7%, respectively. Similarly, the AUC, ACC, SEN,
SPE, PRE, and FSC evaluation metrics of the Mv-CNN model based on the T1
coronal images on the test dataset were 75.5%, 64.3%, 65.4%, 62.5%, 73.9%, and
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69.4%, respectively, when using the T1 sagittal images were 81.7%, 76.2%, 88.5%,
56.2%,76.7% and 82.1%, respectively.

The AUC, ACC, SEN, SPE, PRE, and FSC evaluation metrics of the Mv-
CNN model based on the T1Ce axial images on the test dataset were 77.2%,
66.7%, 76.9%, 50%, 71.4%, and 74.1%, respectively. Similarly, the AUC, ACC,
SEN, SPE, PRE, and FSC evaluation metrics of the Mv-CNN model based on the
T1Ce coronal images on the test dataset were 75%, 66.7%, 65.4%, 68.8%, 77.3%,
and 70.8%, respectively, when using the T1Ce sagittal images were 82.9%, 73.8%,
69.2%, 81.2%, 85.7%, and 76.6%, respectively.

The AUC, ACC, SEN, SPE, PRE, and FSC evaluation metrics of the Mv-
CNN model based on the T2 axial images on the test dataset were 70.2%, 61.9%,
61.5%, 62.5%, 72.7%, and 66.7%, respectively. Similarly, the AUC, ACC, SEN,
SPE, PRE, and FSC evaluation metrics of the Mv-CNN model based on the T2
coronal images on the test dataset were 67.8%, 57.1%, 42.3%, 81.2%, 55%, and
70.8%, respectively, when using the T2 sagittal images were 69.2%, 59.5%, 73.1%,
37.5%, 65.5%, and 69.1%, respectively.

Regardless of the implemented MRI modality, and its corresponding 2D-
projection slices, we could find that the proposed Mv-CNN architecture using the
2D images sliced from a volumetric MRI as a training input has good OS
classification performances where the maximum, minimum, and average AUCs
achieved across the twelve Mv-CNN models were 0.875, 0.678, and 0.782,
respectively. We observed that half of the twelve models obtained an AUC value
greater than 0.8 on the test dataset.

Moreover, we know that the higher the SPE, the lower the chance of
misclassifying the long OS patients, and the higher the SEN, the lower the chance
of misclassifying short OS patients. Thus, another observation we made is that, the
SEN, and SPE across the twelve models were poor compared to the glioma grade
prediction where the average SEN and SPE were 0.69, and 0.67, respectively.

However, the average SEN, and SPE for the glioma grade classification using the
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same architecture were 0.794, and 0.864, respectively. We assume that the reason
for these poor results is due to the small number of patients in the OS classification
training dataset, and the cases are also not balanced.

The OS stratification performances of each of the seven multicolumn Mv-
CNN models have also been evaluated in terms of multiple metrics as shown in
Table 4.25. Their AUC, ACC, SEN, SPE, PRE, and FSC range from 68.3% to
86.3%, 57.7% to 80.8%, 43.8% to 87.5%, 69% to 91.3%, 65.2% to 85.7% and
61.9% to 83.3%, respectively. We observed that there were less significant
differences between the average performances of the twelve Mv-CNN models, and
the average performances of the seven Multi-Column CNN models. However, the
Multi-Column CNN models have increased the average SPE by 5.1% to that of
Mv-CNN models. Similar to the Mv-CNN models, we assume that the reason for
these poor results by the majority of the Multi-Column is due to the small number
of patients in the OS classification training dataset, and the cases are also not

balanced.

Table 4.25. The individual classification performances of the Multi-Column CNN
architecture for the OS binary classification

Multi-Column CNN Evaluation Metrics

AUC | ACC | SEN | SPE | PRE | FSC

axial 0.82 | 83.3 | 0.808 | 0.875 | 0.913 | 0.857
coronal 0.779 | 73.8 | 0.654 | 0.75 | 0.81 | 0.723
sagittal 0.69 | 64.3 | 0.654 | 0.625 | 0.739 | 0.694
FLAIR 0.863 | 78.6 | 0.769 | 0.812 | 0.87 | 0.816

T1 0.755 | 71.4 | 0.615 | 0.875 | 0.889 | 0.727

T1Ce 0.683 | 64.3 | 0.769 | 0.438 | 0.69 | 0.727

T2 0.714 | 61.9 | 0.577 | 0.688 | 0.75 | 0.652

4.6.2. Comparison of Different Ensemble Learning Strategies
After performing the experiments for the OS classification using the twelve
Mv-CNN models, and seven Multi-Column CNN models, their respective

probability predictions are combined in ten different ways yielding ten different
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prediction results for both scenarios. In this section, we analyzed and compared the
results between the ten different combining strategies, including AVE, W.AVE,
VOT, W.VOT, and stacking (KNN, LR, MLP, NB, RF, and SVM).

The implementation of the stacking-based ensemble methods was
implemented and optimized using the default settings of the Weka toolkit with
modification of some of the parameters. For instance, while training the RF
classifier the number of iterations parameter were changed to 1000, for the KNN
the distanceWeighting parameter was changed to weight by 1/distance, for the
Naive Bayes the useSupervisedDiscretization parameter was changed to True, for
the logistic regression the useConjugateGradientDescent parameter was set True,
for the MLP a learning rate of 0.02, a momentum value of 0.3, and an epoch
number of 500 were used. However, the SVM classifier was optimized using the
default settings of all the parameters. The unweighted voting (VOT) and
unweighted average (AVE) ensemble methods were implemented using the Python
software based on the formulas defined in Equation 12, and Equation 13,
respectively. For the weighted voting (W.VOT), and weighted average (W.AVE)
methods, we used double weights on the three Mv-CNN, and Multi-Column CNN
models which have the highest AUC in the single classifier experiments. Thus,
because the Mv-CNN models with FLAIR axial, FLAIR coronal, and FLAIR
sagittal were the top three performers in the single classifier experiments, we set a
weight value of 2 for each of them. Similarly, the Multi-Column models with the
FLAIR modality, the Triplanar-CNN with axial, and coronal slices were the top
three performers in the single classifier experiments, thus we set a weight value of
2 for each of them.

The overall survival time classification results obtained when the Mv-
CNN, and the Multi-Column CNN models were fused using the ten different
ensemble learning strategies are presented in Table 4.26. In general, almost all the
ensemble strategies improved the OS classification performance when compared

with the average of the individual classification performances of the base learners.
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Moreover, the ensemble of the Mv-CNN models worked significantly better than
the ensemble of the Multi-Column CNN models on all the ensemble strategies with
regard to almost all evaluation metrics. Another observation we made is that 70%
of the ensemble strategies were achieved AUC, and ACC values of more than 90%
and 85%, respectively, while none of the twelve Mv-CNN models could achieve
these results.

Moreover, we observed all of the ensemble strategies based on the Mv-
CNN base learners yielded quite impressive classification performances on every
evaluation metrics, ranging from 88.2% to 93%, 81% to 92.9%, 76.9% to 92.3%,
75% to 93.8%, 85.7% to 96%, and 83.3% to 94.1% in AUC, ACC, SEN, SPE,
PRE, and FSC evaluation metrics, respectively. However, The SVM-based
ensemble strategy yielded the highest AUC (0.93), ACC (92.9%), and FSC
(94.1%), and VOT and W.VOT yielded the least AUC (0.886), and ACC (81%),
respectively. In addition, the SVM fusing strategy improved the AUC, ACC, and
FSC OS classification performance of the base learners by 5%, 11.9%, and 11.5%,
respectively. Therefore, the developed ensemble method can achieve impressive
survival time classification performance as compared with a single CNN-based
system, and could be considered as a promising strategy for any other medical
classification problems with limited, and unbalanced volumetric medical image

datasets.
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Table 4.26. Evaluation measures of the proposed Mv-CNN and Multi-Column
CNN models for survival time classification when fused using ten
different ensemble learning strategies

Ensemble Evaluation Metrics

Strategy | AUC | ACC | SEN | SPE | PRE | FSC

AVE 0.925 | 85.7 | 0.808 | 0.938 | 0.955 | 0.875
W.AVE | 0.928 | 83.3 | 0.769 | 0.938 | 0.952 | 0.851

Ensemble VOT 0.886 | 83.3 | 0.846 | 0.812 | 0.88 | 0.863

of W.VOT |0.899 | 81 |0.769 | 0.875 | 0.909 | 0.833
Mv-CNN KNN 0.913 | 88.1 | 0.885 | 0.875 | 0.92 | 0.882
models LR 0.882 | 88.1 | 0.923 | 0.813 | 0.889 | 0.880

MLP 0.923 | 90.5 | 0.923 | 0.875 | 0.923 | 0.905
NB 0.908 | 85.7 | 0.923 | 0.75 | 0.857 | 0.855
RF 0.909 | 85.7 | 0.846 | 0.875 | 0.917 | 0.858

SVM 0.93 | 92.9 | 0.923 | 0.938 | 0.96 | 0.941

AVE 0.837 ] 76.2 [ 0.731 [ 0.812 | 0.864 | 0.792
Ensemble WAVE | 0.856 | 76.2 | 0.731 | 0.812 | 0.864 | 0.792

of VOT 0.85 | 76.2 | 0.731 | 0.812 | 0.864 | 0.792
Multi-Column |  WVOT 0.87 | 78.6 | 0.769 | 0.812 | 0.87 | 0.816
CNN Models KNN 0.861 | 73.8 | 0.625 | 0.808 | 0.667 | 0.645
LR 0.809 | 69.1 [ 0.813 | 0.615 | 0.565 | 0.667
MLP 0.846 | 76.2 1 0.813 [ 0.731 | 0.65 | 0.722
NB 0.862 | 78.6 | 0.813 | 0.769 | 0.684 | 0.743
RF 0.849 | 786 | 0.75 | 0.808 | 0.706 | 0.727
SVM 0.832 | 81 [0.938]0.731 | 0.682 | 0.789
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S. DISCUSSION

Using a prognostic model for pre-operative prediction of glioma grade, and
survival time is one of the most commonly used critical steps in brain tumor
diagnosis as it can help to choose the appropriate treatment planning strategy, and
MRI is usually the preferred noninvasive imaging technique in the pre-operative
assessment of patients with a brain tumor. Hence, studies have been conducted in
developing prognostic models for glioma grading, and survival time prediction
tasks based on the handcrafted features extracted from MRI scans of patients.
However, the conventional grading of glioma, and survival time predictions based
on the classical machine learning methods that rely on handcrafted features is time-
consuming, and subjective. Moreover, this approach may not fully capture the
useful information from every cross-sectional MRI and subsequently could lead to
an inaccurate prognostic model. In this work, we substantially advanced this body
of knowledge by using classical machine learning, and deep learning techniques
that are no longer limited to handcrafted features and do predictions directly from
the images.

Deep learning, and classical machine learning techniques alone and
altogether have been used in medical image processing. Appropriate application of
these two techniques has the potential to revolutionize radiology and open up a
new field in medical imaging. To accomplish this, the right combination of
classical machine learning, and deep learning methods is very important.
Moreover, the pretreatment and number of the input images affect the classification
findings of deep learning models. Thus, throughout this study, to develop an
effective end-to-end, powerful, and fully automated CAD system for a correct
diagnosis of brain tumor diseases, we proposed and explored different image pre-
processing techniques, novel CNN architectures, and ensemble learning strategies

via classical machine learning techniques. Rather than training CNN models from

127



5. DISCUSSION Abdela Ahmed MOSSA

scratch using random initialization, we exploited the concept of transfer learning by
leveraging the pre-trained weights learned from large image datasets (ImageNet).
Moreover, we examined the proper tuning of optimization parameters, and loss
functions that guarantee the finest network learning for better classification
performances. Thus, it was possible to fulfill the initial goal of fully automating,
and improving the accuracy of prognostic models from pre-operative multi-modal
MRI scans to assist physicians in clinical diagnosis and treatment. Besides,
considering the different approaches, and a large number of implemented
experiments, it is possible to make some assumptions about the achieved results.
Moreover, the main findings of our study are briefly discussed in the following

sections.

5.1 Automated Glioma Grading

In this work, we developed and applied new approaches based on deep
learning, and classical machine learning techniques to the problem of automated
prediction of glioma grade from volumetric multi-modal MRI images. We found
that our best model, which is based on ensemble multiple CNN models using
random forest classifier, achieved impressive classification performances in
multiple evaluation metrics (AUC = 99.7%, Accuracy = 97.5%, SEN = 98.6, SPE
=94.7%, PRE = 98.1%, and FSC = 98.4%) for distinguishing high-grade, and low-
grade gliomas using a small dataset of less than 300 patients.

For the types of fifteen pre-trained ImageNet architectures that were
customized and trained for glioma grade classification, we found that VGG-19 had
the best performance and DenseNet-121 had the worst performance. We found that
small ImageNet pre-trained architectures might perform better than deep ImageNet
pre-trained architectures in small medical image classification problems. Moreover,
we found that using state-of-the-art CNN models no statistically significant
relationship was observed between glioma grading accuracy, and ImageNet

accuracy. This finding extends the work by Kornblith et al. (2019) - which supports
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the implicit assumption that CNN architectures that perform better on ImageNet
necessarily perform better on typical image classification tasks - to the medical
setting of glioma grade classification from MRI images. The contradiction in the
finding could be attributed to the difference in the number of classes, and the
unique characteristics medical images have. However, supporting our assumptions,
the same authors showed that even among natural image datasets fine-tuning did
not provide a substantial benefit over training from random initialization on small
fine-grained classification datasets.

For the types of multi-modal MRI images that were used to train the deep
learning model, the results indicate that brain images from different MRI
modalities show different sensitivity to a brain tumor. Moreover, our findings are
consistent with some previous reports that classify glioma using solely on single
and multiple MRI modalities, in that using multiple modalities improves
classification performance (Ali, Gu, & Jakola, 2019; Ye, Pu, Wang, Li, & Zha,
2017). However, in contrast to earlier findings where FLAIR modality was
reported to be more superior to T1Ce images (Gurwara et al., 2010), and T2 images
(Ali et al., 2019; Ge, Gu, et al., 2018) in providing a more complete
characterization of glioma, our findings showed that T1 modality was more
predictive than the other three modalities, and the individual classification
performance of FLAIR modality was the lowest. Besides, based on our findings
there is no significant difference between the individual -classification
performances of the T1, and T1Ce modalities. Moreover, our finding corroborates
Ge et al. (2018), and Ali et al. (2019) where the individual glioma grading
classification performance of T1Ce is more superior to that of the FLAIR, and T2
MRI modalities. However, in their experiment, they did not include the
classification performance of the T1 modality. In summary, based on our findings
we suggest that the T1, and T1Ce modalities should be the preferred image
sequences than the others in clinical trials for glioma grading. Though in our

experiment, the individual classification performance of the four modalities, in
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multiple performance measurements, were consistent across different 2D
architectures and sub-datasets, more investigation has to be done on comparison of
the individual classification performance of various modalities for glioma grading.

In this study, we investigated ten fusion strategies for obtaining effective
glioma grade classification results through ensembling the probability predictions
of multiple CNN models. Our finding corroborates other recent works in medical
image classification tasks using small, and unbalanced datasets, which shows
ensemble models guarantee performance over individual CNN models if the right
fusion strategy is used (Monkam et al., 2019; Mossa, Eris, & Cevik, 2020; B.
Zhang et al., 2019). Moreover, in terms of performance comparison among
different ensembling strategies, it is noticed that random forest outperformed the
other implemented fusion strategies in multiple evaluation metrics for glioma
grading. However, it is the average, weighted average, and voting ensembling
strategies that significantly reduce the false positive rate to zero for the glioma
grade classification task.

To demonstrate that our proposed approach for the glioma grade
classification is original and valuable, a comparison of our results with recently
reported algorithms for the same glioma classification problem using the same or
different datasets is summarized in Table 5.1. It is clear that the proposed ensemble
learning framework based on the Mv-CNN architecture gives the best glioma grade
classification result compared to other previous studies for the same problem which
demonstrates the reliability of the proposed system. Besides, the proposed Mv-
CNN method is a fully automated, segmentation-free approach as we train using
the whole slide image in an end-to-end fashion to get the corresponding class
directly. In contrast, authors in (Bi, Liu, & Cao, 2019; W. Chen, Liu, Peng, Sun, &
Qiao, 2018; H.-H. Cho & Park, 2017; H. ho Cho, Lee, Kim, & Park, 2018; Hsieh,
Lo, & Hsiao, 2017; Reza, Samad, Shboul, Jones, & Iftekharuddin, 2019; X. Zhang
et al.,, 2017) used the hand-crafted feature approach that mainly relies on the

extraction of highly discriminating features using the traditional feature extraction
130



5. DISCUSSION Abdela Ahmed MOSSA

mechanisms and then reduces their dimensions before applying a powerful
classifier to distinguish between HGG and LGG accurately. Using this approach an
accuracy that ranges from 88% to 94.5% was obtained by these different authors.
Using methods based on the deep learning approach, Banerjee et al. (2019)
proposed a novel CNN architecture, and trained through scratch using three
different types of inputs: slices, patches, and multiplanar volumetric slices of
MRIs. In addition, the authors examined the pre-trained VGGNet, and ResNet
models by fine-tuning the last few layers of the architectures. In distinguishing
between LGG, and HGG from pre-operative multi-modal MRI images, the
performance of the proposed CNN with volumetric slices achieved the highest
accuracy (95%) compared to the other architectures. Moreover, the proposed CNN
achieved better performance compared to the fine-tuned ResNet, and VGG pre-
trained models. However, our experimental investigation showed that both ResNet,
and VGG pre-trained models outperformed the results obtained by the authors'
proposed CNN architecture. Moreover, in the work by Y. Yang et al. (2018b), with
fine-tuning and transfer learning, better results were obtained compared with CNN
trained from scratch to pre-operative glioma grading. This indicates that if transfer
learning is properly utilized for initializing weights then it can outperform CNN
models trained from scratch with random weight initialization. The authors
implemented only T1Ce-axial slices, and similar data augmentation techniques
used in our study. With five-fold cross-validation on a patient-level split, they
obtained 90.9%, and 93.9% values in accuracy and AUC evaluation metrics,
respectively. However, using similar MRI Modality (T1Ce-axial), and five-fold-
validation on patient-level, we obtained a 95.1% ACC, and 97.9% AUC throughout
our experiments indicating the effectiveness of our proposed Mv-CNN

architecture.
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Table 5.1. Results Comparison between Our Proposed Method and Recently
Reported Algorithms for the Glioma Grade Classification. * indicates
authors used the same cohort dataset which used in this thesis.

Study Approaches Dataset MRI # of AUC | ACC
Source Modalities | Subjects (%)
Ye et al. 3D-CNN BraTS’2015 T1,T2, and 274 - 82.1
(2017) FLAIR
Hsieh et al. | Handcrafted TCGA T1Ce-axial 107 0.89 | 88
(2017) Features
H.-H. Cho Handcrafted BraTS'2015 | T1, T1Ce, T2 108 0.887 | 89.8
et al. (2017) | features and FLAIR
Ge et al. 2D-CNN BraTS’2017 T1,T2, and 285 - 90.9
(2017) FLAIR
X. Zhang et | Handcrafted Private T1, T1Ce, 120 0.945 | 945
al,, (2017) Features DCE, FLAIR,
DWI, and
ASL
Cho et al. Handcrafted BraTS’2017 | T1, T1Ce, T2 *285 0.921 | 88.8
(2018) Feature and FLAIR
Ge et al. 3D CNN BraTS’2017 | T1, T1Ce,T2 *285 - 89.5
(2018) and FLAIR
Y. Yang et 2D-CNNs Private T1Ce-axial 113 0.939 | 90.9
al. (2018)
Khawaldeh | 2D-CNN TCIA FLAIR 130 - 91.2
et al. (2018)
Chen et al. Handcrafted BraTS’2015 | T1, T1Ce,T2 274 0.96 | 91.3
(2018) Features and FLAIR
Pereira et 3D-CNN BraTS’2017 | T1, T1Ce,T2 *285 0.984 | 93
al. (2018) and FLAIR
Ge et al. 2D-CNN BraTS’2017 T1, T2 and *285 - 90.9
(2018) FLAIR
Zhu et al. 2D-CNN private T1, T2 and 181 082 | -
(2019) T1Ce
Reza et al. Handcrafted BraTS’2017 | T1, T1Ce,T2 *285 0.88 | 88
(2019) Features and FLAIR
Bi et al. Handcrafted BITE T1, T2 and 60 0.862 | 91
(2019) Features FLAIR
Ali et al. 2D BraTS’2017 T1Ce, T2 *285 - 92
(2019) and FLAIR
Banerjee et | 3D-CNN BraTS'2017 same *285 - 95
al. (2019)
Mossa et al. | 2D-CNN BraTS’2017 T1, T1Ce, T2 *285 0.985 | 95.8
(2020) and FLAIR
Zhuge et al. | 3D-CNN TCGA and | T1,T1Ce,T2 315 - 971
(2020) BraTS’2018 and FLAIR
Cinarer et Handcrafted TCIA T2 and 121 0.987 | 96.1
al. (2020) and DNN FLAIR
Proposed Ensemble BraTS'2017 T1, T1Ce,T2 *285 0.997 | 97.5
Learning and FLAIR
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Another method based on the deep learning approach, Ge et al. (2017)
proposed a novel Multi-stream 2D CNN architecture for pre-operative glioma
grade classification on multi-modal MRI scans (T1-MRI, T2-MRI, and FLAIR). In
the proposed architecture, generated features from each modality were aggregated
before fed to the FC layer for classification, and achieved a 90.9% accuracy. Using
similar Multi-stream CNN architecture based on autoencoder and data
augmentation using GAN, Ali et al. (2019) achieved an accuracy of 92% for the
classification of LGG, and HGG. However, our proposed Triplanar-CNN
architecture, which is similar to the Multi-stream architecture, achieved an
accuracy of 94.7% solely on the T1 MRI modality. Moreover, the proposed
ensemble of multiple DL models has increased the accuracy by 6% over the Multi-
stream CNN, complementing the effectiveness of our proposed approaches over
recently developed algorithms for glioma grade classification.

Zhuge et al. (2020) proposed two novel and effective methods for
automated, non-invasively distinguishing LGG, and HGG gliomas on conventional
MRI images by using 2D R-CNN and 3D CNNs (3DConvNet) without manual
segmentation of the tumor regions. While using the 2D R-CNN model, the slice
with the largest area of the tumor is determined first, and then the mask R-CNN
model is trained for tumor grading. In the 3DConvNet, a 3D volumetric CNNs is
applied directly on bounding image regions of the segmented tumor for
classification. In terms of accuracy, the results of the proposed 3D CNN-based
method (97.1%) outperformed the 2D CNN method by a small margin (0.8%). This
finding is not unexpected because the inputs to the 2D-CNN model were only
slices from the three modalities combined, and set as RGB channel. All the T1
slices and all the slices in the other three modalities not having the largest tumor
area were discarded. We assume this decreases the performance of the 2D CNN
model. The 3DConvNet has nearly the same accuracy as our proposed approach
based on ensemble learning. However, unlike that of the 3DConNet, our proposed

approach was based on training 2D-CNN in an end-to-end fashion without the need
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for segmenting the tumor regions, which reduces training time and GPU memory
requirement. Therefore, it is possible to hypothesize that if proper 2D-CNN
architectures are designed and trained with all the MRI slices we can get an
accuracy that can outperform 3D-CNN models in distinguishing between HGG,
and LGG.

In summary, our method is superior to the other existing algorithms in
multiple evaluation metrics including AUC, and accuracy. However, direct
comparisons between our study, and some previous studies based on private data
are not possible without having access to MRI data of the patient cohort.
Nevertheless, we show the state-of-the-art studies on glioma grading that have used
pre-operative MRI modalities. Overall, the results reported in this paper are seemed
to be quite impressive and innovative, and can be considered as the state-of-the-art
method for stratifying glioma grades into HGG, and LGG.

We believe that the substantial improvement in glioma grade classification
performance yield by our model compared to the other published works in the
literature is attributed to the following four-fold unique features implemented in
our proposed framework. First, the virtual increment of images per patient from
four volumetric MRI scans to twelve 2D images through projection in the axial,
coronal, and sagittal planes, which allowed us to leverage state-of-the-art CNN
models trained on the ImageNet dataset. This conclusion is consistent with the
previous studies for other small, and unbalanced medical image classification tasks
(Gupta et al., 2020; Mormont, Geurts, & Maree, 2018).

Slices in the axial plane have less noise, and higher resolution in
comparison to slices in the coronal and sagittal planes. Moreover, the majority of
the tumor regions are obtained in the axial slices. As a result, it can be seen from
studies in the literature that using axial slices only for tumor detection and
classification is a common practice (Khawaldeh et al., 2018; Mormont, Geurts, &
Maree, 2018). Therefore, concatenation of two consecutive coronal slices, and two

consecutive sagittal slices before fed to the deep learning models could also be our
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second potential reason for the impressive glioma grade classification performance.
To prove our hypothesis, we examined the performance of CNN models using the
two kinds of inputs (concatenation, and enlarging). Throughout this work, we have
shown that concatenated slices as input to the model yield greatly improved AUC,
ACC, and other evaluation metrics than enlarging the coronal, and sagittal slices to
fit the fixed input size of CNN models. A similar concatenation strategy where
each coronal, and sagittal slices at the same position were concatenated before fed
to the deep learning model was also used in our previous work for Tuberculosis
diagnosis, which achieved promising results (Mossa et al., 2020; Mossa, Yibre, &
Cevik, 2019).

Third, the proposed Mv-CNN architecture could also be one of the other
potential reasons for the impressive glioma grade classification performance. Since
volumetric medical image datasets are always small and unbalanced, we needed to
design a proper CNN architecture for the small and unbalanced data. The proposed
Myv-CNN architecture can achieve a relatively good performance in such kind of
unbalanced and small medical datasets. This conclusion is consistent with the
previous studies for 3D object recognition, and medical image analysis tasks.
However, until now the concept of Mv-CNN architecture has not been used for
glioma grading. Fourth, we also assume the proposed and implemented ensemble
learning strategies could also be the other potential reason. This conclusion is also
consistent with the previous studies for other small and unbalanced medical image
classification problems (Mormont et al., 2018; Mossa et al., 2020; Winzeck et al.,
2019; Xiao et al., 2018; B. Zhang et al., 2019).

5.2. Automated Survival Time Prediction

Automated computerized image analysis can gain far more experience in a
significantly shorter amount of time than human subjects can acquire in their
lifetime. Differentiating between short-term and long-term overall survival time is

a critical step in the management of brain tumor patients. In this study, we
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developed and applied new approaches based on deep learning and classical
machine learning techniques to the problem of automated classification of pre-
operative survival time from volumetric multi-modal MRI images. We found that
our best model, which is based on ensembling multiple CNN models using an
SVM classifier, achieved state-of-the-art results in multiple evaluation metrics
(AUC = 93%, Accuracy = 92.9%, SEN = 92.3%, SPE = 93.8%, PRE = 96%, and
FSC = 94.1%) in distinguishing survival time between long-term and short-term
overall survival time of brain tumor patients using a small pre-operative MRI
dataset of 163 patients.

In order to demonstrate our proposed approach for the pre-operative
survival time classification task is original and valuable, a comparison of our
results with recently reported algorithms for the same survival time classification
problem on the same or different datasets is discussed in the following paragraphs.
To further validate the effectiveness of the proposed approach, we also presented a
reference baseline (discussed in Section 3.4) based on limited demographic, and
tumor volume-related features, and trained with an SVM classifier. The baseline
approach achieved a performance of 0.65, and 60% in AUC and accuracy,
respectively. It is clear that the proposed ensemble learning framework based on
the Mv-CNN architecture gives the best classification performance when it is
compared to the baseline approach and other previous studies for the same
problem, which demonstrates the reliability and validity of the proposed system
(Mossa & CEVIK, 2021).

Deep learning algorithms work well often when large annotated datasets
are available. As a result, the handcrafted-based approaches have been used in the
literature more often than deep learning algorithms when datasets sizes are limited.
Similarly, several studies have considered this handcrafted based approach for
predicting the survival of glioma patients from MRI images. However, in contrast
to our proposed approach, the majority of these handcrafted based approaches are

not fully automatic or mainly relies on the extraction of large amount quantitative
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imaging features using the traditional feature extraction mechanisms, and then
reduces their dimensions before applying a powerful classifier to the survival time
classification, which is time-consuming, and may lead to false positives.

For instance, Shboul et al. ( 2019) extracted a total of 31,000 texture,
histogram, and volume related features among which only 74 features were
selected, and subsequently combined with the age of patients to train the XGBoost
classifier. Using the same public dataset that we used for this study, they obtained
an accuracy of 73% in stratifying survival into three groups. Using the same
dataset, Chato et al. (2018) achieved an accuracy of 66.7% using histogram
features and SVM classifier, and Sanghani et al. (2018) achieved a 3-class
classification accuracy of 87% on stratified 5-fold cross-validation using clinical,
volumetric, tumor shape, and texture features trained with ML algorithm.

Likewise, authors extracted gene expression, GLCM, and JIM based
imaging texture, and intensity features from manually segmented tumor region on
T1CE and FLAIR MRI modalities of 73 patients, and combined into a single
radiogenomic feature to train RF classifier. Their method achieved a leave-one-out-
cross-validation AUC of 0.776 (Chaddad, Daniel, Desrosiers, Toews, &
Abdulkarim, 2019). Similarly, X. Chen et al. (2019) showed that extracted
handcrafted features, such as intensity, shape, texture, and wavelet, from manually
segmented tumor regions in pre-surgical axial T1Ce modality, and subsequently
combined with clinical data allowed stratifying patients’ survival into a low- or
high-risk group with an AUC of 0.851.

In another work (Macyszyn et al., 2016), using clinical information (age,
and gender) and more than 60 features derived from computer-based segmented
tumor regions, authors achieved an overall accuracy of 80% in classifying patients
into short, medium, and long survival. In (Liu et al., 2018), using SVM classifier
and 2D texture features extracted from slices with the largest tumor size that are
manually segmented by two experienced radiologists, authors compared the

performance of four MRI modalities when used individually, and in combination
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for classifying survival into two groups. The result showed that when using only
T1Ce, and the four MRI modalities separately, both models achieved nearly equal
accuracy, and AUC value of 80.7%, and 0.79, respectively. Likewise, Upadhaya et
al. (2015) achieved a classification accuracy of 90% based on heterogeneity
textural features extracted from TI1Ce, and T1 MRI modalities. However,
considering only one MRI modality at a time, the best classification accuracy
(82.5%) was obtained using T1Ce, followed by FLAIR. In addition, the
experimental result indicated that considering only a single MRI modality at a
time, the survival classification performance using only the T1Ce modality is
comparable to that of using all the four MRI modalities together. However,
inconsistent with the other study (Nie, Zhang, Adeli, Liu, & Shen, 2016), our
proposed approach shows that the performances combined from multi-modal MRI
were superior to using T1Ce alone. In addition, our experimental results show that
considering one MRI sequence at a time, the best stratification performance was
obtained using FLAIR MRI modality. Another report supporting our finding also
stated that FLAIR sequences were reported to be superior to post-contrast T1Ce
images postoperatively in providing more accurate information about tumor
volume, and treatment response (Gurwara et al., 2010). However, a further
thorough investigation is needed on the discriminative performances of MRI
modalities in glioma patients’ survival time prediction.

So far, the investigation of fully automated survival time prediction based
on deep learning techniques is very limited. In fact, the performances of these
limited works are also unsatisfactory. For instance, Chato & Latifi (2017) used pre-
trained AlexNet for extracting deep features from specific slices that clearly
contained the three regions of HGG glioma, a 91% accuracy was obtained for the
Linear Discriminant classifier, and 86.4% for the linear SVM classifier. In other
recently published work, Nie et al. (2019) proposed a multi-channel 3D CNN
architecture that extracts deep features from multi-modal MRI scans, and

subsequently combined deep features, demographic and tumor-related features to
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train SVM that classified OS into two groups with an accuracy of 90.7%, and
90.5% on 3-fold and, 10-fold cross-validation, respectively. The paper also
justified the importance of using multi-modal MRI in predicting OS, and rs-fMRI
resulted in the best classification performance among all the single modalities.

In summary, the performance of our proposed ensemble learning approach
regarding classification accuracy, and AUC is superior to several-state-of-the-art
results in brain tumor patients’ OS stratification. However, direct comparisons
between our study, and some previous studies based on private data are not
possible without having access to MRI data of the patient cohort. Nevertheless, we
show the state-of-the-art studies on survival time classification that have used pre-
operative MRI modalities. Overall, the results reported in this paper seem to be
quite impressive and innovative, and can be considered as the state-of-the-art
method for stratifying survival time into short-term and long-term.

We believe that the substantial improvement in the survival time
classification task yield by our model compared to the other published works in the
literature is attributed to the following five-fold unique features implemented in our
proposed framework. First, the virtual increment of images per patient from four
volumetric MRI scans to twelve 2D images through projection in the axial, coronal,
and sagittal planes, which allowed us to leverage state-of-the-art CNN models
trained on the ImageNet dataset. This conclusion is consistent with the previous
studies for other small and unbalanced medical image classification tasks (Gupta et
al., 2020; Mormont, Geurts, & Maree, 2018).

Slices in the axial plane have less noise, and higher resolution in
comparison to slices in the coronal, and sagittal planes. Moreover, the majority of
the tumor regions are obtained in the axial slices. As a result, it can be seen from
studies in the literature that using axial slices only for tumor detection, and
classification is a common practice (Khawaldeh et al., 2018; Mormont, Geurts, &
Maree, 2018). Therefore, concatenation of two consecutive coronal slices, and two

consecutive sagittal slices before fed to the deep learning models could also be the
139



5. DISCUSSION Abdela Ahmed MOSSA

second potential reason for the impressive classification performances of the
survival prediction task. To prove our hypothesis, we examined the performance of
CNN models using the two kinds of inputs (concatenation, and enlarging). A
similar concatenation strategy where each coronal, and sagittal slices at the same
position were concatenated before fed to the deep learning model was also used in
our previous work for Tuberculosis diagnosis, which achieved promising results
(Mossa et al., 2020; Mossa, Yibre, & Cevik, 2019).

In addition, the proposed Mv-CNN architecture could also be one of the
other potential reasons for the impressive classification performance for the
survival prediction task. Since volumetric medical image datasets are always small
and unbalanced, we needed to design a proper CNN architecture that the small and
unbalanced data. The proposed Mv-CNN architecture can achieve a relatively good
performance in such kind of unbalanced and small medical datasets. This
conclusion is consistent with the previous studies for 3D object recognition, and
medical image analysis tasks. However, until now the concept of Mv-CNN
architecture has not been used for the brain tumor patients’ survival prediction.

The above-mentioned deep learning models in the literature for survival
time prediction are based on manually or automatically segmented tumor regions
as input to the CNN. However, including surrounding tumor regions provides more
information on the tumor-surrounding tissues, and therefore also the location of the
tumor (W. Yang et al.,, 2012). In this work, we have also investigated the
difference in the performance of the Mv-CNN architecture when trained with
different inputs such as the tumor segmented region only (ROI), the extended
tumor segmented regions that include the surrounding tumor tissues alone (EROI),
and the whole slide image alone (WSI). As shown by our experiments, we found
the inclusion of tumor surrounding tissue to the input of a CNN yields superior
performance over the ROI region or the WSI image. Moreover, the benefit of
including surrounding tissue (through disk-shaped image dilation) based on

handcrafted imaging features is shown by other publications for brain tumor
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classification (Cheng et al., 2015). Therefore, we believe the inclusion of context
information on surrounding brain tumor tissue, and location effects are also one of
the main potential reasons for the increased performance over the other results as
the location is an important distinguishing marker. Finally, we assume the
proposed and implemented ensemble learning strategies could also be the other
potential reason. This conclusion is also consistent with the previous studies for
other small and unbalanced medical image classification problems (Mormont et al.,
2018; Mossa et al., 2020; Winzeck et al., 2019; Xiao et al., 2018; B. Zhang et al.,
2019).
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6. CONCLUSION AND FUTURE WORKS

6.1. Conclusion

Using a prognostic model for pre-operative prediction of glioma grade, and
survival time is one of the most commonly used critical steps in the brain tumor
diagnosis field as it can help to choose the appropriate treatment planning strategy,
and MRI is usually the preferred noninvasive imaging technique in the pre-
operative assessment of patients with a brain tumor. In this thesis, we proposed to
develop a machine learning, and deep learning-based fully automated prognostic
modes cable of predicting glioma grade, and survival time of patients with brain
tumors on pre-operative multi-modal MRI images (FLAIR, T1Ce, T1, and T2).

The proposed system was developed in three main stages: pre-processing,
deep learning development, and ensembling model outputs. At each stage, different
strategies were proposed, and the strategies used varied in terms of preprocessing
techniques, CNN architectures, pre-trained state-of-the-art deep learning models,
inputs to the deep learning model (concatenated vs enlarged image, and ROIs vs
Extended-ROI vs whole slide image), and ensemble strategies (averaging, voting,
and classical machine learning methods). The final goal was to get a high
classification accuracy when evaluating the developed prognostic model, which
assesses the patient’s degree of glioma grade (LGG vs HGG), and overall survival
time (short-term vs long-term) before a brain tumor surgery.

In the preprocessing stage, each volumetric MRI image was reconstructed
to a stack of 2D slices in the axial, coronal, and sagittal planes, which virtually
increased images per patient from four to twelve. Subsequently, some slices
obtained at the beginning, and end of each 2D projection, and which did not
contain any brain tissue intensity value were also discarded to avoid processing
slices that do not add useful information. Moreover, another novel pre-processing
technique, which is a concatenation of two images, was used to leverage pre-

trained deep learning models trained on natural images without enlarging them to
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benefit from the fine-grained details in each slice of the coronal, and sagittal
projections. The individual classification performance of the four MRI modalities
both for glioma grading and survival time predictions were compared. The
experimental results show that T1Ce coronal slices, and FLAIR axial slices have
more discriminative deep features for glioma grading, and survival time prediction,
respectively. For the survival time prediction, the effecting of using segmented
glioma region (ROIs), determined by a deep learning-based segmentation model
(Wang et al., 2018), or extended glioma region (EROIs) or whole slide image
(without segmentation) as input while training deep learning model were analyzed.
The conclusion is that incorporating the surrounding tumor tissues while training
the deep learning models for survival time prediction improves the model
performance.

When training datasets are scarce, deep learning techniques knowns as
transfer learning, and data augmentation have been used in the literature. In the
deep learning development stage of this work, since the datasets that we used are
small cross-sectional volumetric datasets, proper CNN architectures that suit the
data were designed using the feature extractor layers of the state-of-the-art pre-
trained ImageNet CNN architectures as a backend. As a result, inspired by the first
Multi-View CNN architecture developed for 3D objection recognition (Su et al.,
2015), three novel CNN architectures (Mv-CNN, Triplanar-CNN, and Mc-CNN)
were proposed in this thesis. In the meanwhile, 15 ImageNet CNN models were
examined, and found VGG-19 performs the best and DenseNet-121 performs the
worst on the glioma grading task. This thesis has also investigated if pre-trained
ImageNet architectures performance could relate with glioma grading performance
and found that no statistically significant relationship between glioma grading
accuracy, and ImageNet accuracy (p= -0.237), and between the number of training
parameters and the glioma grading classification’s performance (p = -0.174) on

small medical image datasets.
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In the ensembling stage, ten different fusion strategies combining the
prediction of twelve Mv-CNN models through averaging, voting, and classical
machine learning methods were implemented both for glioma grading, and survival
time prediction. In terms of fusion strategies, RF, and SVM achieved an excellent
performance than the others for glioma grading and survival time prediction,
respectively. Our final prognostic models implemented on the BraTS’17 dataset
significantly outperforms state-of-the-art methods achieving an ACC of 97.5%,
AUC of 0.997, SEN of 0.986, SPE of 0.947, and FSC of 0.984 for glioma grade
classification, and an ACC of 92.9%, AUC of 0.93, SEN of 0.923, SPE of 0.938,

and FSC of 0.941 for survival time classification.

6.2. Future works

The work in this thesis is a first step in dealing with designing a fully
automated prognostic model, which is one of the next frontiers to be reached by
new deep learning techniques in the medical scenario. The results obtained both for
glioma grading, and survival time prediction are impressive. However, the works
done in this thesis can be advanced with the following contributions: First of all,
increasing the number of classes that can be classified by including more sub-OS,
and sub-grades of brain tumors will make our work clinically more significant.
Second, there were only very few structural MRI scans of brain tumor patients
studied in this thesis. Besides, structural MRIs do not provide information about
the biological details of brain tumors. Therefore, we believe increasing the dataset
and combining it with functional MRI scans, digital pathology images,
demographics, and genomic biomarkers of brain tumor patients may improve the
performance of the proposed prognostic models.

Third, MRI images are susceptible to noise and do not have a tissue-
specific pixel value even within the same modality and subject. Thus, although we
applied the simple min-max method to normalize the pixel intensity values,

applying various advanced image preprocessing techniques, such as inhomogeneity
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correction, and noise removal methods, to the MRI images before fed to the deep
learning models may enhance our work. Fourth, for the OS classification task, the
clinical data can be combined with the deep features. The combination of clinical
data and deep features might give good results for survival time classification in
brain tumor patients.

Fifth, one of the critics of deep learning algorithms, especially by non-
experts, is for being a black-box approach that does not reveal intuitions into their
prediction mechanisms. Moreover, in medical applications, such as the one we
addressed in this thesis, it is essential for deep learning models to provide
explainable outputs to patients and physicians in order to build trust in the
predicted output. Thus, in order to understand and explain what our developed
model predicts, our works can be enhanced through the design of an explainable
CNN model by adding a class activation maps Grad-CAMs (Selvaraju et al., 2017)
or attention modules (Gu et al., 2018) into the proposed framework.

Sixth, the ensembling approach we used was based on homogenous CNN
architecture trained with different inputs. We believe that using heterogeneous
CNN architecture may enhance the overall classification performance. Last but not
the least, the approaches we used in this work are powerful, and can be extended to
other classification tasks in volumetric medical images without significantly

changing the methodologies.
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