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ABSTRACT

Overall survival prediction is a vital task that will lead for better patient man­

agement in clinical practise. Existing approaches mainly focus on imaging based 

survival prediction, which is non invasive, and thus, easier to be implemented at 

the initial diagnosis stages. However, the advancements in the DNA/RNA tech­

nologies has given access to genomic and transcriptomic profiles of the gliomas, 

that directly reflect the molecular level alterations. Thus, in this work we mainly 

focus on using transcriptomic profiles for survival prediction, an area that has 

not been widely analysed yet for survival prediction. We utilize the gene expres­

sion and mutation profiles, while augmenting the recent Artificial Intelligence 

approaches, such as deep probabilistic programming and multi task learning for 

prognosis prediction. Thereby we do not just focus on the application, we also 

contribute with novel learning paradigms to improve the classification task per­

formances. Nonetheless, we also focus on proposing a novel loss function, since 

architectural wise the state of art performance has been achieved for classification 

tasks.

In addition, we also investigate ability to employ radiomics, for subtype clas­

sification, that is also associated with survival. Since subtypes mainly rely on 

the genomic alterations, we found it useful to focus on imaging features ability 

to predict prognosis of glioma.

Keywords: Survival Prediction; Prognosis; Deep Learning; Multi-task Learning; Deep 

Probabilistic Programming
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Chapter 1

INTRODUCTION

1.1 Domain Overview

Glioma is a type of tumor that occurs in glial cells and other progenitor cells. Out 

of all primary brain and central nervous system tumors, gliomas represent 26.7%. 

Gliomas mostly arise in the brain, more specifically in the parietal, frontal and 

temporal lobes, and less likely in the remaining major lobe, occipital. Studies 

say that these gliomas can also occur in spinal code and spinal nerves known as 

cauda equina cerebrum |lj. Glioblastomas (GBM) is the most lethal histological 

type with 54.7 percentage of primary brain & central nervous systems gliomas 

are GBMs. GBMs & Astrocj^tomas, another common glioma histological type, 

combinely count for 75 percentage of gliomas. With increasing age, the occurrence 

ratio of gliomas reduces for the adolescents (}7oung adults aged 15 to 19 years) and 

children. Roughly, 46.5 percentage of brain tumors belongs to glioma category 

for these age groups j2|. Anyway, the incidence rate gradually grows in the cases 

over 20 years with the highest number of incidences are reported in the age group 

of 85+ years. Moreover, median age is calculated as 65 years at the diagnosis of 

GBM patients. Nonetheless, GBMs, astrocytomas, & oligodendrogliomas occur 

in male population than the females according to the studies |3j.

Classification based on underlying histology1.1.1

Gliomas are initially classified based on the underlying histology, i.e. the mor­

phological aspects in certain cell types of the effected region. The brain cells 

consists of an rigorous network that help maintaining the normal functioning in 

the brain [4].

• Astrocytes: The cells, which can be seen in the brain are the main connec­

tive tissue cells. In astrocytomas, the astrocytes in the specific region are
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faced for similar morphological changes.

• Oligodendrocytes: The cells, also visible in the brain, cover the neuronal 

axons with a myelin sheath. Oligodendrogliomas develop in these.

• Ependymal cells: Ependydoma, a less frequently occuring tumor in humans, 

arise in these cells.

The astrocytomas, oligodendrogliomas, oligoastrocytomas, and ependymal, 

the different histological types of glioma were allocated into 4 grades by World 

Health Organization (WHO) considering the natural disease cause, anaplastic 

features and malignancy of the tumore (5).

® Grade I WHO gliomas: Minimal malignancy and slowly growing cancer. 

Pilocytic Astrocytomas are included into this category.

» Grade II WHO gliomas: Grows slowly, but sometimes, an invasive spreading 

can be seen in the brain, diffuse astrocytoma is a cancer that comes under

WHO grade II.

• Grade III WHO gliomas: Quickly expanding gliomas, with histological at­

tributes similar to anaplasia.

• Grade IV WHO gliomas: The maximal lethal, maligance type of glioma, 

mostly GBMs belong to this category and can be identified by the necrosis 

region and microvascular proliferation present in the tumor.

y.
1.1.2 Classification based on molecular pathogenesis i I,

Molecular pathogenesis is studied to identify the genomic and transcriptomic Njvel 

changes or alterations in the tumor regions, that can lead for gliomas. This is 

slightly different from the histological categorizations and indications.

Grade II and III (WHO) gliomas: Grade II and III (WHO) gliomas, both 

together is combined as Lower Grade Gliomas (LGG). Although, Gliomas are 

separated into astrocytomas, oligodendrogliomas, and mixed oligoastrocytomas.

if*
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traditionally based on the histology, these 3 histological types can be grouped 

into 2 subtypes considering their molecular level alterations.

• Mutations occur in both tumor protein p53 (TP53) gene and a- thalassemia/ 

mental retardation syndrome X-linked (ATRX) gene: the ’astrocytic’ geno­

type.

• Co-deletion of chromosomal arms lp and 19q and mutations occur in telom- 

erase reverse transcriptase (TERT) promoter: the ’oligodendroglial’ geno­

type.

Thus, Oligoastrocytomas histological category is not needed anymore |6]. Both 

the above mentioned genotypes depicts Isocitrate dehydrogenase 1 (IDH1) muta­

tion commonly and Isocitrate dehydrogenase 2 (IDH2) mutation less frequently. 

Thus, the latest grouping of gliomas is into three categories considering the end 

result, the response for the treatments and the natural histories ft).

® IDH1 mutant, lp/19q co-deleted tumors have the oligodendroglial histol­

ogy: these tumors have a longer survival, i.e. a better prognosis.

• IDH1 mutant, lp/19q non co-deleted tumors have mostly an astrocytic 

morphology: Intermediate level survival.

• IDH wild-type, lp/19q non co-deleted tumors: Shorter survival, i.e. poor 

prognosis.

1.1.3 Mortality of Glioma patients

Gliomas, have different, levels of mortality and morbidity depending on their his­

tology, localization, and growth. The most malignant glioma. GBM has a 15 

month median survival, despite the surgical resection and radiation therapy and 

chemotherapy followed (7j. Other than that, after 5 years from the initial diagno­

sis less than 3% of GBM patients survived ||J. In addition, WHO grade II and III 

gliomas have a 78.1 and 37.6 months median survival respectively |5). The median 

survival based on the histological types, astrocytomas and oligodendrogliomas are 

5.2 and 7.2 years, respectively ffO|.

4



Overall Glioma survival and Glioma survival1.1.4

Overall survival of glioma patients is measured either from the date of the initial 

diagnosis of glioma or from the date that the treatments begin. The length of 

the time is calculated until the glioma patient is alive. This Overall Survival 

measurement is commonly considered when deciding the impact of a particular 

treatment given at a certain time point to the patient. The clinical protocols 

are arranged by the clinicians to maximize the overall survival always without 

trading off the quality of life of glioma patients. This quality of life of a glioma 

patient depends on couple of factors, such as the size and the location of the 

tumor, complications that arise with the surgical interventions followed, impact 

of radiotherapy & pharmacotherapy, and other Psychosocial matters, which can 

ultimately effect the survival of patients

1.2 Overview of the Problem

Traditionally, the survival of glioma patients are predicted in the research con­

text, by using the medical images such as Magnetic Resonance Images (MRI), 

Computed Tomography (CT), or Positron Emission Tomography (PET). These 

images are initially acquired and preprocessed where the feature extraction, and 

classification into short, medium and long survival groups is followed. At the be­

ginning a semi automated approaches were common where segmentation and the 

features such as volume, texture and shape, extraction were performed manually 

and thereafter machine learning (ML)-based classifications wrere performed for 

survival prediction. State-of-art approaches follow- fully automated deep learn­

ing based segmentation, feature extraction and ML based classification and re­

gression prediction models development, where the maximum accuracy reported 

is around 70%. However, these imaging modalities are still unable to grab the 

intra-tumor heterogeneity, that is present at the molecular levels; Although, imag­

ing approaches has illuminated the overall survival analysis research through its 

non-invasive behaviour. Also for gliomas, statistical analysis and risk estimation 

methods are introduced to estimate the risk and the probability of survival after

5



a certain time period. The risk is given as a value that uses the expression levels 

of factors, such as gene expression, related to survival. The survival can be even 

measured using nomograms. Yet, these approaches are not able to accurately 

predict the survival of glioma patients, in spite of the publications that come up 

with various parameters.

1.3 Motivation

With the new improvements and the development of the high throughput tech­

nologies such as microarray and DNA/RNA sequencing, the possibility of acquir­

ing heterogeneous genomic features is possible and therefore, more precise survival 

analysis can be performed, overcoming the limitations in the traditional radiomic 

approaches |{lT(. Nonetheless, the advancements in Artificial Intelligence, where 

the capability of handling high dimensional data and models have been advanced, 

the field of patient management related to cancer can be enlightened |12). This 

can lead to an absolute orientation in glioma prognosis estimation research in the 

future. Thus, we were motivated to explore the ability of utilizing various data 

types associated with glioma survival to develop different tools and algorithms 

to predict survival. Nonetheless, current medical AI related research is not just 

focusing the application. Mostly, a novel algorithms are necessary while proving 

the application level improvements. Thus, we were also motivated to develop 

in algorithms while proposing new directions for prognosis estimation of glioma 

patients.

Ultimately, we identify the limitations and challenges that might direct the 

state of art survival prediction approaches for a clinically plausible era.

1.4 Importance of this research

Quality of life of a glioma patient relies on several facts, such as the location and 

size of the tumor, complications that occur due to surgical interventions, effects of 

radiotherapy and pharmacotherapy, and Psychosocial consequences. These facts 

are associated with impaired neurocognitive functions, communication abilities,
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and acute toxicities and functional deficits. Long term surviving patients, treated 

with radiotherapy, have a high risk for neurocognitive impairments. Moreover, 

standard treatments such as anti-seizure agents and corticosteroids, used in rou­

tine medications, cause nausea, fatigueness. drowsiness, and many more short 

term side effects. Meanwhile, they can also induce long term effects such as 

diabetes mellitus, depression, hypertension, and osteoporosis.

In addition, other than physical consequences, non-physical impairments also 

arise in spiritual, psychological, behavioral domains. Nevertheless, the families 

also get affected by the illness and side effects causing vulnerable psychological 

trauma and financial consequences. Therefore, it is essential for the clinicians, 

neurosurgeons, and oncologists to decide what treatments the patients require 

for a long term survival with minimum side effects. Sometimes, the patients will 

weaken due to side effects than to the effects occur due to the glioma. More often, 

clinicians estimate the survival of patients by clinical factors assessment , imaging 

assessment, and their experience. Researches show that these decisions are too 

much biased, inaccurate, and optimistic. This will also impact the patient and 

also the families to deal with the situation and prepare for the future outcome. 

Further, the resources such as medications, therapies are required to be allocated 

among the patients based on the requirement giving priority to the prognosis 

of each patient. Thus, accurate survival prediction is a predominant factor for 

better treatment planning and clinical management with optimal utilization of 

resources.

1.5 Objectives

• Develop a prognostic risk score model to estimate the risk of Glioma.

• Design models to predict overall survival with different genomic data.

• Develop a robust genomic based platform for survival prediction of glioma 

patients.

• Analyze the prognostic gene markers significant for the model behavior
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utilizing explainable AI.

1.6 Contribution

Survival Prediction with gene expression data:

• Identify prognostic genes with Iterative Bayesian Model Averaging algo­

rithm and propose a risk score prognosis model.

• Perform Survival Prediction using traditional Machine Learning tools, with 

the selected genes.

® Propose a Novel Bayesian Neural Network using Pyro for survival class 

prediction.

Survival prediction with mutation data:

© Propose a multitask learning deep learning model for glioma grade and 

survival class prediction.

• Optimize the MTL model while proposing the novel ‘GradNorm Asyn­

chronous Task-Aware Optimization' Algorithm.

Additionally,

• Identify radiomics associated with molecular subtypes of Glioma.

• Find the correlations between radiomics, genomics and survival.

• Predict subtypes using ML with radiomics extracted from Glioma images.

1.7 Publications

• Wijethilake, N., Islam, M., Meedeniya. D., Chitraranjan, C., Perera, I., & 

Ren, Ii. (2020). Radiogenomics of glioblastoma: Identification of radiomics 

associated with molecular subtypes. In Machine Learning in Clinical Neu­

roimaging and Radiogenomics in Neuro-oncology (pp. 229-239). Springer, 

Cham.
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• Wijethilake, N., Meedeniya, D.. Chitraranjan, C., &: Perera, I. (2020, 

October). Survival prediction and risk estimation of Glioma patients us­

ing mRNA expressions. In 2020 IEEE 20th International Conference on 

Bioinformatics and Bioengineering (BIBE) (pp. 3.5-42). IEEE.

• N. Wijethilake, D. Meedeniya, C. Chitraranjan, I. Perera. M. Islam and 

H. Ren, "Glioma Survival Analysis Empowered With Data Engineering—A 

Survey," in IEEE Access, vol. 9, pp. 43168-43191. 2021. doi: 10.1109/AC- 

CESS.2021.3065965.
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Chapter 2

LITERATURE REVIEW

2.1 Data types used in Glioma survival analysis

2.1.1 Glioma Screening and Data Collection in clinical practice

There are multiple tests that are being used for diagnosis and screening purposes 

of brain tumors. Firstly, physical status of the patient is closely examined by 

the physicians, whereas they thoroughly go through the patient's medical history 

reports, patient’s life style and family history. This is followed by the neurological 

tests, where the patients is questioned about the sensitivity of the central nervous 

system and associated effects that might arise with the tumor (13). Most of the 

times, the eye sight of the patient gets effected due to the compression of the 

eye muscles with the progression of the tumor. Thus, to determine whether such 

disrupts were occurred, visual field tests are also performed on the patient in the 

initial diagnosis steps.

Thereafter imaging tests, such as Magnetic Resonance Imaging (MRI), Positron 

Emission Tomography (PET), Computed Tomography Scan (CT Scans). An­

giograms and Single Photon Emission Tomography Scan (SPECT) are performed 

on the patient. Nonetheless, urine and blood tests are also taken to identify 

whether there any changes present in those media, that occur with the tumor (13).

Yet, whether the tumor is cancerous or not can be determined only by closely 

investigating or looking into the tissue samples of the tumor using a microscope. 

Normally these tissue samples are acquired either by surgical resection or us­

ing biopsy. The surgical resection is performed by surgeons mostly while closely 

watching the images of the tumor obtained from different imaging methods. In 

this the completely tumor is removed unlike obtaining a small part of the tumor 

when performing biopsy (14). Pathologist, the experts who can identify the de­

formities that occur in the cell level, help the other clinicians such as oncologists
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Figure 2.1: A general radiomics extraction pipeline.

to make decisions on the cancerous status of the patients through the obtained 

tissues from the tumor. In addition, the genomic profiles such as gene expression, 

mutation and methylation profiles are also acquired using the tissue samples of 

the tumor. We discuss about these platforms further in the section [2.1.3.

Besides there are various other tests performed throughout the diagnosing, 

screening, pre and post surgical stages of the glioma. These records are collected 

by many institutes for different purposes such as research. There are such pub­

licly available data cohorts with patient records entirely for research purposes. 

These profiles of glioma patients are used in various studies for different tools 

and algorithm development, in order to aid the decision making process of the 

precision treatment planning and disease management.

2.1.2 Radiomics

During the initial diagnosis and screening of gliomas, various types of images are 

obtained to evaluate the size, location and the progression of the tumor. For 

survival related studies, these images are used. However, these raw images are 

pre processed before extracting features for such analysis. Next we are going to 

discuss the steps followed in the process of feature extraction. A generalized flow 

of these tasks are given in the Figure [27Ij There are 4 main steps in this process.

1. Acquisition of the images such as MRI.

2. Preprocessing of the images, where they are skull stripped, registered and 

intensity normalized.
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3. Segment the tumor region into sub regions.

4. Feature extraction: Radiomics, i.e. imaging related features are obtained.

These 4 parts are discussed further in the following sections.

MRI Acquisition

Traditionally survival prediction is done using the radiology images such as MRI. 

The non invasive approach followed in imaging methods, is an advantage in this 

radiomic based survival prediction. Thus, in cancer diagnosis and clinical moni­

toring protocols images are widely utilized to visualize the surface structure (mor­

phology) and functional behavior of the tumor and the surrounding area. Out of 

different medical imaging tools, Magnetic Resonance Imaging (MRI) is the most 

famous radio-logical tool used in tumor visualization. There are 4 main types of 

modalities that are been frequently obtained. They are T1 weighted (Tl), T2 

weighted (T2), Fluid-attenuated inversion recovery (FLAIR), and gadolinium- 

enhanced (Tl contrast) sequences. More specifically each one of these elaborate 

different regions of the tumor. For an example the pathologically enhanced region 

is clearly visible in the Flair and Tl contrast image modalities fl5). These MRI 

sequences are collected along with the survival and other clinical information by 

many institutes. Some are publicly available for the research purposes while some 

are kept for their own research studies. We discuss the publicly available datasets 

further in section 12.1.51

MRI Preprocessing

The initially obtained MRI images consists of background non brain tissues, eye 

balls and skin. These are obstacles for obtaining precise segmentation of the tu­

mor. Therefore, these unnecessary parts are removed first using skull stripping 

tools. Morphology based skull stripping methods, intensity and deformable in­

tensity based skull stripping methods, hybrid approaches and atlas based skull 

stripping methods are few of those tools (T6j. These approaches are embedded in
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Table 2.1: Open source Tools available for Preprocessing and Segmentation of 
MRI

Tool Available Features Link
http: //ww. itksnap. orgITK- Manual Segmentation

SNAP (23b jhttps: //www. slicer. org3D slicer Skull stripping, Image
registration, Intensity 
normalization, Segmen­
tation, Visualization

DeepReg |24| [https://github.com/DeepRegNet/
DeepReg
{https://github.com/ANTsX/ANTs~

DL based Registration

ANTs (25) Image Segmentation, 
Image Registration

FSL |26j MRI Segmentation, jhttps: //f si. f mrib. ox. ac. uk/
Registration

FreeSurfer Skull Stripping, MRI 
Registration, Segmen­
tation, Reconstruction

[https: //surfer. mnr. mgh. harvard.
[27! edu;

software tools and in addition there are manual skull stripping software like 3D 

slicer ||17j and algorithms implemented in filter modules in ITI< fl8).

After skull stripping, the next important steps include the registration, warp­

ing and intensity normalization. These steps are essential to make sure the se­

quences in the exploiting database possess the similar metadata.

The open source software, ITK was used for skull stripping, registration and 

normalization with histogram matching in |19). Other than that, the 3D slicer 

open source software had been used by Wijethilake et al. |2Qlj2l| for skull stripping 

and registration of the MRI sequences. In addition, a C-f-f based wrapper func­

tion using Insight ToolKit was used by Tixier et al. (22] for the rigid registration 

of the imaging sequences.

We have presented the tools and the uses of each tool in table [271] used in 

MRI preprocessing.
• . V

7Segmentation

In a tumor, there are 3 main pathologically different regions. They are necrosis, 

enhancement and edema (28). The next step after preprocessing the images, is
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to segment the tumor region, as a whole region, out of the brain tissue. This 

can also be done as a segmentation into the above mentioned 3 regions too. 

This segmentation can be performed as a manual task where a specialist or an 

expert manually annotate the region of interest or as an automated task with 

computational algorithms. For manual segmentation, there are software such 

as ITK-SNAP |23) that is widely been used for medical segmentation purposes. 

However there are several disadvantages associated with manual segmentation. 

Manual segmentation take time and require a skilled expert. Nonetheless it is a 

tedious task even for an expert. These segmentations also vary with the annota­

tor. Therefore with the technological advancements more automated approaches 

were proposed overcoming the above mentioned drawbacks.

The latest automated segmentation approaches focus on deep learning, with 

the popular convolutional neural networks (CNN) such as fully convolutional net­

works (FCN) ||29) and U-Net f30). The U-Net (30) architecture has the ability to 

obtain the spatial and the semantic information with the help of the encoder 

and the decoder parts. Moreover, the skip connection between the encoder and 

decoder helps the architecture to learn the fine details. Initially 2D U-Net is used 

where each slice of the 3D MRI volume is given as the input to the model. How­

ever, recently a modified 3D version of this U-Net architecture was proposed, with 

the ability of handling the whole 3D MRI volume at once j3l). There are recent 

modification suggested for this U-Net, such as integrating an attention block in 

the encoder and decoder blocks. Also, further modifications to these attention 

blocks are proposed by adding skip connections within block for extracting spatial 

and channel wise dependencies. However, recently the AI researchers claim that 

the DL algorithms are architecturally saturated and further modification will not 

increase the models’ performance further. They suggest that the research should 

now be focused on improving the optimization algorithms and modifying the loss 

functions in order to archive fine segmentation (32].

Brain Tumor Segmentation Challenge (BraTS) is a competition held yearly 

in parallel with the M1CCAI conference. They choose the best performing mod­

els for segmentation based on several metrics. In 2018 BraTS challenge, Myro-
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nenko J33) has exploited a novel encoder-decoder based 3D architecture, with a 

small decoder and a comparatively large encoder, that extract imaging features 

to generate the segmentation. This model comprises of an additional decoder 

branch for image reconstruction, which is then used to optimize the network, 

thus providing space to learn with small amount of data. This was placed 1st 

in the competition in 2018. For the same competition in 2019 Jiang et al. (34) 

won the first place for the model he proposed with two stage cascaded U-Net, 

which consists of a two decoders to enhance the model performance. However, 

still a lot of improvements can be made in the automated segmentation, as it is 

not quite solid when segmenting tumor regions with close intensities and ambi- 

gious boundaries between the healthy normal tissue and the cancerous tissues. 

Therefore, deep learning techniques used for segmentation are enhanced daily by 

various research groups, enabling better segmentation performances day by day.

Feature Extraction

For studying the association with the survival and the images of tumors, the fea­

tures should be extracted from the segmented regions. These features include the 

intensity based features, textural features and shape associated features. These 

can be extracted from each subregion of the tumor and, from the whole tumor 

region (35). Intensity based features, includes the mean, variance and skewness of 

the intensity distribution of the each tumor subregion. For an example intensity 

in the enhancement region of the tumor, possess a certain mean intensity com­

pared to the other subregions. These might contain valuable connections with 

the survival of the patient. Shape associated features can be considered as the 

coordinates of each subregion, length along each axis for each subregion, area and 

the complexity dimensions such as fractal dimension. Textural features depicts 

texture wise details such as the entropy, correlation, energy and dissimilarity 

features of each subregion (36). These features are mostly extracted from radio- 

graphic images at different phases of tumor identification and growth monitoring. 

Thus, these are known as radiomics. In addition, the recent explorations have
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extracted these imaging related features using DL. These are know as deep fea­

tures and uncover features that are unable to acquire with vision based features 

extraction techniques.

Summary of several works that have used radiomics. along with the segmen­

tation technique and extracted features, can be found in Table |2.2[

Sanghani et al. f37) have extracted shape features know as bounding ellipsoid 

volume ratio, i.e. features of ellipsoid that bounds the tumor regions such as 

orientation, sphericity and spherical disproportion and texture features. Feng et 

al. [38| have also obtained volume related features for each tumor sub region and 

fused with resection status, i.e. the surgery to remove the tumor is performed or 

not, and age for modelling the survival prediction.

Sun et al. |39) have obtained grey level intensity first order statistics features, 

such as mean, standard deviation , maximum and the minimum intensities and 

variance of the intensities and the entropy for each sub region of the tumor, 

i.e. non-enhancing region, edema and the necrosis regions, and then for the 

whole tumor. In addition, they have obtained axis lengths for the major and 

minor acis, surface area, surface area to volume ratio, volume features as shape 

features. As texture features, gray level run length matrix features and gray- 

level co-occurrence matrix features are also extracted. All these features were 

extracted using the Pyradiomics library [40] available in Python.

Manually handcrafted imaging features were extracted by Han et al. fTT) from 

the tumor regions and combined with deep features extracted using a VGG-19 2D 

DL model, for survival prediction. In addition a CNN 2D was used by Lao et 

al. (19) to extract features for survival prediction. Nevertheless, they have used 

handcrafted geometric, intensity and textural radiomic features obtained using a 

Matlab based feature extraction tool.

2*
2.1.3 Genomics

Xg'lAHjJfr
As we mentioned earlier, gliomas arise as a result of genetic changes that occur

in the molecular level. These changes can either be genetic or epigenetic, that
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Table 2.2: Segmentation methods and imaging features extracted in glioma re­
lated studies.

Related
Work

Num. of 
patients

Segmentation Features extracted

l;39| 285 Ensemble model with 
CNN g4j, DFKZ Net 
PH fe 3D U-Net (45|

First order statistics, shape 
and texture features

285 An ensemble of 3D U- 6 volume features, age
Nets (45|

|46| VGG-16 B42| based FCN285 Age. size and coordinates
ill ROI was manually anno-163 Texture, shape and volume 

featurestated.
M 163 ROI was manually anno­

tated.
Histogram features

© Deep U-Net |49|163 Texture, volume, euler. his­
togram

© ROI was manually anno­
tated.

128 Handcrafted texture features
& deep features

ROI was mannually an­
notated

69 clinical information & deep 
features

© 335 3D Attention U-Net geometry, intensity & volume 
features

|33 285 encoder-decoder based 
3D architecture

32 369 3D U-Net architecture
34 Two stage cascaded U- 

Net
335

ROI was manually anno­
tated.

19 Geometry, intensity, texture 
features & deep features

112
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can activate the oncogenes, genes that are responsible for cancer development, 

or inactivate the tumor suppressor genes, genes that suppress the possibility of 

arising a cancer. With the technological advancements, more specifically in the 

omics associated high throughput sequencing technologies, the genetic changes 

in gliomas can be analysed in depth. Consequently, these profiles are also be­

ing used in survival related analysis as well, leading for new opportunities and 

advancements in survival prediction. Therefore, prognosis prediction studies for 

gliomas have adopted various types of genomic high throughput profiles, such 

as gene expression, mutation and methylation profiles. These have created a 

path for more broad analysis. With high utilization and adaptation of genomic 

profiling in research, the cost for acquiring them have also significantly reduced 

with the time. This, recently many research institutions have publicly provided 

these genomic profiles of glioma for research purposes. The Cancer Genome Atlas 

(TCGA) Q and Chinese Glioma Genome Atlas (CGGA) Q are two of such public 

cohorts.

Gene expression profiling

Agilent, Illumina and Affymetrix platforms were used initially to obtain the DNA 

sequences for gene expression profiling using microarray technolog}'. These ob­

tained expression levels are then obtained by comparing the fragments of DNA 

with a standard target sequence. However, this method is unable to obtain the 

expression levels of pre unknown genes. Consequently, addressing this drawback 

next generation sequencing (NGS) was introduced to the sequencing research 

field. A modern platform used in NGS is Illumina HiSeq. NGS has the ability 

to provide an extensive profile of the transcriptome by acquiring pre unknown 

transcripts and the non coding regions. Thus, it is highly appropriate for gene 

expression profile acquirement (52).

1 http: / / cancergenome.nih.gov /
2 http://www.cgga.org.cn /
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UMVgftSflry OFJIORATU^ $mMethylation profiling LANKA

DNA Methylation happens in the DNA, by adding a methyl group to the CpG 

sites as a epigenetic alteration. This function regulates the transcription of genes, 

differentiating the expression of some genes, by adding methylating the those 

genes’ promoter region. Illumina platforms, are used for acquiring these high 

throughput methylation profiles and Infinium Human Methylation 450k (IHM- 

450k) and Infinium Human Methylation 27k are two of the popular BeadChips 

kits utilized f53].
'oA

23
c;ilMutation profiling ii

*c.Mutations that arise in cells within a particular region can be a reason to odear-a 

tumor, which is known as tumorigenesis. If these mutations happen in the tumor 

suppressor genes, i.e. the genes that are responsible to mitigate tumors by re­

pairing DNA alterations, it can result in uncontrollable cell division. IDH1/IDH2 

mutation is one of those mutations that occur in glioma cells, causing for longer 

survival of glioma patients ||54). There are several types of mutations known as 

silent, nonsense and missense mutations, which can be recognized through muta­

tion profiling of the DNA/RNA sequences.

Out of these profiling methods, gene expression profiling is widely utilized in 

risk estimation tool development for gliomas |5ol|56]. In addition to that, the 

associations between these profiles are closely observed to identify the survival 

related alterations and the genes associated with survival (57].

Radiogenomics

In addition to explore the associations with the survival and the genomics and 

imaging features separately, recently a new field has been emerged where these 

associations are analysed combinedly. This area is known as Radiogenomics and 

in this, the associations between genomics and images are closely assessed.

In clinical practical, it is much more easy to obtain images of the tumor, 

as an initial diagnosis tool. Normally after visualizing the tumor region, the
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cancerous status of the tumor is identified by performing biopsy. This comes 

under the second step after initial imaging based diagnosis. Also, it is operative 

technique and therefore, quite risky. Only at this stage, the clinicians are capable 

of analysing the genomic profiles of the glioma region. Thus, it is more convenient 

if the clinicians can get an idea about the genomic status without performing any 

kind of invasive surgical intervention, by using images. In one of our outcomes 

of this research (2lj, we could identify the imaging biomarkers associated with 

the glioma subtypes, that is categorized based on the genomic level alterations. 

This will provide a clinicians a better understanding about the genomic level 

characteristics of the glioma through the images obtained at the initial diagnosis 

level.

Wijethilake et al. |20) have proposed a radiogenomic based approach for sur­

vival prediction of glioma patients, by fusing the imaging features and the gene 

expression profiles. In addition to that study, Tixier et al. |§2) have proposed 

a method for survival prediction by combining imaging based features such as 

texture and shape features extracted from the segmented tumor regions, and the 

gene level alteration information of the O-6-methylguanine-DNA methyltrans- 

ferase (MGMT) methylation and the IDH1 mutation.

2.1.4 Other data types used in Survived Analysis

Histopathology

Some researchers also focus on using pathological images, i.e. the images of 

the tissues that visualize the cells within, for survival analysis. These are also 

obtained through invasive biopsy or surgery, and the those specimens are closely 

observed through a microscope to visualize the tissue region. In clinical practise, 

Histopathologists are trained to analyse those samples to diagnose the glioma 

type and the status. They observe the effected cell type and decide the glioma 

type based on the histopathology, categorized as astrocytomas, ependymomas 

and oligodendrogliomas. Thereby they can roughly predict the prognosis of the 

tumor.
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These pathological images have been used in survival analysis by several re­

searchers. A Deep Learning based method was proposed by Mobadersanv et 

al. (58).[59j for prognosis prediction using the pathological images for glioma pa­

tients, while integrating with the genetic biomarkers.

Clinical information

As clinical features there are several factors that are been taken into account 

when performing survival analysis. Age is one of the main clinical factors associ­

ated with the survival. Puybareau et al. (46) ranked 1st in the MICCAI BraTS 

challenge 2018, by predicting the survival only using the age as the input. In 

addition to the age, there are other clinical factors such as the resection status of 

the patient used in survival prediction.

2.1.5 Public Glioma Cohorts

The above mentioned various data types which can be used in survival stud­

ies are publicly available for research purposes. They mainly consist of images, 

radiological and pathological and genomic profiles, along with the clinical infor­

mation of each patient case. The National Cancer Institute’s (NCI’s) Genomic 

Data Commons (GDC) gives access to the The Cancer Genome Atlas (TCGA) 

data repository, that includes the genomic, pathological images and the clinical 

information for various cancer types including glioma, both Glioblastomas and 

Lower Grade Gliomas. The corresponding radiological images for those patient 

records can be found at the The Cancer Imaging Archive (TCIA). Additionally, 

TCI A also enables access to other latest repositories such as the National Can­

cer Institute’s Clinical Proteomic Tumor Analysis Consortium (CPTAC), with 

on going data collection. This dataset also contains the proteoinics profiles of 

different gliomas.

The Multimodal BraTS Q is another data repository which contains the pre­

operative, i.e. before performing surgical resection to remove the tumor, mul-

3https: //portal, gdc.cancer.gov
4 https://www.med. upenn.edu/cbica/brats2020/data.html
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timodal MRI scans of both higher grade and lower grade gliomas. They also 

provide the clinical information such as age. This imaging repository' is unique, 

as it provides the manual annotations of tumor sub regions, annotated with the 

help of neurosurgeons and other experts. Therefore, this is used as a benchmark 

dataset for segmentation tasks.

There are also cohorts which provides genomic profiles of glioma patients. The 

Chinese Glioma Genome Atlas (CGGA) is one such cohort with whole exome and 

mRNA sequencing data, mRNA and microRNA microarray profiles and methy- 

lation profiles of high grade and lower grade gliomas. Some researcher haw also 

developed applications and web portals to analyze and download the expression 

profiles, methylation profiles and DNA mutation landscapes. Another commonly 

utilized publicly available data cohort is the Gene Expression Omnibus (GEO) 0 

and the Ohio Brain Tumor Study (OBTS).

A summary of these datasets and the corresponding studies which had utilized 

those are briefed in the Table 12.31

Table 2.3: Frequently used Glioma cohorts for survival analysis of Glioma pa­
tients. TCGA: The Cancer Genome Atlas; CPTAC: Clinical Proteomic Tu­
mor Analysis Consortium; BraTS: Brain Tumor Segmentation; CGGA: Chinese 
Glioma Genome Atlas; GEO: Gene Expression Omnibus. OBTS: the Ohio Brain 
Tumor Study

Data typesDataset Studies that used the datasetRad Path Geno ClinicaProteo
20[ [22l |55[ j56l j60j-)621TCGA X X X X

CPTAC X X X X X 163
36M39y46ppJBraTS X X

OBTS X X X 62
CGGA X X 55

j60[61|GEO X X 56

5 https: / / www.ncbi.nlm.nih.gov/geo/
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2.1.6 Preprocessing of Glioma survival related Data

Data Cleaning

In order to get rid of the noise while enhancing the quality of data, data cleaning 

is an essential step followed in data analysis tasks. The facts that might lower 

the quality of data can be recognized are the outliers, the repeated or dupli­

cated entries and the missing information in some entries. More specifically the 

medical records have this issue with missing data in some records due to the in­

efficiencies that occur while data collecting and entering for the databases. This 

is addressed either by considering the mean/mode of the existing other records 

or by removing such records with missing information. The mean is assigned 

when the corresponding features is a continuous variable. For an example, if the 

age of a certain patient is missing in the database, the mean of the rest of the 

records is considered as the age of that particular record. The mode of the rest 

of the records is assigned when the correponding feature is categorical. However, 

literature has proved that the removing records is not an appropriate method to 

follow as it effects the statistical power and the variance of the corresponding 

features ||64].

Normalization

Normalization of features is mandatory to obtain a better fitting data and 

Standardization, also known as Z score transformation, is a popular tool used 

in forging the data to follow a standard normal distribution with zero mean and 

unit standard deviation. Min-Max normalization is another common method that 

normalizes all the features to a similar range, mapping each feature’s minimum 

and maximum values to a given range. Normalization is an important task in 

any analysis to avoid the influence that some feature makes, compared to the 

rest (12|.
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Dimensionality Reduction

Dimensionality reduction is essential in the medical field to optimize the per­

formance of the learning algorithm, increasing accuracy. According to Ladha et 

al. (65], Dimensionality reduction is vital to reduce the memory requirements for 

storage and to increase the algorithm processing speed. Moreover. Redundant, 

noisy, irrelevant data can be removed with this. Nevertheless, when utilizing the 

algorithm in real-time or in the testing phase, the most necessary features can be 

extracted, saving the resources and the time. Dimensionality reduction has two 

techniques, known as feature selection and feature transformation.

Feature Selection:

In feature selection, the features that contribute to the learning process are 

being selected, removing the redundant features. A subset of original features is 

chosen, increasing the efficiency and the accuracy of the learning task. This can be 

done manually or using the algorithms. Feature selection based on algorithms can 

be discussed under 3 categories, filter methods, wrapper methods, and embedded 

methods.

As a filter method, correlation-based feature selection is used with high di­

mensional data as it requires less computational power. Therefore correlation 

has been utilized in feature selection with high dimensional genomic data (66). 

The most commonly used correlation tools are Pearson correlation, Spearman's 

rank correlation, Kendall rank correlations, and intraclass correlation. Based on 

the type of data, either continuous or categorical, the correlation tool can be 

determined. Lao et al. [19] obtained the best feature for the DL based survival 

prediction model with the intra-class correlation coefficient. Besides, Pearson’s 

correlation coefficient has been often used to identify the relationships between 

differently methylated genes and differentially expressed genes for prognostic risk 

score development in glioma patients (67).

Wrapper feature selection methods tend to find the features based on the pre­

determined learning algorithm, requiring a high computational power compared 

to the other two. Recursive Feature Elimination (RFE) (68) is a famous wrapper
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method used for feature selection in glioma survival prediction. This has been 

utilized in radiomics based survival prediction along with Support Vector Ma­

chine (SVM) J37j[48]. The high time consumption and computational power are 

significant drawbacks of this wrapper method.

Feature Transformation:

In feature transformation, original features are transformed into other sets of 

significant features. Thus, the information in the original feature space remains 

in the transformed feature space.

Principle Component Analysis (PCA) provides a clear overview of multivariate 

data by increasing data interpret ability. This method creates new uncorrelated 

variables, maximizing the variance. PCA is considered as the most widely used 

dimension reduction method ||69).

2.2 Glioma Survival Analysis Approaches

Survival analysis of glioma patients is performed using various analysis methods, 

including ML and statistical analysis based methods. In the past two decades, the 

attention of the research community has been drawn by the ML techniques widely. 

As a result, much research was followed to develop a precise survival prediction 

with learning methods and the features w*e mentioned in Section [2.11 Other than 

that, there are statistical approaches, prognostic risk score models, and prognostic 

nomograms proposed in glioma survival-related studies. In Table [2^ and Table 

12.51, we report feature extraction methods and the analysis methods followed by 

several studies that have used radiomics and radiogenomics respectively as the 

input.

2.2.1 Machine Learning based Survival Analysis

Different ML algorithms are utilized to predict the survival of glioma patients 

with a selected/filtered set of features. Throughout the past decade, many ML 

techniques have been used to predict the overall survival of glioma patients. Not 

just with radiomics, but also with genomics and radiogenomics, survival predic-
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Table 2.4: Feature selection and analyzing techniques used in survival prediction 
of gliomas with radiomics. IR: Importance Ranking; PCA: Principle Component 
Analysis; RFE: Recursive Feature Elimination; CC: Correlation Coefficient: RF: 
Random Forest; LR: Linear Regression; SVM: Support Vector Machine; XGB: 
eXtreme Gradient Boosting; ST: Survival Tree; ANN: Artificial Neural Network

Feature selection ML TechniqueRelated Work AccIR PCA CCRFE RF LR SVM XGB ST ANN
[39; 61%X X
|38! 61%X
46; 61%X X
p7 89% (CV)X X
|47 67%(CV)X X

m 73% (CV)X X
1:501 89% (CV)X X
§361 46.8%X
|:51| 48.3%X X

Table 2.5: Feature selection and analysing techniques used in survival prediction 
of gliomas with radiogenomics. RFE: Recursive Feature Elimination: LASSO: 
Least Absolute Shrinkage and Selection Operator: KM: Keplen Meier: LR: Linear 
Regression; SVM: Support Vector Machine

Feature selection Analysing TechniqueRelated Work AccLASSO SVMRFE KM LR
M X X

M 90%X X X

tion has been performed utilizing AIL tools. Moreover, these techniques can be 

categorized into supervised, semi-supervised, and unsupervised learning strate­

gies, based on the availability of the survival outcome. Supervised learning models 

require a clinical outcome or the survival label of each patient case. The super­

vised model learns to map between the given input and the ground truth label 

via a pre-defined loss function.

Support Vector Machine

SVA4 |[70) is a frequently used supervised learning approach for classification and 

regression tasks. This has been used in overall survival prediction as a classifica­

tion task, into short, medium, and long survival groups and also as a regression 

task to predict overall survival in days. SVM is appropriate for high-dimensional

26



data analysis, due to its ability to overcome the large dimensionality. On the other 

hand, in SVM, linear models can be extended to non-linear models with kernels 

by transforming input instance space into a high dimensional feature space. The 

SVM classification function is as follows.

<1 (x') = sign ((w.x'} + b) (2.1)

where, x', the test point, w, the coordinates of the separating hyperplane and 6, 

bias to the origin. With this the SVM classify the samples into classes through 

hyperplanes in a multidimensional space.

SVM has been frequently facilitated in 2 class (short <400 days and long > 

400 days) and 3 class (short <300 days, medium 300-450 days , long > 450 days) 

survival prediction of Glioma patients with radiomics |37ij50). Nie et al. (50] ob­

tain deep features adopting a 3D convolutional neural network and combine with 

clinical features for survival class, long and short survival prediction with SVM. 

They observe that functional MRI (fMRI) and diffusion tensor imaging (DTI) 

provide valuable information for survival prediction than T1 MRI. Sanghani et 

al. |37] use a set of novel shape features that have a high contribution to the 

survival class prediction after selecting based on RFE. They obtain a high ac­

curacy proving that RFE, along with SVM, is an effective approach for survival 

prediction.

Emblem et al. J7l] obtain histograms of whole tumor relative cerebral blood 

volume (rCBV) from MRI. The authors have utilized SVM for survival prediction 

after 6 months, 1,2, and 3 years after the diagnosis. They have developed 4 sep­

arate models that returns the most probable outcomes after 4 time periods. This 

study has tested the proposed models on independent data and has recognized 

that their model is insensitive to the treatment changes and image acquisition 

routine changes. They further demonstrate that the proposed SVM based model 

can predict the survival with higher accuracy compared to an expert in the clinical 

field. SVM has also been used for GBM subtype classification l2l|[72|.

In Support Vector Regression (SVR), the algorithm learns the best fitting
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linear function in the feature space, optimizing the epsilon insensitive loss func­

tion with a regularizes However, this is unable to work with the censored data 

related to survival, as it is unable to identify the event occurrence for censored 

instances. Thus, Khan et al. (73] has proposed a SVR algorithm for censored 

data by modifying the epsilon insensitive loss function asymmetrically.
IRAPyj

/s£

i
Survival Trees

As a non-parametric tool, decision trees are widely used in survival analysis due 

to their flexibility and the ability to handle various data structures. Specifically, 

it does not require to specify the links between the covariates and the outcome 

beforehand as it is capable of automatically developing interactions. Basically, 

in a decision tree, covariate space is split recursively until the nodes of the tree 

align with the outcome of the covariates. These binary splits are performed with 

a single covariate. If this covariate X is continuous, split is formed with X < c, 

where c is a constant. If this covariate X is categorical, split is based on the 

criterion Xe{c\, c2,c*}, where Ci,C2, ..,c* are possible values of A". Initially, 

at the root node, all the covariates are available, and recursive binary splits 

are performed until the stopping criterion is met. Consequently, this gives an 

overfitting large subtree. Thus, the most appropriate subtree is chosen with 

a selection and pruning method. At the terminal node, for classification, the 

most prevalent class label is chosen, and for regression, the training samples are 

averaged.

This tree structure is initially applied for survival analysis by Marubini et 

al. |(74] and Ciampi et al. |75). The difference between the traditional decision 

tree and the survival tree is the choice of splitting criterion. The aforementioned 

decision tree does not consider either the interactions between the features or 

the censoring status. Originally survival trees were proposed with the criterion 

of minimizing the homogeneity of each node that also minimizes the loss func­

tion. Gordon et al. (76) initiated this with the Wasserstein metric between the 

survival functions, paving the ground for the criterion, based on the dissimilar-
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ity between the nodes. Ciampi et al. (77) proposed log-rank statistics, likelihood 

ratio statistic, and Wilcoxon-Gehan statistic to measure the heterogeneity be­

tween the nodes. This method (78) is been utilized for establishing 6 prognostic 

groups of malignant glioma patients (79). Moreover, this recursive partitioning 

analysis approach is being used for overall survival analysis of lower-grade glioma 

patients based on pre-treatment factors (80). With all these improvements, re­

cently censored observations are restored with expected survival times, and the 

median survival tree is developed with LI loss function (81).

The recent survival studies of glioma patients exploit survival trees with vari­

ous types of data related to prognosis. Gandia et al. (82) assess the metabolomic 

profiles acquired from biopsies to predict survival class (short, intermediate, and 

long OS) of glioma patients with a tree-based model. This classification tree has 

split up to 3 branches, where the first node criterion is the myo-inosito level and 

suggests that high myo-inosito levels can cause for longer survival. The second 

branch cleaves the patients with a low myo-inosito level, based on the glycerol- 

phosphorylcholine (GPC) level. The final branch splits based on the alanine and 

glycine levels of glioma patients. However, this study is limited to 46 patient 

cases; this might have caused overfitting.

Fig [2T2| represents a similar tree developed for survival class prediction based 

on the gene expression levels. The first branch of the tree is divided based on 

the expression level of the Solute Carrier Family 30 Member 7 (SLC30A7) gene. 

The patients with expression level less than -0.067 is split again based on the 

expression of the YTH domain-containing family protein 2 (YTHDF2) gene.

Random Survival Forest

Traditional survival trees are considered to be unstable, as it can give different 

survival functions even for small permutations in the training set. Hence ensemble 

models, bagging (83) and random forest regression (84) are proposed to overcome 

the instability by reducing the variance of simple trees.

In the Bagging algorithm, multiple versions of the bootstrap sample (85) are
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Figure 2.2: Sample survival tree for survival group classification into short, 
medium, and long survival.

obtained from the given data. Then, for each sample, unpruned trees are built, 

and the final prediction is acquired by taking the average over all the versions 

of survival trees. Later this bagging algorithm inspired the subsequent ensemble 

algorithm, random forests.

Unlike bagging, the splitting criterion of random forests only uses a random 

subset of all the attributes at the internal nodes, which gives the best predic­

tion. Varieties of splitting criterion have been suggested over the year, such as 

generating random cutting point for each selected feature and selecting the best 

among them J86). This idea is extended by incorporating multiple cutting points 

for each selected feature and comparing between them [87).

Recently, random forest regression has been widely utilized in radiomic based 

overall survival prediction |39}[46), as a regressor for overall survival prediction of 

glioma patients in days. Sun et al. [39) have achieved an accuracy of 61% with 

the random forest and have considered the limited number of samples might have 

caused the inadequate efficacy.

Choi et al. (88) have exploited non-imaging features such as IDH status, age, 

WHO grade, and resection extent for predicting overall survival. Subsequently 

they incorporate imaging features extracted from MRI for the survival analysis. 

Thus, they could observe a significant improvement in survival prediction by 

adding radiomics. Puybareau et al. (46) derive imaging features and build 10 

decision trees, each with 3 randomly selected features. As a conventional random
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forest, the final prediction is decided based on the majority voting of the 10 

decision trees. This method MICCAI BraTS challenge 2018.

Boosting Algorithms

Lately, boosting algorithms have emerged as a promising ensemble method for 

accurate prediction. Unlike forest methods boosting has a sequential approach 

where the model learns to improve the performance of the predecessor. The 

boosting approach has been applied for neural networks, and later. Freund and 

Schapire |]89) introduced the AdaBoost (Adaptive Boost) algorithm solving previ­

ous issues. At first, all the weights are set equally, and each round, the model in 

series, is weighted, giving priority to the incorrectly classified examples. In gra­

dient boosting machines, in each round, weights are set based on the maximum 

correlation of the predictors with the negative gradient of the loss function (9Q|. 

Later, this gradient boosting algorithm is also modified for censored data in sur­

vival analysis |j9l|.

Linear Regression

Linear regression is a frequently used method for survival data analysis (20]. This 

is capable of modeling a linear equation with the explanatory variables to output 

the dependent variable. In survival analysis studies, features that have associa­

tions with survival are used as explanatory variables, and the dependent variable 

is mostly the survival in days from the initial diagnosis or the percentage of sur­

vival after a certain time period. However, dealing with censored data without 

knowing the actual event times is a challenge for linear regression modeling (12).

Bayesian Methods

Bayesian methods are recognized as a prevailing tool in ML used in both classifica­

tion and regression tasks. They outperform the other techniques by dealing with 

uncertainty with the prior knowledge in order to make subtle inference and pre­

dictions. Bayesian approaches are also flexible by providing flexible algorithms.
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characterising latent structure, uncertainty etc. Bayes theorem is the basic fun­

damental theorem behind the Bayesian methods. It determines the relationship 

between the posterior probability and the prior probability, that is affected by 

particular event that occurred in between. The bayesian posterior probability for 

a given feature set T. and the model parameter f2, is given by.

Po(f2)p(J*|n)vm?) = (2.2)v(7)

where p0(-) is the prior probability before the occurrence of dataset Tafter 

training, the model predicts for a given feature set x {92],

p(x|Jr) = J p(x,

= J p(x|fi, J>(0|.F)dn
(2-3)

There are two Bayesian methods, that are being widely used in the glioma 

survival prediction |93|-|95].

Naive Bayes (NB) |j96]

Based on the bayesian rule (equation |22[). for a given feature set (x the 

probability of belonging into class 6. the posterior probability of a NB classifier 

is given by,P($*|x). Thus, for a binary classifier (with Qicindoo . two posterior 

probabilies (P (0i|x) and P (02|x)) are calculated and if P (oi|x) > P (d2|x) then 

x belongs to class 0i and if P (<2>i|x) < P (02 |x) then x belongs to class p2- The 

class is chosen arbitarily if the posterior probablities are equal. However, in this 

Naive bayes method assume a mutually independence between the feature set, 

which is mostly not accurate for survival related data. Also, the complexity is 

another drawback when it comes to large datasets (j^|98). Nonetheless, as a 

white box this is easily understandable for clinicians and other personnel.

Bayesian networks (BN) (99]

In Bayesian networks, features are considered as dependent on each other and 

be easily interpreted or visualized the relationships between the features. 

Bayesian Neural Network (BNN) was proposed by Wijethilake et al. (Tl) for over­
can
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all survival class prediction with mRNA gene expression for glioma patients. The 

results highlight that the BNN gives a higher accuracy than the other traditional 

ML techniques such as SVM, RFC and ST.

Zhou et al. f94l|l00| leverage the Naive Bayes algorithm to predict the survival 

classes (long and short) as a classification task. Nevertheless, they also use imag­

ing biomarkers extracted from tumor subregions in GBMs to predict survival time 

a regression task. The. authors have used distance features that represent the 

heterogeneity between regions for survival prediction. This study has shown that 

Naive Bayes outperforms the SVM and K Nearest Neighbor classifiers, with a se­

lected subset of features. However, the deficient dataset of 16 cases is a constraint 

in this study.

Further Naive Bayes has been utilized by Piccolo et al. |101| for predicting ' 

survival status after 2 years from the diagnosis with molecular-level data.

as

o
uc;m

Artificial Neural Networks

Artificial Neural Networks (ANN) are ML algorithms that resemble the biolog­

ical neural systems, which were established by Rosenblatt in 1958 |102|. Thus, 

based on the neuronal activities, the concept of ANN was initially established 

by McCulloch et al. [1031. A basic ANN model, as shown in Fig \2.3[ consists 

of 3 layers; an input layer that receives the input data, a hidden layer that pro­

cesses the input data, and an output layer that deliver the results. The hidden 

layer analyzes the inputs and finds out patterns that give an output based on 

the associations between the inputs and the outputs. This is done in multiple 

iterations until the best output is achieved, i.e., the error between the output 

and the expected outputs has reached a minimum value. Each layer consists of 

artificial nodes, with weights determined through learning and predetermined ac­

tivation function. The network retains the learned parameters to predict output 

for an unseen input. The black box behavior of the ANN is a significant draw­

back, and also, training an ANN is a time consuming task. However, with the 

recent developments in the computing technologies, ANN is frequently used in
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survival prediction, while extending as deep neural networks. In fact, ANN does 

not require a linear relationship between input and output to model the behavior.
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Figure 2.3: Artificial Neural Network consists of a single hidden layer.

In review of the literature, Faraggi and Simon (104) developed an ANN for 

survival analysis of cancer for the first time in 1995. Recently, neural network 

is incorporated with the cox proportional model by converting the output layer 

to a cox regression model, for survival analysis with high throughput omics data 

in LGG and other types of cancers (l05|. Neural Network is utilized in glioma 

survival prediction to predict the survival time in days directly. Islam et al. (36] 

propose an artificial neural network to predict overall survival in glioma patients 

with radiomics. In this work, the input layer consists of the radiomic features 

such as geometrical features, volume features, texture features extracted from the 

tumor region, and the output layer is a single node directly predicting the overall 

survival in days.
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2.2.2 Deep Learning based Survival Analysis

Recently DL has drawn the attention of the medical researchers with the availabil­

ity of large amounts of data. Nevertheless. DL models have shown improvements, 

by boosting the precision and accuracy in many applications, over classical ML 

paradigms, which we discussed in section |2.2.1. Other than for segmentation 

and for engineering deep features, direct utilization of DL learning models are 

not frequently used for outcome prediction in glioma patients. With the recent 

advancements in digitized image acquisition and data management associated 

with virtual microscopy technologies, survival is also predicted with pathological 

images in several studies with DL.

Yousefi et al. |jl06| propose a deep neural network, followed by a cox survival 

model for outcome prediction with high dimensional genomic data. In their sec­

ond work, Mobadersany et al . |58j integrate genomics with the histology images 

for outcome prediction, where they observe an improvement in performance with 

both in contrast with histology prediction alone. The CNN knowm as survival- 

CNN (SCNN) is inspired by the 19-layer Visual Geometry Group (VGG) archi­

tecture that returns a risk, given to a cox proportional hazard layer to optimize 

the model via back-propagation. Further, the SCNN is trained with histology 

images to predict the risk, and integrated IDH mutation status and the lp/19q 

codeletion, as genomic biomarkers, to train a 3 variable cox regression model.

Rathore et al. |59] also propose an overall survival classification approach with 

the ResNet architecture. They obtain an accuracy of 84.32% for survival class 

prediction, long and short survival prediction in glioma patients. Both of these 

works claim the need for an automated patch extraction methods, to overcome 

the burdens, such as time that occur with manual patch extraction.

However, a major concern associated with training a DL network is the re­

quirement of large amount of labeled data. This occurs as a result of high number 

of parameters (millions of parameters) , weights and biases in the convolutional 

layers, that learn to depict the input features to the patient outcome while mini­

mizing the prediction error. As we mentioned above there are specific set of data
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Table 2.6: Related work with DL approaches. TCGA: The Cancer Genome Atlas; 
CNN: Convolutional Neural Network

Related
Work

Used Data Datasets DL algorithm

59 Pathology images TCGA Resnet
58 Pathology images &: Ge­

nomics biomarkers
TCGA Survival CNN

H Genomics profiles TCGA Deep Survival Neu­
ral Network

augmentation techniques followed by DL researchers in medical field to overcome 

the data deficit. Randomized rotations and flipping of the training data, contrast 

and brightness transformations are a few of those methods. Thereby the training 

cohort can be expanded to train the DL network to obtain a better performance.

Moreover, in spite of the intra-tumor heterogeneity, sampling regions of inter­

ests (i.e. patches) from the pathological images allow the DL models to discern 

the variations effectively. This heterogeneity is clearly visible in pathological im­

ages, and thus, Mobadersany et al. |58) have selected the regions of interest from 

each slide with the help of an expert in the field.

2.2.3 Statistical Analysis tools for Survival Analysis

There are three types of statistical analysis methods for survival analysis, i) 

Non-parametric ii) Semi-parametric and Hi) Parametric (12). Kaplan Meier and 

Nelson Aalen are the most popular non-parametric methods used in survival 

analysis, despite the difficulties in interpretation. All these tools are frequently 

utilized in glioma survival studies, to identify prognostic genes, to visualize the 

survival function variations between different categories or for comparisons.

Survival Data and Censoring

The survival analysis explores the effect of individual covariates and the time 

until an event, such as death or a specific state, reaches. This includes the 

partially observed data, known as censored data, which makes survival analysis 

different from ML. Correspondingly, if an event, such as death, occurs within
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the monitoring time period, it is considered as an uncensored record. Censored 

records do not experience an event within the time period and do not know the 

exact event occurrence status that might or might not have happened after the 

time period fl2|.

Kaplan Meier Analysis

In survival analysis, there are two functions that depend on the time.

• Survival function: Probability of surviving at least up to time t: (pr(T ^ t)).

• Hazard function: Conditional probability of dying at time t, if the patient 

survived until time t.

Keplen-Meier Curve fl07| is used to evaluate the survival function based on the 

observed survival times, without considering the underhung probability' distri­

bution. The probability of surviving if time is the cumulative probability of 

surviving each if time periods from the beginning of the study.

S(t') = Pl X p2 X p3 X . . . X pt, (2.4)

where, pi is the probability of surviving the first time period etc. The probability 

of surviving each i time period and up to i time period is obtained by,

k - di (2.5)

hi is the number of alive cases at the beginning of the i time period, and dt is 

the number of deaths within the i time period. In the Kaplan-Meier analysis, the 

data where the censoring occurred just before the i time period are excluded from 

the r*. Also, the time that the censoring occurred has a probability of survival of

1.
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Log rank test

Log rank test is a statistical hypothesis test initiated to compare two survival 

The test null hypothesis is that there is no difference between two survival 

(two population groups).

curves.

curves

{0,-E,f , (02-E2fx2 (log rank) =
ft E-2

where E\ and E2 are the expected events in 1 and 2 groups and 0\ and 02 are 

the observed events in 1 and 2 groups. Despite the fact that the log-rank test 

can be used to explain the difference between survival curves of different groups, 

it does not account for any other variables that can affect the survival curve (12).

Cox Proportional Hazard Analysis

Cox proportional hazard model |1Q8| is semi parametric survival analysis ap­

proach and a multiple regression model, that can account many factors at once 

for the analysis. Hazard function A(£), the probability of dying at a particular 

time if survived upto that time, is the dependent variable of this model.

pr(t < T < t + At|f ^ T) (2.7)A(f) = lim
Ai->0+ At

v)-Now, for a given instance i, the available covariate vector is zt = (;u 

Thus, the cox model follows the following hazard function.

(2.8)A(f, z) = \0{t) exp(z/3)

where the baseline hazard function A0(t), is a non negative function of time for z = 

0. /? is the coefficient vector associated with each covariate, 01 = (ft, ft 

Between any two instance the hazard ratio is,

ft,)-

\{t,Xx) _ Ap(0 exp (Xi8) 
\(t,X2) _ A0(t) exp {X2P)

(2.9)= exp [(A', - A'2) ft
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This demonstrate that hazard ratio, is a constant and does not depend on the 

baseline hazard function A0(t). Further, the baseline hazard function is the 

for all the subjects. Thus, the cox model is a proportional hazard model. The 

hazard ratio (HR), exp fa is obtained for each feature, and based on that hazard 

ratio, the effect of those features for the survival is assessed. The HR > 1, i.e., 

the value of fa > 0, implies that the ilh feature is positively associated with the 

hazard function and thus, decreases the overall survival. Cox proportional hazard 

model is used in glioma survival estimation in many ways. Recently, the cut off 

value of HR is for feature selection.

Zuo et al. |55) select genes for risk signature development, based on the HR > 

1, obtained from the univariate Cox model and further, to obtain the genes with 

the highest impact, the multivariate cox model is utilized. Hsu et al. |109| also 

utilize univariate cox model for identifying survival-related genes.

same

2.2.4 Other methods used in survival prediction

Risk Score Model

Risk score modelling is another common approach for risk estimation of glioma 

patients. Thus by this, the patients are separated in the high risk and low- 

risk groups based on the expression or methylation of genes or other features 

associated with the survival. To obtain the most prominent genes associated 

with survival, univariate and multivariate cox proportional hazard analysis are 

frequently utilized (55^57]. The features are filtered based on the Hazard ratio 

(typically HR >1), and the p-value (for a significant coefficient p values should 

be < 0.05). Thus, based on the chosen gene signature, the risk score is calculated, 

basically based on the following formula.

Risk score = ^ status (2.10)* coef,genegene

is the coefficient obtained from the Cox PH hazard analysis forwhere coeff,
the corresponding gene and status^ is either the expression level or methylation 

status of the same gene. The median risk score of the dataset is considered as the

gene
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threshold of high and low-risk separation of patients. In order to give a better 

understanding of this clustering, heatmaps, Kaplan Meier plots are visualized.

Zuo et al. (55) have used two publicly available GBM cohorts. CGGA and 

TCGA, to identify the prognostic genes. They have initially performed univari­

ate cox regression analysis on both datasets separately and. based on cut-off 

values of P<0.01 and HR>1, filtered 49 prognostic genes common both cohorts. 

Thereafter, the step-wise multivariate cox regression analysis is performed to ob­

tain the 6 genes, D79B, MAP2K3, IMPDH1, SLC16A3. MPZL3, and APOBR 

as a 6 gene risk signature. This work has identified this 6 gene risk score as 

an adverse prognostic risk factor compared to the other clinical factors such as 

chemotherapy, radiation therapy, and age. Since they have used two cohorts, 

they claim that they have been able to develop a more stable and reliable model 

relative to the risk score model developed with a single cohort.

A study carried out by Xian et al. |56) has extracted non-coding gene expres­

sion profiles for glioma patients for the risk score development, since previous 

studies have shown non-coding RNAs cause cancer progression.

Apart from gene expression profiles, methvlation profiles are also used for 

developing risk score models. Other than that, radiomics are also utilized for risk 

estimations. Beig et al. |63j extract radiomic features from T1 weighted MRI 

to develop risk score models, separately based on the gender for accurate risk 

estimation. In Table [2771, we present the summarize of several related works that 

have developed prognostic risk score models.

Nomograms

Similar to the risk score prognosis model, another survival estimation tool is the 

prognostic nomograms. These are generated to estimate the probability of sur­

vival after a specific time period of the diagnosis, based on the factors such as 

expression of a selected set of genes. Wang et al. fTT0| develop a 5 gene 

prognostic nomogram for GBM patients, considering the gene expression levels 

of OSMR, BICDL1, SH3BP2, MSTN, and RGS14 genes. Similarly, Gittleman et

gene
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Table 2.7: Related work on prognostic risk score calculation. TCGA: The Cancer 
Genome Atlas; CGGA: Chinese Glioma Genome Atlas; GEO: Gene Expression 
Omnibus; CPTAC: Clinical Proteomic Tumor Analysis Consortium; TCIA: The 
Cancer Imaging Archive; LGG: Lower Grade Glioma, GBM: Glioblastoma, Cox 
PH: Cox Proportional Hazard model

Related
Work

Glioma Datasets Feature selec­
tion method

Features used
type
GBM TCGA

CGGA
& Cox PH Gene Expression data

I Glioma GEO & TCGA Cox PH Gene Expression data
LGG Cox PH Gene Expression data 

& Methylation data
poi GBM TCGA & GEO log rank test Methylation datam0 GBM TCGA & GEO Cox PH Gene Expression data

GBM CPTAC
TCIA

& Cox PH Radiomic features

al. propose a nomogram for LGG patients, considering the Grade of the glioma 

(either grade II or grade III), Sex, Karnofsky performance status, molecular sub­

type. Neutrophil/lymphocyte ratio, age, the extent of the resection, and the 

histology (GBM or LGG) are taken into account by Yang et al. |l 11| to develop 

a comprehensive nomogram for glioma patients.

An example of a prognostic nomogram is shown in Figure |2.4j. In this, the 

expression levels of SLC30A7, YTHDF2, TAF12, and STK40 genes are considered 

to determine the survival probability after 12 months and 18 months. The points 

given to each gene is determined by the expression level that lies between 0 and 1, 

and then the total of those points are used to determine the survival probability. 

However, as we can see, higher the total points cause shorter survival according 

to the given nomogram.
A summary of related works that have proposed prognostic nomograms for 

ival probability estimation is given in Table [TSjsurv
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YTHDF2 J

0
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ITAF12 I

0
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jSTK40

0

Total Points r T T T T T T i
0 50 100 150 200 250 300 350 400

12 month survival I T T T T 1
0.85 0.8 0.75 0.7 0.50.6

18 month survival I T
0.8 0.7 0.50.6

Figure 2.4: A sample nomogram.

Table 2.8: Related work on prognostic nomograms development. TCGA: The 
Cancer Genome Atlas; CPTAC: Clinical Proteomic Tumor Analysis Consortium; 
GEO: Gene Expression Omnibus, OBTS: the Ohio Brain Tumor Study. LGG: 
Lower Grade Glioma; GBM: Glioblastoma

Features usedDatasetsGliomaRelated
Work type

TCGA & GEO Gene Expression dataGBM110
OBTS k TCGA Clinical & molecular factorsLGG2

Hematological k clinicopatho-
logical factors

private datasetm Glioma
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Chapter 3

METHODS

3.1 The Approaches included in this work
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Figure 3.1: Graphical Abstract.

For prognosis analysis we have followed different approaches which we exten­

sively discuss in Chapter (3). The different approaches we have followed are clearly 

visualized in the Figure [3T]. The different colored arrows depict the approaches 

have followed in the following sections.

The Section [230] consists of two main sub sections, |3.2.1 and |3.2.2j each con­

sists of Machine Learning and Deep Learning approaches followed for survival 

analysis with Gene Expression profiles in this work. The Sub section 13.2.1 

sists of two parts, shown in the brown and light blue arrows, where the each 

respectively represent the sub section 13.2.1 and the sub section 13.2. ll Next, the

we

con-
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Sub Section [3-2.2 consists of the DL approaches followed with Gene Expression 

piofiles in this research. This is shown in the yellow color arrows.

The path followed in Section |3.3| and Section |3.4[ are represented by the green 

color arrows and dark blue color arrows respectively.

3.2 Prognosis prediction with Gene Expression profiles

3.2.1 Basic Machine Learning for Survival Prediction

Dataset

We used the publicly available TCGA and CGGA data cohorts for this study. The 

TCGA consists of two glioma sub cohorts known as TCGA-GBM and TCGA- 

LGG, which contains Glioblastoma (WHO grade IV) and Lower grade glioma 

(WHO grade II and III) cases respectively. In this section, we use the gene ex­

pression profiles, which has the ability to catergorize the glioma patients in the 

risk groups based on the expression levels. Each TCGA and CGGA consisted of 

252 and 315 patient cases with clinical information such as overall survival with 

16510 and 24326 genes with expression levels for each patient case respectively. 

Illumina HiSeq RNA Sequencing platform had been used in acquiring the ex­

pression profiles for TCGA cases. The expression profiles of CGGA dataset were 

obtained using Illumina HiSeq 2000 platform, a powerful high-throughput gene 

sequencing system. The downloaded expression values were in the gene length 

into fragments per kilo-base per million mapped reads (FPKM) (1121 valued and 

downloaded in a comma-separated values (CSV) format.

Total fragments mapped reads million (3.1)FPKM = Exon length kilobase pair

Thereafter, the downloaded FPKM valued datasets were then log transformed 

and median centered normalized. There were 13094 common genes in both TCGA 

and CGGA datasets, these genes were filtered for the analysis. Then, CGGA data 

splitted into train and validation sets, while keeping the TCGA data for the 

testing. Since this is a classification task, the cont.inous variable, Overall survival
were
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in days, were divided into three classes, known as Short survival: overall survival 

in days < 300, Medium survival: 300 < overall survival in days < 450, Long 

survival, overall survival in days > 450. These are the three classes usually used 

in glioma survival prediction tasks. The class distribution for each long, medium 

and short classes are shown in the Table O in both TCGA and CGGA folds. As

we mentioned, the CGGA was splitted into 4 folds, with similar class distribution 

ratio between train and validation in each fold, while without overlapping the 

cases.

Table 3.1: Dataset Description

Class CGGA dataset TCGA
Training Validating Testing

Short 63 21 68
Medium 29 9 44

Long 145 48 140

Prognostic Gene Identification

To develop a robust learning model, we had to choose the most prominent genes 

that reflect the survival of patients using a feature selection method. For this we 

used the Bayesian Model Averaging (BMA) |113[, which has the ability to over- 

the model uncertainty via considering the mean of the posterior probability 

distributions of pre-assumed models. Thus, the posterior probability of being $ 

for the given the training dataset D was obtained using the following equation.

come

(3.2)Pr($|D) = Pr WD' ‘ Pr
i&S

where, M, is a given model in the subset, S = {A/,, M2- • - , M„}. Initially the 

ranked based on Cox proportional hazard analysis (Cox-PH), whichgenes were
has the ability to deal with censored data, Cox hazard function (©) for a given 

covariate vector of subject p, zp = (zlp,.... *), depicts the probability of dying

given time T, if the patient survived until time T.at a
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^ (T, zp) = A0(T) exp (zpq) (3.3)

wheie baseline hazard function is Ao and the coefficients of the each (Z\p, 

covariates is given by a = (alp.
..., z^)

Since the baseline hazard function is 

same for a single case, for different time T, it was neglected. Thus. an approxima- 

was calculated with the following partial likelihoodtion for a was required and it

association.

sx
exp (zpq)PL(a) = J] (3.4)E exp (z iol)teRp

In this Equation (|3.4[), Rp is the risk set, subjects that have not experienced 

an event by the time tp and Si is the event status (censored or not) of patient x. 

The 9 parameter was obtained by maximizing the partial likelihood, and thus, 

according descending order of log likelihood of those values, genes were ranked.

The top ranked 25 genes were assigned to a window and traditional BMA 

algorithm was applied for survival analysis. Based on the posterior probabilities 

of those genes, the genes with low posterior probabilities (< 1%) were eliminated 

retaining the genes with high posterior probabilities. The window was moved 

along the top ranked genes until 7 genes with high posterior probabilities were 

obtained. These 7 genes and their posterior probabilities are given in the Table 

[3T2|. Accordingly, TXLNA gene had the highest posterior probability and the 

other genes had posterior probabilities between 1 and 100%.

p=i

Table 3.2: Selected 7 genes and their corresponding posterior probabilities

Posterior probabilityGene
100.0TXLNA

2 LiBRArv c£ I
50.5WDR77
48.9TAF12
35.9STK40
14.7.YTHDF2

SNRNP40
SLC30A7

A8.0. <anks\

2.0
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Survival Prediction

In this section, we follow two approaches for prognosis prediction. First, we used 

as a classification task to predictthe traditional machine learning algorithms 

the survival class. The chosen 7 genes, using the BMA algorithm based gene 

identification were used as the input for all the models. One of the issues, we had

to tackle during the model training is the class imbalance. For this we randomly 

sampled the minority classes in order to match with the majority class. In 

case we 1 andomly sampled the short and medium class cases in the training split. 

Decision Tree

our

Decision tree (DT) |74| is a tree based structure, where each node in the tree 

specifies a condition of a input covariate that decides the distribution or the final 

class. The decision tree is fine tuned to obtain the best results, with a maximum 

depth of the tree to be 4 and the minimum samples required to make a decision 

at a node to be 10.

Random Forest Classification

Random Forest Classifier (RFC) (84] is a widely used ensemble model, that 

outperforms a single decision tree by overcoming the instability and the variance, 

with multiple decision trees. Hence, in RFC the number of trees in the forest are 

tuned to 100.

XGBoost

XGBoost |fl4] is an ensemble model but each tree is trained in a sequen­

tial manner, boosting the prediction accuracy. The fine tuned XGBoost model, 

consists of 50 trees trained sequentially, with a maximum depth of a tree, 4 layers.

CatBoost
Catboost |IT5l is a sequentially trained boosting algorithm, which outperforms

We utilize multi-class lossthe existing boosting algorithms with its efficienc}. 
function with a learning rate of 0.005 for 2000 epochs for 4 layered symmetric

tree.

Support Vector Machine
Support Vector Machine (SVM) © is « common machine learning alS°rithm
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that is been used for survival prediction of glioma patients. Thus, we explore a 

support vector classification based on SVM with a linear kernel.

Moreover, we proposed a novel Bayesian neural network based on deep prob­

abilistic programming. Deep probabilistic programming uses the power of deep 

neural networks with probabilistic models, to enhance the performance while 

optimizing the related costs (Tl6|. The traditional more frequently utilized algo­

rithms show less performance, as discussed in the results section. Therefore, a

need for a better performing algorithm, which can recognize the uncertainties/-* 

the predictions, occurred.
(5 lProposed Bayesian Neural Network 

We proposed a probabilistic programming based Bayesian neural network* 

(BNN) for the survival class prediction of glioma patients. The first layer re­

ceives the chosen 7 features as the input. The final layers contains the predicted 

class, short, medium or long. In the middle the architecture consists of 2 layers 

comprised with 24 and 12 neurons in each layer respectively. Both hidden layers 

are comprised of 50% dropout with 1st hidden layer followed by a Tanh activation 

and the 2nd hidden layer followed by a rectified linear activation unit (ReLU). All 

the nodes are fully connected with nodes in the adjacent layers. BNN differs 

from the traditional artificial neural network by assigning distributions for all the 

parameters, weights and biases instead of a single value. Mean and scale parame­

ters of all the distributions are initialized to 0.01 and 0.1 respectively. Stochastic 

gradient descent optimization with learning rate 0.001 is utilized for training the 

BNN. Further, stochastic variational inference optimizes the trace implementa­

tion of evidence lower bound (ELBO) in order to diverge probability distribution 

of parameters. The proposed BNN architecture is shown in Fig. [372|.

Implementations were developed with Pyro (version 1.3.1) probabilistic pro­

gramming language with pytorch (version 1.5.0) (117). For the other machine

learning algorithms Scikit-learn library [118)

the performance of the applied machine learning algorithms, 4 metrics Ac­

curacy, Precision, Recall and FI scores weie occupied.

Unk^,

utilized. To measure and com-was

pare
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Figure 3.2: Proposed Bayesian Neural network architecture.

Prognostic Risk model Construction

Fuitrier, in older to estimate a risk, we calculated a risk score with the survival 

related genes of glioma patients. We used univariate cox proportional hazards 

regression analysis to evaluate the association between the 7 genes obtained from 

the iterative Bayesian Model Averaging algorithm and the survival status and 

time. Typically the genes with p values < 0.01 and the hazard ratio (HR) > 1 

are considered as the criteria for them to be candidate genes for the survival es­

timation. The obtained /? values, i.e. the regression coefficient obtained from the 

cox analysis were used to calculate the risk score along with the expression values 

of the corresponding genes (expt). The uni variation cox analysis was performed 

with the R package, survival (version 3.2-3) |l!9|. The Equation (J3T5[) indicates 

the prognostic risk score formula used to obtain the risk score prognostic model.

n
Risk score = ^ A * exp, (3.5)

i=i

n is the number of genes chosen to be included in the prognostic signature. After 

obtaining the risk score for the CGGA cohort, the median value of the piognostic

risk score was used to separate the patients in the high and low risk groups. To
was validated on the TCGAclarify, the performance of the proposed signature 

cohort.
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3.2.2 Deep Learning for survival prediction

Dataset

We utilized publicly available Chinese Glioma Genome Atlas (CGGA) (120) and 

the Cancer Genome Atlas (TCGAQ) datasets for our study. The CGGA cohort 

is composed of 325 glioma patients, along with GE levels of 24326 genes. Out 

of 325, 315 patient cases are available with the overall survival information. The 

TCGA dataset comprises 685 patient cases; however, overall survival data is 

available only for 252 patients. The TCGA dataset contains GE levels of 16509 

genes. The survival knowledge for both databases is given by survival in days and 

further grouped into short-term (<300), medium-term (300-450), and long-term 

(>450), as shown in Figure j3lf As shown in the figure, both CGGA and TCGA 

present class imbalance problem.

250

200

-g 150

3
Q.

o 100
<5-o
E
p 50£

0
TCGACGGA

■ Short ■ Medium * Long

Figure 3.3: Survival Time Distribution (in days) into three class samples - short­
term, medium-term, and long term for CGGA and TCGA dataset.

The GE profiles exhibit Fragments Per Kilo-base Per Million (FPKM)

log2 normalized and median centered before 

in the TCGA and CGGA datasets

val­

ues |112|; thus, both datasets 

analysis. Consequently, 13094 common genes

were

1 https: //www.cancer.gov/'tcga
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with expression profiles 

diction task. Furthermore,
Uere separated for the deep learning-based survival pre­

transformed patient samples from a ID array ofwe

size 13094 into a 2D array of 116 x 116 with zero padding, as shown in Figure 

normalized each sample to [0, 1] without any information loss,[3~4|. Finally, we

and feed to the CNN models.

KIF9

GLEl

PARP2

VPS 11

F3

CCR5

EAF2

TTCS 2D Gene Expression Array1 D Gene 
Expression Array

Figure 3.4: The ID array containing the expressions levels of 13094 genes are 
transformed into a 2D array of 116 x 116.

Implementation Details

To conduct experiments, we chose Pytorch vanilla architecture of several state-of- 

the-art classification model such as ResNetlS |121|? YGG16 £12), GoogleNet |122|, 

MixConv (123), ResNest50 (124), ShuffleNet (125]. The networks were trained us­

ing Adam (126) optimizer with initial learning rate, weight decay and momentum 

of 10~4, 10~6, 0.9 respectively. We performed 4-fold cross-validation on the 

CGGA and TCGA with same experimental hyperparameters. A single NVIDIA 

GTX 1080 Ti GPU was used to conduct all the experiments.

Methods

In this section, we discussed in detail the formulation of our novel Label Smooth­

ing Focal (LSF) loss and the subsequent variation. We initiated the proposition
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b} 1 elating cross entropy loss, focal loss, and their modified version with label 

smoothing in terms of model calibration and uncertainty.

Background

The most common loss function for classification task is cross-entropy (CE) 

as it corresponds to maximizing the likelihood or the probability of a multinomial 

distribution. If pc is the predicted probability. pc is the one hot target then CE 

loss, Cqe = ~^2c=\Pclog(pc). However, CE loss is unable to tackle with class 

imbalance issue in the dataset. Focal loss |127| addresses the issue by focusing 

sparse set of hard instances and suppressing the much prevalent easy nega­

tives. It incorporates a modulating factor (l-pc)7 to curtail contribution from easy 

examples, paired with a tunable focusing parameter 7 to adjust the rate of corre­

sponding down weighing, can be formulated as. £FL = - £^(1 - pcVpJog(pc)- 

Moreover, an a-balanced adaptation of the focal loss takes into account the over­

all imbalance bias during training. It elucidates the imbalance by introducing 

an arbitrary weighting factor a correlated with the fraction of imbalance for a 

particular class.

on a

Aifl = - - PcVpJog(Pc) (3.6)
C=1

On the other hand, Cosine loss (128) integrates the previous perception under 

hierarchy-based embeddings, hence elevating the accuracy for the classification 

task.

Ccos = ^2l-{p{pc),^(Pc))
c= 1

Ultimately, equation (j3U[). draws the cosine similarity between the ground- 

truth class embedding, one-hot. vector tp(pc) = Pc and its corresponding L -

normalized prediction ip(pc)i where ip(z) = pp
Despite enhancing cost function to increase the accuracy, the model is poorly 

evidences that label smoothing (LS) prevents the 

confidence in model learning and improve the probability calibration (HHOj

(3.7)

over­calibrated. There are
. LS
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produces the soft target by re-weighting hard targets 

during CE loss calculation. It can be presented as.
with a uniform distribution

£lsce = - Y^PcSlog(pc) (3.8)
C= 1

where, soft target, pc _ (l e)pc + generates by integrating the labels with 

uniform distribution of — and e is the smoothing factor which value consider to 

0.1 for the best performance.

Label Smoothing Focal Loss (LSF)

We proposed Label Smoothing Focal (LSF) loss by integrating label smooth­

ing (LS) with a-variant focal loss (FL). LS prevents over-confidence model pre­

diction by flattening the true probability during training, and FL addresses the 

class imbalance problem by down-weighting the easy samples and focusing on the 

hard sample. Therefore, LSF enables better calibration and uncertainty in model 

learning and boosts performance by addressing the unbalance class issue. We can 

define the LSF cost function as, s<c{ Of %
h- 2

£lsf = -J>(1 - PcTPcS log(pc) m
c= 1

In equation (]T9|) a, 7, e and pc is the weighting value for class imbalance 

bias, modulating factor, label smoothing factor and the predicted class probabil­

ity, respectively. Henceforth, as (a, 7, e) —» (1, 0, 0), the proposed LSF maps 

equivalence to cross-entropy loss. After the methodical calibration of LSF pa­

rameters, the function yields better model assessment and perception, coupled 

with the increased capability to penalize easy negatives.

Normalized LSF Loss (normLSF)
/^-normalized prediction and target as a regularizer toCosine Loss fl!28] uses 

improve the model performance, specifically datasets with limited sample multi- 

class distribution. Consequently, We integrated L2 normalization in LSF to form

normalized Label Smoothing Focal (normLSF) which normalize the model out­

put and smoothened targets. If </> is the U-normalization the normLSF can be

53



formulated as

N
r̂
normLSF ~ Ij1 -PcVv{PcS)log{pc) (3.10)

C= 1

Prognosis prediction with Mutation profiles3.3

3.3.1 Dataset

The Cancer Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas 

(CGGA) datasets were used for this analysis. The whole exome sequencing pro­

files were downloaded from the TCGA for TCGA-GBM and TCGA-LGG cohorts 

and the somatic non-silent, i.e. missense and nonsense mutations, were selected 

and rearranged to a CSV. Similarly, CGGA dataset provided whole 

quencing, somatic mutation profiles. After filtering the common genes in both 

CGGA and TCGA cohorts, 7484 genes were used in this study. These profiles 

are available for 294 and 273 patient cases in TCGA and CGGA respectively. 

Each patient record consist of the overall survival, which was categorized into 

3 classes, Long survival: Overall survival > 450 days, Medium Survival: 450 

days > Overall survival > 300; Short survival: Overall survival < 300 days; and 

WHO glioma grade, which was categorized into 2 classes, High Grade Glioma 

(Glioblastoma): WHO grade 4 gliomas; Lower Grade Glioma: WHO grade 2,3 

gliomas. The TCGA-GBM is considered as the higher grade and the TCGA-LGG 

is considered as the lower grade gliomas. These two were the two ground truths, 

used in training the multi task model. The WHO grade 1 glioma 

removed as they were mostly non malignant, has a longer survival rate. Thus, the 

two tasks are grade prediction and survival class prediction, 

divided into 4 folds, while maintaining the class balance among folds for both 

grade and survival classes.

exome se-

cases werewe

The cohorts were
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3.3.2 Methods

Multi task learning has drawn the attention of the Deep Learning researchers
recently, as it enhances generalized performance of multiple related tasks. This 

learning paradigm also addresses the data sparsity problem, by aggregating sim­
ilar tasks in spirit of data augmentation |131|. Therefore, in our multiple classi­

fication task the survival class and the glioma grades are related, as the WHO 

grades are mostly given based the survival of the glioma patient. In glioma 

management, the WHO grade is assigned at the initial diagnosis stage, where the

on

histopathology is closely observed, and then, based on that and the other clini­

cal factors such as age, survival is estimated by the physicians. A model known 

as MLT-SA has been proposed for classifying the censor status and the survival 

prediction tasks for survival analysis fl32|. However, Multi task learning has lot 

of room left for improvement in this domain of prognosis analysis of gliomas, 

which can ultimately provide a clinically applicable tool to support the clinicians 

decision making process.

In this section, we proposed a Resnetl8 fl33| based MTL model, for class 

based overall survival prediction and glioma grade prediction. We introduced 

GradNorm Asynchronous Task Aware Optimization method, a novel optimization 

approach for MTL models. The model we utilized for this task in shown in Figure

13.51

Asynchronous Task Aware Optimization

Traditionally, MTL models are optimized via obtaining the weighted losses from 

the multi tasks, while tuning the weights assigned for each loss manually. How- 

this is a tedious naive approach, which do not let the MTL model reach 

the optimal minima for the multiple tasks at the same convergence point. Asyn­

chronous Task Aware Optimization |134) is proposed to address this convergence 

issue by optimizing each survival classification block and grade classification block 

with the gradients of each block separately.

ever
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Survival Classification block

Shared Resnetl8 Encoder

S*~\ Short
- Timifiiii" > MediumI

S -1.1 Long
O irj mmmI
£

High
Low

□ 3x3 conv. 64 filters, relu & batch normalization 
Lj 3x3 conv. 128 filters, relu & batch normalization 
y 3x3 conv. 256 filters, relu & batch normalization 
■ 3x3 conv, 256 filters, relu & batch normalization

Figuie 3.5. MTL model inspired with Resnetl8 architecture for survival class and 
grade prediction.

Grade Gassification block

GradNorm Asychronous Task Aware Optimization

We introduced the GradNorm Asynchronous Task Aware Optimization, where 

the survival classification task and the grade classification tasks are optimized 

independently and then the both tasks are simultaneously optimized to obtain 

global convergence point with gradient normalization |135|.

Three main steps are followed in our proposed gradnorm-MTL technique. 

The algorithm is summarized in algorithm [1} First the survival prediction task 

is optimized while keeping the grade survival prediction block frozen as shown in 

figure |3.6|. Then those optimized blocks, i.e. the shared encoder and the survival 

prediction blocks are freezed, the grade prediction block is optimized via back 

propagation as shown in figure gjJ These two initial steps are shown in Figure 

??. Then we incorperated the gradient normalization for the final optimization, 

where both branches and the shared encoder are unfrozen.

a

3.4 Prognosis with Radiogenomics

3.4.1 Dataset

The TCG A-GBM Q dataset, that consists of WHO grade IV or Glioblastoma cases 

were used for this radiogenomic analysis. Verhaak et al. (136) had determined

1 https: / / www.cancer.gov/tega
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Figure 3.6: Step 1: Freeze the grade classification block and optimize 
prediction task. survival
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3: [Optimize Survival Classification]
while survival classification task not converged do 

[Shared encoder gradients w« survival classification loss
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[survival classification block gradients »:/.f survival classi­
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Figure 3.7: Step 2: Freeze the survival classification block and the shared encoder, 
and optimize grade prediction task.

the 4 subtypes known as Classical, Mesenchymal. Proneural and Neural in their 

work, which had used 202 TCGA patient cases. We obtained those data from 

their work, which had the expression profiles and the subtype information. Out 

of those 202 cases, only 59 cases had the pre operative MRI scans, namely Flair 

and T1 contrast modalities. Those MRI images were downloaded separately from 

TCIA, and skull stripped using Mat-lab. These were in Nift-i format and then, they 

registered to match to BraTS 2019 dataset using the open-source 3D siicer 

software fl37|. After preprocessing the MRI scans were sized (155*155*240) with

the origin located at (0,-239,0). The 

needed a large cohort for the segmentation DL model training, with the manually

annotated segmentation ground truths.
Each patient case with the MRI consisted of 1740 gene expression data. Also, 

the clinical information and the subtype information were also extracted from the

were

for registering to the BraTS is, wereason
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Algorithm I: GradNorm Asynchronous Task-aware Optimization: Algo- 
rithms_______

1: Initialize model weights:---------- -----------------------------
shared (Wsh). grade classification (Wgc). survival classification (W8C)

2: bet gradient accumulators to
shaied {dWsh), grade classification (dWgc). survival classification (dWsc) 
dWsh 4- 0, dWgc 4- 0, dWsc 4-0 

3: [Optimize Survival Classification]
while survival classification task not converged do :

[Shared encoder gradients w.r.t survival classification loss d] 
dWsh 4- dWsh -f fii'Vwshd{Wsh, W8C)
[survival classification block gradients w.r.t survival classification loss <c] 
dWsc <- dWsc + £. SiVw8Csc(Wsh, Wsc) 

end while
4: [Optimize Grade Classification]

while Grade Classification task not converged do :
[Grade Classification block gradients w.r.t Grade Classification loss gc] 
dWgc <- dWgc + Yi Si^Wgcgc(Wsh, Wgc) 

end while
5: [Gradient normalization]

while both tasks improving do :
Pick value for a > 0 and pick the weights W of the final 

layer of weights which are shared between tasks, 
for t = 0 to max_train_steps :

Input batch Xi to compute sc(t) &; gc(t) and 
(t) = Yiwi(t)[standard forward pass]

Compute Gw(t) and n(t) Vi 
Compute Gw(t) by averaging the G$(t)

Compute Lgrad = “ Gw(t) x [r*W]aii
Compute GradNorm gradients VWi Lgrad » keeping 

targets G\v(t) x [ri{t)]a constant 
Compute standard gradients Vw^W 
Update Wi(t) Wi(t -f 1) using VWiLgrad 
Update W(t)W(t + 1) using VwL(t) [standard 

backward pass]
Renormalize Wi(t 4-1) so that Yi u?*(* + I) = ^ 

end while __

zero:

Verhaak’s work.
used for training the DLAs we mentioned above, BraTS 2019 dataset 

algorith for the segmentation task. For this as the input, only the flair and T1

used. The ground consisted of three segmented regions

was

contrast modalities were 

known as necrosis; most inner 

necrosis and edema and Edema, outer most, legion.

region, enhancement region; region in between
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3.4.2 Segmentation

A pre proposed architecture for BraTS 2019 challenge was used for segmenting 

the tumor regions. This architecture is a 3D UNet architecture p. where the de­

coder consists of 3D attention module (138}. In order to learn more significant and 

relevant features, spatially squeezing and channel wise excitation is used in this
paiticulai attention module. In this module, the channel wise dependencies were
captured through lxlxC convolution of the feature map (with the dimensions of 

HxWxC), and the spatial feature correlation are captured through max-pooling 

the featuie map. The quality of extracting the region of interest, segmentation 

is enhanced by changing the model complexity slightly with this module.

i5o x 155 x 240 3D MRI volume was given as the input of the segmentation 

model, to obtain the segmentation feature map. The model was trained with 

the BraTS manually annotated feature maps. The segmentation of the TCGA 

dataset was achieved with the trained model giving the FLAIR and T1 Contrast 

modalities as input.

3.4.3 Feature Extraction

After segmenting the tumor, features that can be associated with survival were 

extracted from each sub region. These features included intensity features, geo­

metrical features and volume related features.

When extracting features, combined regions such as tumor core, the combined 

region of necrosis and the enhance and the whole tumor region, all the three 

subregions combined together were considered as well. Thus, we extracted texture 

and the intensity based features, such as mean intensity, histogram of the oriented 

gradients, entropy and kurtosis were extracted from the whole tumor, tumor core, 

enhancement and necrosis regions. The T1 contrast and Flair amplify different

subregions in different levels. For an instance, T1 contrast clearly magnify the 

enhancement region compared to Flair modality. Therefore, when extracting

extracted from both both modalities, 

features that reflect the shapes and size of the
histogram features, features were 

As geometric features, i.e.
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tumor were extracted 

Outer subregions were not

as a single region. Major and minor axis lengths, centroid coordinates, eigen 

values of the inertia tensor and the inertia tensor are the geometric features 

extracted. Bounding box approach with the fractal dimensions

ere extracted from necrosis, tumor core and whole tumor.

separately considered as they geometrically function

we was used to
extract the volume related features. They were also extracted from the whole

tumor, tumor core and the necrosis regions. Altogether, 122 radiomic features 

were obtained for the analysis.

3.4.4 Statistical Analysis

First, we wanted to find the relations between the radiomic features, we extracted 

from the MRIs and the genomic features. Therefore, the Pearson's correlation 

was applied to find the correlation between the extracted radiomic features and 

the gene expression features. In addition, we separately analysed the correlation 

of each radiomic and the genomic feature with the overall survival of the GBM 

patients. The same Pearson’s correlation was applied for this task. Altogether, 

both radiomics and genomics, i.e. radiogenomics, association with the survival 

was analysed using the multivariate and the miivariate cox proportional hazard 

analysis.

Then, we identified the association between the radiomics and the genomic 

based subtypes of Glioblastoma. This is the most important part of this study, as 

the subtype is mainly decided using the genomic profiles. If the clinicians can get 

idea about the imaging features, that might lead for prior accurate diagnosis 

without acquiring invasive procedures such as biopsy. Initially, the Kolmogorov- 

Smirnov test {139] was applied on the radiomic features to verify the normality of 

each feature distribution. Thus, the features which gave p < 0.05 

as features distributed normally. Then, Kruskal Wallis non-parametric test (139)

normally distributed radiomic features to determine the

significantly different radiomics between the 4 GBM subtypes.

In addition, the significantly different subtype pairs

an

were identified

was executed on the non

were determined by using
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the Wilcoxon test (MO). The Bonferroni correction 

comparison tests to avoid the family wise

software to visualize the significance of the tests and the feature distribution.

was performed on the multiple

error rate. We used the GraphPad Prism

3.4.5 Subtype Predictive model

applied the Machine Learning algorithms to predict the subtypes using 

the significantly different features. Before feeding to the model standard nor­

malization was applied. In this work, we only predicted three subtypes, each as 

a binary classification (subtype/non-subtype). For an example we trained each 

ML model to predict the subtype is classical or not. The ML algorithms such as 

Random Foiest Classification (RFC), Decision Tree (DT), Linear Kernel function 

of Support Vector Machine (linear-SVM), radial basis kernel function of Support 

Vector Machine (r-SVM), polynomial kernel function of Support Vector Machine 

(p-SVM) and Logistic Regression (LR) were utilized for predicting Classical, Mes­

enchymal and Proneural subtypes separately with the imaging biomarkers. The 

parameters used in the above learning models are given in the Table (JCJ

Nevertheless, linear-SVM, r-SVM, p-SVM, DT and RFC were used to predict 

the subtypes with the differentially expressed genes between the subtypes. This 

was performed as a 4 class classification (Mesenchymal, Proneural, Neural, and 

Classical).

Further, four-fold cross-validation was performed to validate the performance 

of all the subtype predictions. All the experiments were performed with el071 R 

package |141| and WEKA software |142|.

Table 3.3: Parameters of the subtype prediction learning models

Then, we

ParametersML tool
lineal' kernel function1-SVM
radial basis functionr-SVM
polynomial kernel function 
depth of the tree: 5 & Number of leaves?
number of trees: 100_____ __________

p-SVM
DT
RFC
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Chapter 4

RESULTS

4.1 Prognosis prediction with gene expression profiles

4.1.1 System Evaluation - ML approaches & Risk Score Model 

Overall survival prediction

To compare the performance between the classification ML models 

metrics such as Accuracy, Recall, Precision and FI scores. All the ML models 

weie trained on the training split of the each CGGA fold and validated on the 

corresponding validating split of the CGGA fold. The average over the 4 folds 

were calculated to measure the performance. The Table [4. lj summarizes the 

lesults received from the 4 fold cross validation. We can clearly observe that 

our proposed BNN algorithms gives the best performance, with an accuracy over 

70%, compared to the other commonly used traditional ML algorithms. The 

second best performing models was the Random Forest Classifier which gave an 

accuracy over 60%.

Table 4.1: Comparison of Overall Survival Prediction with Machine Learning - 4 
fold cross validation on CGGA cohort

we used the

Recall FI scorePrecisionML methods Accuracy
55.25% 56.00%57.50%55.25%DTJ74

61.00%62,25%61.25%62.25%RFC |84|
58.25%56.25%62.75%56.25%XGBoost 114

57.25% 59.00%62.75%57.25%CatBoost. 1115
56.50%52.75%67.25%52.75%SVC |70|
70.25%73.00%67.50%74.50%BNN

model on unseen data, we tested 

have 4 trained model from each
Next, to evaluate the performance of our

the trained model of TCGA dataset. Since
tested on each model and considered the average. Even for this,

we

CGGA fold, we
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we could observe that r proposed BNN gives the best performance considering 

machine learning algorithms. Out
all the metrics compared to the rest of the

of those ML algorithms, SVM and DT 

with radiomics, as we discussed in the literature 

perform well on the gene expression data. Similar to the

are frequently used in survival prediction

review. However, those did not

cross validation results,
RFC gave the second best performing results, while the boosting algoritl 

the third best.
lm was

The comparison of the performance of the models on TCGA data
is shown in Table B~2i

According to the state of art literature, the highest reported accuracy is 58.6% 

with radiomics as the input (48), where a cohort over 100 patients were used for 

the training. Thus, we could observe that our proposed model works better,

quantitatively.

Table 4.2: Comparison of Overall Survival Prediction with Machine Learning - 
testing on TCGA cohort

sML methods Accuracy Precision Recall FI score 
45.00% 
51.00%

44.50%DT 46.00% 44.50%
54.25% 51.25%RFC 54.25%
51.00% 52.25% 51.75%51.00%XGBoost

52.75% 50.25% 50.75%50.25%CatBoost
56.00% 47.25% 50.00%47.25%SVC

51.00%55.25%57.25%59.75%BNN

Prognostic risk model

Risk score models are developed using the coefficients obtained from the univari­

ate cox regression analysis as we mentioned in the literature review. Thus.

also followed the same procedure with 

BMA algorithm. TXLNA, STK40, SLC30A7, YTHDF2, SNRNP40, TAF12 and 

WDR77 genes were used for this model creation.The coefficients we achieved after 

fitting for a cox regression model is given in the Table g!

we

selected 7 gene signature, using theour

Hazard Ratio over 2, further prov-As given in the table, all the 7 genes ga\e
selected are highly associated with the survival. Nonethe-

a

ing that the genes we
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Table 4.3: Univariate Cox Regression analysis on the chosen 7 genes

Gene Coef in coxPH Hazard Ratio (95% Cl) 
2.4 (2.1-2.7)

p valueTXLNA 0.87 2.2e-36STK40 0.77 2.2 (1.9-2.4)
2.2 (2-2,5)

4.8e-33SLC30A7 0.8 2.6e-33YTHDF2 0.74 2.1 (1.8-2.4)
2.1 (1.8-2.4)
2.1 (1.8-2.3)

L5^
SNRNP40 0.73 12T31

TAF12 0.73 1.5e-34
WDR77 0.77 2.2 (1,9-2.5) 5.1e~32

less, we considered whether the coefficients are the statistical significant, with p 

value < 0.01. All the coefficients were positive and thus, we can decide that the 

high expression of these genes have lower survival rate, or poor survival in glioma

patients. The risk score formula can be derived as given in Equation |4.1(
Risk score = 0.87 * expTXLNA +0.77 * expSTKA0 +0.8 * expsiC3047 +0.74

* exP ythdfi +0-73 * expSiVflJYp40 +0.73 * expr/in2 +0.77 * expUDR77
(4.1)

The above mentioned risk score formula was used to calculate the risk for all 

our selected glioma patient cases in both CGGA and TCGA. A threshold for high 

and low risk was set based on the median risk value of the CGGA cohort. Thus,

the median risk score was found as 0.6396.

As shown in Fig. jO](a), patients with high gene expression levels for the 7 

genes clearly had a lower survival, further implying the high risk they hold. On 

the other hand, the lower risk people showed a lower expression level for all the

7 genes, thus proving to have a longer survival.
This prognostic risk model was validated on the TCGA cohort by obtaining

threshold was used to dividethe risk score using the Equation ()4.j|). The 

the patients into high and low risk groups. Consequently, the aforementioned

observe the FigfU] (b) obtained for the

same

relationship could also be seen when
Most of the patients with a highly expressed 7 genes also had a

we

TCGA cohort, 

low survival and a high risk.

To make this more clear, we 

separtely for both data cohorts

visualized a plot,Fig. @3 {or each risk cateSories 

We could observe that the high risk people have
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Figure 4.1: Heat map for the (a) CGGA cohort (b) validation TCGA cohort with 

proposed gene signature.

low span of overall survival in days, compared to the low risk category shown in 

blue for both datasets.
mean of 573.2658 days and 2244.361Quantitatively, the CGGA cohort has 

days, with a standard deviation of 662.5993 dap and 1385.437 days respectively

risk categories. The testing cohort, TCGA, which

a

was
for high risk and low
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Figure 4.2: Overall survival distribution of high and low risk groups.

divided in to low and high risk categories based on the median risk score of 

CGGA, gave a mean of 468.1624 days and 1124.43 days with a standard deviation 

of 412.3076 days and 1131.1 days respectively. In contrast, we could clearly notice 

that the low risk category has a higher survival while the high risk category has 

a lower survival.

Nevertheless, the plotted Kaplan-Meier graphs, shown in Fig. £L3| verify the 

reduced percentage of survival in high risk category with respect to the higher 

percentage of survival in low risk category. This was evident for both CGGA and 

TCGA datasets, as shown in subfigures (a) and (b).

Fig. [44] shows the gene expression distribution of the the most prominent 

genes we choose for prognostic risk model development, in high risk and low risk 

groups. It can be observed that the mean expression value of each gene in the 

low risk group is lower than the mean expression value of the corresponding gene 

in the high risk group.
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Figure 4.3: Kaplan-Meier curves obtained for the high risk and low risk groups, 
(a) CGGA (b) TCGA dataset,
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4.1.2 System Evaluation - DL approach

Evaluation Metrics

The proposed loss function is evaluated with extensive experiments and evaluation 

metrics. The prediction performance is measured by using accuracy, precision, 

sensitivity and fl-score. Among these fl-score reflects the capacity of individ­

ual class accuracy. Despite prediction performance, we demonstrate the model 

calibration and uncertainty on our normLSF over the CE. For this purpose, we

utilize multiple miscalibration quantification and uncertainty metrics. Expected 

Calibration Error (ECE) (14|[T44) is used as the base calibration metric. ECE 

computes the discrepancy between accuracy and confidence probability. It can 

be formulate as, ECE = £ ^ | Acc[b] - Conf[b| |, where B, N, n,6], Accw
b— 1

the total number of bins, total number of samples, and numberand Conf[b\ are
of samples, accuracy and confidences in b* bin. However, it is indicated that

ECE is sensitive to bin number and unable to present class-wise model calibra-
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tion £45). Static Calibration Error 

Error (TACE), Brier Score (BS) 

ECE and determine

(SCE). Thresholded Adaptive Calibration 

are introduced to deal with the limitation of

K R --- mm- TACE can be formu­
lated as TACE = ? V | ^ e ,

KR k^\ r=i LClr’c] Oon/[rsCj I, where R is a number of
calibration ranges with threshold t, AccM and Canf[r.c]

confidence in r range and c class. We also calculate the uncertainty calibration 

(UCE) by following £47). The formula for UCE

accurate calibration error

are the accuracy and

error is similar to ECE except
determining uncertainty calibration instead of probability calibration. Therefore,

UCE = E iv1 I Err[b] - Uncert[b] | where, total bin 

bth bin is
is B, number of samples in 

n\b\ and error and uncertainty in the corresponding bin are Err^j and 

Uncertfi] respectively.

Classification Performance

Table 4.4: Performance study of state-of-the-art CNN models trained with 
entropy and proposed loss for classifying of 4 cross-validated CGGA genomic data 
samples. CE, normLSF, Acc., Prec., Sens, represents Cross-Entropy, Normalized 
Label Smoothing Focal, Accuracy, Precision and Sensitivity respectively.

cross-

Cross-Entropy (CE) normLSFModels Sen. Sen.Acc. Prec. FI Acc. Prec. FI
ResNetl8 |121| 0.678 0.6720.661 0.728 0.663 0.765 0.6960.682
VGG16 142 0.653 0.623 0.724 0.6600.692 0.6250.647 0.639
GoogleNet [Il22 0.7440.589 0.676 0.711 0.6640.6520.5560.634

0.732 0.6670.629 0.682 0.6650.666MixConv 1123 0.6180.663
0.7210.683 0.6750.666 0.6950.702ResNest50 124 0.6610.679
0.695 0.6600.673 0.6550.6300.666ShuffieNet 125 0.6240.666

The classification performance of our proposed loss function is evaluated with
As both datasets,the metrics of accuracy, precision, sensitivity, and fl 

CGGA and TCGA, consist of imbalanced classes; therefore, fl-score reflects

score.

the generalizability of the model. Table 0 represents the mean comprehensive 

evaluation of various state-of-the-art classification models on normLSF over CE 

loss with the CGGA dataset. It is clear that normLSF significantly outperform

In particular, there is around 4% fl-score 

the effectiveness of normLSF to deal with the class
CE in all the evaluation metrics, 

improvement, which proves
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'ijn nr" metrics *» validation-set obtained with different
L , Z ZZ ™■“d ??GA <>»*»“*■ The values manifested in bold are 
best pet: ootam. CE PL, LSCE, LSF, norntLSF. Ace. Prec.. Sens, represents
Cross py. Focal Loss, Label Smoothing Cross-Entropy. Label Smoothing
Focal Normalized Label Smoothing Food, Accuracy, Precision and Sensitivity 
respectively.

Loss Acc. Sens. FI.Prec.FL fl27]CE LSCE |129| LSF normLSF
XX X X / 0.67 0.76 0.690.66
XX X X 0.68 0.73 0.680.66
XX / X X 0.67 0.63 0.72 0.66
/X X X X 0.70 0.67 0.70 0.66

/ X X X X 0.64 0.73 0.660.61

Table 4.6: 4-fold cross evaluation metrics of ResNetl8 model trained on CGGA 
Genomics dataset using ours loss.

#Fold Accuracy Precision Sensitivity Fl-Score
0.6329 0.6471 0.7143 0.6772
0.70892 0.6958 0.8000 0.7381

3 0.6962 0.6847 0.7971 0.7089
0.62570.6538 0.7500 0.66284

0.69670.6729 0.6633 0.7653Mean

skewness issue. A fold wise performance scores of ResNetlS are depicted in Table 

[461 We choose ResNetlS for further result analysis as it achieves the highest 

all the classification models. Table [L5| shows the ResNetlSaccuracy among
performance with different state-of-the-art loss functions and our proposed LSF 

and normLSF loss functions. A notable enhancement of the performance is shown

with our functions. Specifically, accuracy and fl-score are increased by around 

[1.5%, 3%] and [4% 5%] with LSF arid normLSF, respectively. We also observe 

that LS with focal loss (LSF) is more effective than LS with CE (LSCE), where

the class-skewness problem. Figure
the TCGA dataset to confirm the results of

LSCE is not helping in

We also conduct experiments on
proposed loss function. FigEI illustrate the evaluation metrics of normLSF 

CE for ResNetlS with TCGA dataset. Similar to CGGA, normLSF achieves 

TCGA with 2-3% performance improvement, while outper­

forming CE loss in terms of model prediction metrics

our

over

the best results in
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Figure 4.5. Comparative classification performance analysis for model train pH 
with state-of-the-art cross entropy and proposed cost function on TCGA dataset.

Model Calibration and Uncertainty

In addition to classification performance, we also determine the reliability of 

prediction using different miscalibration and uncertainty metrics. For example, 

Expected Calibration Error (ECE). Static Calibration Error (SCE). Thresholded 

Adaptive Calibration Error (TACE), Brier Score (BS), and Uncertainty Calibra­

tion Error (UCE) metrics are utilized to measure the model calibration and uncer­

tainty. Table f|3 demonstrates the miscalibration quantification for CE, FL, our 

LSF and normLSF using ResNetlS on CGGA dataset. It is clear that normLSF 

produces better calibration and outperforms other loss functions in most of the 

metrics. The model with LSF obtains better uncertainty than normLSF. How­

ever, LSF and normLSF represent superior model calibration comparing to CE 

and FL loss functions. A reliability diagram of these loss functions is illustrated

in Figure^ The diagonal dash line is considered as the perfect calibrated model

where the confidence score vs. accuracy graph is expected to be aligned, and the
error. Inreliability curve closer to the diagonal line is presented less calibration

closer to the perfect calibration comparing

CE and FL show higher miscalibration and far
the figure, normLSF curve is more 

to other loss functions. Thus, 

deviated from the dash fine.
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Ta 6 ■ • : ° e nuscalibration quantification for CE. FL. LSF and proposed 
® r,°SS;. Ev^luatl0n metrics such as Expected Calibration Error (ECE), 

Static Calibration Error (SCE), Thresholded Adaptive Calibration Error (TACE) 
Brier Score (BS) and Uncertainty Calibration Error (UCE) 
the calibration error for each model.

are used to calculate

Methods ECE|
0.1998

SCE4. TACE4. BS| UCEJ.
CE 0.1613 0.2127

0.1911
0.4820 0.5972

FL |127| 0.1933
0.1452
0.1052

0.1476 0.4666 0.6030
LSF 0.1223 0.1369 0.4177 0.1464

normLSF 0.0820 0.1306 0.4070 0.4648
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Figure 4.6: Reliability graph for normLSF comparing with CE, FL and LSF. The 
curve for normLSF is much closer to the perfect reliability cure (dash line).

Figure 0 shows the t-SNE (t-distributed Stochastic Neighbor Embedding) 

plot of feature representation from the ResNetlS penultimate layer trained

and normLSF. Our LSF and normLSF demonstrate better feature

class features over CE and FL. We

on

CE, FL, LSF,
representation with tighter cluster for 
follow po) to plot the t-SNE from the feature map of the penultimate layer. We

broad cluster with CE and FL. Whereas,

same

observe that The projections are into a

72



CE
FL

%

t\ :

••
;:1•V

LSF normLSF

••

A:>T ••• •

Figure 4.7: tSNE projections of penultimate layer features of ResNetlS model 
trained on Genomics data with various loss functions.

LSF and normLSF produce much tighter cluster and clearly separable among the 

classes. These demonstrate the visual evidence of better model calibration and 

uncertainty with our proposed loss function LSF or normLSF.

Explainability Analysis

To visualize the model explainability, we utilize SHAP value analysis |148][149| 

and integrated gradient algorithm (150) and highlight the relevant and irrelevant 

genes in three different samples belonging to different classes, shown in Figure @1 

Here, red pixels intensify the output probability of true class while bluish alleviate 

the prediction probability. The plot obtains by using Gradient. Explained with 0.5 

as the smoothing factor is displayed below. Our model focuses on a particular set

lhtt])s://shayj. veadthedocs.io/en/latest/examples, html
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Figure 4.8: SHAP analysis

of genes for classifying true samples correctly, and the region of interest varies with 

true classes of short, medium, and long survival. The plot in Figure [479) indicates 

the contrast scale of the 20 genes with 10 on the left side signifies positive SHAP 

values and on the right denotes negative. We find that genes LGALS3, ARNTL, 

and VPS 11 are profoundly crucial biomarkers for accurate classification of the 

small, medium, and long survival classes, respectively. Likewise, genes TTCS, 

SHCl, GLE1 are the least significant in the model prediction.
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Figure 4.9: The most crucial clinical genes responsible for true and false prediction 

in red and blue, respectively of all three categories.
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4.2 Prognosis prediction with mutation profiles

As we mentioned in methods section, we have trained a multi task learning model, 

to predict the glioma grade and the survival class using the mutation profiles. For
this we propose a novel optimization algorithm, GAP-ATL. We utilized the label 

smoothing loss and the cross entropy loss both in the initial optimization steps. 

The cross validation results briefed in Table S3 and Table S3 for CGGA andare

TCGA cohorts respectively.

Table 4.8. Prediction of subtype and grade as a multi task classification using 
mutation profiles on CGGA dataset. Step 1. freeze grade prediction branch(Label 
Smoothing) Step 2. freeze shared encoder -f survival prediction branch (Label 
Smoothing) Step 3. both unfreeze - GradNorm

Survival Class prediction Glioma grade predictionStep foldl fold2 fold3 fold4 Avg foldl fold2 fold3 fold4 Avg
0.69 0.71 0.711 0.72 0.708 0.65 0.32 0.36 0.5 0.458
0.69 0.71 0.71 0.722 0.708 0.65 0.68 0.64 0.66 0.658
0.88 0.85 0.86 0.81 0.85 0.4883 0.51 0.45 0.5 0.49

Table 4.9: Prediction of subtype and grade as a multi task classification using 
mutation profiles on TCGA dataset. Step 1. freeze grade prediction branch(Label 
Smoothing) Step 2. freeze shared encoder -f survival prediction branch (Label 
Smoothing) Step 3. both unfreeze - GradNorm

Glioma grade predictionSurvival Class prediction
Step fold4 Avgfold3fold2foldlAvgfold4fold3fold2foldl

0.540.80.340.730.290.5280.450.590.471 0.6
0.8430.850.850.880.790.5280.450.590.472 0.6
0.8250.790.880.820.810.50.550.50.483 0.47

The final optimization step, have been trained with two different approaches

with Gradnorm. The figure

increase when the gradient normalization 

without using the traditional backpropagation

in order to verfiy the performance enhancement 

[4.101 visualizes how the performance 

is used in the final optimization

optimization.
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Figure 4.10. Performance comparison between using Label smoothing and Cross 
entropy loss with and without gradnorm.

4.3 Prognosis Analysis with Radiogenomics

4.3.1 Correlation between radiomics, genomics and overall survival

p < 0.05 and correlation > 0.3 is considered as the condition to the features in low 

positively correlation. This condition was satisfied by 2 imaging features, out of 

the 119 features extracted from MRL Both features are kurtosis features extracted 

from enhancement region using flair and T1 contrast MRI modalities. Similarly, 

cox proportional hazard analysis gave a negative coefficients significantly (p < 

0.05). Therefore, we suppose that the higher kurtosis values extracted from the 

enhancement region implies a large survival span of glioma patients.

In addition, the connections between the overall survival and gene expression 

was studied. For this 1023 genes were used. Out of them, 25 genes showed a 

significant (p < 0.05) correlation with the survival of glioma patients.

3 of these genes, Endothelin Receptor Type A (EDNRA), Collagen Type III 

Alpha 1 Chain (COL3A1) and Olfactomedin-like protein 3 (OLFML3) showed a 

low positive correlation. The other genes which 

negative correlation.

have listed below gave a lowwe

• Pirin (PIR)

• Secretogranin-2 (SCG2)

Binding Protein 3 (IGFBP3)
• Insulin Like Growth Factoi
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• Mucosa-associated lymphoid ti

• Tubulin alpha-4A (TUBA4A)

• Growth Differentiation Factor 15 (GDF15)

• Tetraspanin-13 (TSPAN13)

ssue lymphoma translocation protein 1 (MALT1)

• Neural precursor cell expressed developmentally downregulated gene 4-like
(NEDD4L)

• Endoplasmic Reticulum Aminopeptidase 2 (LRAP)

® Phospholipid Scramblase 1 (PLSCR1)

9 Ankyrin Repeat And MYND Domain Containing 2 (ANKMY2)

• IQ Motif Containing G (IQCG)

® Rho Family GTPase 3 (RND3)

• Radical S-Adenosyl Methionine Domain Containing 2 (RSAD2)

• Pyruvate Dehydrogenase Kinase 1 (PDK1)

• Regucalcin (RGN)

• Dihydrouridine Synthase 4 Like (DUS4L)

• Oligoadenylate Synthetase 1 (OAS1)

• FAM3 Metabolism Regulating Signaling Molecule C (FAM3C)

• Membrane Palmitoylated Protein 6 (MPP6)

Our observation further proved, as they similarly gave 

p < 0.05, when we performed the univariate
After analysing each genomic and radiomic features' correlation with survmd, 

correlation between the genomic and radiomic features as well. 

TO1P Metallopeptid.se Inhibitor 4 (TIMP4) gene's expression

Hazard ration > 1 with 

proportional analysis.cox

we assessed the 

We observed that,
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shows a moderate positive correlation (correlation 

si on of the necrosis
> 0.5) with the fractal dimen- 

region. Correspondingly, the extent of the necrosis region 

had a moderate positive correlation with the 

expression level.
acvl-CoA oxidase 2 (ACOX2) gene

Imaging biomarkers associated with molecular subtypes

As we mentioned in the methods section we used the Kolmogorv-Smimov test to 

verify the normality of the imaging features we extracted. Out of 119 imaging 

features, 38 were normally distributed significantly (p < 0.05).

Kruskal Wallis test was then applied on non normal features as it is a non 

parametric test, to identify the features that are different between the 4 Glioblas­

toma subtypes. We could notice tht 12 features are significantly different between 

4 subtypes. These features are the fractal dimension features extracted from the 

whole tumor, tumor core and the necrosis. All these features are given in the 

Table j4.10j with the test statistic and p value obtained.

Table 4.10: Kruskal Wallis statistics for radiomic features (p < 0.05) between 4 
subtypes.

4.3.2

Feature p valuetest statistic
tumor core bounding box 1 8.88S9 0.0308
tumor core fractal dimension 3 7.9312 0.0474

0.0493whole tumor fractal dimension 4 7.8459
0.04637.9820whole tumor fractal dimension 5
0.0267
0.0259

9.197kurtosis of necrosis - Flair
9.263bounding box - 1 of necrosis

0.02919.0134bounding box - 3 necrosis
0.03088.887fractal dimension 1 of necrosis
0.0268
0.0153

9.1918fractal dimension 2 of necrosis
fractal dimension 3 of necrosis
fractal dimension 4 of necrosis
fractal dimension 5 of necrosis

10.418
9.1716 0.027

0.03018.937

These observations confirm that these radiomic features are significantly dif-

be between 2 or more. Thus, we wanted to 

different. To analyse this we used the
ferent between subtypes, which can 

verify between which subtypes they aie 

Wilcoxon test between each subtype pair.
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The fractal dimension of the
necrosis, tumor core and whole tumor region 

showed a significant difference (p < 0.0001) between Pronenral and Classical 

subtypes and also a significant difference (p < 0.0001) between Proneural and
Mesenchymal subtypes. Moreover, the fractal dimension of the whole tumor

significant difference between Classical and Mesenchymal subtypes 

associations and the distributions of the fractal dimensions

showed a
. The

are shown in the Fig
EH
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Figure 4.11: The comparison of the fractal dimensions of whole tumor, tumor 
core and necrosis regions between 4 subtypes of Glioblastoma.

4.3.3 Subtype Prediction

As we mentioned above, we identified 12 imaging features using the Kruskal- 

Wallis test that are significantly different between the 4 subtypes. We then used

these features to predict the subtype using machine learning algorithms. First, 

the Mesenchymal subtype (Mesenchymal - 23 cases. Non-Mesenchymal - 36) was

predicted with ML tools and SVM outperformed the other algorithms with an
Next, theof 62.7119%, along with 61% precision and 62.7% recall.

Non-Classical - 47) is predicted and the SVM
accuracy

Classical subtype (Classical - 12 

outperformed other 3 algorithms 

ertheless, Prediction o 

was performed obtaining 4 fold accuracy 

formance comparison

with 4 fold validation accuracy of 85.3%. Nev-

f Proneural subtype (Proneural - 16, Non-Proneural - 43) 

of 81.82% accuracy with SVM. The per-

of the binary classification of each subtype are given in the

Table 14.111
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Table 4.11. Prediction of subtypes as a binary classification using Radiomics

Classical
Prec

Proneural MesenchymalML Acc Recall Acc Prec RecallRecall PrecAcc
85.3%SVM 91.4% 88.8%

83.1%
81.8%
66.1%

88.8%
63.3%
62.7%

82.0%88.8% 82.0% 79.2%
83.1% 83.1%DT 57.6%66.1% 57.6% 58.7%
79.7%RFC 77.3% 79.7%

78.0%
69.4%
64.4%

61.0%69.5% 60.2%61.0%
77.9% 80.1%LR 65.1% 57.6%64.4% 57.6% 56.7%

The subtype prediction with genomics was executed as a generalized method 

for predicting any of the 4 subtypes. However, since Neural subtype does not 

exist anymore, this model might require slight changes in current exploration. 

Thus, the SVM gave the highest accuracy of 94.91% with 4 fold cross valida­

tion. The RFC also performed comparatively better than the DT algorithm with 

an accuracy of 89.93%. This verifies that usage of gene expression despite the 

acquition

Table 4.12: Prediction of Molecular subtypes as a 4 class classification with Ge­
nomics

RecallPrecisionML method Accuracy
94.9%95.4%94.91%SVM
64.4%63.3%64.4%DT
S9.8%90.8%89.83%RFC
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Chapter 5

DISCUSSION

Comparison with existing studies5.1

The state of art survival prediction tools were developed mainly using the imag­

ing features, i.e. radiomics. A well known fact regarding the prognosis of gliomas 

and the occurence of gliomas, i.e. the gliomagenesis, mainly rely on the alter­

ations that occur in the molecular level, which cannot be identified by obtaining 

images. More specifically the heterogeneity, or the large variations in those gene 

profiles, makes it quite complex to decide the behavior of the cancer. However, 

assessing large data cohorts is not also efficient as we do not have large number 

of cases/instances for training too. Therefore, it is necessary to identify the most 

vital genes associated with the prognosis. Many tools and algorithms w^ere de­

veloped recently by identifying and utilzing the survival associated genes. In this 

work, we identify 7 genes, that the expression levels depicts the survival of glioma 

patients.

These selected gene signature, w^as used to develop a Bayesian Neural Network 

to predict the survival. Our experiments demonstrate the this model has the abil­

ity to predict the survival of the unseen data more accurately compared to the 

state of art tools. The state of art tools, we compared our proposed algorithm,

mostly developed using the features extracted from images. The MICCAIwere
BraTS challenge is one of the leading competitions that focus on segmenting and

The all time best performing model (48) proposedsurvival prediction of gliomas.
With our wrork, we proposed 

70% accuracy with gene expression data.
for BraTS gave 68% accuracy with the radiomics.

an outperforming approach, with 

In addition to that

over
if someone wants know the risk with the expression pro­

risk based method for prognosis prediction as well. The high

rs about gliomas, than the
files, we propose a 
throughput genomic profiles, unfold many hidden facto
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radiomics leading for higher accuracies.

We identified 7 genes named, SNRNP40, STK40, TAF12, TXLNA, SLC20A7, 

as the most survival related genes through their expres- 

v»as recognized as a gene that has a connection with 

gliomas m past research work. As we mentioned in the introduction. WHO grade 

II and III gliomas are said to have mutated IDHl

al [l^Tj points out that the mutation in IDHl can downregulate the expression of 

the TAF12 gene. This finding further on par with our results, which w'e observed

WDR77 and YTHDF2. 

sion. Out of those, TAF12

and IDH2 genes. Ren et.

that the high risk patients to have low expressed TAF12 genes, as visualized in 

Fig. |4.1|. Nonetheless, we were able to identify 6 other genes, that have close 

associations with the survival and can be used for prognostic tool development.

Most of the studies related to genomic analysis of gliomas face obstacles as 

they were acquired using different protocols that ultimately cause inconsistencies 

the genomic profiles. Therefore, researchers are tend to rely on a single cohort in 

their studies. This can happen because of the technological drawbacks in distinct 

high throughput gene acquisition platforms. Other than that, the profiles can

also vary due to the cross hybridization of using probes, probes' annotations and 

redundancies |l52|. Consequently this limitation was also present in our study. 

Therefore, we could observe a lower performance when testing on an external 

cohort. For an example, we used CGGA for training and TCGA for testing. We

could clearly observe a performance difference in two cohorts. However, when

we consider the risk score model, as visualized in fig. [O] (b), somewhat

it has separated the high risk and low risk 

Thus, we can conclude that

com­

paratively success could be seen, as 

patients similar to the survival to a certain extend, 
our prognostic model is a promising approach compared to the machine learning

techniques.
Having not. sufficient data for training a learning algorithm is also a draw- 

back for not getting high performance with machine learning. This is a common

scenario in many machine learning bated glioma prognosis models. Fo, an ,n-

del with the 3D modalities makes the

have to give the complete 3D volume
stance, training a glioma segmentation

limited, as we

mo

number of training instances
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as the input of the 3D DL architectures, 

tend to explore 2D architectures for
As a result, many DL researchers 

segmenting, as we can create more training 

instances from a single 3D modality, by giving slice by slice as the input for the 

DL algorithm.

are

Our prognostic risk model, is also unique due to its applicability on any glioma 

type. Previous studies have focused on developing such models, to specific glioma 

types such as for Glioblastoma or lower grade gliomas. Accordingly, our model 

can be employed without determining the glioma grade. In addition, this model 

do not require large number of genes’ expression profiles, as this only require 7 

genes. Therefore, the complexity is low compared to the complicated models with 

large number of profiles used in risk estimation.

As stated in state of art Machine Learning literature, the probabilistic pro­

gramming languages have the ability to learn using a lower number of instances 

[[153]. Since we have this issue on data deficiency with our dataset, this algorithm 

might have worked better than the other traditional algorithms. In the future, 

with more data, this can be extended by integrating deep learning and the prob­

abilistic programming in depth as in f!16|. We only applied shallow bayesian 

neural networks, as the low training instances might cause under fitting of the 

learning algorithm.

We next focused on applying Deep Learning on the survival prediction. For 

this, we used a different approach where we can use the complete profile without 

performing any feature selection. We expected the DL model to learn the 

important survival associated features by itself with this. Specially, gliomas 

hard to be treated due to their heterogeneity. This heterogeneity occurs in the 

gene level. Heterogeneity means, from patient to another patient the genomic 

profiles vary. Thus, using the whole profile without selecting couple of features 

might enable the DL model to learn this heterogeneity more efficiently. Further, to 

identify the features that contributed for the model prediction, we used the SHAP 

explainability analysis. In addition, we explored the applicability of different loss 

functions to enhance the predictions.
For predicting the survival using DL, a superior performance was observed

more

are
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with the normLSF in both prediction accuracy and model calibration. We can
also summarize that LS enhances the classification 

CE loss and FL loss. Despite the finer performance, normLSF
network outcome with both

can add a little
computational cost in model training. On the other hand, proposed cost function 

in equation [379] and |3d0| contains tunable parameters a, jande which may require 

additional adjustment. However. following the best performed values of 

these parameters (& = 1,7 = 2.OorS.Oande = 0.1) in corresponding works such 

as FL |;127j and LS |129| can improve the network performance.

even

Then, we develop a multi tasking model for survival and grade prediction of 

gliomas using the mutation profiles. To the best of my knowledge, this is the 

first work that have focused on multi tasking in prognosis prediction of gliomas. 

These two tasks, survival and the grade are closely associated factors of gliomas. 

Patients with higher grade gliomas, such as WHO grade IV Glioblastomas, have 

a lower survival, majority accounting for short survival category (<300 days). 

Therefore, application wise this multi task prediction creates more worth by en­

abling similar tasks to train parallely.

Finally the relationships between the genomic biomarkers, radiomic biomark­

ers and the survival of Glioblastoma patients were closely analysed. We demon­

strate that the kurtosis feature extracted from the enhancement region has a 

postive correlation with the survival. Kurtosis is a dimension that depicts to 

which extend the intensity of that particular region is deviated from a perfectly 

normal Gaussian distribution. A similar association between the enhancement

and the survival, was reported in previously done studies 1154^155].

Our next important observation is the expression level of COL3A1 gene’s as­

sociation with survival. It is a gene that had been previously identified as a 

prognostic marker of Glioblastomas and had shown a interconnection with 

vival ft 561 • We could also observe a correlation between the fractal dimension

extracted from the necrosis region and the TIMP4 gene. Rorive et al (157) re­

lower survival of

sur-

ports that the over expression of the TIMP4 gene can 

Glioblastoma patients. Therefore, we can assume that we can predict the sur­

vival by extracting the fract al dimension during the initial screening of the glioma.

cause
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In addition, we could identify fractal dimension, which indicates the complexity 

of glioma subregion through hoc counting approach, as a significant different 

feature between the 4 subtypes of Glioblasto

Our method for subtype prediction with the radiomic features, provide 

direction for this glioma analysis research area. With the current drawbacks in the 

acquisition protocols, it is hard to achieve gene expression profiles with 

background interventions. Therefore this method, which do not

ma.

a new

common

require invasive
approaches to acquire biomarker profiles, can lead for more impactful prognosis 

algorithm development. The images are acquired at the early diagnosis stages, 

and features such as kurtosis, fractal dimension can be extracted after segmenting

the tumor using automated DL based algorithms.

Verhaak et al ||136| identify 4 Glioblastoma subtypes, which were grouped 

based on gene expression profiles. Howeverm the neural subtype was later recog­

nized as it was determined through contamination with non tumor cells. Thus, 

Wang et al |158| found out Classical, Proneural and Mesenchymal as the three 

subtypes of glioblastomas. However, for our dataset we had only the Verhaak 

identified 4 subtype information. Therefore, we had to rely on those subtype 

information, which also had, now non existing Neural subtype. Therefore, we 

executed the experiments as a binary classification for each subtype separately.

In conclusion, our survival prediction accuracies, despite the data been used 

as the input, can be compared with the BraTS challenge, Survival prediction 

task performances. BraTS is a challenge that had been held for 10 consecutive in 

parallel with the MICCAI conference, in order to determine the finest Al based 

algorithm for glioma segmentation. In parallel, they have worked on determining 

the survival using the images. This can be considered as the benchmark for our 

survival prediction task.
To the best of our knowledge, this is the first work that have used genomics

for survival prediction.
1 https://www.cbica.upenn.edu/BraTS18/lboardValidationSurvival.html 
2https://\vww.cbica.upenn.edu/BraTS19/lboardValidationSurvival.htrnl
3https://\v\vw.cbica.upenn.edu/BraTS20/lboardValidationSurvival.html

m
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Table 5.1: Comparison with existing best performing works.

Work Accuracy MSE
Brat 2018 - 1st place]11 32.1% 
Brats 2019 - 1st place PI ~58.6%

103839.359
105061.874
98704.655Brats 2020 - 1st place 3

Our work
41.4%
> 70%

This year, in BraTS 2021, they have come up with a classification task for 

predicting the MGMT inethylation status, using the MR! images. This implies 

the eager in the current exploration to identify the associations between images 

and the genomics. Thus, our work further stands out noteworthy among the state 

of art literature.

5.2 Limitations

In the present day, there are many researches getting published on glioma sur­

vival. However, reproducibility is questionable, in order to apply these research 

in clinical practise. In addition, to use survival anafysis with radiomics in clinical 

practice, the radiomics should be able to reproduce and must be independent. 

According to the literature, these features can be influenced by many factors, in­

cluding the imaging equipment, acquisition protocols, image preprocessing steps, 

and image reconstruction. These can affect survival prediction models or anal­

ysis tools. Hence, technical standardization has emerged into research studies, 

and clinical practice by associations such as Quantitative Imaging Biomarker 

Alliance, in order to ensure the intra and inter-machine reproducibility of ra­

diomics. Moreover, the reproducibility of deep features, extracted from imaging 

critical task and, thus Han et al. g!) incorporate deep featuresdata, is also a
with handcrafted features to provide a higher accuracy for survival prediction.

Nonetheless, genomics data adhere to the same limitation in reproducibility of cu- 

ration and interpretation of genomic related analysis. Thus, organizations such 

as the American College of Medical Genetics and Genomics (ACMG) and the 

Association for Molecular Pathology (AMP) have published the standards and

related sequence variant, provid-guidelines for interpreting and reporting cancer
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ing impro\ ements for the field of precision medicine in cancer and genomic testing 

in practice. However, since we have used public data cohorts, we had to rely on 

their data collection and acquisition procedures followed, without focusing on the 

reproducibility fiom the scratch. This is a limitation of our study, which could 

have been overcome if we could use our owm acquired data with a standard inter­

national acquisition protocol. Thus, this clinical applicability needs to focus 

these protocols in the future.

More specifically our main focus of this research, the usability of genomics 

for survival prediction is a novel area, which does not have standards yet for 

gene expression profiling and mutation profiling from the biopsies/ glioma 

pies. This lead for inconsistencies between datasets, and ultimately lower testing 

performance, which is another limitation of our work.

We used publicly available, open-access datasets; The Cancer Genome Atlas 

(TCGA) and the Chinese Glioma Genome Atlas (CGGA). Nevertheless, these 

cohorts also consist of less than 500 glioma patient cases, due to the limitations in 

time and high cost in data acquisition. Therefore our experiments are more likely 

to underfit for the available data. Furthermore, training on just one dataset, can 

cause for overfitting for that particular dataset, making the models less sensitive 

for the unseen and new data.

Also, in the future, different genomic profiles from different platforms can be 

combined to create more accurate models, which is not currently possible due 

to the lack of data. In our datasets, the overlapping cases were not sufficient to 

train an AI algorithm.

on

sam-

5.3 Future Directions

This work is an initial level analysis on how we can develop tools for prognosis 

estimation in glioma patients. In order to make this clinical applicable, this
closely analysed and must be highly accurate than this.field should be more 

Therefore, I believe future must mainly focus on improving the accuracy and the 

applicability by coining up with worldwide recognized acquisition protocols. Both
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radiomics and genomics features must be more solidly extracted with automated 

algorithms, which can be done proposing standard feature extraction tools. This 

will definitely lead for more accurate survival prediction tool development in the 

future using AI algorithms.

In the present day, in clinical practise, tissue samples acquired using biopsy 

or surgery are used for genomic biomarker identification such as MGMT methy- 

lation, IDH1 mutation etc. In the future, this can be extended by obtaining 

high throughput profiles in clinical practise, thus, leading for these tools to be 

practically used.

Nonetheless, as the world is moving forward with the technology, especially 

startups like PanakeiaQ develop omics based AI platforms for diagnosis purposes. 

Thereby the future research must further focus on commercialization of these 

prognosis estimation tools.

4 https://panakeia.ai
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Chapter 6

CONCLUSION

Initially, our study has presented a solution for survival prediction of glioma 

patients based on genomics with a comparatively large dataset. We identified 7 

gene signature associated with survival and proposed two approaches for prognosis 

prediction which have a potential ability to separate glioma patients into groups 

based on their survival and risk. We proposed a novel Bayesian neural network, for 

survival prediction that surpasses the state-of-art survival prediction approaches. 

Moreover, we established a comprehensive prognostic risk model based on Cox- 

PH, that estimates the risk of glioma patients including both GBM and LGG. 

Both of these approaches have promising predictive ability of survival and risk for 

glioma patients, with over 70% accuracy for overall survival class prediction. Next 

we focus on utilizing Deep Learning for survival prediction with gene expression 

profiles. We design a novel loss function, normLSF. by smoothing true labels and 

re-weighting the probability for easy and hard samples during the calculation of 

the loss. The proposed normLSF empirically showcases superior performance in 

terms of both prediction accuracy and confidence calibration with genomic data 

for glioma survival prediction. We use multiple genomic datasets of TCGA and 

CGGA, and the experimental results demonstrate that normLSF is improved the 

uncertainty calibration as well as prediction calibration. The models trained with 

our loss function are not only highly accurate but also determine the reliability of 

their prediction, which is very crucial for the computer-aided diagnosis system. 

Moreover, our loss function can alleviate the class-imbalance bias and enhances 

the accuracy explicitly for smaller datasets. To substantiate our proposition, we 

test our loss function on publicly available CIFAR100 dataset and observe the 

upgraded performances. By enabling well-calibration and uncertainty, we would 

like to focus on detecting out of distribution samples for out future work.

In addition, we address a solution for subtype prediction without employing
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high dimensional genomics, that is also inconsistent with the platform acquired. 

We identified distinctive radiomics between subtypes, that reflects the underlying 

molecular level gene alterations between the subtypes. Accordingly, we developed 

a subtype predictive model, with machine learning for GBM patients. In conclu­

sion, our work also delivers a promising subtype predictive model, that will lead 

for a better clinical maintenance of GBM patients.

In conclusion, this research explore various approaches for survival prediction 

with genomics. We believe this work can be further expanded by employing large 

datasets for more accurate algorithm development. In the future, this work will 

provide a guidance for clinically usable application development.
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