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This research is supported by Boğaziçi University Research Fund Grant Number

13242. I would like to thank them for providing financial support in purchasing the

servers and datasets used for the studies in this thesis and in attending conferences.

I would also like to thank my colleagues at MediaLab and TabiLab for taking

the time to follow and listen to my thesis presentations, as well as for their valuable

discussions, technical and motivational help.

Last but not least, I would like to thank my family. I am really grateful that

my parents, my father Prof. Mustafa Özcan and my mother Nedret Özcan, have
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ABSTRACT

GENOMIC DATA ANALYSIS USING MACHINE

LEARNING METHODS FOR DISEASE AND

DISEASE-GENE PREDICTION

Genomic diseases are caused by certain mutations or combinations of mutations

in the DNA. This combination can be different in each patient and the impact of each

mutation on the disease is different. In this study, we focus on the genomic causes of

diseases. We have defined two research problems. One is to detect the disease from

the genetic code, which is represented as a list of mutations. The second is to identify

associations between diseases and genes.

In this thesis, we focused on cancer and proposed three frameworks. In one

approach, the list of mutations was modeled as a document and the mutations were

modeled as words in the document. Based on this assumption, we proposed representa-

tion models for these patient mutation documents and used them for disease prediction.

For another approach, we modeled a novel heterogeneous graph environment in which

patients and genes/proteins are the nodes and mutations define the edges. Both ap-

proaches to the problem resulted in significantly better classification performances with

the selected algorithms, demonstrating the success of our novel designs for the input

mutations. The parameters of the two classification frameworks were analyzed and a

list of the most effective genes for disease prediction was generated for each of these

systems. These genes were found to be studied as causal genes or target genes in the

cancer literature. In addition, this list of effective genes was transferred to the gene

expression domain as a gene selection algorithm and was found to increase the rate of

true prediction of disease. The proposed systems have been tested on cancer data but

can be easily adapted to other genomic diseases.
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ÖZET

HASTALIK VE HASTALIKLA İLİŞKİLİ GEN TAHMİNİ

İÇİN MAKİNE ÖĞRENMESİ YÖNTEMLERİ

KULLANILAN GENOMİK VERİ ANALİZİ

Genomik hastalıklara DNA’daki belirli mutasyonlar veya mutasyon kombinasy-

onları neden olur. Bu kombinasyon her hastada farklı olabileceği gibi, her mutasyonun

hastalık üzerindeki etkisi de farklıdır. Bu çalışmada hastalıkların genomik nedenlerine

odaklanıyoruz. İki araştırma problemini tanımladık. Birincisi, mutasyonların bir listesi

olarak temsil edilen genetik koddan hastalığı tespit etmektir. İkincisi, hastalıklar ve

genler arasındaki ilişkileri belirlemektir.

Bu tezde kansere odaklandık ve üç yöntem önerdik. Bir yaklaşımda mutasyon-

ların listesi bir belge olarak modellendi ve mutasyonlar da belgedeki kelimeler olarak

modellendi. Bu varsayıma dayanarak, hasta mutasyon belgeleri için temsil modelleri

önerdik ve bunları hastalık tahmini için kullandık. Başka bir yaklaşım için, hastaların

ve genlerin/proteinlerin düğüm olduğu ve mutasyonların kenarları tanımladığı yeni bir

heterojen grafik ortamı modelledik. Soruna yönelik her iki yaklaşım da, seçilen algo-

ritmalarla karşılaştırıldığında, önemli ölçüde daha iyi sınıflandırma performanslarıyla

sonuçlandı ve bu da giriş mutasyonları için yeni tasarımlarımızın başarısını gösterdi.

İki sınıflandırma çerçevesinin parametreleri analiz edildi ve bu sistemlerin her biri için

hastalık tahmininde en etkili genlerin bir listesi oluşturuldu. Bu genlerin kanser lit-

eratüründe nedensel genler veya hedef genler olarak çalışıldığı görülmüştür. Ek olarak,

etkili genlerin bu listesi, bir gen seçim algoritması olarak gen ekspresyon alanına ak-

tarıldı ve hastalığın tahmin oranını arttırdığı görüldü. Önerilen sistemler kanser verileri

üzerinde test edilmiştir ancak diğer genomik hastalıklara da kolaylıkla uyarlanabilir.
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ÖZET . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

LIST OF SYMBOLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

LIST OF ACRONYMS/ABBREVIATIONS . . . . . . . . . . . . . . . . . . . . xiii

1. INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1. Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2. Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3. Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.4. Publication Notes . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.5. Thesis Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2. BACKGROUND . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1. Related Genomic Concepts . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.1. DNA Sequencing . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.2. Genes and Mutations . . . . . . . . . . . . . . . . . . . . . . . . 9

2.1.3. Proteins . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2. Related Data Sources . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.1. TCGA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.2. UKBiobank . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.3. Related Machine Learning Concepts . . . . . . . . . . . . . . . . . . . . 12

2.3.1. Logistic Regression . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.3.2. Feed-Forward Neural Networks . . . . . . . . . . . . . . . . . . 12

2.3.3. Graph-Based Neural Networks . . . . . . . . . . . . . . . . . . . 13

3. STATISTICAL REPRESENTATION MODELS FOR MUTATION INFO . . 16

3.1. Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3.2. Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19



vii

3.2.1. Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.2.2. Data Representation Models . . . . . . . . . . . . . . . . . . . . 20

3.2.2.1. Binary Mutation Model . . . . . . . . . . . . . . . . . 20

3.2.2.2. C-score Based Mutation Model . . . . . . . . . . . . . 20

3.2.2.3. Tf-idf Based Mutation Model . . . . . . . . . . . . . . 20

3.2.2.4. Tf-rf Based Mutation Model . . . . . . . . . . . . . . . 22

3.2.2.5. BM25-tf-idf Based Mutation Model . . . . . . . . . . . 22

3.2.2.6. BM25-tf-rf Based Mutation Model . . . . . . . . . . . 23

3.2.3. Implementation and Experiment Design . . . . . . . . . . . . . 24

3.2.3.1. Machine Learning Models . . . . . . . . . . . . . . . . 24

3.2.3.2. Evaluation Strategy . . . . . . . . . . . . . . . . . . . 24

3.2.3.3. Parameter Tuning for The Representation Models . . . 25

3.2.3.4. Parameter Tuning for The Classification Models . . . . 25

3.3. Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3.3.1. Selection of Gene Sets . . . . . . . . . . . . . . . . . . . . . . . 25

3.3.2. Comparison of The Data Representation Models . . . . . . . . . 26

3.3.3. Class-Based Comparison of Experiment Results . . . . . . . . . 27

3.3.4. Location-Based Comparison of Gene Mutations . . . . . . . . . 28

3.4. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.5. Final Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4. GENE SELECTION METHOD FOR GENE EXPRESSION DATA . . . . . 46

4.1. Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

4.2. Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.2.1. Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.2.2. Feature Selection for Gene Expression . . . . . . . . . . . . . . 48

4.2.3. Implementation of Methods and Experiments . . . . . . . . . . 49

4.3. Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.3.1. Comparison with a Previous Study . . . . . . . . . . . . . . . . 50

4.3.2. Gene Selection Results . . . . . . . . . . . . . . . . . . . . . . . 50

4.4. Final Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5. GNNMUTATION: A HETEROGENEOUS GRAPH FRAMEWORK . . . . 57



viii

5.1. Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.2. Materials and Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

5.2.1. Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.2.2. GNNMutation . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5.2.2.1. Heterogeneous Graph . . . . . . . . . . . . . . . . . . 60

5.2.2.2. Patient Feature Vectors . . . . . . . . . . . . . . . . . 61

5.2.2.3. GNN Model . . . . . . . . . . . . . . . . . . . . . . . . 61

5.2.2.4. Explainer Model . . . . . . . . . . . . . . . . . . . . . 61

5.2.3. Implementation and Experiment Design . . . . . . . . . . . . . 62

5.3. Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.3.1. Comparison of Different Numbers of Protein-Patient Edges . . . 63

5.3.2. Comparison of Different Protein-Patient Edge Strategies . . . . 63

5.3.3. Comparison of Algorithms . . . . . . . . . . . . . . . . . . . . . 64

5.3.4. Discussion of Explainer Results . . . . . . . . . . . . . . . . . . 65

5.4. Final Remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

6. CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.1. Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.2. Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75



ix

LIST OF FIGURES

Figure 3.1. Overview of the proposed system. . . . . . . . . . . . . . . . . . . 33

Figure 3.2. The effect of the smoothing parameter k . . . . . . . . . . . . . . 34

Figure 3.3. The heat map of the most effective genes in NN - breast cancer . . 44

Figure 3.4. The heat map of the most effective genes in NN - lung cancer . . . 45

Figure 4.1. Overview of the proposed system. . . . . . . . . . . . . . . . . . . 53

Figure 4.2. F-score and feature count comparison of experiment results. . . . . 56

Figure 5.1. Overview of GNNMutation . . . . . . . . . . . . . . . . . . . . . . 68

Figure 5.2. Heterogeneous graph of patients and genes . . . . . . . . . . . . . 69

Figure 5.3. Explainer results for breast cancer. . . . . . . . . . . . . . . . . . 71

Figure 5.4. Explainer results for prostate cancer. . . . . . . . . . . . . . . . . 71



x

LIST OF TABLES

Table 3.1. The list of cancer types and sample counts in BOUN10CANCER . 32

Table 3.2. Parameter tuning results for parameter k in the BM25-tf formula . 34

Table 3.3. The range/list of parameters used in the parameter tuning phase . 35

Table 3.4. The best parameters found as a result of parameter tuning phase . 36

Table 3.5. Machine learning experiment test results on the gene sets . . . . . 37

Table 3.6. Machine learning experiment test results - 1 . . . . . . . . . . . . . 38

Table 3.7. Machine learning experiment test results - 2 . . . . . . . . . . . . . 39

Table 3.8. Machine learning experiment test results - 3 . . . . . . . . . . . . . 40

Table 3.9. Machine learning experiment test results - 4 . . . . . . . . . . . . . 41

Table 3.10. Class based experiment test results with NN . . . . . . . . . . . . 42

Table 3.11. Machine learning experiment test results - exonic and intronic . . . 43

Table 4.1. The list of cancer types and sample counts in our dataset . . . . . 52

Table 4.2. Machine learning experiment results - gene expression and VCF . . 54

Table 4.3. Machine learning experiment results of gene expression data . . . . 55



xi

Table 5.1. Classification results - different number of protein-patient edges . . 69

Table 5.2. Classification results - different protein-patient edge strategies . . . 70

Table 5.3. Classification test accuracy results . . . . . . . . . . . . . . . . . . 70



xii

LIST OF SYMBOLS

a The number of samples in class c

b The number of samples in other classes

c Class c

g Gene g

GB Gigabyte

k A smoothing parameter for term-frequency

MB Megabyte

N Size N

Rn The set of all ordered n-tuples of real numbers

s Sample s

x The input at hand

x’ The baseline input

α The interpolation constant to perturb features by

∂ Partial derivative



xiii

LIST OF ACRONYMS/ABBREVIATIONS

A Adenine

C Cytosine

CADD The Combined Annotation Dependent Depletion

CNV Copy Number Variation

CPU Central Processing Unit

CT Computed Tomography

DNA Deoxyribonucleic Acid

FPKM Fragments Per Kilobase Of Transcript Per Million Reads

FPR False Positive Rate

G Guanine

GAT Graph Attention Neural Networks

GCN Graph Convolutional Networks

GIN Graph Isomorphism Networks

GNN Graph Neural Networks

GPU Graphics Processing Unit

GRC The Genome Reference Consortium

IDF Inverse Document Frequency

IG Integrated Gradients

KNN K-Nearest Neighbor

LR Logistic Regression

max Maximum

MCC Matthews Correlation Coefficient

miRNA MicroRNA

MLP Multilayer Perceptron

MRI Magnetic Resonance Images

mRMR Minimum Redundancy Maximum Relevance

mRNA Messenger RNA

NB Naive Bayes



xiv

NIH The National Institutes of Health

NN Neural Network

NSCLC Non Small Cell Lung Cancer

Perceptron One-Layer-Perceptron

PPI Protein-Protein Interaction

RF Relevance Frequency

RNA Ribonucleic Acid

Roc-Auc Area Under The Receiver Operating Curve

SCLC Small Cell Lung Cancer

SNV Single Nucleotide Variant

SVM Support Vector Machine

T Thymine

TCGA The Cancer Genome Atlas

TF Term Frequency

TNBC Triple Negative Breast Cancer

UKBiobank The UK Biobank

VCF Variant Call Format

WES Whole Exome Sequencing

WGS Whole Genome Sequencing



1

1. INTRODUCTION

A genetic disease is caused by a change in the DNA sequence [1]. These changes

are called mutations. The occurrence of complex genetic diseases is often due to mul-

tiple gene mutations. Investigating which combination of mutations leads to the de-

velopment of a disease is a complex problem. This is because each patient may have

a different combination. In order to specify the general causal DNA alterations, a

descriptive dataset must be analysed that represents a large set of human samples.

Until the last 20 years, this analysis was not possible. The Human Genome Project [2]

generated the first sequence of the human genome in 2003. Since then, there are huge

DNA sequencing databases that make it possible to perform genomic studies on large

numbers of patients.

The mutations in the human DNA can be detected by comparing the target

DNA sequence with the current reference genome, GRCh38.p14, published by the

Genome Reference Consortium (GRC) [3]. As a result of this comparison, we obtain a

comprehensive list of mutations. Not all mutations cause diseases. Moreover, the effect

of each mutation is not equal in the development of diseases. The actual causal changes

in the DNA can be detected with a sensitive and precise system. The performance of

such a system can be improved with a diverse set of training samples. As more and

more human sequences become available, more successful computational frameworks

for sequence analysis are being developed.

1.1. Problem Statement

The main problems addressed in this thesis are the prediction of diseases based on

mutation information and the detection of causal or target genes for the development

of diseases. We chose cancer as our target disease because it is one of the leading causes

of death worldwide [4]. The mortality rate from cancer can be reduced through early

diagnosis and personalised treatment. Computer systems that specialise in detecting
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certain types of cancer can be used as an aid in diagnosing the disease. In this way,

the rate of early diagnosis increases and the cost of diagnosis decreases. Computer-

based systems for the detection of causal and target genes can lead to improvements

in personalised treatments. The research problems are defined in detail in this section.

Cancer is usually diagnosed by the detection of a tumour. A biopsy is taken to

examine the tumour and determine whether it is benign or malignant. A biopsy means

an operation. However, the genetic code of a patient can be determined using only a

blood sample. We proposed systems that can analyse the genomic code and decide on

the disease. These systems can help the health profesionals in diagnosis and reduce the

number of unnecessary biopsies. In this thesis, we focused on DNA sequencing data.

A whole genome sequence of a patient can be very huge in size. When we think of

a dataset consisting of thousands of patients, this pushes us to the limits of practical

computation. Therefore, we chose a smaller data format for our studies. We utilized

DNA mutation information in variant call format (VCF) files [5]. A VCF file of a

patient lists all DNA mutations in the base sequence file. Since we want to predict a

disease based on the mutation information, this data format is sufficient for us. We

proposed and developed machine learning frameworks that process mutation data to

predict whether a patient has cancer or not and to determine the type of cancer.

The second research problem in this thesis is the detection of causal or target

genes for diseases. These genes can be utilized in genetic tests or in the development of

drugs. Early diagnosis can be made with the help of diagnostic genetic tests and regular

screening. These tests look for certain genomic variations. The development of genetic

tests is based on genome research, which uncovers the causal effects of genes. Using the

extensive genomic data available in biobanks, computer systems can help to analyse

and extract valuable genomic information and the most effective genes. In addition,

these computer systems can also detect target genes for drug development. This enables

the development of specialised and personalised treatments for each patient. We added

explainer blocks to our disease prediction frameworks to recognise the most effective

genes and mutations for cancer prediction.
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In this thesis, we addressed the genomic disease prediction and causal or target

gene prediction tasks, experimenting with the human DNA mutation information. We

tested our proposed systems with cancer specific data. However, these systems can be

trained and applied to any genomic diseases.

1.2. Challenges

There are many challenges for the prediction of diseases based on mutation in-

formation and the detection of causal or target genes for the development of diseases.

Some of these challenges are summarized as followings:

(i) Restricted access: For genomic data analysis, the source of data is generally a

biobank. Biobanks collect detailed health and genomic data from patients, even

biological samples can be included. The data is provided anonymously but the

access wrights are restricted and controlled by biobank data access management

teams.

(ii) Big data and storage: The raw genomic data is enormous. A single 30x precision

whole genome sequencing (WGS) file is about 100GB in size for a single patient.

In addition, there is also the output data generated by representation models and

algorithms tested throughout the thesis study. For a successful genomic analysis

study, a sufficient and stable data storage plan is required.

(iii) Computation time and memory cost of big data: Once the storage plan for the

huge genomic data is finalised, a suitable server for data processing must be

selected. Since we are dealing with large amounts of data, we need powerful

CPUs and GPUs. In addition, the genomic data or a suitable representation of

the data must fit into the server’s memory so that the selected algorithm can be

executed on the data.

(iv) Suitable data type for the research problems: If no adequate storage system can

be constructed, another suitable data type, which is smaller, can be chosen for

the research problems. For the case of this thesis, we could not provide storage

for the actual sequencing data. Therefore, we decided to work with VCF files,
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which only list DNA mutations that are changes in the target sequence compared

to the reference genome. For the VCF files used in this thesis, the size of a single

VCF file may vary between 1MB and 1GB, depending on the precision and the

coverage of the source sequence. This is still big data when thousands of patients

are considered. But compared to the raw sequencing data, the size of VCF files

is more manageable.

(v) Representation model: After selecting VCF files as the input data type, the

computational and memory costs are still present. Pre-processing of the data

is therefore urgently required. Statistical models are applied to summarise the

mutation information.

(vi) Explainable classification algorithm: The second research problem is the iden-

tification of causal or target genes for the diseases. The proposed frameworks

predict on diseases based on the gene mutation information. Therefore, we need

to select algorithms that are explainable in order to trace back the algorithm and

recognise the most effective genes and mutations in disease prediction.

1.3. Motivation

Genomic analysis involves comparing the genomes of many different people to

find genetic markers associated with a particular phenotype or risk of disease [6]. Prior

to the development of biobanks, these studies were conducted on small datasets curated

by hospitals or medical groups and generally involved statistical analysis. Now that

thousands of genomic samples are available, computational frameworks are used for

these tasks. Software frameworks save time and also enable more detailed computations

of the data.

Different data types are used in genome-wide studies. Gene expression profile

data are frequently used. They show the expression levels of genes for the patient.

The expression level of a gene provides information about its effective state and shows

whether it is active or suppressed. This provides valuable information about the de-

velopment of diseases. DNA methylation data is also used in genomic studies. DNA
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methylation can alter gene activity without changing the DNA sequence [7]. DNA mu-

tations are also used in genome-wide studies. Single nucleotide variants (SNVs) and

copy number variations (CNVs) are the most commonly used types of mutations that

have important implications for human disease and evolution. There are other types

of genomic data, but we have listed the most commonly used ones here.

In this thesis, we wanted to find the roots of diseases directly in the genetic code,

i.e. the DNA. As the size of raw DNA sequencing data is enourmous, we decided to

utilize gene mutations, as these are the altered parts of the DNA and are thought to

be the actual genetic causes of disease. We work with VCF files, which are created

based on the DNA sequence and contain a list of mutations. As far as we know, there

is no other disease association study that works with the whole VCF files as the main

source of genomic information. In Chapter 3, we used the mutations in VCF files.

We proposed representation methods and decision frameworks to link the mutation

information in the VCF to the target disease. After this initial study, we searched

the cancer literature and found that gene expression data is widely used for disease

detection. Therefore, in Chapter 4, we proposed our study using VCF data for a novel

gene selection method for gene expression data. In the course of these studies, we also

learnt about other biological molecules and structures involved in the development

of genomic diseases. Genes encode proteins and proteins and their interactions play

an important role in cell function. We wanted to use the knowledge about proteins

and combine it with mutations to search for disease-causing situations. Therefore,

in Chapter 5, we used protein interaction networks and mutations to model a graph

representation and detect diseases based on this graph.

1.4. Publication Notes

Parts of the work in this thesis have appeared in the following publications:

(i) Özcan Şimşek, N.Ö., A. Özgür, F. Gürgen, “Statistical Representation Models

for Mutation Information within Genomic Data”, BMC Bioinformatics, Vol. 20,
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No. 324, pp. 1-13, 2019 [8] (Chapter 3).

(ii) Özcan Şimşek, N.Ö., A. Özgür, F. Gürgen, “A Novel Gene Selection Method

for Gene Expression Data for the Task of Cancer Type Classification”, Biology

Direct, Vol. 16, No. 7, pp. 1-5, 2021 [9] (Chapter 4).

(iii) Özcan Şimşek, N.Ö., A. Özgür, F. Gürgen, “GNNMutation: a Heterogeneous

Graph-Based Framework for Cancer Detection Based on DNA Mutations”, (Sub-

mitted to Bioinformatics)(Chapter 5).

1.5. Thesis Overview

In this thesis, we focused specifically on finding the genomic roots of diseases.

We defined two research problems for this topic. Firstly, we aim to predict the disease

using the DNA mutation information as our input. Secondly, we aim to address the

specific parts of the input that lead the frameworks for disease prediction. By address-

ing both problems, we proposed three frameworks that can successfully discriminate

between disease types and between patients with or without the disease. The proposed

frameworks are tested on cancer specific data. However, these systems can be adapted

to target any genomic diseases.

This thesis demonstrates that VCF files can be utilized as an alternative repre-

sentation of DNA sequences and can lead to state-of-the-art performance in disease

prediction. Chapter 3 presents and compares the proposed preprocessing methods for

VCF files. In this study, we model the VCF file as a document and mutations as words

inspired from the field of information retrieval. We proposed representation models

based on this assumption and compare their effectiveness on cancer prediction. It is

also shown that the proposed method can be utilized to detect causal or target genes

for each cancer type in the study. Chapter 4 presents a transformation study of the

previous method as a gene selection method for gene expression data and the resulting

performance in disease prediction. Chapter 5 introduces a novel graph structure for the

representation of VCF data and shows the resulting performance of this representation

in both disease prediction and causal or target gene detection.
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The main contributions of this thesis are summarized below.

(i) We transferred our knowledge from the field of information retrieval to mutations.

We modelled VCF files as documents consisting of mutations as words. We calcu-

lated term weighting methods on the mutation words and used them to represent

patients. We wanted to reflect the different effects of each mutation on disease

development. We performed a comparison of these data representation schemes

for the task of cancer type classification. We proposed a neural network archi-

tecture for disease classification and showed that the proposed method achieves

significantly better performance in discriminating cancer types compared to other

machine learning methods (Chapter 3) [8].

(ii) A novel and disease specific gene selection method for gene expression data was

proposed and tested. We extracted the most effective genes for disease devel-

opment based on DNA mutations and transferred this information to the gene

expression domain as a novel gene selection method. Our test results showed

that the new feature selection method leads to equivalent or better performance

compared to other feature selection methods (Chapter 4) [9].

(iii) A novel heterogeneous graph structure has been proposed for the representation

of patients and proteins for disease classification. We modelled patients and

proteins as separate nodes in the graph. The edges between proteins were defined

according to the PPI network. The edges between patients and proteins were

defined based on DNA mutation information. If there is a mutation in a gene,

we add an edge from the target protein of this gene to the patient. Thus, the

proposed graph structure was able to represent the protein interactions and gene

mutations together. We processed this heterogeneous graph with GAT, which can

distinguish the effects of neighbours on a target node. The proposed framework

led to a leap in classification performance compared to other machine learning

methods (Chapter 5).

(iv) We analysed our proposed frameworks for disease classification after training and

identified the most effective features, in our case genes, for prediction. In a

literature search on cancer research, we found that almost half of the identified
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genes were analysed and reported as causal or target genes for the corresponding

cancer types. This showed us that the proposed methods make predictions based

on true causal genes. In addition, the rest of the identified most effective genes

can be investigated as candidate genes for cancer in laboratory studies (Chapter 3,

Chapter 5) [8].
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2. BACKGROUND

This chapter presents the background information on the basic concepts used

in this thesis study. The first section describes the genomic concepts related to the

studies. The second section describes the genomic data sources used in the studies.

The third section describes the main algorithms used in the studies.

2.1. Related Genomic Concepts

2.1.1. DNA Sequencing

DNA is the molecule that carries the genetic information for the development

and functioning of an organism [1]. Human DNA consists of four bases: Adenine (A),

Cytosine (C), Guanine (G) or Thymine (T). DNA sequencing means determining the

order of these four chemical building blocks [1]. Human DNA contains more than 3

billion base pairs (bp) [10]. We can think of the DNA sequence as a long text written in

a small alphabet with only four letters; A, C, F and T. The length of this text is more

than 3 billion characters. This means that a single human DNA sequence comprises

at least 3GB of data, if we use one byte for the representation of one base.

Whole genome sequencing (WGS) is the sequencing of the entire DNA parts. For

a 30x precision for WGS, the resulting file is about 100GB in size. There is also whole

exome sequencing (WES), in which only the coding part of the DNA, which makes up

%1 of the total DNA, is sequenced. For a 100x precision for WES, the resulting file is

about 8GB.

2.1.2. Genes and Mutations

Genes contain the information that determines physical and biological charac-

teristics [1]. They are the part of DNA that carry the codes for the production of
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proteins. There are almost 20, 000 protein-coding genes in the human DNA [1]. There

can be changes in gene sequences and they are called mutations. Mutations usually

don’t have major results [1]. But some mutations or combination of mutations lead to

the development of genomic diseases.

Variant calling is the comparison of the target DNA sequence with the reference

genome. The reference genome can be regarded as the standard DNA sequence without

mutations. This comparison reveals the alterations in the target DNA sequence. VCF

[5] is the standard file format for storing the mutation data. In this file, each data line

corresponds to a mutation and provides detailed information about that mutation. By

using a 30x precision for WGS, the resulting VCF file is about 1GB. By using a 100x

precision for WES, the resulting VCF file is about 0.1GB.

2.1.3. Proteins

Genes in the DNA are used to encode proteins, which is called the expression of

the gene. Proteins determine and control the functioning of cells. Mutations in the

gene sequence alter the resulting protein which can change biological processes. In

addition, the level of gene expression determines the amount of proteins produced and

this can also effect biological processes. Therefore, gene expression levels are popularly

studied for disease analysis.

Proteins are biological molecules that interact with each other. As proteins can

alter biological processes, their interactions can also effect biological operations. There-

fore, protein-protein interactions are analysed and saved as protein-protein interaction

(PPI) networks. These interaction networks are popularly studied for disease analysis.

2.2. Related Data Sources

The data sources used in this thesis are The Cancer Genome Atlas (TCGA) and

UK Biobank (UKBiobank). They are described in detail in the following subsections.
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2.2.1. TCGA

TCGA [11] is a project launched by The National Institutes of Health (NIH) [12]

in 2005. It is a cancer specific genomic data collection project. They concluded sample

collection in 2013. They published their Pan-Cancer Atlas [13,14] study in 2018. They

collected over 20, 000 cancer samples spanning 33 cancer types. Some of the avail-

able data types are clinical data, copy number data, DNA sequencing data, imaging,

methylation, miRNA sequencing, mRNA sequencing and gene expression data. Some

data types are provided with open access. They can be downloaded directly from the

Genomic Data Commons Data Portal [15] supported by NIH. Some data types are

provided with controlled access. Researchers have to be registered and get access per-

mission for TCGA dataset from NIH. Gene expression data is served with open access

but VCF files are served with controlled access. Therefore, we were registered to NIH

and were approved to access TCGA controlled data.

2.2.2. UKBiobank

UKBiobank [16] was founded by the Wellcome Trust medical charity [17] in 2006.

It is a large-scale biomedical database containing biological samples, genetic and health

information from half a million UK participants. The data can only be used by autho-

rised researchers. According to UKBiobank, more than 30, 000 researchers worldwide

are registered to access UKBiobank data and more than 9, 000 scientific papers have

been published about their studies using the data. UKBiobank provides online access

to data and biological samples in response to specifically authorised requests. UK-

Biobank offers a variety of data types including hospital reports, biological samples,

questionare results, lifestyle information and genomic data. For the genomic part, it

provides WGS and WES data for the whole cohort. We had authorised access to the

first 200, 000 of WES data. The sequences are obtained from blood samples, unlike

TCGA where tumour samples are used. This is because the UKBiobank contains in-

formation on patients with and without a cancer diagnosis. This allows us to compare

not only different types of cancer, but also cancer patients with non-cancer patients.
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2.3. Related Machine Learning Concepts

The machine learning techniques that we apply in this thesis are logistic regres-

sion, feed-forward and graph-based neural networks. They are briefly explained in this

section.

2.3.1. Logistic Regression

Logistic regression is a supervised machine learning algorithm used for classifica-

tion tasks. It defines a coefficient for each input feature value and decides on the class

probability with a sigmoid function on the weighted sum of the coefficients and the

features and an extra bias term.

If we think of a genomic disease as the result of a combination of mutations. Each

mutation has different degree of impact on the development of a disease. We can model

the relationship between mutation and disease as an LR problem. Mutations are the

features of a patient. When the LR system is trained with truth values (class labels),

the system learns the importance levels of each mutation as a coefficient of that feature.

The same approach can be applied to gene expression values. Since we consider each

gene expression as a feature, its impact ratio can be calculated as coefficients in an LR

system. With the use of coefficients, the system is easy to interpret. If the coefficient

value for feature A is greater than the coefficient value for feature B, this can be

interpreted as the impact of feature A on the target class is higher than feature B.

2.3.2. Feed-Forward Neural Networks

The architecture of a feed-forward neural network consists of three types of lay-

ers: the input layer, the hidden layers, and the output layer. Each layer consists of

units, called neurons, and the layers are interconnected by weights. In the case of

classification, the output class is the cumulative result of the weights in each hidden

layer and the input features. By adding layers, a more complex relationship between
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the input features and the target class can be defined. This architecture still has no

cycles or loops and is therefore still an easy to interpret multi-layer system.

When we defined our study in Chapter 3, there was no definition of explainer

modules. Therefore, we wanted to work with algorithms where we could easily interpret

the reasons for the predictions. The feed-forward neural network happened to be the

answer to our search for an explainable method that is also capable of defining complex

relationships. Our test results prove the success of the proposed feed-forward neural

network module compared to related algorithms.

To identify the roots of the predictions, we performed explainer tests after training

phase is complete and the system coefficients are decided. Our input was a vector of

gene features. To determine the cumulative effect of the hidden layer weights for a

gene, we tested the system with one-hot inputs. Each time, only a single gene feature

is set to 1 and the others set to 0. Since our tests were 10-fold cross validation, we

had 10 trained models and tested each one-hot gene vector 10 times, once each trained

model. Then we take the average of the prediction class probabilities. In the end, we

obtained a list of coefficients reflecting the effect of each gene for each disease class.

We plotted these coefficients with a heatmap of genes and diseases and searched for

the most effective genes for each class prediction.

2.3.3. Graph-Based Neural Networks

For our study in Chapter 5, we used PPI networks to model the biological in-

teraction system. Since we have a defined network, we wanted to model the disease

prediction problem as a graph-based problem. We know that diseases arise from a com-

bination of mutations which can be different for each patient, and that the effect of each

mutation in the combination is different for the development of the disease. Therefore,

we needed different weights for the different interactions. For this modelling of the

problem, we used Graph Attention Neural Networks (GAT) for classification. GAT

introduces the attention mechanism as a replacement for the normalized convolution
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operation in Graph Convolutional Networks (GCN). In this way, each neighbour has a

different effect on the target node and this is defined by attention weights. The atten-

tion weights are not statically defined, but are learnt during the training of the model.

By applying GAT to our problem of disease prediction based on mutations, the learnt

attention weights reflect the importance of each mutation for disease development.

GAT is defined in [18]. It is proposed for node classification on graph structures.

The idea behind GAT is to compute the hidden representations of each node in the

graph with its neighbors following a self-attention strategy. For this purpose, a new

graph attention layer is proposed. The input of this layer is a set of node features, h =

{h1, h2, ..., hN}, where N is the number of nodes in the input graph. After processing

these inputs, this layer produces a new set of features as output, h′ = {h′
1, h

′
2, ..., h

′
N}.

A shared attention mechanism, a, is used to compute attention coefficients, e,

ei,j = a(Whi ∗Whj), (2.1)

where W is a weight matrix, i and j are graph nodes. ei,j represents the impact level

of node j on node i. The attention coefficients are then normalized accross all choices

of j bu using softmax function

αij = softmaxj(ei,j). (2.2)

After these coefficients are decided, the new features are calculated as

h′
i = σ(

∑
j∈Ni

αijWhj), (2.3)

where σ is a nonlinearity function and Ni is some neighbourhood of node i.

We defined a novel heterogeneous graph structure for the problem of disease

prediction. We used the PPI network as the basis of the graph. The proteins were

the nodes and the edges were defined based on interactions. The protein-protein edges

were defined as undirected. We added patients as another type of node in the graph

and defined edges between patient nodes and protein nodes based on gene mutations.

The protein-patient edges were directed from the protein node to the patient node. An

edge from a protein to a patient is defined when there is a mutation in a gene in the
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DNA sequence of that patient and that gene is responsible for the production of that

protein. For example, if a patient has a mutation in the BRCA1 gene, then in our

graph we add an edge from the BRCA1 protein to this patient in our graph. We thus

expressed both the protein interactions and the DNA mutations in our heterogeneous

graph structure. By processing the resulting graph with GAT, the different effects of

protein interactions and gene mutations on the disease were taken into account. The

test results in Chapter 5 show the success of this representation in disease prediction.

As a final step of the study, which is described in detail in Chapter 5, we added an

explainer block to analyse the trained GAT classifier. We selected Captum explainer

since it could be applied on heterogeneous graphs.



16

3. STATISTICAL REPRESENTATION MODELS FOR

MUTATION INFORMATION

As DNA sequencing technologies are improving and getting cheaper, genomic data

can be utilized for diagnosis of many diseases such as cancer. Human raw genome data

is huge in size for computational systems. Therefore, there is a need for a compact

and accurate representation of the valuable information in DNA. The occurrence of

complex genetic disorders often results from multiple gene mutations. The effect of

each mutation is not equal for the development of a disease. Inspired from the field

of information retrieval, we propose using the term frequency and term weighting

measures to weight genes based on their mutations. The underlying assumption is that

the more mutations a gene has in patients with a certain disease and the less mutations

it has in other patients, the more discriminative that gene is.

We evaluated the proposed representations on the task of cancer type classifi-

cation. The best performing classification system is further utilized for causal gene

analysis. Examples from the most effective genes that are used for decision making

are found to be in the literature as target or causal genes. The details of this study is

presented in the following sections.

3.1. Background

Complex diseases with genetic components arise from different combinations of

the mutations in DNA. With the help of the decreasing cost of sequencing technologies,

large scale sequencing datasets are being curated. Machine learning methods can be

helpful in analyzing the huge genome data. However, a suitable representation tech-

nique for the sequencing data is still a problem to be solved. In this paper, we propose

using statistical methods from the field of information retrieval for the representation

of mutation information in DNA. The proposed representation methods are evaluated

for the task of cancer type classification.
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As stated in the 2017 report of National Center for Health Statistics [19], cancer

is the second among top leading causes of death. Cancer is a group of diseases and each

cancer type is labeled by the primary area of the body where the cancer cells arise.

Each cancer type in general has a different set of causal genes and the disease emerges

from the combination of various mutations of these genes [6]. The treatment is planned

according to the primary site. Late diagnosis prevents the application of treatments

and often results in the loss of the patient. Accordingly, the unknown or wrong analysis

of the primary site and late diagnosis are major problems for cancer patients. The use

of genomic data for diagnosis might help both to recognize the disease in early stages

and to accurately classify the primary site.

Cancer classification has been primarily based on the morphological appearance

of the tumor. Medical images such as magnetic resonance images (MRI) [20–22], X-ray

and computed tomography (CT) images [23,24], as well as histopathology images [25,

26] have been utilized for cancer diagnosis and classification. Medical images provide

valuable information, especially about tumors, but they represent a restricted area.

Therefore, there is a need for a more comprehensive data source.

Another commonly used data type for cancer classification is gene expression

data. While a number of studies utilizing gene expression data have addressed the clas-

sification of cancer types [27–31], this type of data is highly sensitive to the microarray

experiment setup and in general suffers from low accuracy and robustness [32]. In ad-

dition, due to the high dimensionality of gene expression data, gene selection methods

are commonly applied prior to classification [33, 34]. The feature selection step may

eliminate genes that in general have minor effects on disease generation while still being

significant for the diagnosis of particular cancer types for some patients.

The biotechnology improvements and the automation of sequencing systems have

increased the speed and lowered the cost of human DNA sequencing, which enabled the

usage of this data type for disease diagnosis. The variants or mutations in the DNA

of an individual can be identified by comparing the DNA sequence of the individual
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to the DNA sequence of a reference genome maintained by The Genome Reference

Consortium [3] and stored in a variant call format (VCF) file [5]. In recent studies,

the binary representations of mutation data obtained from sources of manually curated

somatic mutation profiles have been utilized for cancer classification [35,36]. However,

binary representation is a limited way of describing the data. It highlights the genes

with mutations, but treats them as equal. The distinction of common, rare and disease

causing mutations is not expressed with the binary representation. Therefore, methods

such as C-score from the Combined Annotation Dependent Depletion (CADD) frame-

work [37, 38] have been developed for weighting gene mutations. Recently, the sum of

C-scores of gene mutations has been successfully used to cluster breast cancer patients

and predict the stage of the disease [39].

In this paper, we propose adapting and using term weighting techniques (tf-idf,

tf-rf and BM25) from the information retrieval field for weighting genes based on mu-

tation information. As far as we know, these techniques have not been used on variant

data before. The proposed gene weighting techniques are evaluated for the task of can-

cer type classification. Our results demonstrate that the best performing information

retrieval based model (bm25-tf-rf) outperforms the C-score based approach. When

the best performing classification model is analyzed, the most effective genes in the

classification of certain cancer types are found to have been also proposed as causal or

target genes in the previously published studies. These literature findings support the

effectiveness of our representation models.

Our work brings the following contributions:

(i) Term weighting methods from the field of information retrieval have been pro-

posed for the representation of mutation information within genomic data.

(ii) A comparison of these data representation schemes for the task of cancer type

classification has been performed using a wide range of machine learning methods.

(iii) The best performing representation and classification model are utilized for causal

gene analysis.
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3.2. Methods

In this section, we describe the proposed data representation models as well

as their utilization with machine learning algorithms for cancer type classification.

An overview of the developed system is shown in Figure 3.1. The phenotypes occur

as a result of DNA mutations. In our system, we take VCF files, which hold the

DNA mutation information, as input. These gene mutations are weighted by using

the proposed representation models. The genomic data representation vector is then

processed with a wide range of machine learning algorithms for the task of cancer

type classification. So, the VCF data constitute the set of observations and the genes,

which are weighted based on mutation information, are the features in our classification

model for learning the given cancer classes. The first output of the system is the

prediction of the cancer type. The second output is the most effective genes in the

classification process, which are obtained by analyzing the most accurate representation

and classification model.

3.2.1. Dataset

The Cancer Facts and Figures 2017 annual report [40] states the leading sites of

cancer. According to this list and the common cancer types from The National Cancer

Institute [6], we created a dataset of ten cancer types, which are observed frequently

and account for above half of the estimated cancer caused deaths. The list of selected

cancer types and the sample counts for each cancer type are provided in Table 3.1. We

downloaded a total of 7028 VCF files for ten cancer types from The Cancer Genome

Atlas (TCGA) [11]. ANNOVAR [41] is used for gene-based annotation of the VCF files.

From the annotated files, we selected the exonic and intronic mutations as they include

specific gene labels. This selection of mutation types resulted in 16, 383 distinct genes.

As a result, our dataset, named as BOUN10CANCER, has 7028 samples with mutation

information of 16, 383 distinct genes and a class label for each sample representing the

cancer type.
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3.2.2. Data Representation Models

3.2.2.1. Binary Mutation Model. In the binary model, a gene is represented with 1 if

there is a mutation in that gene, and it is represented with 0 otherwise. Hence, the

resulting data set has the gene labels as features and binary values for each feature.

The binary value for each gene feature is extracted from the annotated VCF file. If

the gene label exists in the annotated file, the value is 1, and it is 0 otherwise. If there

are more than 1 mutation for a gene, the feature value for that gene is still set to 1.

This representation model is applied by using two different gene lists. The first

model is constructed with the known causal genes for the selected cancer types. The

causal genes are obtained from OMIM [42] by using the MSC tool [43] of HGNC [44].

We extracted 434 causal genes for the cancer types in the BOUN10CANCER dataset.

The second model is constructed by using all mutated genes in the annotated VCF files.

We extracted 16, 383 mutated genes for the cancer types in the BOUN10CANCER

dataset.

3.2.2.2. C-score Based Mutation Model. The CADD framework [37, 38] is a Support

Vector Machine (SVM) based framework which calculates C-scores for variants. The

C-score integrates diverse annotations and creates a single score for a variant. In the

C-score based mutation model, the sum of C-scores for all mutations in a gene are

used as the feature value for that gene. For example, if a gene has two mutations in a

sample, the feature value for that gene in that sample is the sum of the C-scores of these

two mutations. The sum of C-scores approach was also used in [39] for breast cancer

patient classification. We evaluate this approach for cancer type classification and

compare it with the proposed information retrieval based mutation models described

in the following subsections.

3.2.2.3. Tf-idf Based Mutation Model. Complex diseases are in general developed from

the combination of various mutations in the genes. Each mutation may influence the
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evolution of the disease at different levels. In order to express these differences, we

proposed to utilize the tf-idf (term frequency-inverse document frequency) weighting

method. Tf-idf is a term weight calculation technique used commonly in the informa-

tion retrieval and text mining research areas. In [45], tf-idf is defined as a statistical

measure, which is used to evaluate how important a word is to a document in a collec-

tion by checking the distribution and frequency of the word’s occurrences.

In our context, the tf-idf value measures how important a gene mutation is to a

sample in a collection of samples. Mutations in genes that are found in most samples

have low tf-idf values, whereas genes with rare mutations are granted higher weights.

With this strategy, we aim to increase the impact of the existence of rare mutations

and suppress the effects of common mutations in the classification task, since common

mutations may not be a sign of a disease.

In this model, instead of binary values, the calculated tf -idf weights of the genes

are used as feature values. The main equation of tf -idf is presented as

tf -idfg,s = tfg,s ∗ idfg. (3.1)

The tf -idf value for a gene g and sample s is the multiplication of tf , that is term

frequency, and idf , that is inverse document frequency, values. The tf value for a gene

g and sample s is taken as the count of mutations of gene g in sample s. The higher

the number of mutations for a gene in a sample, the more tf weight is assigned to this

gene. The df , that is document frequency, value for a gene g is taken as the count of

samples in the collection that contain mutations of gene g. For a sample collection of

size N , idf of gene g is calculated as shown in

idfg = log(N/df g). (3.2)

Intuitively, the more samples in the collection have mutations in gene g, the less dis-

criminating power this gene will have as a feature in cancer type classification. So it is

assigned a lower idf score.
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3.2.2.4. Tf-rf Based Mutation Model. A mutation can be rare in the collection, how-

ever, it may be effective for samples with particular cancer types. In order to account

for the class information, tf -rf (term frequency-relevance frequency) based data repre-

sentation is adapted. Similarly to tf -idf , tf -rf is also used in information retrieval and

text mining. Unlike tf -idf , tf -rf is a supervised statistical measure proposed in [46].

It is used to evaluate how important a word is to a class of documents in a collection.

In tf -rf , a word may have different weight values for different classes.

In our context, the tf -rf value measures how important a gene mutation is to

a sample by using the information of its class label. If the particular gene mutation

is encountered more in one class compared to the other classes, the corresponding rf

and tf -rf values are higher than for the other classes. As shown in

tf -rfg,s = tfg,s ∗ rfg,c, (3.3)

the tf -rf value for a gene g and sample s is the multiplication of tf , that is term

frequency, and rf , that is relevance frequency, values. The tf value is computed in the

same way as in tf -idf . The rf value of gene g and class c is calculated as in

rfg,c = log(2 + a/max(1, b)), (3.4)

where a is the number of samples in class c which contain mutation in gene g, and b is

the number of samples in other classes which contain mutation in gene g.

3.2.2.5. BM25-tf-idf Based Mutation Model. BM25, often called Okapi, is a ranking

function used by search engines to rank matching documents according to their rele-

vance to a given search query [47]. For our task of weighting genes based on mutation

information, the term frequency definition in BM25 is used instead of the classic term

frequency in tf -idf . As shown in

bm25-tf -idfg,s = bm25-tfg,s ∗ idfg, (3.5)

bm25-tf -idf value for a gene g and sample s is the multiplication of bm25-tf , that is

BM25 definition of term frequency, and idf , that is inverse document frequency, values.
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bm25-tf value for a gene g and sample s is calculated as in

bm25-tfg,s = ((k + 1) ∗ tfg,s)/(k ∗ ((1− b) + b ∗ (Ls/Lave)) + tfg,s). (3.6)

In this equation, Ls and Lave are the length of sample s and the average sample length

for the whole collection, respectively. We model the samples with the same features.

Therefore, in our representation model, Ls is equal to Lave. When we use this equality,

Equation (3.6) is simplified to

bm25-tfg,s = ((k + 1) ∗ tfg,s)/(k + tfg,s). (3.7)

k is used as a smoothing parameter for tf . The idf definition is the same as in tf -idf .

3.2.2.6. BM25-tf-rf Based Mutation Model. For bm25-tf -rf , the term frequency def-

inition in BM25 is used instead of the classic term frequency in tf -rf . In

bm25-tf -rfg,s = bm25-tfg,s ∗ rfg,c, (3.8)

the bm25-tf -rf value for a gene g and sample s is the multiplication of bm25-tf , that

is BM25 definition of term frequency, and rf , that is relevance frequency, values. The

bm25-tf value is computed in the same way as in bm25-tf -idf . The rf definition is

the same as in tf -rf .

The effect of the smoothing parameter k is illustrated in Figure 3.2. In this

chart, the tf and bm25-tf values for different values of k are shown when the number

of gene mutations changes in the range from 1 to 10. The figure demonstrates that,

the tf values, which are represented by empty circles, keep increasing as the number

of mutations increases. Even a point mutation may be significant for the occurrence of

a certain disease. Therefore, a gene with n mutations is not necessarily n times more

important than a gene with 1 mutation for disease detection. As shown in Figure 3.2,

the smoothing parameter k in bm25-tf dampens the effect of high tf values.
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3.2.3. Implementation and Experiment Design

3.2.3.1. Machine Learning Models. A wide range of machine learning algorithms are

applied to investigate the effects of the proposed mutation based DNA representa-

tion models in the task of disease classification. Naive Bayes (NB), K-Nearest Neigh-

bor (KNN), Support Vector Machines (SVM), Logistic Regression (LR), One-Layer-

Perceptron (Perceptron) and Feed-Forward Multilayer Neural Network (NN) are run

on the prepared datasets.

For the Feed Forward NN, the model is composed of two or more fully connected

layers. Except the last layer, the number of nodes is halved at each layer. If the first

layer has N units, then the second layer has N/2 units. With this strategy, each layer

represents the information from the previous layer with less units. After each fully

connected layer, a dropout is applied. As there are 10 classes, the last layer has 10

nodes with softmax activation function. Categorical cross-entropy is employed as the

loss function. The number of epochs is 50 and the batch size is 50.

All experiments are implemented with Python. For the traditional machine learn-

ing algorithms, the scikit-learn library [48] is used. The feed forward network model is

implemented with Keras [49] on Tensorflow [50] backend.

3.2.3.2. Evaluation Strategy. The input datasets are first divided into 80% training

and 20% test sets. Parameter tuning is accomplished using 10-fold cross-validation

on the training set. Testing is also accomplished in 10-folds. In each fold, the model

with the best parameters is trained with one of the training sets from the initial cross-

validation experiment, which was performed over the 80% of the data, and testing is

performed over the test set (the initially separated 20% of the data). By this strat-

egy, the instances in the independent test set are not included in any step of either

parameter tuning or training, and the effects of minor changes of the training data

are also indicated. The reported results are the micro-averaged scores and standard

deviations on the independent test set. Accuracy, f-score, precision, recall, false posi-
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tive rate (FPR) and area under the receiver operating curve (roc-auc) are used as the

performance measures.

3.2.3.3. Parameter Tuning for The Representation Models. For BM25-tf, a range of

k values between 0.6 and 2 are used in the parameter tuning phase. The BM25-tf-

rf representation model and the Feed Forward NN are used in the parameter tuning

setup. The classification results for different values of k are presented in Table 3.2 and

the best performing row is shown in bold. k=0.8 leads to the best accuracy and f-score

values. Therefore, this value is used in our experiments for the BM25-tf calculations.

3.2.3.4. Parameter Tuning for The Classification Models. A parameter tuning phase

is applied for each machine learning algorithm and data representation model. The best

parameter set is used in the test phase. The default values are used for the parameters

that are not tuned. NB and LR are applied with the default parameters. The range or

list of values used in parameter tuning for the other machine learning algorithms are

presented in Table 3.3. The best parameters for the classification models are presented

in Table 3.4.

3.3. Results

3.3.1. Selection of Gene Sets

The success of the mutation based data representation schemes also depends on

the selected gene list. The initial experiments are applied on the binary representation

to observe the classification performances over the causal and full gene sets. LR,

SVM with linear kernel and Perceptron are selected as pilot algorithms. As shown in

Table 3.5, the accuracy values are between 33% and 37% for the binary causal gene

dataset and between 66% and 69% for the binary full gene dataset. It is observed that,

the addition of extra gene information nearly doubles the classification accuracy. The

mutation data of the additional genes increased the accuracy. The dramatic increase
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can be observed in f-score results too. This result can be interpreted as being an

indication of the existence of new (currently unknown) causal genes. As the accuracy of

the classification models are enhanced with additional genes, the rest of the experiments

are applied on the full gene datasets.

3.3.2. Comparison of The Data Representation Models with Machine Learn-

ing Experiments

Machine learning algorithms are applied in order to explore the effects of the

proposed data representations. Table 3.6, Table 3.7, Table 3.8 and Table 3.9 list the

results of the machine learning experiments. The table is designed to compare the data

representation models for each algorithm. The row with the best result is shown in bold

for each algorithm and the overall best performance is highlighted with a surrounding

box.

The accuracy scores of NB, KNN and SVM with polynomial kernel are below 57%

and the f-score results are below 59%. The remaining 5 algorithms obtain accuracy

and f-score levels above 60% (except SVM-rbf with tf-idf). We will focus on these

better performing algorithms. The BM25-tf-rf representation scheme leads to the best

accuracy and f-score results for all of the 5 algorithms. In addition, the BM25-tf-rf

data representation results in nearly 2 to 4 percent accuracy and f-score improvement

and 0.01 to 0.05 roc-auc improvement compared to the second best representation for

all of the 5 successful algorithms. When we consider the FPR results, BM25-tf-rf leads

to lowest values in all of the 5 successful algorithms.

For the Feed-Forward NN f-score results with binary and BM25-tf-rf representa-

tions, the paired t-test produces a p-value < 2.5e−10, and with the tf-rf and BM25-tf-rf

representations, the paired t-test produces a p-value < 1.1e − 05. These results show

that the additional statistical information hidden in the BM25-tf-rf representation pro-

vides significant gain compared to the other representation models. When we compare

the Feed-Forward NN f-score values for the C-score and BM25-tf-rf models, the paired
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t-test produces a p-value < 3.2e− 06. This significant difference states that, although

the BM25-tf-rf scheme doesn’t utilize the various properties of mutations that are ex-

pressed in C-score, it is more successful for the differentiation of cancer types with its

class-based statistical approach for the mutations. We can conclude that the BM25-

tf-rf scheme is a suitable representation tool for the mutation information in VCF files

for the cancer type classification task.

The most accurate algorithm (76.44% accuracy and 76.95% f-score) is the Feed-

Forward NN with the BM25-tf-rf representation scheme, despite the extra network cost.

The precision and recall results for the NN on BM25-tf-rf representation are similar

with the accuracy value. The roc-auc result is also the highest compared to the other

results in Table 3.6, Table 3.7 and Table 3.8.

For the LR and NN f-score results with the BM25-tf-rf representation scheme,

the paired t-test produces a p-value < 2.35e− 05. For the Perceptron and NN results

with BM25-tf-rf, the paired t-test produces a p-value < 1.7e−06. Thus, the multilayer

feed forward neural network model is found to be significantly more accurate than the

single layer perceptron and LR with BM25-tf-rf.

3.3.3. Class-Based Comparison of Experiment Results

BM25-tf-rf based representation leads to improved performance results compared

to the other representations with almost all machine learning algorithms in our exper-

iments. In addition, the multilayer feed forward neural network model achieves better

cancer type classification performance compared to the other machine learning algo-

rithms in our experiments for all data representations except tf-idf. Therefore, we used

the results for the NN algorithm with the BM25-tf-rf representation model for further

discussions on class-level performance.

Table 3.10 lists the class-based performance metrics. The cancer types are pre-

sented in the order of descending sample count. From this list, it is observed that the
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classification performance differs for each class. The results show that the success level

does not entirely depend on the number of samples in the dataset, as there are fewer

samples for Skin cancer than Thyroid cancer, but the f-score for Skin cancer is higher.

The proposed model doesn’t perform well for cancer types such as Prostate and Thy-

roid. Other cancer types such as Lung, Breast, Colorectal, and Skin are classified with

better f-scores. This suggests that there may be more distinctive and class specific

mutations in these cancer types, which the BM25-tf-tr scheme can model successfully.

3.3.4. Location-Based Comparison of Gene Mutations

In the previous sections all exonic and intronic mutations in the dataset have

been utilized to compare the data representation and classification models. The re-

sults have shown that the BM25-tf-rf is the best performing representation model and

the multilayer feed forward neural network is the best performing classification model

in our experiments. By using these best models, a new experiment setup is created

to explore the effect of the location of the mutations in the classification result. The

exonic and intronic mutations are used separately. The experiment results are pre-

sented in Table 3.11. When only the exonic mutations are used, the classification

performance decreases dramatically to 54.56% accuracy and 55.52% f-score. This de-

crease can be dependent on the fact that only 15% of all mutations are exonic. When

only intronic mutations are used, the classification performance decreases to 74.39%

accuracy and 75.54% f-score. This relatively lower decrease in the performance can be

explained by the vast majority of mutations being intronic. The paired t-test produces

a p-value < 4.8e − 02 for the f-score results of the Feed-Forward NN with BM25-tf-rf

representation with only intronic and all mutations. The utilization of all exonic and in-

tronic mutations for input representation leads to statistically significant improvement

in f-score performance. Similar to recent studies stating that malignancy-driving mu-

tations can also occur outside the coding region [51,52], our location based comparison

results support the need for further research in non-coding variants.
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3.4. Discussion

The main goal of genomic studies for diseases is to propose target or causal

genes. BM25-tf-rf is found to be superior compared to binary, tf-idf and C-score for

the representation of DNA mutations for the task of cancer classification. We further

analyze our best model (BM25-tf-rf and Feed Forward NN) for the most effective genes

in decision making.

In Figure 3.3 and Figure 3.4, the heat maps show the most effective genes in the

NN model with BM25-tf-rf representation for the classification of the breast and lung

cancer types, respectively. The heat maps are constructed by giving one hot vectors,

where only one gene feature is set to 1 and the others are set to 0, as input to the 10-

fold trained NN classifiers. The output values from the 10 output nodes corresponding

to the probabilities for the 10 cancer types, are saved as a heat map for that fold. The

final heat map is the average of the folds. Each output of the NN reflects the effect of

the labelled gene (set to 1 in the input) to the prediction of the cancer types. If the

probability value for a cancer type is high, this means that the labelled gene is more

effective in the prediction of that cancer type, since in the NN calculations, the other

features are cancelled as their input values are 0. If the probability value for a cancer

type is low, this means that the labelled gene doesn’t play an important role in the

prediction of that cancer type. The genes that result in high output probability values

for a cancer type are taken as more effective and active genes for the prediction of that

cancer type.

For the specific heat maps in Figure 3.3 and Figure 3.4, the final heat map is

sorted according to the selected class column and 20 genes, which have the highest

impact on the prediction of the selected cancer type, are plotted. The values in the

heat-maps represent how effective a gene is for the prediction of the corresponding

cancer type. The lighter colors represent higher values which refer to more effective

state.
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In Figure 3.3, PRSS3, AQP3, HAPLN3, RASSF8, BRF1 and GSE1 are shown to

be effective on classification of breast cancer and there is supporting evidence in the

literature for their relatedness to the disease. PRSS3 was found to promote the growth

of breast cancer cells [53]. AQP3 is studied in [54]. In [55], HAPLN3 was shown to be

among the overexpressed genes for breast cancer. In [56], HAPLN3 was suggested to be

involved in the development of breast cancer and to be a biomarker for the treatment

of breast cancer. In [57], RASSF8 was proposed to be used in discrimination of benign

and malignant breast tumors. In [58], they investigated whether BRF1 expression is

increased in the samples of human breast cancer and their results indicated that it is

overexpressed in most cases. In [59], it is reported that GSE1 is overexpressed in breast

cancer and silencing of GSE1 significantly suppressed breast cancer cells.

The effect of BM25-tf-rf weighting is illustrated through an example for the

HAPLN3 and BRF1 genes of two sample patients. Sample-79 is a breast cancer patient

and Sample-164 is a brain cancer patient. HAPLN3 and BRF1 have been found rele-

vant to breast cancer in the literature and they are both found to be among the most

effective genes for our classification system. But there is no scientific evidence about

the relationship of these genes and brain cancer. The BM25-tf-rf value for HAPLN3

in Sample-79 is 1.016021 whereas it is 0.794813 in Sample-164. There is a nearly 28

percent increase in the weight of this gene for the breast cancer sample. For BRF1, the

BM25-tf-rf value in Sample-79 is 1.323967 whereas it is 1.085498 in Sample-164. There

is a nearly 22 percent increase in the weight of this gene for the breast cancer sample.

When we consider the Feed Forward NN classification model, the weights for these gene

features is the same for both samples. Therefore, the distinction of predicted cancer

type results arise from the difference in BM25-tf-rf weights. This difference effects the

decision and helps to distinguish between cancer types.

In Figure 3.4, POLD1, COTL1, AXIN2, WIF1 and SLC2A1 (previous symbol

GLUT1) are shown to be effective on classification of lung cancer. There are studies

in the literature supporting the relatedness of these genes to lung cancer. POLD1

is studied in [60]. In [61] and [62], COTL-1 was proposed to be a biomarker or a
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therapeutic target for small cell lung cancer (SCLC) patients. In [63], AXIN2 was

found to play a major role in modulating lung cancer risk. It was shown that WIF1

had the potential as a methylation biomarker in the diagnosis of non small cell lung

cancer (NSCLC) [64]. In [65], it is reported that lung squamous cell carcinoma, a

major subtype of NSCLC, exhibits remarkably elevated glucose transporter GLUT1

expression.

Since there is literature evidence for the disease-relatedness of a subset of the

most effective genes in classification using NN model with BM25-tf-rf, the other most

effective genes that are not studied yet might also have causal roles in cancer devel-

opment. According to these evidences, NN trained with the BM25-tf-rf representation

of the mutations in the VCF files, can also be used for the purpose of finding new

candidate genes for cancer types.

3.5. Final Remarks

Complex genomic diseases are caused by changes in DNA that alter cell behavior.

The impact level of each mutation may be different for various diseases. In order to

model this diversity, being inspired from the document representation techniques in the

information retrieval domain, we proposed different mutation based statistical genomic

data representation schemes.

We utilized VCF files, which contain mutation information in the DNA, for the

classification of cancer types as a case study. Cancer, in general, results from a combi-

nation of several genomic alterations, which can be addressed in variant calls data. We

evaluated the performance of the proposed data representation schemes with a wide

range of machine learning algorithms. Our experiment results showed that BM25-tf-rf

based representation is more successful at modeling VCF data compared to the binary,

tf-idf and C-score based representation schemes. Each cancer type may develop as

a result of different gene mutations. The supervised weighting approach of tf-rf suc-

cessfully reflects this class-mutation relationship. The normalization effect of BM25-tf
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further improves the classification performance of tf-rf. We investigated the most ef-

fective mutated genes in our proposed system for breast and lung cancers. A subset

of the resulting genes have also been suggested as causal or target genes in previously

published studies, which demonstrates that the proposed approach can also be used to

recommend candidate genes.

The introduced data representation models are evaluated for the task of cancer

type classification, which is an important problem in bioinformatics, since the appro-

priate treatment is determined according to the primary site. However, they can also

be utilized for other genetic diseases, which we plan to investigate in our future studies.

Table 3.1. The list of cancer types and sample counts in the BOUN10CANCER

dataset.

Cancer Type Sample Count

Lung 1232

Breast 1080

Brain 1028

Kidney 734

Colorectal 656

Thyroid 504

Prostate 503

Skin 472

Stomach 441

Liver 378
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Figure 3.1. Overview of the proposed system.
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Figure 3.2. The effect of the smoothing parameter k in the BM25 calculations for

term frequency.

Table 3.2. Parameter tuning results for the parameter k in the BM25-tf formula.

k Accuracy F-Score Precision Recall

0.6 75.20 ± 1.21 75.89 ± 1.14 76.59 ± 1.11 75.20 ± 1.21

0.8 75.38 ± 1.02 76.18 ± 1.03 76.99 ± 1.10 75.38 ± 1.02

1.0 75.24 ± 1.60 75.87 ± 1.55 76.51 ± 1.53 75.24 ± 1.60

1.2 74.60 ± 1.60 75.32 ± 1.49 76.07 ± 1.39 74.60 ± 1.60

1.4 74.24 ± 1.00 74.88 ± 0.76 75.54 ± 0.65 74.24 ± 1.00

1.6 74.43 ± 1.39 75.35 ± 1.28 76.30 ± 1.42 74.43 ± 1.39

1.8 74.21 ± 1.46 74.89 ± 1.40 75.58 ± 1.38 74.21 ± 1.46

2.0 74.73 ± 1.32 75.53 ± 1.21 76.36 ± 1.16 74.73 ± 1.32
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Table 3.3. The range (or list) of parameters used in the parameter tuning phase for

the classification models.

Algorithm Parameter Range or Values

KNN k [2, 150]

SVM kernel linear, polynomial, rbf

polynomial degree [2, 5]

gamma [10−4, 10−1]

cost [101, 104]

Perceptron optimization function Adam, SDG

activation function ReLU, tanh

hidden layer size [10, 100]

max iterations [100, 300]

Feed Forward NN optimization function Adam, SDG

activation function ReLU, tanh

the number of layers [2, 6]

dropout rate [0.25, 0.5]

nodes in first layer [1024, 8192]
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Table 3.4. The best parameters found as a result of the parameter tuning phase for

the classification models.

Algorithm Parameter Value Data Rep.

KNN k 50 binary

10 c-score, tf-idf, tf-rf,

bm25-tf-idf, bm25-tf-rf

SVM-poly polynomial degree 3 binary, tf-idf, bm25-tf-idf

2 c-score, tf-rf, bm25-tf-rf

SVM-rbf gamma 10−4 All

cost 103 All

SVM-linear gamma 10−4 All

cost 102 All

Perceptron optimization function SGD binary

Adam c-score, tf-idf, tf-rf,

bm25-tf-idf, bm25-tf-rf

activation function tanh binary

ReLU c-score, tf-idf, tf-rf,

bm25-tf-idf, bm25-tf-rf

hidden layer size 100 All

max iterations 200 binary

300 c-score, tf-idf, tf-rf,

bm25-tf-idf, bm25-tf-rf

Feed Forward NN optimization function Adam All

activation function ReLU All

the number of layers 4 All

dropout rate 0.25 All

nodes in first layer 8192 All
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Table 3.10. Class based experiment test results with NN on full gene BM25-tf-rf

dataset.

Cancer Type F-Score Precision Recall FPR

Lung 85.47 ± 1.20 88.03 ± 2.00 83.16 ± 1.94 2.42 ± 0.48

Breast 95.92 ± 1.81 94.23 ± 2.41 97.69 ± 1.44 1.09 ± 0.47

Brain 69.80 ± 1.23 64.19 ± 3.47 77.13 ± 1.46 2.61 ± 2.32

Kidney 68.51 ± 1.14 73.59 ± 3.48 64.23 ± 2.22 2.72 ± 0.48

Colorectal 88.89 ± 1.92 88.21 ± 3.45 89.93 ± 2.89 1.28 ± 0.66

Thyroid 51.40 ± 3.35 47.86 ± 4.29 56.54 ± 4.43 14.79 ± 1.25

Prostate 39.80 ± 2.28 37.97 ± 4.03 42.32 ± 2.41 15.36 ± 1.03

Skin 89.56 ± 1.21 95.66 ± 3.49 84.38 ± 2.09 1.29 ± 0.26

Stomach 60.30 ± 2.33 74.45 ± 4.41 51.86 ± 4.50 10.31 ± 0.84

Liver 71.51 ± 2.20 83.98 ± 3.67 63.28 ± 4.00 7.75 ± 0.47
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Figure 3.3. The heat map of the most effective genes in NN with BM25-tf-rf model

for breast cancer. A light colored region for a gene and a cancer type can be

interpreted as the gene is more effective in the decision of the cancer type. A dark

colored region corresponds to less effective state.
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Figure 3.4. The heat map of the most effective genes in NN with BM25-tf-rf model

for lung cancer. A light colored region for a gene and a cancer type can be

interpreted as the gene is more effective in the decision of the cancer type. A dark

colored region corresponds to less effective state.
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4. GENE SELECTION METHOD FOR GENE

EXPRESSION DATA

Cancer is a poligenetic disease with each cancer type having a different mutation

profile. Genomic data can be utilized to detect these profiles and to diagnose and dif-

ferentiate cancer types. Variant calling provide mutation information. Gene expression

data reveal the altered cell behaviour. The combination of the mutation and expression

information can lead to accurate discrimination of different cancer types. In this study,

we transferred the information of the most effective mutations from our previous study

(Chapter 3) as a novel gene selection method for gene expression data. We tested the

proposed method in order to diagnose and differentiate cancer types. It is a disease

specific method as both the mutations and expressions are filtered according to the

selected cancer types. Our experiment results show that the proposed gene selection

method leads to similar or improved performance metrics compared to classical feature

selection methods and curated gene sets. The details of this study are presented in the

following sections.

4.1. Background

Cancer is among the leading causes of death worldwide [6]. It is a group of

diseases and each cancer type is labeled by the primary area of the body where the

cancer cells arise. A different set of causal genes leads to each cancer type and the

disease emerges from the combination of various mutations of these genes [6]. The

cancer treatment is planned according to the driving mutations. The unknown or

wrong analysis of these mutations lead to incorrect treatments and this is one of the

major problems for cancer patients. Genomic data can be utilized for diagnosis of the

disease and for recognizing different types. Genomic tests reveal the gene mutations

that may be driving a cancer’s behavior. This information helps doctors while deciding

on the patient’s personal treatment [66].
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Driving mutations are located by detailed analysis on genomic data. Whole

genome sequences and variant calling are utilized for mutation analysis [67–69]. Both

coding and non-coding regions of the DNA are analyzed for the discovery of mutational

signatures of cancer types.

Besides comprehensive statistical analysis, machine learning algorithms may help

to detect the driving mutations. A commonly used data type for cancer classification

is gene expression data. A number of studies have utilized gene expression data and

addressed the classification of cancer types [27–31]. A major challenge of using gene

expression data is the small sample size with high dimensionality. There may be

thousands of genes in each sample but only a few of them are effective on the target

disease, and most of them are irrelevant [70]. Gene selection methods are commonly

applied prior to classification to overcome the high dimensionality problem [33, 34].

Hovewer, the feature selection step may eliminate genes that in general have minor

effects on disease generation while still being significant for the diagnosis of particular

cancer types for some patients. In addition, the irrelevant genes add noise and reduce

the classifier performance for machine learning approaches [71, 72].

In this study, we propose a novel gene selection method targeting gene expression

data for the task of cancer type classification. In a previous study [8], we utilized the

mutation information in variant call format (VCF) [5] files. The most effective genes

in the discrimination of cancer types are identified. In this study, these most effective

genes within VCF data are employed for gene selection on gene expression data. The

proposed method is compared to computational based and manually curated gene

signature lists. The most important aspect of this method is that every step is disease

specific and can be adapted to any genomic disease.

Our work brings the following contributions:

(i) A novel and disease/trait specific gene selection method is proposed and tested.

(ii) The valuable information in DNA mutations are transferred and used with gene
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expression data.

(iii) Similar and slightly improved classification results are achieved compared to com-

putational based and manually curated methods.

(iv) This system can be applied to any genomic disease or trait.

4.2. Methods

4.2.1. Dataset

We utilized the gene expression files in FPKM (fragments per kilobase million)

format and the VCF files for the samples listed in CAMDA 2019 Hi-Res Cancer Data

Integration Challenge [73]. All files are downloaded from The Cancer Genome Atlas

Project (TCGA) [11]. The challenge includes samples for three cancer types: Breast,

Lung Adenocarcinoma (Lung) and Kidney Renal Clear Cell Carcinoma (Kidney). We

selected samples both having FPKM and VCF files. The list of cancer types and the

sample counts for each cancer type are provided in Table 4.1.

4.2.2. Feature Selection for Gene Expression

For baseline, we used the whole gene list in gene expression files. There are

60, 483 distinct genes in the whole gene expression set. For feature selection, we applied

SelectKBest from scikit-learn library [48], minimum Redundancy Maximum Relevance

(mRMR) with pymrmr library [74] and Relief with Weka [75, 76]. SelectKBest is

a feature selection method which selects features according to the highest scores of

a selected scoring function. mutual info classif from scikit-learn library is used as

scoring function. It scores features according to their mutual dependencies. mRMR is

a feature selection method which chooses a feature subset by considering a trade-off

between relevance and redundancy. Relief is a feature selection method which returns

a feature subset based on relevance. We applied these methods with different numbers

of features; 1, 000, 5, 000 and 10, 000 for SelectKBest and Relief and 1, 000 and 5, 000

for mRMR.
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Another feature selection method is to use a gene signature list. The Hallmark

gene set collection [77] is generated by a hybrid approach that combines an automated

computational procedure with manual expert curation. It consists of multiple gene sets

and displays the discriminating behavior across a number of test datasets. In order to

benefit information from all of the source datasets, we used the union of all Hallmark

gene sets as feature list. This results in 4, 266 gene features.

The last feature selection method of this study is the one that we propose. An

overview of the proposed system is shown in Figure 4.1. In our previous study [8],

we employed VCF files for cancer type classification. An impressive output of that

study was the list of most effective genes in decision making. Most of these genes were

found to be proposed as target genes in the literature. For a novel feature selection

method, we combined the most effective genes from our previous study for the three

cancer types. We selected 3, 000 and 3, 500 most effective genes for each cancer type

and combine them to curate a feature set that represents all three cancer types. For

the 3, 000 most effective genes, the final gene list has 6, 752 genes. For the 3, 500 most

effective genes, the final gene list has 7, 741 genes.

4.2.3. Implementation of Machine Learning Methods and Experiment De-

sign

All experiments are implemented with Python and Weka. For the machine learn-

ing algorithms, the scikit-learn and pymrmr libraries are used. We applied Logistic

Regression (LR) on the curated datasets. Each test is applied with 5-fold cross valida-

tion. The reported results are the micro-averaged scores and standard deviations on

the applied cross-validation folds. Accuracy, f-score, false positive rate (FPR), area un-

der the receiver operating curve (roc-auc) and Matthews correlation coefficient (MCC)

are used as the performance measures.
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4.3. Results and Discussion

4.3.1. Comparison with a Previous Study

For baseline, the whole gene set in FPKM files are used in classification task. In

order to compare with another data type, we utilized our previous study that operates

on VCF data in order to classify cancer types. We applied and compared a number of

statistical representation methods in that study. The best performing representation

method was BM25-tf-rf. Therefore, we applied this model for this problem. The LR

experiment results for FPKM and VCF datasets are presented in Table 4.2.

The number of features in FPKM dataset is four times that of VCF dataset.

Despite the extra cost these features cause for the classification model, the performance

metrics are improved with this dataset. The accuracy result for FPKM dataset is

99.46% whereas it is 93.70% for VCF dataset. The f-score result for FPKM dataset is

also 99.46% whereas it is 93.62% for VCF dataset. When we consider FPR and MCC

results, the difference between two datasets are more clearly observed. The FPR value

for FPKM dataset is 0.40% whereas it is 3.60% for VCF dataset. The MCC result for

FPKM dataset is 99.09% whereas it is 89.31% for VCF dataset. According to these

results, we will utilize FPKM files for further experiments.

4.3.2. Gene Selection Results

The use of all genes leads to good results in classification task. But it also

increases the computational cost. Therefore, we applied a number of gene selection

methods in order to create more FPKM based datasets. The LR experiment results

using these datasets are presented in Table 4.3.

When we applied SelectKBest with 10, 000 features, the accuracy and f-score val-

ues increase slightly to 99.57% compared to all features. But when we applied the same

feature selection method with less features, the classification performance decreases as
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the number of features decreases. mRMR algorithm produces less accurate results with

accuracy and f-score values as 98.98% with 5, 000 features. With an opposite tendency

compared to SelectKBest, Relief leads to improved classification performance with less

features. Accuracy and f-score values as 99.46% are achieved with Relief method with

1, 000 features. When we compare these three feature selection algorithms, SelectKBest

with 10, 000 features outperforms other two methods.

We employed another feature selection method in order to reduce the feature

count even more. When we consider a combination of all Hallmark gene sets for our

feature list, the experiment results show that a similar performance can be achieved

with SelectKBest with 10, 000. But the number of features is less than the half.

Hallmark gene sets are known and used for years now. They depend on the

previously curated gene sets. We further attempt to create a gene selection method

that only depends on the data itself. Therefore, we selected most effective genes for

the three cancer types from our previous study which employs VCF files. By this

method, the information hidden in mutations are transferred to gene expression data.

When we selected 3, 000 genes for each cancer type and utilized the union of them,

the resulting dataset leads to similar performance in classification with the Hallmark

gene set. When we selected 3, 500 genes for each cancer type and used the union of

them, there is a slight improvement in the performance results. The resulting accuracy

and f-score is 99.68% and MCC value is 99.46%. The FPR also decreases slightly to

0.24%. According to these results, the proposed VCF based gene selection method

leads to similar or improved performance as the number of most effective genes is

adjusted. As the disease is caused by mutations in DNA, it is reasonable to use these

mutations in order to select effective genes and further analyze their expression levels.

Our experiment results support this idea.

The comparison of f-score values and feature counts can be observed in more

detail in Figure 4.2. The most effective methods can be taken as the ones with f-score

values above 99.5%. These are SelectKBest with 10, 000 features, Hallmark and VCF
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based methods. Although VCF based gene selection method with 3, 500 genes doesn’t

provide the least feature count, it produces a slight improvement in f-score compared

to the most successful methods in this study.

4.4. Final Remarks

Changes in DNA alter cell behavior and cause genomic diseases. Each genomic

disease occurs in consequence of a different mutation profile. Besides the existence of

a gene mutation, its effect can also be analyzed by the expression levels of genes. In

this study, we provide the union of the existence and expression level information of

mutated genes and propose a novel gene selection method. We utilized the mutation

information in DNA for the selection of relevant genes in the gene expression data.

Based on our previous study [8], we selected gene features in expression data with

the help of the most effective gene mutations for each cancer type. By this method, the

valuable information in variant calling files are transferred and used with a different

genomic data type. Although the number of samples is very limited in this study,

this novel gene selection method leads to similar and slightly improved classification

results compared to classic feature selection methods as SelectKBest, mRMR, Relief

and curated gene sets as Hallmark. The proposed feature selection method is specific

to the target disease as the effective genes are decided accordingly. Therefore, this

system can be adapted and applied to any genomic disease or trait.

Table 4.1. The list of cancer types and sample counts in our dataset.

Cancer Type Sample Count

Breast 1020

Lung 507

Kidney 330
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5. GNNMUTATION: A HETEROGENEOUS

GRAPH-BASED FRAMEWORK FOR CANCER

DETECTION BASED ON DNA MUTATIONS

In this chapter, we introduce a novel approach based on a graph neural networks

that jointly considers genetic mutations and protein interactions for cancer prediction.

We use DNA mutations in whole exome sequencing data and create a heterogeneous

graph in which patients and proteins are represented as nodes and protein-protein

interactions as edges. Furthermore, the patient nodes are connected to the protein

nodes based on the mutations in the patient’s DNA. With our new heterogeneous graph

structure, the patient nodes are updated by both mutations and protein interactions.

Since the effects of each mutation on disease development are different, we processed

the input graph with attention-based graph neural networks.

We compiled a dataset from the UKBiobank consisting of patients with a cancer

diagnosis as a case group and patients without a cancer diagnosis as a control group.

We evaluated our approach for breast cancer and prostate cancer, which are among the

most common cancers, and showed that the proposed framework effectively discrimi-

nates between case and control. The results show that our proposed graph structure

and node updating lead to better performance in cancer classification. We have also

extended our system with an explainer. This reveals a list of causal genes for recognis-

ing a cancer patient. We have found that some of them have already been investigated

in cancer studies. This confirms that our system is able to recognise real causal genes

for the selected cancers and make predictions based on them. Details of this study are

given in the following sections.

5.1. Introduction

Cancer is one of the leading causes of death worldwide [6]. Genetic changes can

lead to the development of cancer if they alter cell growth and spread. Most cancer-
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causing DNA changes occur in the genes [6]. The mutations in the genes affect the

proteins, as they carry the instructions for the production of proteins. Impaired protein

function can lead to changes in protein-protein interactions and can cause the formation

of cancer cells. In this study, we investigate the effects of DNA mutations and protein

interactions on cancer development. We selected breast cancer and prostate cancer

as our case study. Breast cancer is the most common type of cancer in women and

prostate cancer in men [40].

Biological interactions can be modeled as graph structure in computerized sys-

tems. Protein-protein interaction (PPI) networks are utilized as the base graph struc-

ture for most genetic disease related studies [78]. In [79], a graph-based framework for

novel cancer gene discovery is presented by using graph neural networks (GNNs) for

node level classification. They labeled genes of a PPI network according to their cancer

relevance (either cancer-related or not). Then they applied graph convolution networks

(GCN) to predict whether unlabeled genes are related to cancer or not. In [80], they

also use PPI as graph input but applied graph level classification to detect disease sub-

networks. They constructed a PPI network for each patient and classify using a graph

isomorphism network (GIN) architecture. GNN is used for the identification of cancer

driver genes [81], and for the analysis of cancer subtypes [82]. Attention mechanisms

are also applied for analyzing cancer driver genes, predicting the disease and classifying

disease subtypes [83–85]. Since GNN is a complex method, explainers are applied to

reveal the most effective features for network prediction [79,80,86].

In the studies mentioned above, homogeneous graphs are used for data modeling.

In real life, different types of objects interact with each other. Heterogeneous graphs

can model these variations in both nodes (objects) and edges (interaction types). Het-

erogeneous graph structures are also utilized for data modeling with GNNs [87–92].

In this study, we propose an attention-based graph neural network, called GN-

NMutation, to recognize cancer patients. We used the gene mutation information in

UKBiobank [16] for a corpus of patients with and without cancer diagnosis. GNN-
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Mutation operates in a heterogeneous environment that merges patient mutation data

with protein-protein interaction data. To the best of our knowledge, this heteroge-

neous graph structure combining patients and proteins is being tried for the first time.

Previous studies with graph input map patient features to proteins or other node types

and analyze the interaction of biological objects. Here, we define the patient as an

independent object and observe the result of mutation updates. We define edges from

proteins to patients based on the corresponding gene mutations. These edges allow the

protein nodes to update the patient nodes to achieve broader information transfer and

better classification performance. GNNMutation precisely differentiates between case

and control groups. The explanatory part of GNNMutation specifies the causal genes

that lead to the development of the disease.

The key contributions of our work are summarized as follows:

(i) A novel heterogeneous graph structure has been proposed for the representation

of patients and proteins for disease classification.

(ii) The protein interaction information and mutation information have been trans-

ferred into the decision mechanism by defining corresponding edges from protein

nodes to patient nodes.

(iii) The proposed framework has achieved a leap in classification accuracy.

(iv) The parameters of the classification model have been examined to identify a list

of causal genes that reflect the effectiveness of the proposed heterogeneous graph

modeling approach.

5.2. Materials and Methods

In this study, we propose a heterogeneous graph-based framework for cancer de-

tection. The input of the system is a novel heterogeneous graph that models patients

and proteins. This graph represents the protein-protein interactions and DNA muta-

tions by defining edges between the corresponding patient and protein nodes. A Graph
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Attention Network (GAT) classifier is applied on this graph to decide whether an un-

labeled patient has cancer or not. An explainer module in the framework examines

the GAT model parameters and suggests a list of causal genes for each cancer type.

Figure 5.1 shows an overview of the proposed framework.

5.2.1. Dataset

We utilized the variant calling files [5] of whole exome sequencing data from

UKBiobank [16]. The sequencing data is obtained from blood samples. Therefore, no

biopsy or tumor sample is required for our framework. From the data to which we have

access rights, we randomly selected 1000 patients diagnosed with the selected cancers.

For control group, we selected a random set of same number of patients without a cancer

diagnosis. For our gene set, we created a union of the mutated genes in UKBiobank, the

genes that produce proteins in the physical protein-protein interaction (PPI) network

of StringDB [93] and the genes in the Hallmark gene sets [94]. Based on this list of

genes, we selected a subset of the physical PPI network of StringDB.

5.2.2. GNNMutation

5.2.2.1. Heterogeneous Graph. We formulate our problem as a node classification

problem on a global graph for patients and proteins. Inspired from [95], we defined

our heterogeneous graph model. Instead of documents and words, we used patients

and proteins. To our knowledge, this is the first study that constructs a heteroge-

neous graph with patient, mutation and protein information and defines patients as

separate nodes. We used proteins as nodes and defined edges between proteins from

the StringDB physical PPI network. The protein-protein edges in the graph were de-

fined as undirected. We also used patients as nodes and defined edges from proteins

to patients if there is a mutation in the gene that produces the protein for that pa-

tient. The protein-patient edges in the graph were defined as directed. In this way, the

patient nodes are updated by mutation information and indirectly by protein interac-

tions. Based on these updates, the network predicts the class label. An example input
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graph can be found in Figure 5.2. In the figure, PPI network is in the center. The

patient nodes are scattered over the PPI. There are multiple edges from the proteins

in the center to each patient corresponding to the DNA mutations. The labels of the

test patients are masked in runs (they are shown as gray nodes). We assigned the

protein node features as one-hot vectors. The patient node features were initialized as

statistical mutation vectors of the selected gene set.

5.2.2.2. Patient Feature Vectors. We calculated statistical features for patient nodes

based on our previous study [8]. We constructed a feature vector for each patient.

This vector summarizes the gene mutation information in the VCF files. It is a one

dimensional vector with length of total number of genes in our system. Each element in

the feature vector provides the mutation gene score for that gene and for that patient.

We used the feature type that performed best in the previous study, namely bm25-tf-rf.

Calculation details can be found in our previous study [8].

5.2.2.3. GNN Model. After deciding on the heterogeneous graph structure and fea-

tures, we need to select a graph network. There are different GNN types and imple-

mentations. The most commonly used graph network is GCN. But the GCN implemen-

tation of the PyG [96] library does not support graphs with edges connecting different

node types. Also, we want to distinguish between gene updates for a patient, since

not every gene mutation affects disease development equally. We have PPI scores and

patient mutation vector features that we can use as edge weights. But these are static

weights. Instead, we want the network to learn the weights during training. Therefore,

we chose GAT [18] as our graph network.

5.2.2.4. Explainer Model. Classification algorithms used to be black box methods.

Nowadays, interpretation libraries allow us to understand how these complex methods

make decisions. In this study, we applied Captum [97] explainer to find the roots of

the predictions of our heterogeneous graph based model. Our goal is to evaluate and

compare the impact of gene mutations on the final class decisions for patients. We com-
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puted integrated gradients (IG) [98] on protein-patient edges for cancer patients. The

edges with higher attribution values indicate that the gene that produces the protein

in the source of the edge has a greater impact on disease detection and development.

To obtain attribution scores, we first transformed our heterogeneous model into a Cap-

tum heterogeneous model. Second, we converted our inputs from our heterogeneous

graph into Captum inputs. Then, we computed the IG attribution algorithm for all

protein-patient edges in our Captum inputs using our Captum heterogeneous model

for cancer samples. We formulate our deep model as a function F : Rn → [0, 1]. We

have our feature vectors and a set of nodes and edges and our model aims to perform

a binary classification. Let x ∈ Rn be the input at hand, and x′ ∈ Rn be the baseline

input. The integrated gradient along the ith dimension for an input x and baseline x′

is defined as

IGi(x) ::= (xi − xi
′) ∗

∫ 1

α=0

∂F (x′ + α(x− x′))

∂xi

dα. (5.1)

5.2.3. Implementation and Experiment Design

GNNMutation model is implemented in Python with the PyG library [96]. The

best performing model for our heterogeneous graph is GAT with 2 levels. We tuned

the network parameters with several tests. The reported results are with the best

parameters, namely 128 for the number of hidden units, 8 for the number of GAT heads

and 0, 001 for the learning rate. We performed our tests with transductive learning. All

tests were performed with 3 repeats of 10-fold cross-validation by keeping the rate of

case-control samples equal in each fold. The average accuracy with standard deviation

is used as a performance measure for comparisons. Best parameters were selected

according to the validation set accuracy. The reported accuracies were calculated on

test set.

To determine the effect of graph data model in classification performance, we

selected algorithms without graph input for comparison. We applied logistic regression
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(LR) and multilayer perceptron (MLP) with 4 layers. We also applied Model-Half

from our previous study [8]. To our knowledge, for VCF data and cancer classifica-

tion, Model-Half provides the state-of-the-art results. It calculates a statistical feature

vector for each patient and applies a neural-network model. For the graph-based com-

parison, we tested a homogeneous graph classification with our data and called it as

HomogeneousGNN. It creates a PPI graph for each patient, assigns patient-related

features to the protein nodes in the graph and applies graph-based classification.

5.3. Results and Discussion

5.3.1. Comparison of Different Numbers of Protein-Patient Edges

We defined our protein-patient edges based on the genes that have maximum

feature values for each patient. We connected each patient to the k proteins that have

the highest mutation scores in the patient’s feature vector. For the initial tests, we

selected k as 100 genes for each patient. We repeated our tests with different number

of genes. The classification test results with different number of protein-patient edges

per patient are shown in Table 5.1. The validation set accuracy values are parallel to

the test set results. For breast cancer, increasing the number of genes first leads to

improved accuracy. However, when the number of edges is beyond a threshold, in our

case 300 genes, the accuracy value starts to decrease. This may be due to the fact

that, in graph networks nodes may have similar values after certain runs when they

are updated by similar edges. This similarity makes it difficult to differentiate between

nodes and degrades performance. The highest accuracy for both breast and prostate

cancer is achieved by selecting k as 300 genes.

5.3.2. Comparison of Different Protein-Patient Edge Strategies

The input for GNNMutation is a heterogeneous graph of proteins and patients.

There are two types of edges in the input graph. The protein-protein edges were

defined according to the PPI network. The protein-patient edges were defined based
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on the mutations in the genome of the patient. Each patient node is connected to the

300 proteins for which the corresponding genes of the patient have the highest (i.e.,

maximum) mutation scores. In order to validate our approach and demonstrate the

impact of mutation information, we also created baseline where each patient node is

connected to randomly chosen 300 protein nodes.

The classification test results for these two protein-patient edge strategies are

shown in Table 5.2. The validation set accuracy values are parallel to test set results.

From this table, it can be seen that the maximum selection leads to higher accuracy

for both cancer types. The random selection yields poor results, demonstrating that

incorporating PPI information with mutation information is essential and leads to a

powerful approach for cancer detection.

5.3.3. Comparison of Algorithms

Classification test results are presented in Table 5.3. We tested our data with 3

algorithms, LR, MLP and Model-Half, which don’t use a graph structure. LR leads

to better accuracy compared to MLP. For breast cancer, LR ncreases the accuracy

by 2 points and for prostate cancer 3 points compared to MLP results. Model-Half

is more accurate compared to LR and MLP, which is consistent with our previous

study [8]. When GNNMutation is considered, we find that the classification accuracy

is significantly better all 3 algorithms. For breast cancer, GNNMutation achieves an

accuracy of 90.3% and for prostate cancer 86.6%. This accuracy improvement is the

result of the graph input model. By using the graph representation, the additional

biological system information is appended to the features. And by using a GNN model,

the messaging between nodes enable the information transfer from proteins to patients.

By modeling the GNN in multiple layers, not only mutation information but also the

protein interactions are used to update patient nodes.

We consider HomogeneousGNN as another algorithm with graph input. Ac-

cording to our tests, the average accuracy of HomogeneousGNN is listed as the least
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performing method for both cancer types. Based on the results, GNNMutation clearly

outperforms HomogeneousGNN, for this type of mutation data. The better results

with GNNMutation shows that the heterogeneous representation with the addition of

mutation related edges besides protein interactions is more accurate for this problem.

If we look at Table 5.1 and Table 5.3 together, we can also see that even the lowest

accuracy of the proposed system, GNNMutation, is better than all other methods tested

in this study. If we look at the highest score of GNNMutation, it clearly outperforms

the other methods and produces a significant leap in performance.

5.3.4. Discussion of Explainer Results

The input of the GNNMutation framework is a heterogeneous graph containing

both patient and protein information. With the undirected protein-protein edges,

the protein nodes update each other. With the directed protein-patient edges, the

protein nodes update the patient nodes with mutation information and their interaction

information. Graph-based frameworks make predictions that take these updates into

account as well as the feature values. The explainer for the graph model extracts the

rationale behind the framework’s decision mechanisms. We let the explainer evaluate

the protein-patient nodes to see the effects of mutations and protein interactions on

the predictions. We then select 20 genes with the highest scores for each cancer type.

For visualization, we normalized the gene scores of the top 20 genes between 0 and 1.

The most effective genes and their normalized scores for breast cancer are shown

in Figure 5.3. [99] suggests that CASP9 transcriptional regulation is an important fac-

tor in the development of breast cancer. [100] proposes CASP9 as a biomarker and a

therapeutic target in inflammatory breast cancer. [101] investigates the role of IQGAP2

in tumor angiogenesis in breast cancer. [102] investigates the role of IQGAP2 as a tumor

suppressor in breast cancer. [103] examines breast tissue microarrays and shows over-

expression of MADD. [104] shows that the PFKP protein is highly expressed in triple-

negative breast cancer (TNBC). [105] investigates that silencing NOTCH4 promotes



66

tumorigenesis and inhibits metastasis in TNBC. [106] suggests that MED13L posi-

tively correlates with survival of patients with breast cancer. [107] finds that NEDD4

expression is a predictive factor for the response to hormone therapy in breast cancer

patients. [108] indicates upregulated MXRA5 expression in breast cancer tissue.

The most effective genes and their normalized scores for prostate cancer are shown

in Figure 5.4. ARHGEF3 is shown to be an oncogene and is proposed as a novel

biomarker for the prediction of invasive prostate cancer in [109]. [110] associates high

and intermediate levels of CCDC88A with higher prostate cancer survival. [111] finds

that overexpression of DOCK4 is observed in primary prostate tumors in the TCGA

dataset. [112] finds that CR-1 mRNA and protein are upregulated in prostate cancer

and suggests that CR-1 expression may be a novel biological target for personalized

therapy. [113] identifies RXRA as a novel target in prostate cancer. PDLIM5 is reported

to be abnormally enriched in prostate cancer tissues in [114]. According to [115], studies

using various systems biology methods have highlighted NR3C1 as a potential gene in

prostate cancer metastasis. SATB1 is shown to be overexpressed in metastatic prostate

cancer in [116]. [117] finds that serum concentration of TYRO3 is significantly increased

in men with localized or metastatic prostate cancer compared to men without prostate

cancer.

We searched the literature if there exist research for top 20 of these proposed

genes related with the corresponding cancer type by our explainer. We found that

nearly half of them took part in previous studies. This shows that our framework

emphasizes on proper genes for the selected cancer types. And also the rest of the

genes that are proposed by the explainer can be utilized as noval target genes for new

cancer studies.

5.4. Final Remarks

DNA mutations can affect the structure and function of the corresponding pro-

teins. These effects can change the behavior of a cell from normal to cancerous [6]. In
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this study, we propose an explainable graph-based framework to recognize the genomic

roots of cancer. We selected breast and prostate cancer for our tests. For this purpose,

we utilized gene mutations from whole exome sequencing data. We modeled our input

graph to contain separate patient and protein nodes. With this heterogeneous graph

structure, we can model the effects of gene mutations and protein-protein interactions

on patient decisions by defining corresponding edges. We compared our framework,

GNNMutation, with both graph-based and non-graph based algorithms. Our test re-

sults show that the updates in the heterogeneous graph structure lead to a significantly

better discrimination between case and control patients. Furthermore, we employ an

explainer module that examines GNNMutation and evaluates the genes according to

their influence on cancer decision. Our literature search on these genes shows that many

of them have been studied and reported in association with the corresponding cancer

types. Therefore, we suggest that the remaining genes in the explainer output list are

candidate genes to be studies further for the selected cancer types. GNNMutation is

trained and run on two cancers but can be applied to any genomic disease.
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Figure 5.2. Heterogeneous graph of patients and genes: Small blue nodes are the gene

nodes and make PPI network among themselves. Big nodes with P letter are the

patient nodes. Red represents cancer patients, green represents no cancer patients

and grey represents test nodes to be predicted.

Table 5.1. Classification test accuracy results with different number of protein-patient

edges per patient.

Edge Breast Prostate

max 100 0.740 (0.008) 0.847 (0.003)

max 200 0.824 (0.006) 0.800 (0.025)

max 300 0.903 (0.003) 0.866 (0.036)

max 400 0.873 (0.019) 0.841 (0.018)
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Table 5.2. Classification test accuracy results with different protein-patient edge

strategies. In the first strategy, each patient node is connected to the proteins for

which the mutation scores in the patient feature vector are maximum. In the second

strategy, each patient node is connected to random protein nodes. Thus, the first

strategy incorporates mutation information, whereas the second strategy doesn’t.

Edge Breast Prostate

max 300 0.903 (0.003) 0.866 (0.036)

random 300 0.495 (0.003) 0.495 (0.005)

Table 5.3. Classification test accuracy results.

Model Cancer Type Accuracy

LR Breast 0.711 (0.000)

Prostate 0.770 (0.000)

MLP Breast 0.606 (0.030)

Prostate 0.735 (0.013)

Model-Half Breast 0.728 (0.007)

Prostate 0.791 (0.011)

HomogeneousGNN Breast 0.499 (0.030)

Prostate 0.503 (0.022)

GNNMutation Breast 0.903 (0.003)

Prostate 0.866 (0.036)
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Figure 5.3. Explainer results for breast cancer.

Figure 5.4. Explainer results for prostate cancer.
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6. CONCLUSION

6.1. Discussion

In this thesis, we focused on two research problems. The first one is to predict

whether or not a patient has a certain disease based on DNA mutation information.

The second one is to identify disease causing genes or target genes for genomic testing

or drug development. We proposed frameworks for solving these problems and tested

them on cancer specific data. If a different dataset for a different genomic disease is

utilized, these systems can easily be trained and adapted for that disease.

We proposed three different frameworks for the problem of disease prediction.

Chapter 3 presents our initial study. In this study, we define the VCF file as a doc-

ument and the DNA mutations as words in that document. We then computed term

weighting metrics in this context and used them as our features. We computed several

such metrics and compared them for the task of cancer type classification. In addi-

tion, we proposed an explainable neural network as a classification algorithm. Our

test results show that the proposed method achieves significantly better performance

compared to classical classification algorithms. Chapter 4 presents our second study.

In this study, we transformed our knowledge of VCF data into a novel feature selec-

tion method for gene expression data. The expression levels of the resulting genes are

used to classify cancer types. Our test results show that the proposed gene selection

method leads to equal or better classification performance compared to classical feature

selection algorithms. Chapter 5 presents our third study. In this study, we modelled

the VCF data as a graph of patients and genes/proteins. Our novel heterogeneous

data representation model with attention based GNN leads to a leap in classification

performance compared to other classical or graph based methods. In these studies, we

utilized VCF data and also ensembled the mutation information with gene expression

and protein interaction data. Therefore, we believe that we have performed a detailed

and versatile analysis of disease related DNA mutations using other genomic data.
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We examined two of the proposed methods on the detection of a disease for causal

or target gene prediction. In Chapter 3, we applied an explainable neural network to

VCF data. After the network was trained for classification, we examined the network

parameters and extracted the importance degree of each gene for predicting the type

of cancer. In Chapter 5, we applied an attention based GNN, which is also explainable.

After completing the training phase, we analysed the network parameters for the im-

portance of the genes in distinguishing patients with or without cancer diagnosis. For

the two explainer studies, we examined the proposed list of the most effective genes

in cancer prediction in the cancer literature. We found that almost half of the result-

ing genes have been previously studied as causal or target genes in published cancer

studies. This finding leads us to conclude that the proposed frameworks make their

predictions on true causal or target genes. Moreover, the remaining proposed genes

can be studied as novel genes in cancer diagnosis or treatments.

In this thesis, we tackled disease classification and disease-gene association prob-

lems. We encountered data, memory and computational limitations and defined and

chose ways to overcome them. For example, we wanted to work with raw DNA se-

quencing data but it was huge in size for both downloading and storing. We chose to

work with VCF data as a representation of the altering parts of the DNA sequence to

overcome this handicap.

Every thesis is a step forward to the solution of the targeted problems. In this

thesis, we explored genomic roots of diseases using mutation information and proposed

representation and classification methods. Our studies are evaluated as original and

published in highly rated journals. We know that the problems are not completely

solved yet, but we strongly believe and are confident that we accomplished a step

forward for these problems.



74

6.2. Future Work

Our main future direction for the research studies reported in this thesis is to

analyse the raw sequencing data for these problems. But as mentioned in the challenges

section, the raw sequencing data size is very large. As more studies are conducted to

understand the DNA as a language, more models can be defined to represent the raw

sequencing data. This will give us the opportunity to represent the raw data in a much

smaller way and utilize for more research problems.

Before that stage, some additional mutation information can be used besides our

input vectors to improve the prediction of diseases. The VCF file contains an INFO

field for each mutation. This field can provide additional statistical or categorical

information about the mutation when selected in the annotation phase. Some examples

of additional information include mutation frequency, various pathogenicity scoring

values and the type of mutation. Each of these fields represents information provided

based on previous research studies on these mutations. We believe that if we can

combine all these values in the representation of a gene for a patient, we can improve

the classification performance.

In addition, multi-omics data can be used to better represent the genomic or

biological condition of a patient. This can improve both the classification performance

and our understanding of the disease development processes.
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ADAMTS12, and NAALAD2 Is Specific to Prostate Cancer and Predicts Bio-

chemical Disease Recurrence”, International Journal of Molecular Sciences ,

Vol. 22, No. 6091, pp. 1–13, 2021.

145. Zhao, X., Y. Lei, G. Li, Y. Cheng, H. fan Yang, L. Xie, H. Long and R. Jiang, “In-

tegrative Analysis of Cancer Driver Genes in Prostate Adenocarcinoma”, Molec-

ular Medicine Reports , Vol. 19, No. 2, pp. 2707 – 2715, 2019.

146. Atala, A., “Re: Inhibition of Ca2+ -Activated Cl- Channel ANO1/TMEM16A

Expression Suppresses Tumor Growth and Invasiveness in Human Prostate Car-

cinoma”, The Journal of Urology , Vol. 189, No. 6, p. 2393, 2013.

147. Tian, Q., Y.-Y. Lu, B. C. Yan and C. Wu, “Integrative Bioinformatics Analysis

Reveals That miR-524-5p/MEF2C Regulates Bone Metastasis in Prostate Cancer

and Breast Cancer”, Computational and Mathematical Methods in Medicine, Vol.

2022, No. 5211329, pp. 1–13, 2022.



95

148. Peng, J., P. Li, Y. Li, J. Quan, Y. Yao, J. Duan, X. Liu, H. Li, D. Yuan and

X. Wang, “PFKP is a Prospective Prognostic, Diagnostic, Immunological and

Drug Sensitivity Predictor Across Pan-Cancer”, Scientific Reports , Vol. 13, No.

17399, pp. 1–21, 2023.

149. Schacht, M. J., J. E. Garnett and J. T. Grayhack, “Biochemical Markers in Pro-

static Cancer”, The Urologic Clinics of North America, Vol. 11, No. 2, pp. 253–

267, 1984.

150. Huang, C., R. Xu, X. Zhu and H. Jiang, “m6A-modified circABCC4 Promotes

Stemness and Metastasis of Prostate Cancer by Recruiting IGF2BP2 to Increase

Stability of CCAR1”, Cancer Gene Therapy , Vol. 30, No. 2, pp. 1426 – 1440,

2023.

151. Dairo, O. O., L. D. Oliveira, E. Schaffer, T. Vidotto, A. A. A. Mendes, J. Lu, S. V.

Huynh, J. L. Hicks, A. G. Sowalsky, A. M. D. Marzo, C. E. Joshu, B. Hanratty,

K. S. Sfanos, W. B. Isaacs, M. C. Haffner and T. L. Lotan, “FASN Gene Methy-

lation is Associated with Fatty Acid Synthase Expression and Clinical-genomic

Features of Prostate Cancer”, Cancer Research Communications , Vol. 4, No. 1,

pp. 152 – 163, 2023.

152. Natori, Y., J. Suga, E. Tokuda, K. Tachibana, J. Imai, R. Honma, Y. Azami,

M. Noda, E. Sasaki, S. Watanabe, T. Ohtake and S. Saji, “E3 Ubiquitin Ligase

NEDD4 Affects Estrogen Receptor α Expression and the Prognosis of Patients

with Hormone Receptor-Positive Breast Cancer”, Cancers , Vol. 15, No. 2, p. 539,

2023.

153. Sanger, F., G. Air, B. Barrell, N. Brown, A. Coulson, C. Fiddes, C. Hutchison,

P. Slocombe and M. Smith, “Nucleotide Sequence of Bacteriophage phi x174

DNA”, Nature, Vol. 265, No. 1, pp. 687–695, 1977.

154. Guo, Y., Z. Wei and B. J. Keating, “Machine Learning Derived Risk Prediction



96

of Anorexia Nervosa”, BMC Medical Genomics , Vol. 9, No. 1, p. 4, 2016.

155. Jiang, X., B. Cai, D. Xue, X. Lu, G. F. cooper and R. E. Neapolitan, “A

Comparative Analysis of Methods for Predicting Clinical Outcomes using High-

Dimensional Genomic Datasets”, Journal of the American Medical Informatics

Association, Vol. 21, No. 2, pp. 312–319, 2014.

156. Quang, D., Y. Chen and X. Xie, “Dann: a Deep Learning Approach for Annotat-

ing the Pathogenicity of Genetic Variants”, Bioinformatics , Vol. 31, No. 1, pp.

761–763, 2015.

157. Zhou, J. and O. G. Troyanskaya, “Predicting Effects of Noncoding Variants with

Deep Learning Based Sequence Model”, Nature Methods , Vol. 12, No. 1, pp. 931–

934, 2015.

158. Ghandi, M., D. Lee, M. Mohammad-Noori and M. Beer, “Enhanced Regulatory

Sequence Prediction using Gapped k-mer Features”, Plos Computational Biology ,

Vol. 10, No. 2, p. 12, 2014.

159. Lee, D., D. Gorkin, M. Baker, B. Strober, A. Asoni, A. McCallion and M. Beer,

“A Method to Predict the Impact of Regulatory Variants from DNA Sequence”,

Nature Genetics , Vol. 47, No. 1, pp. 955–961, 2015.

160. Ritchie, G., I. Dunham, E. Zeggini and P. Flicek, “Functional Annotation of

Noncoding Sequence Variants”, Nature Methods , Vol. 11, No. 1, pp. 294–296,

2014.

161. Muller, H., R. Jimenez-Heredia, A. Krolo, T. Hirschmugl, J. Dmytrus, K. Boztug

and C. Bock, “VCF.Filter: Interactive Prioritization of Disease-Linked Genetic

Variants from Sequencing Data”, Nucleic Acids Research, Vol. 45, No. 2, pp.

567–572, 2017.

162. Fu, Y., Z. Liu, S. Lou, J. Bedford, X. Mu, K. Yip, E. Khurana and M. Ger-



97

stein, “Funseq2: a Framework for Prioritizing Noncoding Regulatory Variants in

Cancer”, Genome Biology , Vol. 15, No. 2, p. 480, 2014.

163. Yuan, Y., Y. Shi, C. Li, J. Kim, W. Cai, Z. Han and D. D. Feng, “DeepGene:

an Advanced Cancer Type Classifier Based on Deep Learning and Somatic Point

Mutations”, BMC Bioinformatics , Vol. 17, No. 476, pp. 1–14, 2016.

164. Liu, X., A. Krishnan and A. Mondry, “An Entropy-Based Gene Selection Method

for Cancer Classification using Microarray Data”, BMC Bioinformatics , Vol. 6,

No. 2, p. 76, 2005.

165. Kim, K. and S. Cho, “Ensemble Classifiers Based on Correlation Analysis for

DNA Microarray Classification”, Elsevier Neurocomputing , Vol. 70, No. 1, pp.

187–199, 2006.

166. Golub, T., D. Slonim, P. Tamayo, C. Huard, M. Gaasenbeek, J. Mesirov, H. Coller,

M. Loh, J. Downing, M. Caligiuri and C. Bloomfield, “Molecular Classification of

Cancer: Class Discovery and Class Prediction by Gene Expression Monitoring”,

Science, Vol. 286, No. 1, pp. 531–537, 1999.

167. Guyon, I., J. Weston, S. Barnhill and V. Vapnik, “Gene Selection for Cancer

Classification using Support Vector Machines”, Machine Learning , Vol. 46, No. 3,

pp. 389–422, 2002.

168. Ruiz, R., J. Riquelme and J. Aguilar-Ruiz, “Incremental Wrapper–Based Gene Se-

lection from Microarray Data for Cancer Classification”, Elsevier Pattern Recog-

nition, Vol. 39, No. 1, pp. 2383–2392, 2005.

169. Duan, K.-B., J. Rajapakse, H. Wang and F. Azuaje, “Multiple SVM-RFE for

Gene Selection in Cancer Classification With Expression Data”, Institute of Elec-

trical and Electronics Engineers Transactions on Nanobioscience, Vol. 4, No. 4,

pp. 228–234, 2005.



98

170. Cawley, G. C. and N. L. C. Talbot, “Gene Selection in Cancer Classification

using Sparse Logistic Regression with Bayesian Regularization”, Bioinformatics ,

Vol. 22, No. 2, pp. 2348–2355, 2006.

171. Piao, Y., M. Piao, K. Park and K. H. Ryu, “An Ensemble Correlation-Based

Gene Selection Algorithm for Cancer Classification with Gene Expression Data”,

Bioinformatics , Vol. 28, No. 2, pp. 3306–3315, 2012.

172. Zhang, H., H. Wang, Z. Dai, M. shun Chen and Z. Yuan, “Improving Accuracy

for Cancer Classification with a New Algorithm for Gene Selection”, BMC Bioin-

formatics , Vol. 13, No. 1, p. 298, 2012.

173. Khotanloua, H., O. Colliotb, J. Atifc and I. Bloch, “3D Brain Tumor Segmentation

in MRI using Fuzzy Classification, Symmetry Analysis and Spatially Constrained

Deformable Models”, Elsevier Fuzzy Sets and Systems , Vol. 160, No. 3, pp. 1457–

1473, 2009.

174. Wang, J., Q. J. Liu, S. Yuan, W. Xie, Y. Liu, Y. Xiang, N. Wu, L. Wu, X. Ma,

T. Cai, Y. Zhang, Z. Sun and Y. Li, “Genetic Predisposition to Lung Cancer:

Comprehensive Literature Integration, Meta-Analysis, and Multiple Evidence As-

sessment of Candidate-Gene Association studies”, Scientific Reports , Vol. 7, No.

8371, pp. 1 – 13, 2017.
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