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Abstract

Computational analysis of biological

pathways in breast cancer subtypes:

a visual exploration system and

a probabilistic framework

Inyoung Kim

Department of Computer Science & Engineering

College of Engineering

Seoul National University

Breast cancer is cancer that develops from breast tissue and it is the leading

type of cancer in women, accounting for 25% of all cases (Bray et al., 2018).

Although breast cancer has been studied extensively for several decades, there

are a number of issues that remain to be answered. With the rapid develop-

ment of instrument technologies, a huge amount of molecular data from breast

cancer has been produced. Molecular data measured inside breast cancer cells

can be very useful to investigate many unresolved issues in breast cancer. How-

ever, analysis of molecular data such as genetic mutations and gene transcripts
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is very difficult since the number of dimensions is huge (over 20,000 up to sev-

eral millions) and the number of samples or patients is only a few thousands.

This is one of the unresolved machine learning problems, that is, analysis of

high dimension low sample data. Thus, new computational methods are much

needed to study breast cancer at the molecular level.

In this thesis, I addressed this computational challenge by utilizing bio-

logical pathways that can be used to explain cancer mechanisms in terms of

biological functions, such as cell growth, cell death, and metastatic potentials.

In my doctoral study, I developed two computational methods. A web-

based system was developed for exploring pathways in terms of genetic muta-

tions, gene copy number variations, and gene expression levels. A probabilistic

framework was developed for determining driver genes from genes in biological

pathways.

The first study was to integrate TCGA breast cancer data onto the KEGG

pathway to visualize the multi-omics data of breast cancer patients. Pathway

based multi-omics analysis system is necessary but challenging due to larger

sample sizes and higher dimension. BRCA-Pathway, a web-based interactive

exploration and visualization system of TCGA breast cancer data on KEGG

pathway, was developed to address these difficulties and provide broad perspec-

tive of TCGA breast cancer data. Through the first study, it was confirmed

that the multi-omics data of breast cancer patients appeared differently for

each subtype from the perspective of the pathway. In particular, gene ex-

pression data could identify different expression patterns for each subtype in

several biologically important pathways.

The second study was to solve the problem of selecting genes specific to

the subtype by using different expression patterns from the viewpoint of the

KEGG pathway for each breast cancer subtype. The difference in the gene

expression pattern at the pathway level was represented to a numerical value
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of the degree of activation in the pathway. The difference in gene expression

level for each subtype was quantified and defined as a Gene factor, and the

difference in the degree of pathway activation for each subtype was defined as

a Pathway factor. Likelihood of gene given subtype and posterior probability

of subtype given gene were defined using Gene factor and Pathway factor.

Then, genes were ranked by likelihood and posterior probability. It can be

seen that the problem of selecting subtype specific gene corresponds to feature

selection in the subtype classification model. For this reason, we evaluated

the performance of the predictive model with selected genes as features of

the classification problem. We also analyzed the biological implications of the

selected genes.

In summary, my doctoral thesis proposed how biological pathways that

are important domain knowledge can be used to characterize breast cancer

subtypes by visually exploring molecular data and by selecting genes in a

probabilistic framework to show difference in pathway activation among breast

cancer subtypes.

Keywords: High dimensional data, Biological pathways, Gene expression,

Machine learning, Bayesian approach

Student Number: 2014-30325
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Chapter 1

Introduction

Breast cancer refers to cancer that develops from breast tissue, but each breast

subtype has heterogeneous characteristics. Therefore the prognosis for each

subtype is also different. Although breast cancer has been studied extensively

for several decades, there are still a number of issues that remain to be an-

swered.

With the rapid development of instrument technologies, a huge amount of

molecular data from breast cancer has been produced. Molecular data mea-

sured inside breast cancer cells can be very useful to investigate many unre-

solved issues in breast cancer.

However, analysis of molecular data such as genetic mutations and gene

transcripts is very difficult since the number of dimensions is huge (over 20,000

up to several millions) and the number of samples or patients is only a few

thousands. This is one of the unresolved machine learning problems, that is,

analysis of high dimension low sample data. Thus, new computational methods

are much needed to study breast cancer at the molecular level.

In this thesis, I addressed this computational challenge by utilizing bio-
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logical pathways that can be used to explain cancer mechanisms in terms of

biological functions, such as cell growth, cell death, and metastatic potentials.

In my doctoral study, I developed two computational methods. A web-based

system was developed for exploring pathways in terms of genetic mutations,

gene copy number variations, and gene expression levels. A probabilistic frame-

work was developed for determining driver genes from gene expression data in

biological pathways.

Chapter 2 introduces previous studies related to this thesis. It includes

description of the pathway-based omics analysis system and gene expression

signatures for breast cancer prognosis.

Chapter 3 describes a pathway-based biological information retrieval sys-

tem, BRCA-Pathway: a structural integration of TCGA breast cancer data

and an interactive visualization on KEGG pathway. We developed BRCA-

Pathway to interpret breast cancer data at the pathway level, a biological

functional unit. We could see how gene expression differences between breast

cancer subtypes differ at the pathway level by BRCA-Pathway.

Chapter 4 describes a probabilistic framework that discovers subtype spe-

cific driver gene sets, guided by pathway information. The visual difference at

the pathway level in BRCA-Pathway was transformed to pathway activation

score and this value was introduced into the problem of selecting genes that

distinguish subtypes. In the probabilistic framework, the likelihood and pos-

terior probability of each gene were calculated to select genes specific to the

subtype.

Chapter 5 summarizes my doctoral study and discusses how this study

contributed to the gene selection problem specific to the breast cancer sub-

types.

2



Chapter 2

Related works

2.1 Driver gene and passenger gene

Through next-generation sequencing, thousands of mutations have been re-

ported in large cohorts (TCGA, ICGC). However, a fraction of millions of

mutations that are observed in cancer are directly related to cancer develop-

mental process, and a majority of mutations are passenger mutations that are

either simply difference among individuals or consequences of cancer devel-

opment (Vogelstein et al., 2013). In many cancer studies, large efforts have

been made to determine driver genes involved in the cancer process, especially

in mutation studies (Kris et al., 2011) and in epigenetic studies (Kalari and

Pfeifer, 2010).

In my doctoral study, I am interested in classifying subtypes of breast can-

cer patients using gene expression data. To provide a solution to the problem

of selecting key genes that are essential in each of breast cancer subtypes based

on gene expression level information.

The concept of the driver gene and the passenger gene is essential in my
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doctoral thesis. However, a definition of the driver gene and the passenger

gene requires a very large cohort study over a long period of time. Thus, the

concept is yet to be precisely defined in the cancer science community.

In my thesis, I define as follows. Among many genes that differ in the ex-

pression level, a key gene that has a pivotal role in distinguishing breast cancer

subtypes is a driver gene. In my doctoral study, this concept is implemented

in a probabilistic framework that utilizes biological pathway information to

select genes that are specific to subtypes. Thus, in my thesis, a driver gene

is considered as a subtype specific gene that is ranked high by the probabilis-

tic framework. All other genes that are not driver genes are considered as

passenger genes.

From a computer science perspective, this is a problem of distinguishing

between true positives and false positives. It is difficult to solve the prob-

lem when the number of patient samples are much smaller than the size of

dimensions, that is genes.

To address this computationally infeasible problem, I leveraged biological

pathway information that is curated manually based on the scientific literature.

In the probabilistic framework that I designed and implemented, genes are

ranked in terms of likelihood and posterior probabilities that are weighted by

Pathway factors. In other words, selection of genes are guided by pathway

information to discover subtype specific driver gene sets.

4



2.2 Breast cancer

Breast cancer refers to cancer that develops from breast tissue, but each breast

subtype has heterogeneous characteristics. Therefore the prognosis for each

subtype is also different. Although breast cancer has been studied extensively

for several decades, there are still a number of issues that remain to be an-

swered. Worldwide, there are about 2.1 million newly diagnosed female breast

cancer cases every year, accounting for almost 1 in 4 cancer cases among

women (Bray et al., 2018).

2.2.1 Breast cancer subtypes

The studies conducted by Sørlie et al. reported a distinctive molecular portrait

of breast cancer, according to which tumors were classified into five intrinsic

subtypes with distinct clinical outcomes, i.e., Luminal A, Luminal B, HER2

overexpression, Basal and Normal-like tumors (Perou et al., 2000; Sørlie et al.,

2001).

Patients diagnosed with breast cancer are internally divided into five sub-

types according to three molecular characteristics: estrogen receptor (ER),

progesterone receptor (PR), and human epidermal growth factor receptor 2

(HER2). Each of the five intrinsic subtypes is mapped to an Immunohisto-

chemistry (IHC)-defined subtype in Table 2.1 (Dai et al., 2015). IHC markers

including ER, PR and HER2 are classically used for breast tumor subtyping

(Dai et al., 2016).

When breast cancer cells have a significant amount of ER, they are called

ER+. In other words, the ER positive type means that cancer cells grow in

response to the estrogen hormone. Interestingly, the patient’s prognosis varies

depending on the subtype. Among them, the triple negative type, called Basal

subtype, is more aggressive than other subtypes, and is likely to have already

5



Table 2.1: Breast cancer molecular subtypes. From “Breast cancer intrinsic

subtype classification, clinical use and future trends,” by X. Dai et al, 2015,

American journal of cancer research, 5.10:2929.

Intrinsic subtype IHC status Outcome Prevalence

Luminal A [ER+|PR+]HER2-KI67- Good 23.7%

Luminal B [ER+|PR+]HER2-KI67+ Intermediate 38.8%

[ER+|PR+]HER2+KI67+ |Poor 14%

HER2 [ER-|PR-]HER2+ Poor 11.2%

Basal [ER-|PR-]HER2- Poor 12.3%

Normal-like [ER+|PR+]HER2-KI67- Intermediate 7.8%

metastasized to other parts at the time of discovery. The likelihood of re-

currence is high, and the likelihood of dying within 5 years is high. Figure

2.1 specifies molecular subtypes of breast cancer and their relative prognosis

outcome.
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Figure 2.1: Molecular subtypes of breast cancer and their relative prognosis

outcome. Patients diagnosed with breast cancer are internally divided into five

subtypes according to three molecular characteristics: estrogen receptor (ER),

progesterone receptor (PR), and human epidermal growth factor receptor 2

(HER2). Each of the five intrinsic subtypes is mapped to an Immunohistochem-

istry (IHC)-defined subtype. From “Organoids as reliable breast cancer study

models: an update,” by A. Sasmita and Y. Wong, 2018, Int J Oncol Res, 1.008.
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2.3 KEGG pathway

KEGG (Kyoto Encyclopedia of Genes and Genomes) is a database resource for

understanding high-level functions and utilities of the biological system, such

as the cell, the organism and the ecosystem, from genomic and molecular-level

information (Kanehisa and Goto, 2000). It is a computer representation of the

biological system, and KEGG pathway is a a collection of manually drawn

pathway maps representing knowledge on the molecular interaction, reaction

and relation networks.

Figure 2.2 shows Cell cycle pathway. The cell cycle is the series of events

that takes place in a cell leading to its division and duplication (Schwartz

and Shah, 2005). Regulation of the cell cycle involves processes crucial to the

survival of a cell, including the detection and repair of genetic damage as well

as the prevention of uncontrolled cell division (Maddika et al., 2007). Like

Cell cycle pathway, each map of KEGG pathway is a collection of biologically

closely related genes and can be considered as a unit that performs biological

functions.

2.3.1 Pathway-based analysis systems

A number of systems have been developed to utilize KEGG pathway. Pathview

(Luo and Brouwer, 2013) is an R/Bioconductor package for pathway-based

data integration and visualization. Pathview automatically downloads the

pathway graph, parse, maps and integrates user data onto the pathway and

renders pathway graphs with the mapped data. Pathview is useful and easy to

use. But, installation and preparation of data files are remained to users. Path-

way Inspector (Bianco et al., 2017) is a web application for finding patterns of

gene expression in complex RNAseq experiments. Pathway Inspector combines

identification of differentially expressed genes (DEGs) and a topology-based

8



Figure 2.2: Example of KEGG pathway for representing gene interactions.

KEGG pathway is a collection of manually drawn diagrams called the KEGG

reference pathway diagrams (maps), each corresponding to a known network of

functional significance.

analysis of enriched pathways. However, existing pathway-based analysis tools

are not powerful enough to investigate complex diseases such as cancer with

multi-omics data. Therefore, we need more powerful and flexible information

system for integrating and analyzing different types of multi-omics data in

cancer.

Many tools have been developed for TCGA data analysis. TCGA2STAT

(Wan et al., 2016) is one of the tools, but these tools require knowledge of

the detailed specifications of TCGA data and programming skills. Meanwhile,

9



there are web-based multi-omics data analysis services such as cBioPortal (Gao

et al., 2013), OASIS (Fernandez-Banet et al., 2016), and NetGestalt (Zhu et al.,

2014). This frameworks provide easy access and interpretation of multi-omics

data. OASIS provides multi-omics data such as mutations, CNV and gene ex-

pression in selected cancer types and selected oncogenic pathways. But, there

is no information on the relationship between genes because multi-omics data

is displayed using a table. NetGestalt adopts visualization at the horizon-

tal dimension and extends it to a large network, providing multi-omics data

from a network perspective. In addition, by zooming into specific gene, multi-

omics data of each gene is displayed and protein-protein interactions around

the selected gene are provided. KeyPathwayMinerWeb (Pandey et al., 2004)

provides an online multi-omics network. It receives gene expression data and

active gene list from users and provides the maximum connected sub-network

using protein-protein interaction (PPI). This system displays the relationship

of genes in the network, but does not show multi-omics data in the network

because it uses only the gene expression data.
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2.4 Gene expression signatures for breast cancer prog-

nosis

Breast cancer is a complex disease encompassing multiple tumor entities, each

characterized by distinct morphology, behavior and clinical implications (Dai

et al., 2016). According to the study by Sørlie et al., breast cancer is classified

into five intrinsic subtypes with distinct clinical outcomes: Luminal A, Luminal

B, HER2 overexpression, Basal and Normal-like tumors.

These five intrinsic subtypes have been repeated by other studies with

varying numbers of genes included in the signature. For example, Hu et al.

found a signature containing 306 genes that can distinguish these subtypes

with significant differences observed on relapse-free and overall survival (Hu

et al., 2006). Parker et al. reported a 50-gene classifier (PAM50, which contains

mostly hormone receptor and proliferation related genes, and genes exhibit-

ing myoepithelial and basal features), which has significant prognostic and

predictive values on breast tumors (Parker et al., 2009).

However, these previous researches are not sufficient for functional inter-

pretation that can be linked to therapeutic options. To overcome this short-

coming, Gatza et al. classified breast cancer patients making use of patterns of

pathway activity based on intrinsic gene expression signatures (Gatza et al.,

2010). Gene expression data was normalized using Bayesian Factor Regression

Modeling (Carvalho et al., 2008) and analyzed by unsupervised hierarchical

clustering to reveal complex patterns of gene expression. According to the

clustering results, 18 pathways were defined and validated with independent

biochemical or genetic analyses.

11



Chapter 3

Pathway-based biological
information retrieval system

3.1 Motivation

3.1.1 Biological pathway analysis

Use of multi-omics data that are observed inside cancer cells can be very useful

to reveal biological mechanisms in cancer. Transcriptome data measured at the

whole genome level require a higher level of interpretation rather than simply

measuring the expression level of each gene in order to grasp its biological

meaning. Single nucleotide variation (SNV) and copy number variation (CNV),

as well as mutations, are often measured for cancer research. Different types

of data as such are often termed as multi-omics data.

Direct interpretation of multi-omics data is very difficult since the number

of genes are large, 20, 000, and number of mutations observed in cancer cells

is huge, up to several millions. Thus, multi-omics data are often mapped to

KEGG pathway since pathways are much easier for interpretation.

A number of systems have been developed to utilize KEGG pathway.
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Pathview (Luo and Brouwer, 2013) is an R/Bioconductor package for pathway-

based data integration and visualization. Pathview automatically downloads

the pathway graph, parse, maps and integrates user data onto the pathway and

renders pathway graphs with the mapped data. Pathview is useful and easy to

use. But, installation and preparation of data files are remained to users. Path-

way Inspector (Bianco et al., 2017) is a web application for finding patterns of

gene expression in complex RNAseq experiments. Pathway Inspector combines

identification of differentially expressed genes (DEGs) and a topology-based

analysis of enriched pathways. However, existing pathway-based analysis tools

are not powerful enough to investigate complex diseases such as cancer with

multi-omics data. Therefore, we need more powerful and flexible information

system for integrating and analyzing different types of multi-omics data in

cancer.

3.1.2 Pathway based analysis tools

Many tools have been developed for TCGA data analysis. TCGA2STAT (Wan

et al., 2016) is one of the tools, but these tools require knowledge of the detailed

specifications of TCGA data and programming skills.

Meanwhile, there are web-based multi-omics data analysis services such

as cBioPortal (Gao et al., 2013), OASIS (Fernandez-Banet et al., 2016), and

NetGestalt (Zhu et al., 2014). This frameworks provide easy access and inter-

pretation of multi-omics data.

OASIS provides multi-omics data such as mutations, CNV and gene ex-

pression in selected cancer types and selected oncogenic pathways. However,

there is no information on the relationship between genes because multi-omics

data is displayed using a table.

NetGestalt adopts visualization at the horizontal dimension and extends

it to a large network, providing multi-omics data from a network perspective.
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In addition, by zooming into specific gene, multi-omics data of each gene is

displayed and protein-protein interactions around the selected gene are pro-

vided.

KeyPathwayMinerWeb (Pandey et al., 2004) provides an online multi-

omics network. It receives gene expression data and active gene list from users

and provides the maximum connected sub-network using protein-protein in-

teraction (PPI). This system displays the relationship of genes in the network,

but does not show multi-omics data in the network because it uses only the

gene expression data.

Our system, BRCA-Pathway (Kim et al., 2018), is designed to simultane-

ously represent the relationship between genes in the KEGG pathway and the

corresponding multi-omics data. In summary, a pathway-based multi-omics

analysis system is required, but it is difficult due to the larger sample size

and high-dimensional problems of multi-omics. For this reason, we developed

BRCA-Pathway, a web-based interactive exploration and visualization system

of TCGA breast cancer data on the KEGG pathway to provide a broad per-

spective of TCGA breast cancer data.

14



3.2 Methods

3.2.1 System design of BRCA-Pathway

BRCA-Pathway consists of three parts - Database system, Representational

State Transfer Application Programming Interface (REST API), and Web

front-end. As a first technical base, Database system which structured omics

data such as gene expression RNASeq normalized counts, mutation, Copy

Number Variation (CNV) data, clinical data, and KEGG pathway data. And

its management system is MySQL.

Second part of BRCA-Pathway is REST API. This interface given by

Django web framework provides structured omics data from database in re-

sponse to client’s requests.

The last part of BRCA-Pathway is front-end. This part calls omics data

with ajax, one of the useful asynchronous communication method while dealing

with various repositories of biology databases (Aravindhan et al., 2009). Once

the web browser which is in side of clients requests data through URL, REST

API would send data after throwing a query to database system and returned

query result (queryset) by database virtual view. Clients could approach those

data by not only BRCA-Pathway web service, but also web browser or termi-

nal.

As shown in Figure 3.1, the system design of BRCA-Pathway consists of a

web server on the right and a web front end that the user encounters on the

left. The server consists of a database system, REST API.

The left part is client side, and the right part is BRCA-Pathway server

side. BRCA-Pathway server builds the database which contains structured

TCGA multi-omics data and KEGG pathway data. Database is abstracted by

virtual view which simplifies table join functions. REST API could get the

data set when it throws query to database. These data set will be provided by
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Figure 3.1: BRCA-Pathway system structure overview. The left part is client

side, and the right part is BRCA-Pathway server side. BRCA-Pathway server

builds the database which contains structured TCGA multi-omics data and

KEGG pathway data. Database is abstracted by virtual view which simplifies

table join functions. REST API could get the data set when it throws query

to database. These data set will be provided by Django framework so that the

clients can access the data set by web browser or terminal. BRCA-Pathway web

front-end receives the data set and visualizes for clients.

Django framework so that the clients can access the data set by web browser

or terminal. BRCA-Pathway web front-end receives the data set and visualizes

for clients.
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3.2.2 Data resources and database architecture

BRCA-Pathway integrates multiple resources in a relational database and pro-

vides web-based interactive interface and REST API. A database system us-

ing MySQL is designed for the structured integration of multi-omics data of

TCGA-BRCA, KEGG pathway data, Hallmark gene sets, transcription fac-

tors, driver genes, and PAM50 subtype.

BRCA-Pathway system can update KEGG Pathway and TCGA-BRCA

data by initiating the update software module to incorporate the most recent

information. The current configuration is based on KEGG Pathway released

on October 1, 2016 and the latest version of GDAC Firehose on January 28,

2016.

Table 3.1 shows the data resources used in the BRCA-Pathway system. It

uses TCGA data, KEGG pathway data, transcription factors, characteristic

gene sets, and driver gene information. In the TCGA data, the patient’s clinical

information, gene expression data, mutation data and CNV data were used.

TCGA data is taken from the latest version of the BROAD Institute GDAC

firehose. Much of the data provided by the BRCA-Pathway is from TCGA, a

cancer genomics program that began in 2006 in collaboration with the National

Cancer Institute (NCI) and the National Human Genome Institute (NHGRI).

It started with the purpose of integrating and accumulating mutation data and

analyzing biological information. The relational database schema of BRCA-

Pathway is shown in Figure 3.2.
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Table 3.1: Description of data provided by BRCA-Pathway

Data type Data size Data source

Clinical

22 attributes

Standardized analysis-ready TCGA data,

Broad Institute TCGA Genome Data

Analysis Center (2016):

Firehose stddata 2016 01 28 run

Broad Institute of MIT and Harvard

doi:10.7908/C11G0KM9

1,098 patients

1,098 rows

Gene Expression

1,093 patients

20,531 genes

22,440,383 rows

Mutation

977 patients

17,280 genes

86,765 rows

CNV

1,080 patients SNP6 Copy number analysis (GISTIC2)

Broad Institute of MIT and Harvard

doi:10.7908/C1NP23RQ

24,776 genes

26,758,080 rows

KEGG Pathway 307 pathways Kyoto Encyclopedia of Genes and Genomes

Transcription Factors 85,314 TF-TG pairs

Human Transcriptional Regulation

Interaction Database (HTRIdb)

Molecular Signatures Database (MSigDB)

Hallmark gene sets 50 Hallmark gene sets Molecular Signatures Database (MSigDB)

Driver genes 486 driver genes

Cancer Gene Census in COSMIC database

Vogelstein, Bert, et al. “Cancer genome

landscapes.” science 339.6127 (2013):

1546-1558. Table S2A
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Figure 3.2: Entity Relationship Diagram of BRCA-Pathway : ERD shows the

relationship between tables. Patient table contains clinical information of the

individual breast cancer patient. PAM50 subtype table provides the subtype of

the patient by PAM50 method. Three tables are for TCGA omics data, Gene

expression, Copy Number Variation, and Mutation. TF-TG table provides the

regulation information between genes, Transcription Factor and Target gene.

Driver gene table contains the important gene list in cancer progression. Hall-

mark gene sets summarize and represent specific well-defined biological states or

processes and display coherent expression. There are 5 tables to represent the

KEGG pathway information.
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3.2.3 Workflow of BRCA-Pathway

Figure 3.3 shows an example workflow of BRCA-Pathway. To map the data

of breast cancer patients to the KEGG pathway, select the pathway and the

patients to be mapped.

First, select the pathway of interest. If user doesn’t know which pathway

to choose, user can choose one of the several options below. User can choose

from the hallmark gene set, a set of genes that are important in cancer, enter

the gene symbol of interest, or choose from genes that show differences in

expression between breast cancer subtypes. Then, the pathways containing

the selected gene are shown as a list, and the user can select a pathway from

the list. Next, we select the patient population data to map to the pathway.

Clinical information and PAM50 subtypes allow user to select a subpopulation

of breast cancer patients in any combination.

In this example, we will show the procedure of analyzing patients of Basal

subtype starting with genes (DEG) expressed differently than normal tissue

samples. Calculation of Wilcoxon rank-sum test reveals DEGs from Basal sub-

type patient group and lists the KEGG pathway including these DEGs. In ad-

dition, when the user selects a pathway from among them, multi-omics data

mapped to the selected pathway is visualized. In other words, gene expres-

sion, mutation information, and CNV information are mapped and visualized

on the pathway.
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Figure 3.3: Workflow of BRCA-Pathway : (a) Selection of subpopulation by

subtype and clinical features. In this example, patients with Basal subtype are

selected and (b) pathways including differential expressed genes in Basal subtype

are listed as the result of computation of Wilcoxon rank-sum test. (c) Visualiza-

tion of multi-omics data from patients with Basal subtype. Genes with specific

pattern are highlighted by selecting the condition.
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There are several ways to select KEGG pathway. In this example, pathway

selection by DEG is described. Figure 3.3(a) shows the selection of patients to

map on pathway by breast cancer subtype and clinical features. If patients with

Basal subtype are selected, then pathways including differentially expressed

genes in Basal subtype are listed as the result of computation of Wilcoxon

rank-sum test as shown in Figure 3.3(b). Select pathways from the list then

BRCA-Pathway visualizes multi-omics data of patients whose subtype is Basal.

Users can view the pathway by three different data types. Gene expression,

mutation, and CNV data are visualized in separate way or integrated way.

Genes having specific omics-pattern are highlighted by selecting the omics

condition. For example, genes having no mutation and of which CNV is Loss (-

1) or Del (-2) but overexpressed are selected for highlighting then the pathway

turns shaded except the highlighted genes as in Figure 3.3(c).
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3.3 Results

The major features of BRCA-Pathway:

• Multi-omics data such as SNV, CNV, and gene expression can be visu-

alized simultaneously on KEGG pathway maps, together with TF-TG

correlation and relationships among cancer driver genes.

• Users can perform comparative analysis of BRCA data, including selec-

tion of differentially expressed genes (DEGs) in arbitrary patient groups,

mutual exclusivity module (MEMo) summary of genomic alterations

(SNV and CNV).

• Data can be downloaded by REST API.

3.3.1 Pathway-based exploration of TCGA BRCA

BRCA-Pathway can visualize gene expression level, mutation, and CNV data,

respectively, or combine three omics and show them in an integrated view.

On the left of Figure 3.4, we can see the pathways showing gene expression,

mutation, and CNV in Cell cycle pathway, respectively. On the right, it is a

screen that shows three omics combined. One square can be regarded as one

gene, and each square is divided into three parts. The first part indicates the

gene expression level. Red color means overexpression of the gene. The middle

part represents the frequency of mutation. Gray color means there are no

mutations. The last part represents the CNV, blue color means copy number

deletion. And by highlight function, only genes that satisfy the conditions set

by the user are highlighted and displayed.
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Figure 3.4: Integrated view of multi-omics data using BRCA-Pathway : BRCA-

Pathway can visualize gene expression level, mutation, and CNV data, respec-

tively, or combine three omics and show them in an integrated view. On the

left side, we can see the pathways showing gene expression, mutation, and CNV

in Cell cycle pathway, respectively. On the right side, it is a screen that shows

three omics combined. One square can be regarded as one gene, and each square

is divided into three parts. The first part indicates the level of gene expression.

Red color means overexpression. The middle part represents the frequency of

mutation. Gray color means there are no mutations. The last part represents

the CNV mutation, blue color means copy number deletion. And through the

highlight function, genes satisfying the conditions set by user are highlighted

and displayed.
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Visualization of multi-omics on KEGG pathway

Figure 3.5 shows visualization of TCGA BRCA using BRCA-Pathway. Multi-

omics data of patients whose subtype is Basal is mapped on hsa04110 (Cell cy-

cle pathway). User can view pathway maps in three different data types. Gene

expression, mutation and copy number variation (CNV) data are visualized

either separately or integrated. Genes with specific patterns are highlighted

by selecting the conditions. For example, genes, having no mutation and of

which CNV is Loss (-1) or Del (-2) but that are overexpressed, are selected.

Genes in the pathway except the highlighted genes become shaded.

Investigation of multi-omics

Figure 3.6 shows the multi-omics of Basal subtype patients mapped on Cell

cycle pathway. When user clicks each gene entry on the pathway, multi-omics

of that gene are displayed such as gene expression level, mutation count ratio

and CNV. CNV value -2 is copy number deletion, -1 is loss, 0 is neutral, +1

is gain, +2 is copy number amplification. For example, CCNA2 gene of Basal

subtype patients is overexpressed. Fold-change of CCNA2 gene expression level

of Basal subtype patients is 13.04 compared to normal tissues. Thus the gene

expression level is colored in red. And there is no mutation in CCNA2. CNV

is almost Neutral (0) or Loss (-1,-2). Among 223 Basal subtype patients, 191

patients were Neutral or Loss in CNV.

Transcription factor - Target gene correlation

Transcription is the process of making messenger RNA from DNA sequence.

Gene expression data in BRCA-Pathway is the amount of messenger RNA. The

amount of DNA sequence corresponding CCNA2 gene is not amplified, but the

amount of messenger RNA of CCNA2 is 13 times more than normal tissue.

In other words, the overexpression of CCNA2 gene in Basal subtype patients
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is not due to the large amount of gene copy of CCNA2, but some regulators

probably promoted the transcription of CCNA2. For more investigation, user

can check the correlation coefficient of the transcription factor and target

gene expression level, and user can see that the correlation coefficient between

FOXP3 and CCNA2 is significantly different from the normal sample (0.58)

and the tumor sample (0.16). The correlation coefficient value at (-0.07) is

displayed in gray. As p-value is 0.05 or higher, it is displayed in gray. We

found that the correlation breaks down in tumor samples.

Therefore, these findings can be the starting point for Basal subtype breast

cancer research. We believe that BRCA-Pathway can provide insight into

breast cancer research.

Mutual exclusivity in Breast cacner patients

Figure 3.7 is Oncoprint showing the mutual exclusive pattern of genes in Cell

cycle pathway. Selecting genes, Oncoprint shows copy number variation (Amp

or Del) and mutation in the mutual exclusive way between selected genes.

In this case, some extremely overexpressed genes (fold change>10 by normal

sample pool) and RB1 gene are selected. Oncoprint shows mutual exclusive

pattern between CCNE2, RB1, CCNE1 and CDKN2A at the top 4 rows re-

spectively. Each column represents each patient. Basal subtype patients are

mutually exclusive in alteration of four genes. That is, patients with genomic

alteration in CCNE1 gene have little alteration in other genes (CCNE2, RB1,

CDKN2A).It is not easy to predict a key variation based on the frequency of

variation. Because genomic alteration (i.e., mutation and CNV) on the same

pathway is often mutually exclusive and pathways are disrupted by different

combinations of these variations. Therefore, it is helpful to identify mutually

exclusive alteration patterns by Oncoprint.
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Figure 3.5: Visualization of TCGA BRCA using BRCA-Pathway : Multi-omics

data of patients whose subtype is Basal is mapped on hsa04110 (Cell cycle path-

way). Users can view pathway maps in three different data types. Gene ex-

pression, mutation and copy number variation (CNV) data are visualized either

separately or integrated. Genes with specific patterns are highlighted by select-

ing the conditions. For example, genes, having no mutation and of which CNV

is Loss (-1) or Del (-2) but that are overexpressed, are selected. Genes in the

pathway except the highlighted genes become shaded.
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Figure 3.6: Multi-omics and TF-TG correlation : Clicking a gene entry on

the pathway displays multi-omics data of the gene such as gene expression level

compared with normal sample pool and with tumor sample pool, mutation count

and ratio, CNV as -2 (Del), -1 (Loss), 0 (Neutral), 1 (Gain), 2 (Amp) with the

count of patients having each CNV value and Pearson correlation coefficients

of TF-TG gene expression. Three columns represent the correlation of TF-TG

in normal sample pool, tumor sample pool and selected subpopulation pool,

respectively. Correlation with p-value over 0.05 are shaded.
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Figure 3.7: Mutual exclusivity by Oncoprint : selecting genes, Oncoprint shows

copy number variation (Amp or Del) and mutation in the mutual exclusive way

between selected genes. In this case, some extremely overexpressed genes (fold

change> 10 by normal sample pool) and RB1 are selected. Each column repre-

sents each patient. Oncoprint shows mutual exclusive pattern between CCNE2,

RB1, CCNE1 and CDKN2A at the top 4 rows respectively. Basal subtype pa-

tients are mutually exclusive in alteration of four genes. That is, patients with

genomic alteration in CCNE1 gene have little alteration in other genes (CCNE2,

RB1, CDKN2A).
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Figure 3.8: Pathway relations are shown in Venn diagram. A list of pathways

and the number of genes in each pathway are described on the right side. Genes

shared between pathways are listed under the Venn diagram.
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Survival analysis

In addition to the visualization of multi-omics data, BRCA-Pathway provides

survival plots in the context of pathway. Figure 3.9 is the survival plot of Basal

subtype patient group. Basal subtype patient group can be divided into two

groups by the presence of mutations in genes belonging to Cell cycle pathway.

One is a group without mutations in Cell cycle pathway and the other is

a group with mutations in Cell cycle pathway. Figure 3.9(a) Basal subtype

and Cell cycle pathway are selected, patients with at least one mutation in

the genes involved in Cell cycle pathway will belong to the mutation group

(green line). On the other hand, patients without a mutation in Cell cycle

pathway genes will belong to the mutation free group (red line), and all breast

cancer patients are depicted as blue line for the comparison. (b) Her2 subtype

and Oocyte meiosis pathway are selected, Her2 patients having at least one

mutation in Oocyte meiosis genes are depicted as green line, and the rest Her2

patients are depicted as red line.

P-value by the log rank test is provided for the significance in the differ-

ence of two groups. P-value of 0.05 shows that there is a significant difference

between the mutation group and mutation free groups. It can be seen that the

survival plot of the mutation group is significantly different from the mutation

free group. Therefore, we can say that mutations in genes belonging to the

pathway affect survival, and based on this fact, we can get guide for selecting

genes predicting prognosis in the subgroup of patients.
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Figure 3.9: Survival analysis (a) Basal subtype and Cell cycle pathway are

selected, patients with at least one mutation in the genes involved in Cell cycle

pathway will belong to the mutation group (green line). On the other hand,

patients without a mutation in Cell cycle genes will belong to the mutation free

group (red line). (b) Her2 subtype and Oocyte meiosis pathway are selected,

Her2 patients having at least one mutation in Oocyte meiosis genes are depicted

as green line, and the rest Her2 patients are depicted as red line. P-value by the

log-rank test is provided for the comparison of two groups, and all breast cancer

patients are depicted as blue line for the comparison.
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User data visualization on KEGG pathway

BRCA-Pathway provides visualization of user data to extend the usability of

the system. Figure 3.10 shows the visualization of user data. After switching to

User data mode, input a text file consisting of Entrez geneId and fold-change

value, and then the gene expression level is mapped and colored on KEGG

pathway.

Adjusting color or threshold value helps to customize pathway visualiza-

tion. In the figure above, genes with fold-change over 1.7 in the gene expression

level are colored in red, and blue when fold-change is less than 0.57. In the

figure below, genes with fold-change over 5 in the gene expression level are

colored in red, and blue when fold-change is less than 0.3. However, unlike

TCGA mode, only a single gene selected by the entry label is considered and

all other genes belonging to the entry are ignored.
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Figure 3.10: User data visualization on KEGG pathway
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3.3.2 REST API

REST API separates data extraction from the developmental environment so

that users can easily extract data without understanding the internal system.

Given a patient option in the web page, a front-end program creates a URL

and sends the URL to REST API. This allows the system to aggregate omics

data sets for a subset of patients to create a dynamic user view.

By using REST API, it is possible to extract genes contained in KEGG

pathway maps and to aggregate TCGA data after getting query result from

MySQL. Users can access to data with simple endpoint coding.

REST API examples

The domain address is the server URL that BRCA-Pathway is configured

on. After the slash (/) mark, at least one argument should be given. The

first argument specifies the data to retrieve and the argument value can be

landscape, search, genes, pathways, TCGA-BRCA.

In the example, tcga-brca.bhi2.snu.ac.kr/api/landscape, ‘landscape’

represents the current status of TCGA data and KEGG pathway. The argu-

ment ‘search’ means that the pathway list will be provided by searching gene

names or pathway names, and ‘genes’ provides the gene list in pathways spec-

ified by argument 2. Furthermore, ‘pathways’ returns pathway information

specified by argument 3’s endpoint filtered by argument 2. The last example

means that it will provide the result of aggregating CNV data from TCGA-

BRCA data given the patients option is male and the genes filtered by the

pathway ‘hsa00010’. REST API arguments and parameters are shown in Ta-

ble 3.2.

• tcga-brca.bhi2.snu.ac.kr/api/landscape

• tcga-brca.bhi2.snu.ac.kr/api/search?keyword=erbb1
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• tcga-brca.bhi2.snu.ac.kr/api/genes/hsa00010+hsa00030

• tcga-brca.bhi2.snu.ac.kr/api/pathways/hsa00010/related pathways

• tcga-brca.bhi2.snu.ac.kr/api/TCGA-BRCA/hsa00010/CNV?gender=male

Patient options are listed below:

• subtype BHI RNASeq Log2 : all|Basal|Her2|LumA|LumB|Normal

• years to birth from : integer & years to birth to : integer

• er status : all|indeterminate|negative|positive

• pr status : all|indeterminate|negative|positive

• her2 status : all|indeterminate|negative|positive|equivocal

• vital status : all|0|1 *0: alive, 1:dead

• pathologic stage : all|stage i|stage ii|stage iii|stage iv|stage iv|stage tis|stage x

• pathologic T stage : all|t1|t2|t3|t4|tx

• pathologic N stage : all|n0|n1|n2|n3|nx

• pathologic M stage : all|cm0 |m0|m1|mx

• gender : all|female|male

• radiation therapy : all|no|yes

• histological type : all|infiltrating carcinoma nos|infiltrating ductal carcinoma|in-

filtrating lobular carcinoma|medullary carcinoma|metaplastic carcinoma|mixed

history(please specify)|mucinous carcinoma|other specify

• number of lymph nodes : all|0|1|2 *1: #of node less than or equal to 10,

2: greater thane 10
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• race : all|american indian or alaska native|asian|black or african american|white

• ethnicity : all|hispanic or latino|not hispanic or latino

• menopause status : all|indeterminate|peri|post|pre
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Table 3.2: REST API arguments and parameters supported by BRCA-Pathway
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Chapter 4

Pathway-guided gene set selection

In order to select gene sets specific to each subtype guided by pathway infor-

mation, we conducted studies according to the following strategy.

Strategy:

• Select pathways that are important in breast cancer

• Show how each of these pathways are different in subtypes

• Show how to quantify the difference in the pathway level of each subtype

• Discuss about probability framework to select genes using ML techniques

• Show how activation of these pathways can show difference among sub-

types
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4.1 Motivation

The information through analysis of each gene is limited. This is because the

genes do not work alone, but through interactions between genes in a network.

Therefore, it is necessary to analyze and interpret data from a biological pro-

cess, pathways and networks. And with this approach, we can have a global

perspective on the data.

In bioinformatics research, pathway analysis is used to identify related

genes within a pathway. This is helpful when studying differential expression of

a gene in a disease. By examining the changes in gene expression in a pathway,

its biological causes can be explored. Pathway analysis helps to understand

or interpret omics data from the point of view of canonical prior knowledge

structured in the form of pathways diagrams (Garćıa-Campos et al., 2015).

4.1.1 Important pathways in breast cancer

We selected important pathways in breast cancer from previous studies (Huang

et al., 2003; Bild et al., 2006; Gatza et al., 2010) as shown in Table 4.1.

• Breast cancer pathway summarizes the major cancer progression process

for each subtype of breast cancer. The molecular subtypes of breast can-

cer, which are based on the presence or absence of hormone receptors (es-

trogen and progesterone subtypes) and human epidermal growth factor

receptor-2 (HER2). Hormone receptor positive breast cancers are largely

driven by the estrogen/ER pathway. In HER2 positive breast tumours,

HER2 activates the PI3K/AKT and the RAS/RAF/MAPK pathways,

and stimulate cell growth, survival and differentiation. In patients suffer-

ing from TNBC, the deregulation of various signalling pathways (Notch

and Wnt/beta-catenin), EGFR protein have been confirmed.

• Apoptosis is a genetically programmed process for the elimination of
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damaged or redundant cells by activation of caspases (aspartate-specific

cysteine proteases).

• Cell cycle pathway is a unidirectional process that governs cell division,

and cells respond to DNA damage by activating signaling pathways that

promote cell cycle arrest and DNA repair.

• P53 activation is induced by a number of stress signals, including DNA

damage, oxidative stress and activated oncogenes. This results in three

major outputs; cell cycle arrest, cellular senescence or apoptosis.

• Circadian rhythm is an internal biological clock, which enables to sustain

an approximately 24-hour rhythm in the absence of environmental cues.

In mammals, the circadian clock mechanism consists of cell-autonomous

transcription-translation feedback loops that drive rhythmic, 24-hour ex-

pression patterns of core clock components.

• The ErbB protein family or epidermal growth factor receptor (EGFR)

family is a family of four structurally related receptor tyrosine kinases.

Excessive ErbB signaling is associated with the development of a wide

variety of types of solid tumor. ErbB-1 and ErbB-2 are found in many

human cancers and their excessive signaling may be critical factors in

the development and malignancy of these tumors.

• Estrogen receptor refers to a group of receptors which are activated by

the hormone estrogen. The main function of the estrogen receptor is as

a DNA binding transcription factor which regulates gene expression.

• The Notch pathway is an evolutionally conserved signaling pathway

which plays an important role in diverse developmental and physiolog-

ical processes. These include cell-fate determination, tissue patterning

and morphogenesis, cell differentiation, proliferation and cell death.
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Table 4.1: Important pathways in breast cancer

KEGG ID KEGG pathway name

hsa04210 Apoptosis pathway

hsa05224 Breast cancer pathway

hsa04110 Cell cycle pathway

hsa04710 Circadian rhythm pathway

hsa04012 ERBB signaling pathway

hsa04915 Estrogen signaling pathway

hsa04010 MAPK signaling pathway

hsa04330 Notch signaling pathway

hsa04114 Oocyte meiosis pathway

hsa05200 Pathways in cancer

hsa04151 PI3K-Akt signaling pathway

hsa04115 P53 signaling pathway

hsa04014 Ras signaling pathway

hsa04310 Wnt signaling pathway

• Ras proteins are small GTPases and are involved in transmitting sig-

nals within cells. In this way, Ras signaling controls many downstream

processes, including cell proliferation, survival, growth, migration and

differentiation.

• WNT signal, through the canonical pathway, controls cell fate determi-

nation and through the non-canonical pathway controls cell movement

and tissue polarity (Kandasamy et al., 2010).

• Pathways in cancer pathway shows the overview of cancer.
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4.1.2 Difference between each subtype on the pathways

Through the previous study BRCA-Pathway, we visualised the expression level

of the gene for each subtype of breast cancer as a pathway level. And it was

found that the difference in expression level clearly distinguished each subtype

in biologically important pathways.

The cell cycle is the series of events that takes place in a cell leading to

its division and duplication. Regulation of the cell cycle involves processes

crucial to the survival of a cell, including the detection and repair of genetic

damage as well as the prevention of uncontrolled cell division (Vermeulen et al.,

2003). Cancer is unchecked cell growth. Mutations in genes can cause cancer

by accelerating cell division rates or inhibiting normal controls on the system,

such as cell cycle arrest or programmed cell death (O’Connor et al., 2010).

For example, in LumA subtype patient, it can be seen that the expression

level of the gene belonging to Cell cycle pathway is lower than the average

expression of all breast cancer patients (Figure 4.1 (a)). In contrast, it can

be seen that the gene expression level of the patients of Basal subtype is

higher than the average (Figure 4.1 (c)). This is consistent with the previous

research that cell cycle genes are known to be associated with proliferation,

whose overexpression is prognostic of poor clinical outcome (Dai et al., 2016).

While identifying visual differences at the pathway level, we became interested

in the problem of quantifying the differences in the pathway level and using

the quantified values to select genes specific to each subtype.
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Figure 4.1: Difference in expression level between breast cancer subtype in

Cell cycle pathway. This shows the gene expression level mapped on Cell cycle

pathway using BRCA-Pathway. It can be seen that the expression level of genes

belonging to Cell cycle pathway is different for each subtype.
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4.1.3 Challenge in gene selection from pathways

However, our method is challenging because only one third of the 20,000 genes

are included in KEGG pathway. Nevertheless, if the pathway-based gene selec-

tion is successful, it is solving two problems with one solution. In other words,

the selection of subtype-specific genes and the interpretation of biological func-

tions of the selected genes are performed simultaneously. This is because the

KEGG pathway is a collection of manually drawn pathway maps representing

expert knowledge on the molecular interaction, reaction and relation networks

(Kanehisa and Goto, 2000).

There have been many gene expression signatures to predict prognosis in

breast cancer (Sotiriou and Pusztai, 2009; Kwa et al., 2017). However, there

has been no attempt to calculate the probability for each gene based on a

probabilistic framework using the expression distribution of genes and the

pathway activation score, and to select subtype specific gene by the probability

value.
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4.2 Methods

4.2.1 Gene factor and Pathway factor

Difference in gene expression level between subtypes

Figure 4.2 shows a histogram and kernel density estimation of GATA3 gene.

The x-axis is the normalized expression level, and the y-axis is the proba-

bility density. Kernel density estimation is used to show Basal subtype and

other subtypes. It shows that the expression level of GATA3 gene differs be-

tween breast cancer subtypes. Gene expression was expressed on the x-axis

and probability density on the y-axis using the number of patients belonging

to the bin. It can be seen that the expression level of GATA3 gene in patients

corresponding to Basal subtype is small compared to other subtypes.

Definition of Gene factor

Gene factor is defined using the area of the area where the probability density

functions of other types do not overlap among the total area of Basal subtype

probability density function. In case of GATA3 gene, since the area of the

overlapping part is 0.2, Gene factor of GATA3 gene in Basal subtype patient

group can be said to be 0.8 (Figure 4.3).

Gene factorsm(gi) : =

∫ mx

mn
pdfsm(gi)−

∫ mx

mn
min(pdfsm(gi), pdfothers(gi))

(4.1)

where mn, mx is the minimum and maximum value of the probability density

function of the target subtype on the x-axis, respectively.
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Figure 4.2: Histogram and kernel density estimation of GATA3 gene : the x-axis

is the normalized expression level, and the y-axis is the probability of patients

in the corresponding section. The kernel density estimation is used to show the

distributional difference between subtypes. The expression level of GATA3 gene

in Basal subtype patient group is lower than that of other subtypes. Pink dashed

line indicates Basal subtype patient group.
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Figure 4.3: Gene factor of GATA3 gene in Basal subtype. Histogram of GATA3

gene expression. The x-axis represents normalized gene expression, and the y-

axis is probability of patients in the interval. Distribution of gene expression

level shows that GATA3 gene expression of Basal subtype is lower than that of

other subtype. Gene factor is defined as not overlapping area under the PDF of

GATA3 in Basal subtype. In this case, Gene factor of GATA3 in Basal subtype

is 0.8.
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Difference in pathway activation level between subtypes

Just as a gene has an expression level, a pathway has a degree of activation by

aggregating the gene expression level belonging to the pathway. There have

been many studies that quantify the pathway activation levels (Lim et al.,

2020), and among them, we used Lim et al.’s approach (Lim et al., 2016) to

quantify the activation level of each pathway. Each patient has 215 pathway

activation level data, as if each patient has 20,000 gene expression data.

Definition of Pathway factor

Similar to Gene factor, Pathway factor is defined using non-overlapping area

under the probability density function. Basal subtype group and other sub-

type groups were represented as histogram using the pathway activation score

(Figure 4.4). In this case, Pathway factor of hsa05321 in Basal subtype patient

group is 0.37.

Pathway factorsm(pj) : =

∫ mx

mn
pdfsm(pj)−

∫ mx

mn
min(pdfsm(pj),pdfothers(pj))

(4.2)

where mn, mx is the minimum and maximum value of the probability density

function of the target subtype on the x-axis, respectively.
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Figure 4.4: Pathway factor of Inflammatory bowel disease pathway. Histogram

of pathway activation score in hsa05321 : the x-axis represents normalized path-

way activation score, and the y-axis is the probability density. Distribution of

pathway activation score shows that hsa05321 pathway of Basal subtype patients

has lower activation score than that of other subtype. And Pathway factor of

hsa05321 in Basal subtype is 0.37.
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4.2.2 Likelihood and Posterior probability

Posterior probability

Since the purpose of our research is to select genes specific to each subtype,

the problem of selecting genes specific to each subtype can be considered as a

problem of selecting genes with high posterior probability of each subtype by

Bayes theorem.

Bayes theorem:

P (h | D) =
P (D | h)P (h)

P (D)
(4.3)

• P (h | D) is the posterior probability of hypothesis h

• P (h) is the prior probability of hypothesis h, background knowledge

about the chance that h is a correct hypothesis.

• P (D | h) is the likelihood of the data D given h

• P (D) is the prior probability of data D, that training data D will be

observed.

The most probable hypothesis h given the data D is called a maximum a

posteriori (MAP) hypothesis.

hMAP ≡ argmax
h∈H

P (h | D)

= argmax
h∈H

P (D | h)P (h)

P (D)

= argmax
h∈H

P (D | h)P (h)

(4.4)

Equation 4.3 is applied to our problem as follows.
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Problem definition:

P (sm | gi) =
P (gi | sm)P (sm)

P (gi)
(4.5)

• P (sm | gi) is the posterior probability of subtype sm given gene gi

• P (sm) is the prior probability of hypothesis sm. The proportion of pa-

tients with each subtype among all breast cancer patients will be used

as this prior probability.

• P (gi | sm) is the likelihood of the data gi given sm

• P (gi) is the prior probability of data gi, that training data gi will be

observed.

P (gi) =
5∑

m=1

P (gi | sm)P (sm) (4.6)

Likelihood

To utilize the pathway information, the likelihood P (gi | sm) is decomposed

as follows.

P (gi | sm) : =

∑215
j=1 P (gi | sm, pj)P (pj | sm)

n
(4.7)

where n is the number of pathways containing the gene gi

P (gi | sm, pj) : = percentile of Gene factorsm(gi) in the pathway pj (4.8)

P (pj | sm) : = percentile of Pathway factorsm(pj) in all the pathway set

(4.9)

Figure 4.5 shows P (gi | sm, pj), the conditional probability of gene gi given

subtype sm and pathway pj . Figure 4.6 shows P (pj | sm), the conditional

probability of pathway pj given subtype sm.
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Figure 4.5: Distribution of Gene factors for all genes in hsa05321 pathway.

The x-axis represents Gene factor value, and y-axis is based on the counts of

genes in the interval. P (gi|sk, pj) is defined as percentile of Gene factor of gene

gi in pathway pj . Percentile of Gene factor of GATA3 in hsa05321 Inflammatory

bowel disease (IBD) pathway is 0.99.
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Figure 4.6: Distribution of Pathway factor : the x-axis represents Pathway

factor of 215 KEGG pathways, and the y-axis is based on the counts of pathways

in the interval. Pathway factor of hsa05321 of Basal subtype (0.37) is located

in higher in the overall distribution. P (pj |sk) is percentile of Pathway factor of

pathway pj in all the pathway set : percentile of Pathway factor of hsa05321

inflammatory bowel disease (IBD) pathway is 0.91
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Why posterior probability?

As described above, likelihood is a value calculated by reflecting the pathway

information in the process of selecting a gene having a difference in expression

level for each subtype. That is, it is basically a value that serves as a criterion

for selecting genes specifically expressed in each subtype. Meanwhile, the pos-

terior probability is a normalized value for each of the five subtypes, reflecting

the background knowledge we know about the subtype ratio of breast cancer

patients.

For example, certain genes have very high likelihood in the normal-like

subtype patients. However, if this group of normal-like subtype has less than 10

percent of all the breast cancer patients, the posterior probability of this gene

is not very high compared to that of high likelihood. Actually, the posterior

probability has a low value no matter how high the likelihood is.

The purpose of our study is to select genes for solving the problem of

classifying all breast cancer patients into each subtype, while being specific to

each subtype. Therefore, it can be said that even though the likelihood in a

small number of patient groups is very high, it does not satisfy our purpose.
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4.3 Results

We calculated the likelihood and posterior probability of each gene using Gene

factor and Pathway factor based on the probabilistic framework. Then, genes

were ranked by its likelihood and posterior probability in each subtype. Table

4.2 shows the list of genes by likelihood. Table 4.3 shows the list of genes by

posterior probability.

We evaluated the selected gene set in two ways. The first evaluation was

performed by measuring breast cancer subtype classification accuracy in the

context of feature selection problem. The second evaluation was performed as

Gene Ontology analysis and Pathway enrichment analysis from a biological

point of view.

To see if the selected genes distinguish subtypes of breast cancer, we visual-

ized patient data in the geometric space by likelihood. In the same way, breast

cancer patient were shown in the geometric space by posterior probability.

Finally, we performed Gene Ontology (GO) analysis and Pathway enrichment

analysis to understand the biological meaning of the selected gene set.
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Table 4.2: The list of top 20 genes for each subtype by likelihood

Basal HER2 lumA lumB normal-like

XBP1 SYT1 SEPHS1 VNN1 TXNIP

VNN1 PGK1 RORB TTK TAC1

TMBIM6 NRG2 PSAT1 SFRP1 SGOL1

SUOX NME1 NRG2 ROR1 CRY2

SPOPL MED24 LASS3 ORC6L BRCC3

PLOD1 MED1 CRY2 KLK2 STAG3

MTHFD1L DNAH8 CDC6 DNALI1 SMC1B

ME2 CES1 CDC45 DNAL1 PENK

GPR161 ACSM3 TYMS CSGALNACT1 NLRP1

DEGS2 CTPS TTK CHST3 GBP2

BHLHE40 ACSM1 ORC1L CDC6 AVPR2

PRNP HCCS NRG1 CDC45 AQP1

NEU4 NRG1 ORC6L MAML2 ALDH1L1

GNMT DHRS11 MTHFD1L LGR6 SOX17

CRY2 CRY2 GBP1 EPHB6 SFRP1

SUV39H2 DNAH3 DSG1 DTX1 MGAT3

PCBD2 SRD5A1 BRCC3 DNAH17 IFI16

PAX6 MTHFD1L GBP5 DKK1 QRSL1

LASS3 DNAH12 MGAT3 DNAI1 SSTR1

QDPR NME2 DEFB1 PIGR MTHFD1L
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Table 4.3: The list of top 20 genes for each subtype by posterior probability

Basal HER2 lumA lumB normal-like

ZNF768 QPRT PABPN1 MMP14 POLR3H

PHKG2 NMNAT2 TNFRSF18 MLST8 LTB4R

ZNF267 NMNAT1 SHARPIN CEBPE UBE2G1

SETD1B NAPRT1 CFHR3 REL PPP1R3F

MBOAT7 PGM2L1 ZNF708 CLIP1 ZNF256

GORAB NNT ZNF426 ZBTB17 UBB

CPT2 NMNAT3 ZNF26 POU2F1 TELO2

CARD14 FN1 SNRPB NRCAM TAOK3

ZNF570 SIRT7 P2RY10 KRIT1 NDUFS2

WWC1 NUDT12 MOBKL1A GPS2 HDAC10

TAZ NT5M IL1RN DAPK3 H3F3A

SHISA5 NFE2L2 ENTPD4 CCNT1 GK

PARK7 FLOT2 ELOVL7 AGPAT6 DOCK4

ETNK2 GMPPA NUP98 IP6K3 CACNA1I

MLL3 NADK TNFRSF19 CHST13 ZNF419

ROCK2 PLA2G15 DDX3X ENDOG FNIP2

GALNTL4 PTDSS2 ZNF556 SIX4 OR51E1

EHMT2 IDH1 SIVA1 PPIP5K2 DEPDC5

EEA1 TWIST1 AMH AGPAT2 ZNF8

B3GALT5 TWIST2 ARSA APBB1IP ABCA1
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4.3.1 Visualization of patients in the geometric space

Genes are ranked for each subtype using probability, and patient data is rep-

resented as vector using the top ranked genes. For example, if top 10 genes are

selected, each patient is represented as a 10-dimensional vector. To visualize

multi dimensional data, we used t-SNE (Maaten and Hinton, 2008).

Geometric space by likelihood

Figure 4.7 shows the visualization of breast cancer patient data using the

selected 10 gene vectors. Top ranked 10 genes by the likelihood of gene given

Basal subtype are selected. And all the patients are represented with these

10 genes as a 10-dimensional vector. Since the selected genes are specific to

Basal subtype, it can be seen that Basal subtype versus the rest subtype is

well divided. As Figure 4.7(b) shows, patients in the test data set are also

well divided into Basal vs. others. Figure 4.8 shows the visualisation of breast

cancer patient in the training data set using union gene set. Selecting top

10 genes for each subtype, 42 genes are used except for the duplicate genes.

In Figure 4.7, the patients are divided into Basal versus the others, while in

Figure 4.8 we can see that they are divided into subtypes. It is a natural result

to be distinguished by each subtype because genes specific to each subtype are

selected and patient data is represented with those union genes.

Geometric space by posterior probability

Figure 4.9 shows patient data with genes selected using posterior probability.

Compared to Figure 4.7, it is not well classified by subtypes than when patients

are represented with genes selected using likelihood. Gene sets by posterior

probability did not distinguish each subtype well.
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Figure 4.7: Breast cancer patient in the geometric space using top 10 genes by

likelihood. This is the result of selecting the top 10 genes based on the likelihood

of gene given Basal subtype and visualization of breast cancer patient data

using the selected 10 gene vectors. Since the selected 10 genes are specific in

Basal subtype, it can be seen that Basal subtype versus the rest subtype is well

divided.
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Figure 4.8: Breast cancer patients in the geometric space using 42 union genes

by likelihood : visualisation of breast cancer patient in the training data set using

union gene set. Selecting top 10 genes for each subtype, 42 genes are used except

for the duplicate genes. Compared to Figure 4.7, patients are divided by each

subtype.
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Figure 4.9: Breast cancer patient in the geometric space by posterior probabil-

ity criteria : visualisation of breast cancer patient in the training data set using

top 10 Basal subtype specific genes.
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High posterior probability

As we can see in Figure 4.10, genes with a high posterior probability generally

have little difference in expression levels between subtypes, and thus have a low

likelihood. Therefore, there is not much ability to distinguish subtypes, which

is why it is difficult to distinguish subtypes in t-SNE as Figure 4.9 shows.

Instead, they are distinct from other subtypes so that we can consider other

subtypes in one subtype. In that sense, genes having high posterior probability

are really specific to that subtype. We can revise the calculation of the posterior

probability in Equation 4.10, it can be seen that the expression of a gene with

a high posterior probability differs only in the corresponding subtype as in

the case of the SHISA5 gene. And there is little difference in between other

subtypes. This is because the likelihood of the subtype is normalized with the

sum of likelihood of other subtypes. If the likelihood of each subtype is large,

the likelihood of the corresponding subtype is divided by a large value, so the

posterior probability decreases.

P (sm | gi) =
P (gi | sm)P (sm)

P (gi)

=
P (gi | sm)P (sm)∑5

m=1 P (gi | sm)P (sm)

(4.10)

P (Basal | SHISA5) = P (SHISA5 | Basal)P (Basal)

P (SHISA5)

=
P (SHISA5 | Basal)P (Basal)∑5

m=1 P (SHISA5 | sm)P (sm)

(4.11)
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Figure 4.10: Differences in gene expression levels between breast cancer sub-

types. (a) Gene expression level of SHISA5 gene that has a high posterior prob-

ability of Basal subtype. Genes with a high posterior probability generally have

little difference in expression level between subtypes, and thus have a low like-

lihood. (b) Gene expression level of CDC20 gene that shows a step-by-step dif-

ference in expression level by breast cancer subtype. CDC20 gene is included in

PAM50.
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4.3.2 Gene selection by combination of likelihood and poste-

rior probability

Feature selection for subtype classification

For the breast cancer subtype classification problem, we used the PAM50

genes as features and predicted subtype of patients in the test data set using

Support Vector Machine (SVM) model. The SVM model was trained using

870 out of 1091 breast cancer patients, and the performance of the classifier

was evaluated using 221 patients’ data as a test set. When predicted using the

PAM50 genes as features, 185 out of 221 patients were correctly classified.

As shown in Figure 4.10, genes with a high posterior probability generally

have little difference in expression levels between subtypes, and thus have a

low likelihood. Therefore, there is not much ability to distinguish subtypes,

which is why it is difficult to distinguish subtypes in t-SNE as Figure 4.9 shows.

Instead, they are distinct from other subtypes so that we can consider other

subtypes in one chunk. In that sense, genes having high posterior probability

are really specific to that subtype.

Based on these differences in likelihood and posterior probability, we se-

lected genes under various conditions and applied them to the subtype classi-

fication problem using the selected genes.

Criteria:

1. Select genes with high likelihood so as to represent a difference between

subtypes

2. Select genes with high posterior probability so as to represent a speci-

ficity of each subtype

3. Select genes with thpn <= P (sm|gi) <= thpx in 3 or more subtypes so

as to represent a common specificity to multiple subtypes
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Table 4.4: Criteria of gene set selection

Condition Criteria Change step

Likelihood 0.5 <= P (gi|sm) <= 0.8 0.05

Posterior probability 0.25 <= P (sm|gi) <= 0.4 0.01

Common 0.2− α <= P (sm|gi) <= 0.2 + α α step 0.01 to 0.05

Where thpn and thpx refer to the minimum threshold and the maximum

threshold in the posterior probability, respectively.

In order to select a gene set that satisfies the above criteria, we tried to

select the gene set with the best performance in SVM under the conditions

shown in Table 4.4. Total of 679 cases were tested, among which the top 4

conditions with the best SVM prediction performance are shown in Table 4.5.

The best gene set was GS2 selected from genes with a likelihood of 0.7

or higher and a posterior probability of 0.27 or higher, or a likelihood of 0.7

or higher and a posterior probability between 0.15 and 0.25 in three or more

subtypes. The test accuracy was the highest and the number of genes was

smallest. As can be seen from the results in Table 4.5, when comparing GS2

and GS4, the number of genes in GS2 is less than GS4 only satisfying the

likelihood criteria, and there is a slight improvement in the accuracy of the

SVM. When comparing GS4 and GS5, the likelihood condition is the same

as 0.7 or more, but in the case of GS5 with the additional post-probability

condition, the number of genes was reduced. But, it can be seen that the SVM

prediction accuracy was not good as GS4.

In order to see how effective the gene set we chose was to predict the

subtype of breast cancer patients, we trained it using the SVM model and

predicted it with a test data set. Table 4.6 shows the results of comparing the

PAM50 gene set with the best prediction results to predict the breast cancer
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Table 4.5: Breast cancer subtype classification by SVM

Gene set LE PO Common genes train test

GS1 0.7 0.26 0.15 ∼ 0.25 493 91.61% (797/870) 81.90% (181/221)

GS2 0.7 0.27 0.15 ∼ 0.25 488 91.95% (800/870) 81.90% (181/221)

GS3 0.7 0.25 0.15 ∼ 0.25 495 91.95% (800/870) 81.44% (180/221)

GS4 0.7 580 91.72% (798/870) 81.45% (180/221)

GS5 0.7 0.27 462 92.30% (803/870) 79.64% (176/221)

Table 4.6: Comparison of classification accuracy

Classifier Random genes Our method PAM50

Features 488 488 50

Accuracy 75.56% (167/221) 81.9% (181/221) 84.61% (187/221)

subtype. Also, for comparison, the same experiment was conducted on the

random gene set 100 times and the results are shown in Table 4.6. Random

genes are selected from genes in KEGG pathway.

Patients in the geometric space using selected gene set

We selected 488 genes according to the above conditions and represented the

data of breast cancer patients using the selected genes. For the comparison,

we showed t-SNE plot with the same number of random genes. Figure 4.11

represent the breast cancer patients using selected genes by our method. Figure

4.12 shows breast cancer patient using 488 randomly selected genes. In Figure

4.11, it is well distinguished between subtypes when compared to Figure 4.12.

Figure 4.13 shows the patient data using PAM50 genes, and it is well classified

for each subtype.
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Figure 4.11: Breast cancer patients in the geometric space using selected gene

set
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Figure 4.12: Breast cancer patients in the geometric space using random gene

set
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Figure 4.13: Breast cancer patients in the geometric space using PAM50 gene

set
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Difference in pathways among subtypes

To show how activation of the important pathways can show difference between

subtypes, we added genes by ranking and mapped gene expression level onto

the corresponding pathways.

Figure 4.14 shows the gene expression level of each subtype patient mapped

to Cell cycle pathway. Genes included in the pathway increase from left to

right. We added the genes according to the rankings to see how the pathway

changes. Cell cycle pathway is an important pathway in breast cancer, and the

expression pattern of each subtype was shown using BRCA-Pathway in Figure

4.1. Figure 4.14 shows not only the difference in Cell cycle pathway among

subtypes, but also which gene shows the most difference between subtypes and

how the overall Cell cycle pathway changes as genes are added. Figure 4.15

shows how the expression levels differ for each subtype in Circadian rhythm

pathway, another important pathway in breast cancer. As shown in Figure

4.14, Basal subtype with the worst prognosis is shown at the top, and LumA

subtype with the best prognosis is at the bottom.

One of the processes regulated by the circadian clock is the cell cycle.

Disruption of circadian rhythms can therefore be associated with abnormal cell

divisions that occur in cancer (Filipski et al., 2002). Indeed, there are links

between altered circadian clocks and tumorigenesis in most notably, breast

cancer (Filipski et al., 2002).

Interestingly, the expression level of important genes in Circadian rhythm

pathway is the opposite of the expression level in Cell cycle pathway (Figure

4.15). In other words, many genes in Cell cycle pathway of Basal subtype are

overexpressed, whereas many genes in Circadian rhythm pathway are under-

expressed. On the contrary, LumA subtype with best prognosis show under-

expressed genes in Cell cycle pathway and overexpressed genes in Circadian

rhythm pathway.
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Other important pathways also show different gene expression levels for

each subtype (Figure 4.16, 4.17, 4.18, 4.19, 4.20, 4.21, 4.22). And it is possible

to know which gene included in the pathway can best distinguish the subtype.

This is because colored genes on the left have higher likelihood values than

genes on the right.
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Figure 4.14: Difference between breast cancer subtypes on Cell cycle pathway
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Figure 4.15: Difference between breast cancer subtypes on Circadian rhythm

pathway
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Figure 4.16: Difference between breast cancer subtypes on ERBB signaling

pathway
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Figure 4.17: Difference between breast cancer subtypes on Notch signaling

pathway
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Figure 4.18: Difference between breast cancer subtypes on Oocyte meiosis

pathway
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Figure 4.19: Difference between breast cancer subtypes on P53 signaling path-

way
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Figure 4.20: Difference between breast cancer subtypes on Pathways in cancer

pathway
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Figure 4.21: Difference between breast cancer subtypes on Wnt signaling path-

way
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Figure 4.22: Difference between breast cancer subtypes on Apoptosis pathway
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4.3.3 Biological meaning of the selected gene set

In order to find out biological meaning of the genes, we analyzed the results in

the context of KEGG pathway and Gene ontology using Enrichr (Chen et al.,

2013; Kuleshov et al., 2016).

Gene set by likelihood

We selected top 20 genes for each 5 of the subtypes by likelihood (Table 4.2),

and 87 genes are left out of the 100 genes collected, excluding duplicates. We

performed a gene set enrichment analysis using 87 genes.

Pathway enrichment analysis: There have been many studies on the re-

lationship between breast cancer and circadian rhythm. Disrupted expression

of circadian genes can alter breast biology and may promote cancer (Blakeman

et al., 2016). One of the processes regulated by the circadian clock is the cell

cycle. Disruption of circadian rhythms can therefore be associated with ab-

normal cell divisions that occur in cancer (Filipski et al., 2002). Indeed, there

are links between altered circadian clocks and tumorigenesis in metastatic col-

orectal cancer, osteosarcoma, pancreatic adenocarcinoma and, most notably,

breast cancer (Filipski et al., 2002).

Table 4.7 (a) shows a result of enrichment analysis of 87 genes, the KEGG

pathway enrichment analysis. Among the top ranked pathways, we mapped

the expression levels of genes belong to Circadian rhythm pathway. Since each

gene expression value was converted to z-score, if the z score of a gene in a

patient is negative, it means that the expression level of that gene is lower than

the average expression level of the gene. And if it is positive, the expression

level is higher than the average. It is colored in blue when the average z score

of patients of a specific subtype is less than -0.3, red when the average z score

is greater than 0.3, and gray when the average z score has a value between
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-0.3 and 0.3. Therefore, the blue color indicates that the expression level is

low compared to the average expression level of all breast cancer patients, and

the red color indicates that the expression level is higher than the average

expression level of all breast cancer patients.

Figure 4.23 shows Circadian rhythm pathway. Of the 87 genes selected

by each likelihood, 5 genes belong to Circadian rhythm pathway, (a) is the

gene expression level of patients corresponding to Basal subtype, and (b) is

the gene expression level of patients corresponding to LumA subtype. What

this figure shows is that the genes selected by the likelihood show well the

differences between subtypes at the pathway level. The results in Table 4.7

(a) show that Circadian rhythm pathway and Cell cycle pathway were listed

together, which is consistent with the previous study mentioned before, that

is, circadian rhythm is closely related to the progression of breast cancer and

particularly affects cell cycle (Blakeman et al., 2016).

Gene Ontology enrichment analysis: Table 4.7 (b) shows the GO en-

richment analysis of 20 Basal subtype genes selected by likelihood. Negative

regulation of intrinsic apoptotic signaling pathway is ranked at the top. Apop-

tosis is a tightly regulated cell suicide program that plays an essential role in

the maintenance of tissue homeostasis by eliminating unnecessary or harmful

cells. Defects in this native defense mechanism promote malignant transfor-

mation and frequently confer chemoresistance to transformed cells. Indeed,

the evasion of apoptosis has been recognized as a hallmark of cancer (Plati

et al., 2008). The result is consistent with the poor prognosis in Basal subtype

patients.
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Table 4.7: Gene set enrichment analysis by Enrichr
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Figure 4.23: Difference in gene expression level in Basal subtype and LumA

subtype on Circadian rhythm pathway

85



Gene set by posterior probability

We selected top 20 genes for Basal subtype by posterior probability (Table

4.3), and performed a gene set enrichment analysis using this Basal subtype

specific genes. As shown in Table 4.8,

Pathway enrichment analysis: Table 4.8 (a) shows the KEGG pathways

containing genes specific to Basal subtype. There are many researches that

have studied the activation of nuclear factor (NF)-κB signaling in triple neg-

ative breast cancer (TNBC) (Pan et al., 2012; Zhu et al., 2013). And the

aberrant activation of nuclear factor (NF)-κB signaling is a frequent charac-

teristic of TNBCs (Poma et al., 2017). The top ranked NF-KB pathway is

consistent with the previous studies.

Gene Ontology enrichment analysis: Negative regulation of intrinsic

apoptotic signaling pathway is ranked at the top. Apoptosis is a tightly reg-

ulated cell suicide program that plays an essential role in the maintenance of

tissue homeostasis by eliminating unnecessary or harmful cells. Defects in this

native defense mechanism promote malignant transformation and frequently

confer chemoresistance to transformed cells. Indeed, the evasion of apoptosis

has been recognized as a hallmark of cancer (Plati et al., 2008). The result is

consistent with the poor prognosis in Basal subtype patients.
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Table 4.8: Gene set enrichment analysis of 20 Basal subtype genes by poste-

rior probability. There are many researches that have studied the activation of

nuclear factor (NF)-κB signaling in triple negative breast cancer (TNBC). And

the aberrant activation of nuclear factor (NF)-κB signaling is a frequent charac-

teristic of TNBCs. Top ranked NF-KB pathway is consistent with the previous

studies.
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4.4 Discussion

XGBoost is an effective approach in classification, which produces a predic-

tion model in an ensemble of weak models, typically decision trees (Chen and

Guestrin, 2016). We evaluated the XGBoost model in subtype classification

of breast cancer patients. The prediction accuracy was 86.87% by matching

192 subtypes out of 221 of the total test patients. The accuracy of the model

was higher than that obtained using the PAM50 features. However, it can be

seen that the accuracy is much superior because the prediction is performed

using the results ensembled by multiple decision trees, rather than classifying

them using a specific features like PAM50 gene set. To compare the predic-

tion accuracy in the context of feature selection, we performed the experiment

as shown in Table 4.10 using gene set by feature importance provided by

XGBoost. Feature importance for 625 genes was provided and subtype classi-

fication was performed with genes having higher importance (Figure 4.24). As

can be seen in Table 4.10, the best accuracy was lower than the PAM50 gene

set and was similar to our method.

Rhee et al. presented a high accuracy model in predicting subtypes of

breast cancer patients using gene expression data (Rhee et al., 2017). They

utilized protein-protein interaction (PPI) network to represent the interaction

between genes and applied graph convolutional neural network (graph CNN)

to learn the localized gene expression patterns of cooperative gene cluster.

Then, Relational Network (RN) was applied to infer the relationship between

previously learned expression patterns. This hybrid approach showed an ac-

curacy of 86.29%. However, this study is not a feature selection model, but

a classification model using PPI network as well as gene expression data. In-

ternally, each gene is represented as a latent vector by the expression of it’s

neighbor genes on the PPI.
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Table 4.9: Comparison of classification accuracy

Classifier Random genes Our method PAM50 XGBoost Rhee et al.

Features 488 488 50

Accuracy 75.56% 81.9% 84.61% 86.87% 86.29%

Table 4.10: Subtype classification using XGBoost features

Gene set Features Accuracy

XG10 10 78.73% (174/221)

XG30 30 79.63% (176/221)

XG50 50 80.09% (177/221)

XG100 100 82.35% (182/221)

XG200 200 81.44% (180/221)

XG300 300 80.09% (177/221)

XG400 400 80.54% (178/221)

XG500 500 81.90% (181/221)

XG600 600 81.90% (181/221)

XG625 625 81.44% (180/221)

The biggest limitation of our method is that we select a gene set for only

one third of all genes. Nevertheless, classification performance with our gene

set was slightly lower than that of the gold standard PAM50, and much better

than randomly selected gene set. In addition, although the accuracy of the

subtype prediction was lower than the prediction in XGBoost, which is often

used for its excellent performance, it is difficult to directly compare with our

gene set because XGBoost does not perform feature selection.

The significance of our gene set is that it is a biologically interpretable

gene set. Because gene selection was performed within the KEGG pathway, a

domain knowledge of biological mechanism.
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Figure 4.24: Feature importance for classification of breast cancer subtypes by

XGBoost.
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Table 4.11: Gene factor of PAM50 genes

Gene Basal HER2 lumA lumB nlike

ACTR3B 0.61 0.29 0.3 0.24 0.28

BCL2 0.42 0.42 0.4 0.34 0.36

BIRC5 0.54 0.42 0.59 0.44 0.47

BLVRA 0.46 0.2 0.18 0.21 0.21

CCNB1 0.4 0.35 0.52 0.36 0.48

CCNE1 0.61 0.49 0.54 0.48 0.61

CDC20 0.67 0.49 0.54 0.44 0.48

CDC6 0.49 0.56 0.57 0.44 0.49

CDH3 0.57 0.33 0.43 0.52 0.39

EGFR 0.81 0.47 0.29 0.43 0.51

ERBB2 0.4 0.62 0.4 0.34 0.35

ESR1 0.69 0.48 0.48 0.54 0.44

FGFR4 0.29 0.49 0.21 0.23 0.21

KRT14 0.7 0.58 0.59 0.41 0.62

KRT17 0.58 0.49 0.48 0.62 0.55

MAPT 0.6 0.43 0.48 0.39 0.39

MDM2 0.38 0.27 0.29 0.42 0.25

MYC 0.32 0.29 0.24 0.22 0.29

NAT1 0.7 0.38 0.42 0.34 0.39

ORC6L 0.58 0.44 0.55 0.43 0.53

PGR 0.47 0.38 0.36 0.29 0.35

PHGDH 0.7 0.4 0.42 0.39 0.42

PTTG1 0.48 0.39 0.53 0.36 0.43

RRM2 0.41 0.45 0.52 0.39 0.47

SFRP1 0.64 0.56 0.54 0.7 0.57

TYMS 0.49 0.32 0.45 0.35 0.39
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Table 4.12: Likelihood of PAM50 genes

Gene Basal HER2 lumA lumB nlike

ACTR3B 0.64 0.62 0.62 0.24 0.09

BCL2 0.39 0.48 0.45 0.47 0.39

BIRC5 0.54 0.42 0.51 0.37 0.21

BLVRA 0.88 0.48 0.02 0.14 0.32

CCNB1 0.44 0.4 0.7 0.56 0.71

CCNE1 0.41 0.5 0.5 0.59 0.48

CDC20 0.4 0.28 0.74 0.81 0.76

CDC6 0.5 0.28 0.98 0.97 0.76

CDH3 0.74 0.34 0.3 0.8 0.01

EGFR 0.45 0.55 0.39 0.46 0.43

ERBB2 0.38 0.72 0.54 0.48 0.21

ESR1 0.33 0.64 0.35 0.42 0.43

FGFR4 0.24 0.43 0.16 0.25 0.19

KRT14 0.41 0.36 0.59 0.29 0.74

KRT17 0.39 0.35 0.57 0.32 0.73

MAPT 0.58 0.41 0.39 0.33 0.39

MDM2 0.31 0.37 0.34 0.44 0.22

MYC 0.27 0.31 0.26 0.26 0.26

NAT1 0.49 0.51 0.35 0.33 0.54

ORC6L 0.61 0.27 0.96 0.94 0.82

PGR 0.46 0.57 0.54 0.46 0.67

PHGDH 0.84 0.56 0.84 0.63 0.5

PTTG1 0.33 0.25 0.72 0.72 0.71

RRM2 0.31 0.64 0.5 0.37 0.46

SFRP1 0.69 0.25 0.32 1 0.82

TYMS 0.52 0.72 0.88 0.5 0.6
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Table 4.13: Posterior probability of PAM50 genes

Gene Basal HER2 lumA lumB nlike

ACTR3B 0.27 0.2 0.38 0.14 0.02

BCL2 0.18 0.17 0.3 0.29 0.07

BIRC5 0.25 0.14 0.34 0.23 0.04

BLVRA 0.56 0.23 0.02 0.12 0.08

CCNB1 0.16 0.11 0.36 0.27 0.1

CCNE1 0.16 0.15 0.29 0.32 0.08

CDC20 0.13 0.07 0.35 0.35 0.1

CDC6 0.13 0.06 0.38 0.35 0.08

CDH3 0.29 0.1 0.17 0.43 0

EGFR 0.2 0.19 0.26 0.28 0.08

ERBB2 0.16 0.22 0.32 0.26 0.03

ESR1 0.16 0.23 0.24 0.28 0.08

FGFR4 0.2 0.27 0.19 0.28 0.06

KRT14 0.19 0.12 0.38 0.17 0.13

KRT17 0.18 0.12 0.38 0.2 0.13

MAPT 0.28 0.15 0.28 0.22 0.08

MDM2 0.17 0.16 0.28 0.34 0.05

MYC 0.2 0.18 0.28 0.26 0.08

NAT1 0.24 0.19 0.25 0.22 0.11

ORC6L 0.16 0.05 0.37 0.33 0.09

PGR 0.18 0.17 0.31 0.24 0.1

PHGDH 0.24 0.12 0.34 0.24 0.06

PTTG1 0.12 0.07 0.37 0.35 0.1

RRM2 0.14 0.22 0.33 0.23 0.08

SFRP1 0.23 0.06 0.15 0.45 0.11

TYMS 0.16 0.17 0.39 0.21 0.07
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Chapter 5

Conclusions

In my doctoral study, I conducted the following studies by integrating the

breast cancer multi-omics data and the KEGG pathway.

1. a structural integration of TCGA breast cancer data and an interactive

visualization on KEGG pathway

2. a probabilistic framework for biologically explainable gene set selection

In the first study, I developed a system that maps TCGA breast cancer multi-

omics data onto the KEGG pathway to integrate and visualize breast cancer

patient data. Cancer scientists need to utilize multi-omics data fully to gain

more insight into biological mechanisms in cancer. For example, when con-

ducting research using transcriptome data, a higher level of abstraction is

required than simply measuring the expression level of each gene in order to

understand the biological meaning. Therefore, mapping gene expression data

to the KEGG pathway is a widely used approach in bioinformatics. There have

been quite a number of studies on developing systems that automatically map

gene expression data to the KEGG pathway. However, existing tools are not
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powerful enough to fully utilize multi-omics data in an integrated fashion for

cancer research. In addition, pathway-based multiomics analysis systems have

difficulties due to larger dimensions and small sample sizes. For this reason,

we developed BRCA-Pathway, a web-based interactive exploration and visu-

alization system of TCGA breast cancer data on KEGG pathway to provide

a broad perspective of TCGA breast cancer data.

The data provided by BRCA-Pathway includes multi-omics data TCGA

such as gene expression data, Copy Number Variation (CNV) data, muta-

tion data, and clinical information of patients (22 features including age, race,

hormone receptor information by IHC). Also, cancer subtype of a patient is

provided using the PAM50 method. In addition, the hallmark gene set known

to be important in cancer research, a transcription factor database that reg-

ulates gene expression, and a driver gene database provided by Cancer gene

census are also provided. It is possible to freely select a patient group us-

ing clinical information and subtype information of breast cancer patients.

BRCA-Pathway provides a variety of functions such as survival plot and mu-

tual exclusivity sort, as well as visualization of data, which is of great help

to breast cancer researchers. In addition, BRCA-Pathway provides user data

visualization onto KEGG pathway. And data contained in the BRCA-Pathway

can be downloaded using the REST API.

Using BRCA-Pathway, it was shown that the multi-omics data of breast

cancer patients appeared differently for each subtype at the pathway level. In

particular, gene expression data could identify different expression patterns

for each subtype in several biologically important pathways such as Cell cycle

pathway.

I conducted the second study to provide a solution to the problem of select-

ing genes specific to the subtype using pathway activity level for each breast

cancer subtype. Differences in expression patterns at the pathway level were
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transformed into pathway activation scores using methods by previous study.

The difference in gene expression level for each subtype was quantified by

unique area under probability density function and defined as a Gene factor.

The difference in the degree of pathway activation for each subtype was de-

fined as a Pathway factor in a similar way to Gene factor definition. Likelihood

and posterior probability were defined using Gene factor and Pathway factor,

and important genes for each subtype were selected based on these two prob-

abilities. The selected genes were also analyzed in terms of biological meaning

and used as features for subtype classification.

I developed a probabilistic framework based on the Bayesian approach.

Genes with high likelihood are the genes with large differences in expression

level for each subtype. Therefore, when t-SNE visualization was performed

using genes with high likelihood, it was clear that the distinction between

subtypes was good. However, when t-SNE visualization using genes with high

posterior probability, the distinction between subtypes was not good. Since the

posterior probability is obtained by normalizing each likelihood as the sum of

the total likelihood, the posterior probability is high when the likelihood in

other subtype is low and the likelihood in that subtype is relatively high.

Therefore, other subtypes are not distinguished enough to be regarded as one

subtype, and in the case of a gene in which only the subtype has a difference in

expression level, the posterior probability has a high value. Therefore, a gene

with a high posterior probability can be said to be a specific gene only for the

subtype.

Therefore, in order to increase accuracy in the subtype classification prob-

lem, genes were selected by considering both criteria. I selected genes that

show difference in the expression level among each subtypes by measuring

likelihood and genes specific to each subtype be computing posterior probabil-

ities. According to our criteria, 488 genes were selected, and the results were
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significantly higher than the prediction accuracy using 488 random genes and

slightly lower than the prediction accuracy using a manually selected gene set,

PAM50.

To show how well the selected genes explain the difference between each

subtype in the pathway level, we mapped the gene expression level for each sub-

type on the important pathways in breast cancer. The results were consistent

with previous research that disruption of circadian rhythm can be associated

with abnormal cell divisions that occur in cancer.

The expression level in Circadian rhythm pathway is the opposite of the

expression level in Cell cycle pathway, and this tendency of the two pathways

showing reverse gene expression levels was related to the subtype. In Basal

subtype with poor prognosis, Circadian rhythm pathway was underexpressed

and Cell cycle pathway was overexpressed. In LumA subtype with best prog-

nosis, Circadian rhythm pathway was overexpressed and Cell cycle pathway

was underexpressed.

In this thesis, I presented a machine-learning method that enables com-

parison between subtypes of breast cancer by interpreting biological infor-

mation contained in KEGG pathway and multi-omics data. Omics data is

high-dimensional data with a significantly smaller number of samples than

observed features. Biological knowledge and effective machine learning meth-

ods are required to extract meaningful information from such data. Therefore,

this thesis aimed to reduce the high-dimensional features of breast cancer

data using the biological knowledge such as KEGG pathway database. The

first study was to map the breast cancer multi-omics to the pathway and show

differences between breast cancer subtypes through the pathway, which is a

higher level interpretation that includes biological meanings rather than indi-

vidual gene level. The second study used a probabilistic framework to select

gene set specific to each subtype of breast cancer using pathway information.
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Two studies are interrelated in that gene selection is performed using a high

level interpretation. The first study provided interpretation of gene expression

data at the pathway level that can explain the biological function, and showed

the differences at the pathway level. The second study used the differences at

the pathway level to reduce the high dimensional features into subtype specific

gene sets.

The significance of this study is that important genes, possibly driver genes,

for each subtype of breast cancer can be selected with a machine learning

method, rather than manually by cancer experts.

In addition, the genes selected by the proposed method are directly from

pathways, thus difference in pathway activations among breast cancer sub-

types is clear, which is much more interpretable than other methods for gene

selection, including the manual selection by cancer experts.
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국문초록

유방암은유방조직에서발생하는암이며여성에서발생하는암의 25%를차지하

는여성의주요암유형이다.유방암은수십년동안광범위하게연구되어왔지만,

여전히 해결해야 할 문제가 많이 있다. 생명공학 기술의 급속한 발전으로 유방암

으로부터 대량의 분자 데이터가 생성되고 있다. 유방암 세포 내에서 측정된 분자

데이터는 유방암에서 해결되지 않은 많은 문제를 연구하는 데 매우 유용하게 사

용될 수 있다. 그러나, 유전자 돌연변이 및 유전자 전사체와 같은 분자 데이터의

분석은 고려해야 할 특성의 수가 많고 (20,000개에서 수백만까지) 환자의 수가

수천에 불과하기 때문에 매우 어렵다. 이러한 고차원 저샘플 문제는 기계학습에

서 해결되지 않은 문제 중 하나이다. 따라서 분자 수준에서 유방암을 연구하기

위해서는 새로운 방법이 필요하다.

본 박사학위 논문에서는 세포 성장, 세포 사멸, 암의 전이와 같은 생물학적

기능의 관점에서 유방암 메커니즘을 설명하기 위해 생물학적 경로를 이용하여

유방암과 그 아형에 대한 문제를 해결하는 방법을 다루었다. 첫 번째는 유전자

돌연변이, 유전자 복제수 변이 및 유전자 발현 수준의 측면에서 생물학적 경로를

탐색하기 위한 웹 기반 시스템을 개발하였고 두 번째는 생물학적 경로를 이용

하여 각 유방암 아형 특이적인 유전자를 결정하기 위한 확률적 프레임 워크를

개발하였다.

첫 번째 연구는 TCGA 유방암 데이터를 KEGG 생물학적 경로에 통합하여

유방암 환자의 멀티오믹스 데이터를 시각화하는 것이다. 생물학적 경로 기반의

다중 오믹스 분석 시스템이 필요하지만, 더 큰 샘플 크기와 더 큰 차원으로 인해

어려움이 있다. 이러한 어려움을 해결하고 TCGA 유방암 데이터에 대한 생물

학적으로 통합적인 관점을 제공하기 위해 KEGG 생물학적 경로에 대한 TCGA

유방암 데이터의 웹 기반 대화형 탐사 및 시각화 시스템인 BRCA-Pathway를

개발하였다. 첫 번째 연구를 통해, 유방암 환자의 멀티오믹스 데이터가 생물학적

106



경로 수준에서 각 아형에 대해 다르게 나타나는 것을 확인할 수 있었다. 특히, 유

전자발현량데이터는몇몇생물학적으로중요한경로에서각각의유방암아형에

대해 상이한 발현 패턴을 보이는 것을 확인할 수 있었다.

두 번째 연구는 KEGG 생물학적 경로 수준에서 각 유방암 아형별 상이한

발현 패턴을 이용하여 아형 특이적인 유전자를 선택하는 문제를 해결하려고 하

였다. 각 유방암 아형이 보이는 생물학적 경로 수준에서의 발현 패턴의 차이는

생물학적 경로의 활성화 점수를 통해 표현되었다. 각 유방암 아형에 대한 유전자

발현량의 차이를 정량화하고 이 값을 유전자 인자로 정의하고, 각 유방암 아형에

대한 생물학적 경로 활성화 정도의 차이를 경로 인자로 정의하였다. 우도와 사후

확률은 유전자 인자와 경로 인자를 사용하여 정의되었으며, 유전자는 각각 우도

와사후확률로순위가매겨진다.생물학적경로정보를사용하여각유방암아형

특이적인 유전자를 선택하는 문제는 유방암 아형 분류 모델에서의 특징 선택에

해당함을 알 수 있다. 이러한 이유로, 분류 문제의 특징으로서 선택된 유전자를

갖는 예측 모델의 성능을 평가하였다. 또한, 선택된 유전자의 생물학적 의미를

분석하였다.

이연구의중요성은유방암각아형특이적인유전자가생물학적경로정보에

의해 유도된 기계학습 방법에 따라 선택되었다는 것이다. 이는 생물학적 기능과

밀접한 관련이 있는 생물학적 경로 정보가 유전자 선택 과정에 사용되기 때문에

우리의 방법으로 선택된 유전자는 생물학적으로 해석 가능한 유전자라고 말할

수 있다.

주요어: 고차원 데이터, 생물학적 경로, 유전자 발현량, 기계학습, 베이지안 방법

학번: 2014-30325
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