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OZET

KANSER SURUCU GENLERININ ARASINDALIK BAZLI AYKIRILIK TANIMI VE
RASTGELE YURUYUSLE TESPITI

Son yillardaki kanser genom ¢aligmalar1 yliksek sayida kanser genomu i¢in detayli
molekiiler veri iiretmistir. Ortaya ¢ikan 6nemli bir problem bu verileri kullanarak kanser
stiriicli genleri tespit etmektir.

Bu tezde, genomik veriyi protein-protein etkilesim aglariyla birlestirerek kanser siiriicii
genleri tespit eden BetweenNet isimli islemsel bir yontem Onerilmektedir. BetweenNet,
hastaya 6zgii olusturulmus aglar1 arasindalik merkeziligi tabanli bir metrik ile inceley-
erek etkinligi degismis aykir1 genleri bulmaktadir. Mutasyona ugramis genlerle etkinligi
degismis genlerin arasindaki iligkileri iki parcali bir ¢izgede tanimlayip, bu ¢izgede rast-
gele yiiriiyiis algoritmasi uygulayarak mutasyona ugramis genleri siiriiciiliik potansiyeline
gore siralamaktadir. BetweenNet yontemi varolan benzer yontemlerle akciger, meme ve
pan-kanser verileri kullanilarak karsilagtirilmistir. Degerlendirmelerimiz BetweenNet’in
bilinen kanser genlerini bulmada daha basarili oldugunu gostermektedir. Ayrica, bilinen
kanser genleriyle BetweenNet tarafindan siralanan genlerin Gene Ontology terimleri ve
referans aglar bakimindan birbiriyle 6nemli derecede ortiistiigii tespit edilmistir.

Anahtar sozciikler: Siirlicii genleri, 1ki pargali ¢izge, arasindalik merkeziligi, ag diflizy-

onu, Protein Protein Etkilesim.



ABSTRACT

RANKING CANCER DRIVERS VIA BETWEENNESS-BASED OUTLIER
DETECTION AND RANDOM WALKS

Recent cancer genomic studies have generated detailed molecular data on a large num-
ber of cancer patients. A key remaining problem in cancer genomics is the identification
of driver genes.

We propose BetweenNet, a computational approach that integrates genomic data with a
protein-protein interaction network to identify cancer driver genes. BetweenNet utilizes
a measure based on betweenness centrality on patient specific networks to identify the
so-called outlier genes that correspond to dysregulated genes for each patient. Setting up
the relationship between the mutated genes and the outliers through a bipartite graph, it
employs a random-walk process on the graph, which provides the final prioritization of the
mutated genes. We compare BetweenNet against state-of-the art cancer gene prioritization
methods on lung, breast, and pan-cancer datasets.

Our evaluations show that BetweenNet is better at recovering known cancer genes based
on multiple reference databases. Additionally, we show that the Gene Ontology terms and
the reference pathways enriched in BetweenNet ranked genes and those that are enriched
in known cancer genes overlap significantly when compared to the overlaps achieved by
the rankings of the alternative methods.

Keywords: Driver genes, bipartite graph, betweenness centrality, network diffusion,

Protein-Protein Interaction.
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CHAPTER 1

1. Introduction

Cancer is a complex disease arising in many cases from the effects of multiple genetic
changes that give rise to pathway dysregulation through alterations in copy number, DNA
methylation, gene expression, and molecular function [3, 4]. Recent cancer genomics
projects such as The Cancer Genome Atlas The Cancer Genome Atlas (TCGA) have cre-
ated a comprehensive catalog of somatic mutations across all major cancer types. A key
current challenge in cancer genomics is to distinguish driver mutations that are causal for
cancer progression from passenger mutations that do not confer any selective advantage.
Consequently, several computational methods have been proposed for the identification
of cancer driver genes or driver modules of genes by integrating mutations data with var-
ious other types of genetic data [5, 6, 7, 8, 9, 10, 11, 12]; see [13, 14, 15, 16] for recent

comprehensive evaluations and surveys on the topic.

Rather than outputting a set of candidate driver genes or modules, a subclass of cancer
driver identification methods output a prioritized list of genes ranked by their cancer-
driving potential. Early approaches in this group have utilized the mutation frequency of
each gene by comparing it with background mutation rates [17, 18, 19]. However, with
a careful review of the existing cancer catalogues it is easy to observe that most tumors
share only a small portion of the set of all mutated genes, giving rise to the so called tumor
heterogeneity problem; methods solely based on mutation rates suffer from low sensitivity

due to the existence of long-tail of infrequently mutated genes [6, 20].

One strategy that aims to tackle the long-tail phenomenon is to move from a mutation-

centric point of view to a guilts by association viewpoint where a correlation between



differentially expressed genes and mutated genes are sought. This strategy assumes that
even though different sets of genes are mutated in different patients, each of the candidate
driver mutations tend to affect a large number of differentially expressed genes. Masica
and Karchin present one of the early models based on such a strategy by employing statis-
tical methods for setting up the correlation between mutated genes and the differentially
expressed genes to identify candidate drivers [3]. Many different models follow a similar
trail by further incorporating biological pathway/network information for setting up such

a correlation [8, 2,21, 22, 23, 24].

1.1 Contributions

We provide an overview of the research contributions in this thesis towards the problem
of driver genes prioritization in cancer. First, we propose BetweenNet algorithm for can-
cer driver gene prioritization. However different from other methods, it determines outlier
genes based on the betweenness centrality values of the genes in personalized networks.
The second contribution of BetweenNet is the employment of a random-walk process on
the resulting influence bipartite graph. Random-walks have been utilized in this context
previously [22, 24]. However, our application of random walk with restart on the whole
influence graph is quite different from the two-step or three-step employment of the dif-
fusion process on a per patient basis used in the alternative methods. Lastly, we provide
extensive evaluations to confirm that BetweenNet outperforms the alternative methods in
recovering known reference genes and in providing functionally coherent rankings when

compared to the enriched GO terms or the enriched known functional pathways.



1.2 Thesis Organization

The thesis is organized as follows:

» Chapter 2, is a biological and computational background review. We review cancer
biology, and briefly discuss types of somatic mutations. Also, we review methods

related to driver genes identification in cancer.

* In Chapter 3, we provide a computational problem definition to model this biolog-
ical phenomenon. We discuss the computational complexity of the algorithm, then

present the details of the proposed efficient algorithm.

* In Chapter 4, we present the results of our algorithm in comparison to state-of-the-

art algorithms and discuss the key biological insights of the results.

* Finally, in Chapter 5, we summarize the thesis and discuss future research directions.

This thesis is based on a published preprint paper submitted to bioRxiv [25].



CHAPTER 2

2. Background

2.1 Biological Background

2.1.1 Cancer

Cancer is a complex disease in which cells start to grow out of control and cripple
normal cells. The mechanism of cell division in unicellular organisms is reproduction;
and maintenance in multicellular organisms, it is done by receiving signals instructing
them to divide, differentiate or die. However, cancerous cells are not able to stop dividing
and die, due to a lack of components that instruct them. The spread of cancerous cells
to other vital organs in a process known as metastasis. Some cancers cause a faster cell
growth, while other cancers lead to a slower cell divide and growth. Since malicious
growth can occur in virtually all locations of the body, there are over 100 different types
of cancers. [26] states that the Conventional Molecular Networks that are shared among
mammalian cells are controlling the reproduction, differentiation, and cell death. The
transformation of healthy tissues to tumor cells is caused by the mutations that target genes

in the Conventional Molecular Networks.

2.1.2  Types of Mutations in Cancer

Genes control the development of an organ. Mutations can affect the structure of an
encoded protein or can lead to a change in its expression. Where every transformation in

the DNA sequence will affect all copies of that encoded protein. However, a mutation can



be particularly damaging to a cell or organism. Cancer arises as a result of somatically
acquired changes in the DNA of cancer cells. However, not all the somatic mutations are

involved in cancer arise, some mutations have no contribution at all.

Casually, a driver mutation is involved in the development of a cancer cell, and it is
highly selected in the microenvironment of the tissue in which cancer arises. Where a
driver mutation is leading to the damage of the cell and it is highly not required for main-
tenance of final cancer but it must have been selected at some point along the lineage of

cancer development.

The mutation that has not been selected and not contributed to cancer development is
called a passenger mutation. These mutations can be found within the cancer genome
because some mutations occur without functional consequences that often occur during

cell division.

Mutations in the genome occur in different forms, from single nucleotide substitution
to complete chromosome changes. These variations can be classified into three cate-
gories, single nucleotide variants Single Nucleotide Variant (SNV), copy number aber-

rations (CNA), and structural variants [27].

The main objective is the identification of driver mutations among the passenger muta-

tions that appear in the same cancer genome.

2.1.3  Single Nucleotide Variants

SNV mutations may occur, due to a substation of a single base in the DNA sequence
(Figure 2.1-A), it can be common in a population and rare for other populations. If the
variant is present in at least 1% of the population, the mutations are named single nu-
cleotide polymorphisms (SNPs). Indels are the insertion or deletion of a small segment of

bases from the genome (Figure 2.1-B).

At the coding region, SNVs that occur could result in either synonymous or
nonsynonymous. Synonymous mutation is a substitution that does not make any

changes in amino acid that do not affect the protein structure is named Synonymous

6



mutation, however, mutations that affect the protein function and structure are named
nonsynonymous mutations. Nonsynonymous mutations are categorized into two types
missense and nonsense. Missense is the substitution that changes the encoded amino
acid and resulting in different protein structures. On the other hand, nonsense mutation
changes the encoded amino acid to a stop codon, thereby terminating protein synthesis
prematurely. But not all mutations can affect the proteins directly, such as the mutation
that occurs at the genome’s noncoding regions affect gene regulation mechanisms. In our

project we used only SN'Vs, more about data processing is detailed in C'hapter3.

A

CATCATCATCATCATCAT
mmmmmm

Substitution of
a single nucleotide

CATCATCATCCTCATCAT
mmm = mm

CATCATCATCATCATCAT
mmmmmm

Insertion of a
single nucleotide

CATCATCATACATCATCA
mmm T G B

Figure 2.1: Illustration of Single Nucleotide Variants (SNVs), where A) a single
nucleotide substitution B) Illustration of Indels that could produce incorrect amino acid
sequence. [1])

2.1.4  Protein-protein interactions

Protein-protein interactions Protein-Protein Interaction (PPI) are integral to understand-
ing the useful interactions and connections between proteins. The development of drugs
and therapies are based on the identification of protein interactions [28], because PPIs
play a critical role in cellular functions and biological processes in all organisms. These
PPIs are constructed using many physiochemical and intensive computational experimen-
tal techniques. Nodes in PPIs correspond to proteins, and interactions between them are

described by edges. As a result of PPIs identified a small number of proteins, there is a

7



huge need for new techniques to predict the non-discovered PPIs and validate the existing

and experimental results.

2.1.5 Biological pathways

Thousands of molecules are part of cells, most of these molecules are proteins and small
molecule compounds that work and interact together to perform some cellular tasks such as
responding to the outer environment. Cells receive chemical cues from either inside or out-
side the body prompted by stress for example. As areaction to these cues, cells are sending
and receiving signals as well through the biological pathways. However, molecules that
make up the biological signals (such as proteins) are interacting with each other as well as

with signals.

A biological pathway is a set of molecular events that ends in the creation of a new
molecular component or change in a cellular state, and it is a sequence of interaction

between molecules in a cell.

Biological pathways can take actions over short or long distances, where some cells are
sending signals to a nearby cell to produce, or repair any damage. And there are some
other cells that produce substances that travel through the blood to distant cells. However,
biological pathways sometimes are not performing properly, which causes many diseases
such as cancer or diabetes. Biological pathways are classified into many types, the most
known types are involved in metabolism, gene expression, gene regulation, and signal

transduction.

2.1.5.1 Kyoto Encyclopedia of Genes and Genomes (KEGG)

KEGG [29] projects aim to join both genomic information and higher-order functional
information together, it consists of multiple manually curated databases (15 different
databases) and a computationally generated database by linking genes in the genome with

a network of interacting molecules in the cell.

KEGG is defined by three databases, PATHWAY, GENES, and LIGAND [30], which

8



forms the reference knowledge base to understand higher-level systemic functions of the
cell and the organism, including metabolism, other cellular processes, organismal func-
tions, and human diseases, where PATHWAY represents the higher-order functions in
terms of the network of interacting molecules, GENES is the collection of gene catalogs
for sequenced genomes, and LIGAND represents the chemical compounds in the cell, and

enzyme molecules and its reactions.

The architecture of the KEGG database is similar to the version defined in their previous
version [29], where it gives the chance for users to enter the system in both ways, top-down

that starts from functional (pathway) or bottom-up that start from genomic information.

2.1.5.2 Reactome

Reactome [31] is a project that also consists of manually curated databases, aims to pro-
vide bioinformatics and computational tools to visualize, interpret, and analyze pathway
knowledge. As biological information became so complex in recent years, a huge need to
develop databases to validate and interpret biological studies. Reactome is a free open-
source database, consists of relational signaling and metabolic molecules and their rela-
tions that are organized into biological pathways and processes. The reaction is the main
unit in Reactome data. Where, many entities participating in reactions form a network of
biological interactions such as (nucleic acids, proteins, complexes, vaccines...etc) and are
grouped into pathways. There are many biological pathways in Reactome, include classi-

cal intermediary metabolism, signaling, transcriptional regulation, apoptosis, and disease.

The process of collecting a Reactome pathway is quite the same as editing a scientific
review. In which experts from different domains provide their expertise, then a curator
formalizes it into the database structure, afterward, another expert from another domain
will review the representation. Then, an evidence system keeps tracking and ensures that

the assertions are backed up by the primary literature.

Finally, the Reactome database is designed to validate and interpret the results of exper-
imental studies and research, and it is used by bioinformaticians to develop and validate

their algorithms to mine knowledge from genomic information.



2.1.6 Gene Ontology (GO)

The Gene Ontology (GO) is a project that aims to build and use ontologies to map
genes and their products to a biological annotation in bioinformatic centers [32, 33, 34]
and organism databases using computational algorithms that extract the relationship from

scientific literature

A GO annotation term is a link that describes how a gene product type is related to
a molecular function, and biological process, in which it describes the capabilities and
contributions of a gene product. The GO Ontologies described attributes of genes and
gene products by categorizing them into three key domains, molecular function, biological

process, and cellular component using ontology [35, 36, 37, 38, 39].

GO structure is described in terms of a graph, consists of GO terms as nodes and rela-
tionships are defined by edges. Also, GO child terms are more specific and specialized

than parent terms, and a child can have more than one parent term.

The GO annotations are used to validate and analyze functionalities from very large
datasets. While it is used to analyze results from high-throughput studies, where they
provide a set of genes, using GO annotations, researchers are able to validate their results,

determine which function is significantly over- or under-represented in their results.

2.1.7 The Cancer Genome Atlas (TCGA)

The Cancer Genome Atlas (TCGA) project [40] aims to discover and catalog mutations
that lead to cancer arise, by using genome sequencing and bioinformatics tools, to discover
therapies and treatments and a better understanding of the disease [41]. The structure of
the TCGA database is well defined and organized in which many centers are involved in
collecting and processing sample data using sophisticated bioinformatics data analyses.
Many Tissue Source Sites (TSSs) are responsible for collecting tissues from patients and
bring them to the Biospecimen Core Resource (BCR) to verify and process them. After-
ward, the processed data is submitted to the Data Coordinating Center (DCC) to provide

genomic characterization and sequencing.
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TCGA data provides studies and data for 33 different cancer types from 11,328 sam-
ples, where the studied cancer is chosen based on the poor prognosis and availability of
samples. The identifications of alteration among the selected samples are done by molecu-
larly characterizing matched paired data (tumor-normal tissues). Also, the TCGA database
provides molecular data from different types of analyses such as DNA sequencing, RNA

sequencing, gene expressions, exon expression, miRNA expression.

The generated data are publicly and freely available to the research community, to allow

scientists and researchers to access them and speed up advancements in cancer discovery.

2.2 Computational Background

2.2.1 Graph theoretical measurements

A graph is a set of nodes connected by edges, where edges between nodes can be either
weighted or unweighted. Also, edges can be directed or undirected. Mathematically, many
measures are presented to describe the properties of graphs, classified into two categories,
a global measure that refers to global properties of a graph represented by a single number,
and a nodal measure that refers to properties of the nodes in a graph, such as: degree,
strength, path length, clustering coefficient, closeness centrality, betweenness centrality,

global efficiency, and many other measurements.

2.2.2 Bipartite Graphs

A bipartite graph is a graph with two disjoint and independent sets U and V', in which
an edge can exist only between a vertex from U to V' but no edges exist between nodes
of the same set U or V. A bipartite graph is a special case of a k-partite graph with k =
2. The Figure 2.2 shows a bipartite graph example, with vertices colored based on the

disjoint set it belongs to.
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Figure 2.2: A representation of a bipartite graph.

2.2.3  Review of methods for Identifying Driver Genes

2.2.3.1 Betweenness

Betweenness [42] is one of the alternative models that is used to discover novel driver
mutations. in which it measures the importance to which a node lies on paths between

other nodes.

Previously, graph centralities have been employed in the context of identifying cancer
genes such as Jaccard index, degree centrality, and graph-theoretical distances.Dopazo and
Erten; used mutations data, PPI network, and employed various graph centralities mea-
surements to discover cancer genes [8]. among all employed measurements, betweenness

differentiate driver genes than the rest of methods.

Dopazo and Erten; used paired TCGA samples with both normal and tumor samples,
mutation data, and PPI network H. for each sample ¢, a pair of graphs are created, N; and
T;, where the normal graph NN, is a subgraph of H that consists of only expressed genes
(genes with normalized count value less than 1) in the normal sample ¢, whereas the tumor

graph T; consist of expressed genes in the tumor sample i and non-mutated genes as well.
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For each sample i, betweenness is calculated for both N; and Tj, as follows:

buglv) = Y %) 2.1)

Ost
Vs, teV,s#v#t

where, o is the total number of shortest paths between nodes s,¢, and o, is the number

of such paths that go through the node v.

To rank genes, for each gene, a weight function is defined as follows:

Wow(v) = D |bww,(v) = bwg,(v)] (2.2)

VN;, T;€P
2.2.3.2 DriverNet

DriverNet [2] is one of the first methods that implement bipartite graph to prioritize
driver genes, by evaluating their impact on their gene expression. This algorithm uses real-
valued gene expression data to generate outliers data, by transforming a gene expression
data into a binary matrix O’(i, j) that indicates whether a gene i is an outlier gene from
population-level distribution for that specific gene in patient j. Also, a binary mutation
data matrix M (i, j) and PPI network are used as input to their algorithm. The mutation
data M can be in the form of somatic point mutations, indels, copy number changes, or

possibly epigenomic events.

DriverNet is formulated in a bipartite graph as shown in Figure 2.3, where the left
nodes of the graph are the mutated genes from M, and nodes in the right partition rep-
resent the set of outlier genes across all samples which are multiple sets of differentially
expressed genes from O’, where each set represents a patient(represented as red nodes).
Edges are drawn if for each patient P, a mutation ¢ in the left partition is mutated in Py,

and is known to have interaction with an outlier j in the right partition.

The aim of the algorithm is to identify genes from the left partition that cover the max-
imum outlier genes in the right partition. So, genes are ranked based on their degree in
the constructed bipartite graph. A mutated gene is selected then removed with all outliers

connected to it, repeatedly until it covers all outliers in the right partition.

Many outlying genes can not be defined and explained due to the PPI network. Finally,
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Figure 2.3: A summary of DriverNet approach. Nodes on the left partition correspond to
the mutations nodes connected to the outliers on the right partition for each patient [2].

the algorithm uses a greedy algorithm to solve the optimization problem since it is almost

identified as the minimum set cover problem, which is NP-hard.

2.2.3.3 Subdyquency

Subdyquency [24] method is similar to DriverNet method, based on random walk to
prioritize driver genes. The algorithm framework is formulated in a bipartite graph same
as DriverNet, where mutated genes on the right side correspond to all genes that being at
least mutated in one patient, and the left partition corresponds to genes whose expression
is significantly different with respect to the cohort. Edges are drawn similarly to DriverNet

method’s criteria.

Since a pair of proteins can interact only if they are in the same subcellular compart-
ment, moreover, proteins are performing their functions if they are located in the same
subcellular compartments. Following these assumptions, all edges are assigned weights
based on Tang’s [43] method, by measuring the number of proteins in each compartment
C, [44], this measurement denotes the importance of that compartment C'x, then normal-

ize the value of C'x with the largest size of compartment C,,,. The significance score S¢
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is calculated as follows:

SC(i) = Cgl(;) 2.3)

After the normalization process, the final SC’s values range between 0 and 1, where
compartments with the larger size of proteins are more important than other compartments
with small sizes, so, edge weight is assigned for each pair of mutated gene 7 and an outlier

j 1s defined as follows:

Wi { max(SC(I)), if SLoc(i,j) #, (2.4)
L) = )
SC(Cy), Otherwise

If both mutation ¢ and outlier j interact in the same compartment, then the edge weight
is equal to the maximum significance score of their shared compartments. Otherwise, the
edge weight is equal to the minimum compartment significance scores among all compart-
ments denoted by C'y. M (7) is a mutation frequency of gene i and O( ) is also an outlying
frequency of gene j in the cohort of patients. Finally, the authors propose to simulate a

random walk on the bipartite graph using the three following steps:

R (). :a*M(i)+(1—a)*ij*O(j) (2.5)
R,(i). =axO(i) + (1 —a) * Z Wi % Ry (5) (2.6)
Ry(i). = ax M(i) + (1L —a) x Y _ Wy * Ro(j) (2.7)

j=1

Ranking genes is based on calculating scores that are derived from the summation of

R,m vectors among patients and rank them based on the final scores.
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2.2.3.4 DawnRank

DawnRank [21] is also a random walk based method, that implements Google’s PageR-
ank approach [45]. If a mutated M has a large direct or indirect connectivity to differen-
tially expressed genes, then that gene has a higher impact score. The idea behind driver
genes tends to have a high degree in gene networks [46, 47] recommends that PageR-
ank would be significant to prioritize driver genes. DawnRank uses a directed adjacency
matrix and the absolute differential expression vector. To further differentiate gene-gene
interactions, the binary adjacency matrix is expanded to construct edge weights. The rank

of each gene is defined iteratively as follows:

Ayt
i 1< j< N (2.8)
deg;

)

rt = (1=d)fj+d; Y

i+1

where 7 is the rank in the ¢* iteration, this ranking is affected by the degree of a gene j
and a damping factor of the gene 0 < d; < 1. However, d is the extent to which the gene
J ranking depends on the structure of the graph (the higher the d; the higher dependency
on the graph), and the parameter f is the absolute differential expression value of j. also,
deg; corresponds to the in-degree of gene ¢ that is different from PageRank algorithm that
uses the out-degree value instead. To handle the zero-one gap problem (when ranking a
gene with 0 incoming edges), a dynamic damping factor was used [48], where each gene
has its own damping factor. As the number of incoming edges of a gene j increases, the
damping factor slowly increases as well to assimilate more connectivity information into

the ranking of the gene.

Finally, the algorithm stops when it converges. The convergence is achieved when the
magnitude of the difference of the ranks between the current iteration ¢ and the previous

iteration ¢ — 1 falls below a threshold = 0.001.

2.2.3.5 IntDriver

IntDriver is one of the cohort level algorithms that prioritize driver genes from somatic

mutations by utilizing the logic of matrix factorization to estimate a mutation score. Two
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types of functional information are used as input, GO similarity of genes and binary ad-
jacency matrix. A Frobenius norm-based regularization is used in the mutation scoring
method to prevent overfitting [49]. The model is based on the optimization of the follow-

ing function:

mingv||X — UV ||p2 + MTr{VILyV} + AsTr{VTLsV'}

M|V |2 st U € {0, 1}k

The matrix U is the sample assignment matrix, U = [u;...u k] = s X k, and the matrix
V' is the mutation score matrix, V' = [vy...v k| = ¢ x k. The reconstruction of the mutation
matrix X is denoted by the matrixU VT in which k is the rank of the matrix UV, Based
on these matrices, we can calculate and measure scores for each gene. The idea of the
algorithm is able to detect rare genes (genes with low mutation frequencies). The Lapla-
cian matrix of any gene interaction definition is: Ly = Dy — Ay, where Ay stands for
the adjacency matrix of the interaction network, and Dy consists of gene degrees. Also,
the matrix Lg is the Laplacian GO similarity matrix, defined as Lg = Dg — S, where the
values of GO similarity are scores for each gene pairs, and Dy is the summation of rows or
columns of the similarity matrix for the related gene. The default values for the algorithm
parameters are Ay = 0.3,A\s = 0.7 and A,y = 0.01. ||V|| F*? stands for the Frobenius norm

regularization that prevents overfitting on the mutation scores.

Finally, genes are ranked as follows:

Score(j) = maz{Vjuk! =1,..k}, j=1,.,9 (2.9)

where, for each gene j, the maximum score is selected as a driver gene’s final score.
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CHAPTER 3

3. Materials and Methods

3.1 Introduction

In this chapter, we describe the input data used in our project. And also, we describe the
details of the main steps of the BetweenNet algorithm. Figure 3.1 provides an overview

of the algorithm.

3.2 Input Data

In order to construct the pan-cancer cohort, we first identify the cancer types that have
more than 10 paired measurements from normal and tumor samples in the TCGA cohort
[40] as shown in Table 3.1. We then take the union of all the samples from these cancer
types to form the cohort. In addition to the pan-cancer data, we perform separate evalu-
ations on two cancer types. These are breast cancer (BRCA) with 110 samples, and lung

cancer (LUSC + LUAD) with 61 samples.

We download the gene expression (RSEM normalized values [50]) and somatic muta-
tion data for these patients from the Firebrowse database (http://firebrowse.org; version
2016 _01 28). We exclude the silent mutations in the calculation of mutation frequen-
cies. In addition to the gene expression and mutations data, we also employ protein-
protein interactions data which we gather from the H. Sapiens PPI network of the IntAct

database [51] on 18th June, 2020.

We preprocess the IntAct network so that both interactors are proteins and both are
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Figure 3.1: Main steps of the BetweenNet algorithm.

from the human genome to avoid human-virus interactions. Also, we only include the
interactions where the type is ’physical association” or one of its descendants. Next, we
convert UniProt ids to gene symbols where we merge multiple UniProt ids for the same

protein to a single id. The resulting network contains 15,345 nodes and 113,524 edges.

3.3 Graph Construction

Let G = (V, F) represent the reference H. Sapiens PPI network where each vertex
u; € V denotes a gene ¢ whose expression gives rise to the corresponding protein in the
network. Each undirected edge (u;, u;) € E denotes the interaction among the proteins
corresponding to the genes 7, j. Let P represent the set of patient samples. For each patient
p € P, we define two graphs /V,, and T, that represent the PPI networks of the normal and
tumor samples, respectively. To construct N, we start with the reference PPI network G
and remove the nodes that correspond to the genes that are not expressed in the normal

sample of the patient p.

We deem genes with normalized count values less than 5 as not expressed. To construct
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Table 3.1: Number of samples in each cancer type within the pan-cancer dataset

Cancer type  Samples

STAD 27
LUSC 16
KIRC 65
KICH 25
KIRP 28
LIHC 49
LUAD 45
BRCA 110
ESCA 11
PRAD 43
HNSC 37
THCA 46
COADREAD 25
STES 38
BLCA 15

T,, we remove two sets of genes: (1) genes with normalized count value less than 5 in the

tumor sample; (ii) genes that contain non-silent mutations in the tumor sample.

3.4 Betweenness Calculation

The standard definition of the betweenness centrality ignores the length of a shortest
path. Since considering very long paths as functional relations may not be biologically
meaningful, we use a variant of the betweenness centrality called k-betweenness, where
only shortest paths of length < £ are included in the calculations [52]. Given an un-
weighted graph G = (V, E'), k-betweenness value of a node that corresponds to gene i is

defined as follows:

Z Ust(i) 3.1)

. Ost
Vs,teV,s#i#t

where o is the number of shortest paths of length < k between genes s and ¢, and o (1)
is the number of such paths that pass through gene . We utilize the algorithm presented
in Brandes et al. to efficiently calculate the k-betweenness values [53]. Let B;)\;- and B; ;
denote the k-betweenness centrality values of the gene 7 in the IV, and 7}, graphs of the

patient p, respectively. We define Bgfl-f Tas |BY, — BT|.
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Figure 3.2: The distribution of betweenness difference values for two selected genes
AARSDI and RNF43.

3.5 Selection of outliers

For each gene ¢ which exist in both normal and tumor networks, we plot the Bgfif f
values across all the patients. We observe that the distribution can be approximated with

a truncated normal distribution (Figure 3.2).

We use the truncnorm function in Python to estimate the mean and standard deviation

of the distribution. A gene 7 is defined as an outlier in patient p, if Bgif s greater than t
standard deviations from the mean. We repeat this process for each gene and construct a

set of outlier genes for each patient.

3.6 BetweenNet algorithm

3.6.1 Bipartite graph

Similar to DriverNet, we construct a bipartite graph B that models the relationship be-
tween the set of mutated genes and the outliers. The mutations partition of the bipartite
graph consists of the genes that have a mutation in at least one patient and the outliers
partition consists of the outlier genes of all the patients in the cohort. Note that a gene j
can be an outlier for multiple patients. In such a case, each occurrence of a gene is repre-

sented with a distinct node in the outliers partition of B. Assuming j is an outlier gene for
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patient p, let u? be the node corresponding to it in the outliers partition. For a node u; in
the mutations partition, edge (u;, u}) is inserted in B, if gene i is mutated in p and (u;, u;)

is an edge in G.

3.6.2 Random Walk

We apply a random walk on the bipartite graph B. The mutation frequencies of the
genes are assigned as initial heat values to be diffused throughout the network during
random walk. Let M F(i) denote the mutation frequency of gene ¢, that is, the number of
patients where ¢ has a non-silent mutation divided by the total number of patients. Note
that heat values are assigned to genes on both sides of the bipartite graph. The random
walk starts at a node u; in B and at each time step moves to one of u;’s neighbors with
probability 1 — 5 (0 < < 1). The walk can also restart from u; with probability £,
called the restart probability. This process can be defined by a transition matrix 7" which is
constructed by setting 7;; = m if (u;, u;) € E, and T}; = 0 otherwise. Here, deg(u,)
corresponds to the degree of the node u;. Thus T;; can be interpreted as the probability that
a simple random walk will transition from u; to u;. The random walk process can also be
considered as a network propagation process by the equation, Fy1, = (1 — 8)T'F; + S Fy,
where £} is the distribution of walkers after ¢ steps and Fj is the diagonal matrix with
initial heat values, that is Fy[i, i) = M F(i). We compute the final distribution of the walk

by calculating the F' matrix iteratively until convergence.

3.6.3 Ranking Genes

Genes in the mutations partition of the bipartite graph B are prioritized by a score that
combines both degree information and the edge weights that are inferred with random
walk. Assuming that w;, (u;) indicates the sum of incoming edge weights for gene 7 after

random walk, the combined score for gene ¢ can be defined as follows:

S =« deg(u:) +(1-a)

maXVUj Emutations d@g (uj>

Win, (Uz)
maxv“j emutations Win ('LL])

(3.2)

Note that the w;,(u;) for gene i corresponds to summing the corresponding row of F for

gene ¢ after convergence. Once a gene is selected, we remove the corresponding node and
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its neighbors in B. After each such update of the B graph, the maximum degree value and
the degrees of all the genes are computed again, whereas the w;n values are pre-computed

and remain fixed throughout the ranking procedure.
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CHAPTER 4

4. Results and Discussion

We implemented the betweenness centrality measurement algorithm in C++ using the
LEDA (Library of Efficient Data types and Algorithms) library. The remaining steps are
implemented in Python using NetworkX library. All the code and necessary datasets are
available at https://github.com/abu-compbio/BetweenNET. We compare BetweenNet re-
sults against those of five other existing cancer driver prioritization methods: DriverNet,
Subdyquency, DawnRank, IntDriver, and Dopazo and Erten’s prioritization method based
on betweenness centrality values, hereafter named only Betweenness. Note that for the
Betweenness method, although the original method ranks all genes, here we only rank
mutated genes using the same method for a fair comparison, since all the other methods
under consideration are designed to rank mutated genes only. DriverNet is chosen due to
its close connection to our work. DawnRank and Subdyquency are included as they extend
and improve over DriverNet. Betweenness is included as a baseline since our method uti-
lizes a variation of betweenness differences in identifying outlier genes. Finally, IntDriver
is included to represent the performance of a distinct strategy that is based on matrix fac-
torization. We evaluate the methods with three datasets: lung cancer, breast cancer, and

pan-cancer samples.
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4.1 Validation

4.1.1 Compiling reference gene sets

We compile known cancer genes from the databases Cancer Gene Census (CGC) [54],
Network of Cancer Gene (NCG) [55] and CancerMine [56]. From CGC, we obtain a list
of 723 genes that are found to be associated with cancer. We further identify the genes
with mutation frequencies < 2%, namely the rare drivers. Since the number of paired
samples for breast and lung cancer is small, we use all available samples in breast and
lung cohorts to compute the mutation frequencies of genes for defining rare drivers. For
pan-cancer dataset, the number of paired samples is much larger. Therefore, we calculate
mutation frequencies with paired samples only. Furthermore, we filter the genes according
to the Tumour Types column to define cancer type specific gene sets for breast and lung
cancer. We also compile cancer type specific genes from NCG by filtering the primary site
column. Because these cancer type specific reference gene sets are small we take the union
of CGC and NCG cancer type specific reference genes. The third repository, CancerMine,
uses text-mining to catalogue cancer associated genes where it also extracts information
about the type of the cancer. We compile two lists of genes that have at least 3 and 5
citations, respectively. Hereafter, these two reference gene sets are named CancerMine3
and CancerMine5. The number of genes in each reference set for each cancer type (i.e.,
lung, breast) and for pan-cancer cohort are available in the Appendix A Supplementary
Tables A.4-A.6. For lung cancer, we are unable to use CancerMine5 as a reference due to

its small size.

4.1.2 Enrichment analysis with Gene Ontology and pathway databases

For Gene Ontology (GO) [57] term analysis, we use goatools. We download go-
basic.obo file from http://geneontology.org/docs/download-ontology/ on June 26th of
2019. We restrict the gene annotations to level 5 by ignoring the higher-level annotations
and replacing the deeper-level category annotations with their ancestors at the restricted

level.
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For the pathway analysis, we use the A/l[Enricher tool with Reactome and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) [58] pathways. Both goatools and AllEnricher
use Fisher’s exact test to calculate p-values and False Discovery Rate (FDR) for multiple

testing correction. We use 0.05 as the p-value cutoff to determine significant enrichments.

4.2 Results

4.2.1 Sensitivity of BetweenNet to its parameter settings

We assess the sensitivity of BetweenNet to its parameterization by varying the param-
eters ¢, £, a and k for lung, breast and pan-cancer samples (Appendix A Supplementary
Figures A.4 to A.14). Among them, the largest change is observed when the outlier de-
tection threshold ¢ is increased from 0.5 to larger values. Varying the other parameters
results in minimal changes where the changes can only be discerned at the 5th decimal
point and beyond. We choose the following setting as it leads to the best performance:
t=0.5,0=04,a=0.5, k= 3. Overall, these tests show that BetweenNet is robust to

a variety of parameter settings.

4.2.2  Evaluations with respect to reference cancer gene sets

We first compare the methods based on their ability to recover the sets of known cancer
genes. For this, we compute true positive and false positive rates for the top 1000 genes
and calculate the area under the ROC (AUROC). Figure 4.1 shows the ROCs obtained
from lung cancer data. In Figure 4.1-a all CGC genes are used as reference, whereas in
Figure 4.1-b genes with mutation frequencies < 2%, namely the rare drivers, are included.
Figure 4.1-c is obtained with CancerMine3 as the reference set. BetweenNet achieves a
higher AUROC value than all the alternatives for CGC and CancerMine3 reference sets
and it has the same AUROC value with DawnRank for CGC-rare reference sets. For
CGC and CancerMine3, the ranking of the other methods is the same. Namely, the sec-
ond ranked method is DawnRank which is followed by Subdyquency and DriverNet with

similar performance with respect to each other. Finally, Betweenness and IntDriver are the
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worst ranking methods. On the other hand, for the CGC-rare reference set, BetweenNet
and DawnRank both perform the best whereas the second ranking method is Betweenness.
This is followed by DriverNet and IntDriver which have the same AUROC value. Sub-
dyquency performs significantly worse than all the other methods for the CGC-rare refer-
ence set. The fact that Betweenness performs much better than DriverNet, Subdyquency
and IntDriver is interesting and suggests that most existing methods perform much better
in retrieving drivers with larger mutation frequencies. Comparisons using the union of
CGC-Lung and NCG-Lung reference sets show that BetweenNet has a significantly bet-
ter performance than all the other models in retrieving lung cancer specific reference gene
sets (Appendix A Supplementary Figure A.1). Here, Subdyquency ranks second, which
is followed by DawnRank, DriverNet, Betweenness, and IntDriver. Overall, these results
illustrate the superiority of BetweenNet as it can find both rare and common drivers in

lung cancer accurately.

Figure A.3 depicts analogous results for the breast cancer data. BetweenNet achieves
the top performance with CGC and CGC-rare reference sets. For both reference sets, the
ranking of the other methods from best to worst is the same and as follows: DawnRank,
Subdyquency, Betweenness, DriverNet, and IntDriver. For CancerMine3, DawnRanks
shows the best performance. BetweenNet’s AUROC value is slightly worse than Dawn-
Rank. This is followed by BetweenNess and Subdyquency. As in the other results of
breast cancer, DriverNet and IntDriver are the worst performing methods. Subdyquency
ranks the best in retrieving breast cancer specific reference gene sets (union of CGC-Breast
and NCG-Breast)(Appendix A Supplementary Figure A.2-a). BetweenNet’s performance
is slightly worse than Subdyquency. The other methods rank as follows: DawnRank,
DriverNet, Betweenness, IntDriver. Results with respect to the CancerMine5 reference
set are similar to those obtained with CancerMine3 reference set and are available in Ap-

pendix A Supplementary Figure A.2-b.

Lastly, Figure 4.3 shows the results with respect to the pan-cancer dataset. For the
CGC reference gene set, Subdyquency performs the best. BetweenNet ranks the second,
which is followed by DawnRank, DriverNet, and IntDriver, respectively. Interestingly,
Betweenness performs the worst in this evaluation. The employed methods rank differ-

ently when the reference set is changed to CGC-rare. BetweenNet and DawnRank have
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reference. ¢) CancerMine3 genes are used as reference.
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a similar performance and perform the best. DriverNet and Betweenness rank the sec-
ond and third, respectively. Subdyquency ranks the fourth which is surprising given its
top performance with the full CGC reference set. For the CancerMine3 reference set,
Subdyquency’s AUROC is the highest. BetweenNet’s performance is slightly worse than
Subdyquency. DawnRank and DriverNet give the same performance and rank third. Be-
tweenness and IntDriver are the worst performing methods. Results with CancerMine5 are
similar to those of CGC and CancerMine3, respectively. These are available in Appendix

A Supplementary Figure A.3.

4.2.3  Evaluations based on functional and pathway analysis

Reference cancer driver gene sets might be incomplete and biased. As such, rather than
only finding exact matches between the output gene sets and the reference gene sets, we
also define other metrics that measure how well the associated functions of the genes of
the two sets match. One such metric is based on GO consistency (GOC) and the other is
based on pathway information. For the former, we find the GO terms enriched in the output
gene sets and in the reference gene sets, and check whether the corresponding GO terms
overlap. The underlying assumption is that the reference cancer genes and the predicted
cancer genes should have similar biological functions. We find the enriched GO terms
in the ranked gene sets of varying total sizes from 100 to 500 in the increments of 100
for each method under consideration. We repeat the same GO term enrichment analysis
with the reference gene set. We then compute the GOC value between the enriched GO
terms of the ranked gene set and those of the reference set, which is defined as the ratio
between the size of the intersection of the two sets and the size of the union [59]. Figure
4.4 shows the GOC values calculated for each cancer type and pan-cancer cohort. We
observe that BetweenNet ranked genes for lung cancer perform the best for almost all total
size values. Here, Subdyquency’s low performance is notable since it performs similar to
DriverNet and Betweenness in retrieving CGC genes for lung cancer. For breast cancer,
DawnRank ranks the best in four out of five total size values, whereas BetweenNet is the
second best. This is followed by Betweenness, Subdyquency and DriverNet, respectively.

Finally, IntDriver performs significantly worse than the other methods. For pan-cancer
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data, there is no clear winner. BetweenNet, DriverNet and DawnRank perform close to
each other whereas Subdyquency’s performance is the best for total sizes of 400 and 500.
Similar to the results obtained from breast cancer data, IntDriver’s performance is notably

worse than all the other methods.

We repeat the same type of analysis with pathways as well, this time replacing GO
term enrichment with pathway enrichment. Namely, we identify the pathways enriched
in the reference set of genes and the set of genes output by a ranking method. We then
compute the number of pathways common in both of these sets. Figure 4.5 shows the
results with Reactome reference pathways for all cancer types. For lung cancer, the best
method varies for each total size value, where BetweenNet outperforms the other models
with a large margin for total sizes 100 and 300. On the other hand, DawnRank results in the
top consistency values for total sizes 200 and 400. Finally, for a total size 400, these two
methods share the same performance. For breast cancer, we observe similar results where
BetweenNet and DawnRank perform the top. Here, DriverNet’s performance is notably
worse than the other methods. For pan-cancer, BetweenNet gives the top consistency
value in four out of five cases. Interestingly, Subdyquency ranks lower than BetweenNet,
DawnRank and DriverNet in contrary to its top performance in evaluations with respect
to CGC on pan-cancer data. It is less difficult to identify the top performing method when
KEGG pathways are used as reference Figure 4.5. For lung cancer, BetweenNet gives the

best performance for four out five cases, whereas for breast cancer and pan-cancer data
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BetweenNet ranks top for all total size values. Subdyquency’s low performance is again

notable in these evaluations.

4.3 Analysis of BetweenNet ranked genes

We further explore BetweenNet’s top 30 ranking genes for each dataset (Appendix
A Supplementary tables A.1 to A.3). Among the CGC genes that appear in our top 30
genes for breast cancer, EWSR1 can be found by BetweenNet only whereas ERBB2 and
HSP90ABI can be found by BetweenNet and Betweenness only. We observe that these
three genes have lower mutation frequencies than the other CGC genes that appear in our
top 30 genes. Namely, HSP9OABI is mutated in a single patient and the other two genes
are mutated in two patients. Similarly, for lung cancer CGC genes SMAD2 and REL
can only be detected by BetweenNet and Betweenness within the top 30 ranking genes.
Again, these genes have the lowest mutation frequencies among the CGC genes in our top
30 ranking genes. In order for BetweenNet to rank these genes higher than other genes
with larger mutation frequencies, many connections must exist between these genes and
the outlier sets of the patients that they are mutated in. The fact that these genes cannot
be recovered by DriverNet or Subdyquency suggests that defining outlier genes based on
betweenness centrality provides an advantage over defining them based on gene expres-

sion.

We also check the top 30 ranking genes that do not appear in CGC. Among these,
LRRK2 consistently ranks within our top 30 genes for lung cancer, breast cancer, and pan-
cancer datasets. LRRK?2 is also ranked within the top 30 genes by DawnRank, DriverNet
and Betweenness for breast cancer dataset; and by all the other methods except IntDriver
for lung cancer and pan-cancer datasets. Indeed, multiple studies have reported that indi-
viduals with LRRK2 mutations have an increased risk of developing cancers [60, 61, 62].
Another gene which is ranked among our top 30 genes for all three datasets is RIF1. RIF1
is also identified by DriverNet and DawnRank in all three datasets. Supporting this find-
ing, RIF1 is recently shown to promote tumor growth and cancer stem cell-like traits in
non-small-cell lung carcinoma by activating the Wnt/3-catenin signaling pathway. On the

other extreme, there are also genes which are only identified by BetweenNet. MAGEDI1
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is one such example for breast cancer. Tian et al have shown that BRCA2 suppresses cell
proliferation via stabilizing its downstream target MAGEDI1 [63]. As such, MAGEDI is
strongly associated with cancer development by mediating the growth-suppressing func-

tion of BRCAZ2 [64].

4.4 Discussion

Having shown that BetweenNet performs better than existing methods in most of the
evaluations, we also investigate the added value of defining outliers based on betweenness
centrality. To this end, we replace the outliers of BetweenNet with the outliers found by
DriverNet for the same data sets. We observe that BetweenNet performs significantly
better than its modified version and DriverNet for all cancer types and for all reference
gene sets (Appendix A Supplementary Figures 14-17). These results show that the outlier

detection strategy of BetweenNet is critical to its performance.

Lastly, we analyze the running time requirements of the main steps of the BetweenNet
algorithm. Computing the betweenness values of all the nodes in an unweighted graph of
n nodes and m edges require O(nm) time, since starting from each node a breadth-first
search (BFS) is executed until completion to find the shortest path distances necessary
for the betweenness values. However since we only consider the shortest paths within a
diameter of k, the number of edges traversed at each BFS is bounded by §%*2, where §
denotes the maximum degree of all the nodes in the graph G representing the input PPI
network. Thus the running time of the betweenness step of BetweenNetis O(| P||V |§2+12).
Let a denote the average number of outliers per patient and ;. denote the number of genes
mutated at least once in the set of samples P. The running time of the random-walk
step is bounded by O((|P|a + p)3r), where r denotes the number of times the F' matrix
is calculated iteratively until convergence. We observe the a and p values of 870 and
4,335 for lung cancer; 390 and 4,096 for breast cancer; 627 and 11,105 for pan-cancer
datasets respectively. We observe that the random walk converges after 3 iterations for
all three datasets. For the actual ranking step, the main operations are those of iteratively
selecting and removing the maximum rank mutated gene and updating the current ranks

of the remaining mutated genes that are also connected to the outliers of the removed
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gene. Although a more efficient structure such as a priority queue could be employed,
since this is not the dominantly time-consuming step of the algorithm we opt for simple
node deletions from B followed by a linear search for maximum ranking mutated gene. A
removed mutated gene is on average incident to O(da) edges in B. Thus a single removal
of a mutated gene and its neighbors in B and the following degree updates costs O(6%a+p)

time and the overall running time of the actual ranking step is O(u(6%a + p)).
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CHAPTER S

5. Conclusion

5.1 Conclusions

We propose BetweenNet, a novel cancer driver gene prioritization approach that in-
tegrates genomic data with the connectivity within PPI networks. One contribution of
BetweenNet is the identification of patient specific dysregulated genes with a measure
based on betweenness centrality on personalized networks. BetweenNet ranks mutated
genes by their effects on dysregulated genes. To characterize these effects, a bipartite
influence graph is formed to represent the relations between the mutated genes and dys-
regulated genes in each patient. Another contribution of BetweenNet is the employment
of arandom-walk process on the resulting influence bipartite graph. Through careful com-
parisons, we show that both the use of betweenness centrality metric and the employment
of random walk have added values in the identification of cancer driver genes. We also
demonstrate that BetweenNet outperforms the alternative methods in recovering known
reference genes and in providing functionally coherent rankings with three large-scale
TCGA datasets: lung cancer, breast cancer, and pan-cancer samples. Additionally, we
find that many of our top ranking genes that do not appear in reference cancer gene sets
have roles in cancer development based on existing literature. Taken together, our results
indicate that BetweenNet effectively integrates genomic data and connectivity information

to prioritize cancer driver genes.
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5.2 Future Work

BetweenNet can be improved in several ways. Our approach is to use paired data (sam-
ples with both normal and tumor tissues), which makes it critical and quite limited, due to
small cohort sizes, which pushes forward to think more about providing or constructing

computational models that predict and generate normal samples for the missing ones.

Another problem is related to the use of bulk expression data, in which non-cancerous
cells can be present in the data, many research and publications are suggesting to switch

to single-cell data to be used instead of bulk-expression data.

In terms of running time, our method is implemented in both C++ and python, where
python parts are quite consuming time and memory inefficiently, which makes the use of
our method quite limited to small data only. To prevent such a problem in the future, we

may try to switch to C++.

Finally, our method shows less performance in terms of GO evaluation and AUROC
values for pan-cancer comparing to the other methods. Introducing more information in

our scoring function can improve our results quite better.
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Figure A.4: Sensitivity test of parameters of BetweenNet on lung cancer data when CGC
is used as reference. a) AUROC values with different thresholds for defining outlier
genes b) AUROC values with different restart probability values (5 ) ¢) AUROC values

with different alpha values d) AUROC values with different k values.
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Figure A.5: Sensitivity test of parameters of BetweenNet on lung cancer data when the
union of CGC (Lung) and NCG (Lung) is used as reference. a) AUROC values with
different thresholds for defining outlier genes b) AUROC values with different restart
probability values (5 ) ¢) AUROC values with different alpha values d) AUROC values
with different k values.
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Figure A.6: Sensitivity test of parameters of BetweenNet on lung cancer data when
CancerMine3 is used as reference. a) AUROC values with different thresholds for
defining outlier genes b) AUROC values with different restart probability values (/3 ) ¢)
AUROC values with different alpha values d) AUROC values with different k values.
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Figure A.7: Sensitivity test of parameters of BetweenNet on lung cancer data when CGC

rare genes are used as reference. a) AUROC values with different thresholds for defining

outlier genes b) AUROC values with different restart probability values (3 ) c) AUROC
values with different alpha values d) AUROC values with different k values.
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Figure A.8: Sensitivity test of parameters of BetweenNet on breast cancer data when
CGC is used as reference. a) AUROC values with different thresholds for defining
outlier genes b) AUROC values with different restart probability values (8 ) c) AUROC
values with different alpha values d) AUROC values with different k values.
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Figure A.9: Sensitivity test of parameters of BetweenNet on breast cancer data when the
union of CGC (Breast) and NCG (Breast) is used as reference. a) AUROC values with
different thresholds for defining outlier genes b) AUROC values with different restart

probability values (5 ) ¢) AUROC values with different alpha values d) AUROC values

with different k values.
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Figure A.10: Sensitivity test of parameters of BetweenNet on breast cancer data when
CancerMine3 is used as reference. a) AUROC values with different thresholds for
defining outlier genes b) AUROC values with different restart probability values (/3 ) ¢)
AUROC values with different alpha values d) AUROC values with different k values.
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Figure A.11: Sensitivity test of parameters of BetweenNet on breast cancer data when

CGC rare genes are used as reference. a) AUROC values with different thresholds for
defining outlier genes b) AUROC values with different restart probability values (/3 ) ¢)
AUROC values with different alpha values d) AUROC values with different k values.
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Figure A.12: Sensitivity test of parameters of BetweenNet on pan cancer data when
CGC is used as reference. a) AUROC values with different thresholds for defining
outlier genes b) AUROC values with different restart probability values (8 ) c) AUROC
values with different alpha values d) AUROC values with different k values.
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Figure A.13: Sensitivity test of parameters of BetweenNet on pan cancer data when
CancerMine3 is used as reference. a) AUROC values with different thresholds for
defining outlier genes b) AUROC values with different restart probability values (/3 ) ¢)
AUROC values with different alpha values d) AUROC values with different k values.
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Figure A.14: Sensitivity test of parameters of BetweenNet on pan cancer data when
CGC rare genes are used as reference. a) AUROC values with different thresholds for
defining outlier genes b) AUROC values with different restart probability values (/3 ) ¢)
AUROC values with different alpha values d) AUROC values with different k values.
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Figure A.15: AUROC values of BetweenNet, DriverNet and a modified version of
BetweenNet where outliers are defined according to DriverNet’s outlier definition
method. where a) CGC b) CancerMine3 c) the union of CGC (Lung) and NCG (Lung),
d) CGC rare genes are used as reference.
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Figure A.16: AUROC values of BetweenNet, DriverNet and a modified version of
BetweenNet where outliers are defined according to DriverNet’s outlier definition
method. where a) CGC b) CancerMine3 c) the union of CGC (Breast) and NCG
(Breast), d) CGC rare genes are used as reference.
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Figure A.17: AUROC values of BetweenNet, DriverNet and a modified version of
BetweenNet where outliers are defined according to DriverNet’s outlier definition
method. where a) CGC b) CancerMine3 and ¢) CGC rare genes are used as reference.
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Table A.1: The statistics of top 30 lung cancer driver genes identified by our method

Gene Rank || CGC | the number of pa- | # of other meth-
tients with muta- || ods that also rank
tions this gene within

the top 30

TP53 1 1 28 4

EGFR 2 1 9 4

TTN 3 0 34 4

LRRK2 4 0 7 4

KEAPI1 5 1 11 3

DISC1 6 0 1 2

STK11 7 1 6 2

ATXNI1 8 0 2 2

KRAS 9 1 14 3

MET 10 1 6 3

SMAD?2 11 1 2 1

PLEC 12 0 4 3

TRAF6 13 0 1 2

NF1 14 1 8 3

RB1 15 1 5 3

IKBKE 16 0 1 1

POTI1 17 1 2 2

NLRP12 18 0 6 2

SMAD4 19 1 4 3

RIF1 20 0 4 2

REL 21 1 2 1

ZDHHC17 22 0 2 2

HOXAI 23 0 2 1

FYN 24 0 1 1

APC 25 1 2 1

ANK2 26 0 13 1

MYH9 27 1 5 1

AHNAK 28 0 6 1

IKZF3 29 0 2 1

DYSF 30 0 7 2
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Table A.2: The statistics of top 30 breast cancer driver genes identified by our method

Gene Rank || CGC | the number of pa- | # of other meth-
tients with muta- || ods that also rank
tions this gene within

the top 30

TP53 1 1 37 5

TTN 2 0 20 5

MAP3K1 3 1 12 4

PIK3CA 4 1 34 4

GOLGA2 5 0 2 3

FMRI1 6 0 2 2

PICK1 7 0 2 3

ERBB2 8 1 2 1

LZTS2 9 0 3 3

MEOX2 10 0 1 2

RIF1 11 0 5 3

ABL1 12 1 3 4

LRRK2 13 0 2 3

ERBB3 14 1 4 4

DISC1 15 0 1 2

PIK3R1 16 1 3 2

HSP90ABI1 17 1 1 1

SETDBI1 18 1 3 3

IKBKE 19 0 1 2

ATXNI1 20 0 1 2

RB1 21 1 3 2

PLCG1 22 1 3 1

YWHAG 23 0 1 0

EWSRI1 24 1 2 0

CDH1 25 1 5 2

APP 26 0 2 2

SRGAP2 27 0 4 2

TSG101 28 0 2 1

DLGI1 29 0 3 2

MAGEDI1 30 0 2 0
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Table A.3: The statistics of top 30 pan cancer driver genes identified by our method

Gene Rank || CGC | the number of pa- | # of other meth-
tients with muta- | ods that also rank
tions this gene within

the top 30

TP53 1 1 201 5

TTN 2 0 187 5

EGFR 3 1 31 4

VHL 4 1 45 5

LRRK2 5 0 34 4

APC 6 1 45 4

GOLGA2 7 0 13 3

CTNNB1 8 1 32 3

ERBB2 9 1 17 3

HLA-B 10 0 10 1

HTT 11 0 15 2

EP300 12 1 21 3

ATXNI1 13 0 11 1

SMAD4 14 1 31 3

ERBB3 15 1 21 3

IKBKE 16 0 7 1

PLEC 17 0 21 2

RB1 18 1 33 3

MAP3K1 19 1 21 2

PIK3R1 20 1 15 1

RIF1 21 0 23 2

PIK3CA 22 1 91 4

HSP90ABI1 23 1 4 2

NF1 24 1 38 4

DISC1 25 0 3 1

MCC 26 0 7 1

FMRI1 27 0 6 0

TNIK 28 0 10 1

TRAF6 29 0 4 0

CSNK2A1 30 0 9 0

Table A.4: Size of lung reference sets

Datasets Genes # of en- | # of enriched Re- | # of enriched
riched GO | actome pathways || KEGG pathways
terms

CGC 723 1353 564 144

CGC (Lung) U |96 - - -

NCG (LUNG)

CancerMine3 58 - - -

CancerMine5 33 - - -
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Table A.5: Size of breast reference sets

Datasets Genes # of en- | #ofenriched Re- | # of enriched
riched GO | actome pathways || KEGG pathways
terms

CGC 723 1353 564 144

CGC (Breast) U | 142 - - -

NCG (Breast)

CancerMine3 89 - - -

CancerMine5 58 - - -

Table A.6: Size of pan-cancer reference sets.

Datasets Genes # of en- | #ofenriched Re- | # of enriched
riched GO | actome pathways || KEGG pathways
terms

CGC 723 1353 564 144

CancerMine3 169 - - -

CancerMine5 120 - - -
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