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ABSTRACT

[IDENTIFICATION OF CANCER PATIENT
SUBGROUPS VIA PATHWAY BASED MULTI-VIEW
GRAPH KERNEL CLUSTERING

Ali Burak Unal
M.S. in Computer Engineering
Advisor: Oznur Tagtan Okan
July 2017

Characterizing patient genomic alterations through next-generation sequencing
technologies opens up new opportunities for refining cancer subtypes. Differ-
ent omics data provide different views into the molecular biology of the tumors.
However, tumor cells exhibit high levels of heterogeneity, and different patients
harbor different combinations of molecular alterations. On the other hand, dif-
ferent alterations may perturb the same biological pathways. In this work, we
propose a novel clustering procedure that quantifies the similarities of patients
from their alteration profiles on pathways via a novel graph kernel. For each
pathway and patient pair, a vertex labeled undirected graph is constructed based
on the patient molecular alterations and the pathway interactions. The proposed
smoothed shortest path graph kernel (smSPK) assesses similarities of pair of pa-
tients with respect to a pathway by comparing their vertex labeled graphs. Our
clustering procedure involves two steps. In the first step, the smSPK kernel ma-
trices for each pathway and data type are computed for patient pairs to construct
multiple kernel matrices and in the ensuing step, these kernel matrices are input
to a multi-view kernel clustering algorithm to stratify patients. We apply our
methodology to 361 renal cell carcinoma patients, using somatic mutations, gene
and protein expressions data. This approach yields subgroup of patients that
differ significantly in their survival times (p-value < 1.5 x 1078). The proposed
methodology allows integrating other type of omics data and provides insight into
disrupted pathways in each patient subgroup.

Keywords: Cancer subtype, graph kernel, multi-view kernel clustering, kernel

functions, clustering.
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OZET

KANSER HASTA ALT GRUPLARININ YOLAK ESASLI
COK BAKISLI CIZGE CEKIRDEGI GRUPLAMASI ILE

BELIRLENMESI

Ali Burak Unal
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Oznur Tagtan Okan
Temmuz 2017

Yeni nesil dizi analizi teknolojisi ile hasta genomik degisimlerin nitelendirilmesi
kanser alt tiplerinin belirlenmesinde yeni olanaklar ortaya ¢ikariyor. Farkli omik
verileri, tiimorlerin molekiiler biyolojilerine farkli bakig acilar1 saglar; bununla
birlikte, timor hiicreleri yiiksek seviyede heterojenlik sergiler, ve farkli hasta-
lar farkli kombinasyonlarda molekiiler degisikliklere sahiptir. Ote yandan, farkl
degisiklikler ayni biyolojik yolaklar1 bozabilir. Bu caligmada, yeni bir c¢izge
cekirdegi araciligiyla hastalarin alterasyon profillerinden yolaklar iizerindeki ben-
zerliklerini nicellegtiren yeni bir kiimeleme prosediirii oneriyoruz. Her bir yol
ve hasta c¢ifti icin, hastanin molekiiler degisiklikleri ve yolak etkilegsimlerine
dayanarak diigiimleri etiketlenmis yonsiiz bir ¢izge olusturulur.  Onerilen
dagitilmig en kisa yol ¢izge cekirdegi (smSPK), bir yolaga gore hasta ¢iftlerinin
diigiimleri etiketli ¢izgelerini karsilagtirarak benzerliklerini degerlendirir. Gru-
plama prosediiriimiiz iki adimdan olusur. Ilk adimda, her yol ve veri tipi
icin smSPK c¢ekirdek matrisleri, hasta ciftleri i¢in birden ¢ok g¢ekirdek matrisi
olugturmak tizere hesaplanir ve sonraki adimda, bu ¢ekirdek matrisleri, hastalar:
katmanlastirmak icin ¢ok bakish ¢ekirdek gruplandirma yaklasimina girdi olarak
verilir. Metodolojimizi 361 renal hiicreli karsinoma hastasinda somatik mutasyon-
lar, gen ve protein ifadeleri verileri kullanarak uyguluyoruz. Bu yaklagim, hayatta
kalma siirelerinde 6nemli farklhilik gosteren hasta alt gruplarini ortaya gikariyor
(p-degeri < 1.5 x 1078). Onerilen yéntem, diger omik verilerin entegrasyonuna
izin verir ve her hasta alt grubundaki bozuk yolaklarla ilgili fikir verir.

Anahtar sozcikler: Kanser alt tipleri, c¢izge cekirdegi, cok bakish cizge grupla-

masi, ¢ekirdek fonksiyonlari, gruplama.
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Chapter 1

Introduction

Cancer is a molecularly diverse disease; within the same cancer type, tumors ex-
hibit distinct pathological features and bear different molecular alterations. This
heterogeneity exhibits itself as variation in the patient clinical trajectories; al-
though classified in the same cancer type, some patients respond well to therapy
and have longer survival rates, whereas others succumb to the disease. Accurate
patient stratification based on molecular profiles of patients is therefore essential
for better diagnosis of patients, understanding molecular mechanisms that drive
these different cancer subtypes to carcinogenesis and for developing subtype tar-

geted treatment strategies.

The utility of characterizing molecular subtypes based on molecular profiles
has been exemplified in the case of breast cancer, where molecular subtypes are
defined based on gene expression profiles [1, 2, 3] and subtype specific treatment
strategies have been developed based on these subtypes [4]. On the other hand
for many other cancer types molecular subtypes are yet to be defined. One
such cancer is renal cell carcinoma (RCC). RCC is a cancer type that originates
from the renal epithelium and is the major class of kidney cancer accounting for
70 — 80% of cancers in the kidney [5]. In this thesis, we focus on identifying
patient subroups of RCC.



With the advancement of sequencing technologies, patient-specific molecular
alteration datasets are now available for a large number of cancer patients and
we are now able to sequence DNA and RNA more accurately and faster. In
addition to protein expressions among cancer patients, their somatic mutations
and gene expressions are more precisely available for large cohorts [6]. By setting
a different view into the molecular biology of the tumor, such large catalogues of
molecular alterations open up new opportunities to refine the subtypes of many

cancer types.

Although molecular alterations are useful, the heterogeneity of the molecular
alterations still exhibits a challenge. For example, there are very few gene mu-
tations shared among the patients and most patients harbor rare mutations [7].
Even if different genes were to be affected in each patient, they might serve to the
same end result of affecting the same cellular mechanisms. In other words, the
disturbance of the same process in two patients do not necessitate the alteration
of the same genes. Taking this fact into account, mapping mutations on biolog-
ical networks by making use of the current knowledge of interactions have been
proposed in the literature. This was shown to be a more effective strategy for
interpreting genetic alterations compared to strategies that would center on in-
dividual genes [7]. One such class of biological knowledge is pathways. Pathways
are diagrams that summarize interactions of well-studied cellular processes. They
consist of genes, orthologs, varying chemical components, and their interactions
with each other. These interactions represent regulation and signaling events,

and biochemical reactions.

In this work, we develop a computational approach that provides a flexible
way of integrating different molecular alteration data and incorporating prior
biological knowledge on cellular interactions. To achieve this, we assess patient
similarities based on their molecular alterations on pathways through a novel
graph kernel. In our framework, in order to assess patient similarities, graph
kernels have been proposed in literature for measuring the similarity of pairs of
graphs and are shown to be successful in comparing structured objects [8, 9.
The suggested graph kernels; however, are designed for comparing graphs with

different topological structure and focus on finding similar subgraphs. In our

2



problem, though, for each pathway we derive a single undirected graph, where
the vertices represent genes and the edges represent interactions between genes.
For each patient the vertices of the graph are labeled based on the set of molecular
alterations the patient harbors. Thus, the graphs that we want to compare are
topologically identical but the vertex label distributions are different. To this end,
we propose a smoothed shortest path graph kernel (smSPK), which compares
two graphs based on their vertex label distributions while accounting for the
underlying graph topology. To our knowledge, this is the first study that makes

use of graph kernels for cancer subtype identification.

Our clustering procedure involves comparing patients based on their molecular
alterations on KEGG pathways using smSPK. Each type of alterations is mapped
on KEGG pathways separately and a kernel matrix is calculated separately for
each pathway. These kernel matrices are input to multi-view kernel clustering
approach proposed by Tzortzis et al. [10] in order to retrieve the clusters of
patients. The stratification of patients this way enables us to incorporate prior
biological knowledge from different pathways and molecular alterations, and help
us capture patients similarities that stem from the dysregulation of similar pro-
cesses in the pathways. The method also offers additional insights by showing

how informative each pathway is to the clustering process.

In this study, we apply this framework to elucidate the intrinsic subtypes of
RCC. We utilize patient somatic mutations, gene expression levels and protein
expression levels. The framework is flexible enough to integrate other available
alteration data (copy number variation, methylation, miRNA expression, etc.).
We also assess whether the newly identified clusters correlate well with the clin-
ical outcomes through survival analysis of patient subgroups. We apply this
framework to elucidate the intrinsic subtypes of RCC. We characterize the key
biological features of the core subtypes for RCC and arrive at clusters that differ

in their survival distribution.

The outline of the thesis is as follows: In Chapter 2| we present a literature
review on the commonly used clustering approaches for cancer subtype identifica-

tion. We also review multi-view kernel clustering approaches and graph kernels.



In Chapter |3 we introduce our framework. We explain the data sets utilized in
the experiments. Next, we formulate smSPK and describe the multi-view graph
kernel clustering step. Finally, we detail the clustering evaluation techniques
that are employed. Chapter [4] describes the setup of experiments and presents
original results obtained by applying our methodology to RCC and the results
of compared approaches. Once the results are given, we discuss these results
and evaluate the performance of our methodology. Chapter |5[concludes and lists

possible future directions for the work presented in this thesis.



Chapter 2

Related Work

In this chapter, we review the related work under different headings. First, we
will cover clustering techniques that are widely applied in cancer subtype iden-
tification. Clustering analysis refers to a broad set of techniques that seeks to
partition the observations such that observations that are assigned to the same
group are similar while those in different groups are dissimilar and are formulated
with a vast array of approaches. We will not attempt to exhaustively cover all
possible strategies but instead we will limit our discussion to the widely applied
approaches for finding cancer subtypes. We will dedicate a section for multi-view
clustering as it is utilized in this study. We will also review related recent work
in network and pathway assisted approaches that make use of known functional
relationships to integrated different views. Finally, will review the existing graph
kernel methods in the literature in terms of their expressiveness and potential

applicability to this problem.



2.1 Traditional Clustering Approaches for Can-
cer Subtype Identification

The three methods that are most widely used in cancer subtype identification
include hierarchical clustering, non-negative matrix factorization and consensus

clustering. Below we briefly introduce and discuss these methodologies.

2.1.1 Hierarchical Clustering

Hierarchical clustering groups examples into partitions in a hierarchical manner
and produces a nested set of clusterings [I1]. Hierarchical clustering can be
conducted in an agglomerative (bottom-up) or a divisive (top-down) fashion. The
agglomerative approach finds more frequent use in cancer subtype identification.
Here, each sample initially belongs to a separate cluster and at each step of the
algorithm; clusters that are most similar are merged. The iteration is repeated
until all the samples are finally in the same cluster. In the divisive approach,
the clustering starts with all examples in the same cluster and partition clusters

further at each iterative step.

In addition to the similarity of the samples, hierarchical clustering needs a
definition of similarity of clusters, referred to as linkage methods. In single linkage,
the distance between the clusters are defined as the distance between the closest
examples points of two clusters; while in complete linkage it is defined as the
distance between the farthest points in the two clusters. Average linkage, on the
other hand, considers the average of the distances between the members of the

two clusters.

Hierarchical clustering used in many of the seminal work in cancer subgroup
discovery [I]. Verhaak et al. used hierarchical clustering with consensus clustering
to discover Glioblastoma Muliformae (GBM) subtypes [12]. Distinct types of B-
cell lymphoma is identified using hierarchical clustering of gene expression data

[13]. In other cancer types too, hierarchical clustering has been widely used

6



segregate tumors into distinct molecular subtypes [14} [15] 16 [17].

2.1.2 Consensus Clustering

Another widely adapted methodology is consensus clustering [I§]. Consensus
clustering is a meta-algorithm that can be used in conjunction with different
clustering algorithms. It aims at finding stable clusters that are robust to varia-
tion in samples. To achieve this, several bootstrap examples are selected and the
clustering algorithm is run multiple times with each of the bootstrap samples as
input. In the ensuing step, the cluster assignments obtained at each clustering
run are combined in a consensus matrix, entries of which report the frequency

common cluster assignments for pairs of items.

Consensus clustering is widely used in cancer subgroup identification. Ver-
haak et al. [I2] utilized consensus clustering with hierarchical clustering to find
GBM subtypes. TCGA Network group used NMF consensus clustering to find
subgroups in breast cancer patients [I9] while Brannon et al. used a similar

methodology to find subtypes in clear cell renal cell carcinoma [20].

2.1.3 Non-Negative Matrix Factorization

The non-negative matrix factorization(NMF) formulates the clustering task as a
matrix factorization problem. Consider a n x m matrix, V', where n is the number
of samples and m is the number of features derived from molecular profiles and
each element V; ; > 0. Given desired rank k& < min{m,n}, which is the number
of clusters, NMF decomposes V' into two non-negative matrices W (n x k) and
H (k x m) such that

VaWH

This formulation explains each example by an additive linear combination of

7



few basis components that is defined by columns of H. If there are few basis
vectors that captures the clustering structure in the data, a good approximation
to the original matrix V' can be obtained. The goodness of the approximation is
assessed with Frobenius norm and the factorization is achieved through solving

the following optimization problem through iterative algorithms [21].

: 1 2
wiin FW.H) =g |A-WH|

A large number of studies have applied NMF clustering to find cancer subtypes
22, 23]

2.2 Integrating Different Data Sources

The simplest way of integrating different data sources is to concatenate normal-
ized measurements obtained from different sources such as mRNA expression,

somatic mutations, etc.

Speicher et al. [24] introduced a regularized unsupervised multiple kernel learn-
ing which integrates different data types to identify cancer subtypes. The method,
called regularized Multiple Kernel Learning for dimensionality reduction with Lo-
cality Preserving Projections (rMKL-LPP), is applied on five cancer data sets to
determine the subtypes of these cancer types. The idea behind the proposed
method is to combine kernel matrices obtained from each data type on which the
dimensionality reduction that conserves the distances of samples to its k nearest
neighbors is applied. The projection vector lies in the span of the samples. Thus,
the projection vector v is written as v = Zfil a;¢(z;) where N is the number of
samples, o is the weight of i** mapped feature. The kernelized version of the orig-

inal optimization problem for solving the optimal projection vector is formulated



as follows: N
e Tia __ ~T1d 2 N
mlrgglze Z ||a K'B—-a'IC ,BH Wjj
2,7=1
N
. P12
subject to Z ||aTK75H dij =C
ij=1
181, =1
Bn=>0 m=12....M
where M is the number of kernel matrices, C' is a real constant, a =
lag, ag, ..., an| are the weights of mapped feature vectors in the projection vec-
tor, B = [B1, P, - - ., Bu] are the weights of kernels, w;; is an entry of a similarity
matrix W, d;; is an entry of a constraint matrix D to prevent trivial solution.
w;; is 1 if sample ¢ and sample j are in the k-nearest-neighborhood of each other.
Otherwise, it is 0. d;; is defined as fo:l Wiy, if ¢ = j. Otherwise, it is 0. The
purpose of the constraint ||3||; = 1 is included to prevent overfitting. K is defined

as follows:

K= : :
K (N,i) --- Kuy(N,i)
Since the proposed optimization problem is hard to solve, an alternating opti-
mization technique is employed. In this technique, one of the parameters over
which the objective function is optimized is fixed and the objective function is
optimized over the free parameter. Then, the previous free parameter is fixed
to the optimum value found in the previous step and the objective function is
optimized over the previously fixed parameter. This process continues until the
objective value converges. The proposed method, rMKL-LPP, is experimented
on five different cancer types, namely glioblastoma multiforme, breast invasive
carcinoma, kidney renal clear cell carcinoma, lung squamous cell carcinoma and
colon adenocarcinoma. It generates 6, 7, 14, 6 and 6 clusters for each cancer type
respectively. The resulting clusters of each cancer type are evaluated by survival
analysis and the analysis yielded statistically significant difference among the sur-
vival time of clusters. In the interpretation step of the results, one must need to

analyze the statistics of common mutations or different mutations which possibly



yield the separation of patients. Even if this analysis is made, it is not guaran-
teed that the analysis yields meaningful information of underlying structure of

the clusters.

2.3 Multi-View Clustering Approaches

In the literature, there are number of studies on multi-view kernel clustering.
Optimized kernel k-means clustering (OKKC) proposed by Yu et al. [25] is one
of the well-known approaches. The objective of OKKC is to find the optimal
kernel weights for combining kernels jointly with the optimal cluster assignment.
The corresponding optimization problem is formulated as follows:

maximize Tr(ATQQA)

)

subject to ATA =TI,

Q= Ep: 0:G;
=1

0;>0, i=12,...p
p

> =1

=1

where N is the number of samples, p is the number of views (i.e. kernels), k is
the number of clusters in k-means, G; is the centered kernel matrix for i** view,
0; is the assigned weight of i’" kernel matrix, © is the vector of all weights, ¢ is

a parameter to adjust the sparsity of assigned weights, A is defined as follows:

—L_if sample 7 in cluster j

A= Vi
0 otherwise

where n; is the number of samples in cluster j. Since the solution for the for-
mulated optimization problem is hard, they resort to an alternating optimization
scheme. First the objective function is optimized over the cluster assignment
matrix A by fixing the weight vector ®. Then, A is fixed to the optimal value

obtained in the previous step and the objective function is optimized over O.
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This iterative process continues until the objective value converges. The time
complexity of the proposed algorithm is O(y[N?3 + v(N? + p?)] + [kN?) where
v is the number of OKKC iterations for finding the optimal value of the objec-
tive function, v is the number of semi-infinite programming iterations, [ is the
fixed number of k-means clustering iteration, k£ is the number of clusters. They
experimented OKKC on five data sets from UCI machine learning repository,
namely Iris, Wine, Yeast, Satimage and Pen digit recognition, a data set from
bioinformatics for clustering genes which are disease relevant and a data set from
scientometrics for clustering journal publications. The comparison of the results
of these experiments with single best kernel matrix experiment and non-linear
adaptive metric learning algorithm [26] revealed that OKKC outperforms com-

peting strategies in many data sets.

Tzortzis et al. [10] propose multi-view kernel k-means (MVKKM). MVKKM
aims to combine the information coming from different representation of the same
sample set in order to achieve a better clustering result. The proposed algorithm
works on kernel matrices each of which corresponds to a different representation,
which is called as “view”. The method seeks for the best kernel matrix weights
that yield the best clustering result. In order to achieve this, the objective func-

tion is defined as follows:
1%
ST p (w)y _ T g (v)
minimize Zl wh(Tr(K'Y) —Tr(Y' K'Y))
subject to w, >0, v=1,2,...,V

14
Zwvzl
v=1

p=>1

where V is the number of views, w, is the weight of v** view, W is the vector
of all weights of views, p is the parameter adjusting the sparsity of weights of
views, K@) is the kernel matrix of v view, Y is a cluster indicator matrix with
Y, = \/‘j\’,+’“7 where &;;, is 1 if ¢** sample is in & cluster. Otherwise, it is
0. Again, ajurzll a:liernating optimization strategy is employed to attain the desired

solution. At first, the cluster assignments are updated by fixing the weights of
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kernel matrices. All input kernel matrices are summed by using the fixed weights
found in the previous iteration. The resulting kernel matrix is input to kernel k-
means clustering to obtain the cluster assignment of samples. When the clusters
are determined, the weights of kernel matrices are updated for each view v as

follows:

—_

ifp>1

()
=1\ D,

where N is the number of samples, M is the number of clusters, ®®) is the feature
mapping function for view v, m,(:) is the cluster centroid of k" cluster in view v.
The update of weights when p = 1 is as follows:

v = argmin D,

/

L
Wy = v

0 otherwise

They experimented MVKKM on synthetic data and a number of real data sets,
namely the multiple feature data sets (i.e. handwritten data sets) and Corel
images data set. The performance of MVKKM is compared with multi-view
spectral clustering, correlational spectral clustering [27] and weighted multi-view
convex mixture models [28]. The results of experiments showed that MVKKM
outperforms other algorithms in all data sets. However; when some views have
irrelevant or noisy information, the performance of MVKKM decreases. Further-
more, MVKKM is tested on small number of views. When relatively high number
of views are input to MVKKM, MVKKM do not perform well.

In addition to the kernel weighted approaches, Gonen et al. [29] proposed a
multi-view kernel k-means clustering approach, called localized multiple kernel
k-means (LMKKM), in which each sample in each view (i.e. kernel) has a special
weight. In this method, combination of kernels is achieved by a sample weighted

summation. In order to determine the weights of samples in each kernel matrix,
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they formulate an optimization problem as follows:
ma)éiglize Tr(H' Ko H — Ko)

subject to HTH = I,

where p is the number of kernels, K¢ = ZYZI(HzBlT) o K; where 0; is the vector
of weights of samples in kernel i, @ = [0y 6y ... 6,] is the matrix of sample
weights of all kernels, H is an orthogonal matrix with arbitrary real values. As
it is the case in OKKC and MVKKM, optimizing over two variables at the same
time is hard. Therefore, alternating optimization technique is utilized. H is
optimized assuming © is given. The next step is to fix the value of H to the
optimal value found in the previous step and optimize over ®. The proposed
algorithm is experimented on human colon and rectal cancer data set from The
Cancer Genome Atlas (TCGA). DNA copy number, gene expression and DNA
methylation data of patients in TCGA are utilized. The analysis of results reveals
that LMKKM outperforms and identified patient groups demonstrate clinically

distinct characteristics.

2.4 Network and Pathway Assisted Approaches

There are also methods in the literature that make use of existing biological

networks and pathways.

Hofree et al. [22] present network-based stratification (NBS) network propa-
gation technique. The method employs a protein-protein interaction network on
which somatic mutation profiles of patients are mapped as node labels. If the
gene has a mutation, which could be a point mutation, an insertion or a deletion,
then the label of the corresponding node is assigned 1. Otherwise, it is assigned 0.
Next, the effect of mutations are spread to the neighboring genes using a network
propagation technique proposed by Vanunu et al. [30]. The underlying idea is
that patients having similar clinical outcomes may have too few common muta-

tions [19], [23], [31]. By spreading the effect of mutation on a gene, the similarity
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of patients who have different but close-by mutated genes can be identified. Each
patient is described based on the mutations propagated on the network and NMF
is run to obtain the clusters of patients. Hofree et al. applied this technique to

identify the subtypes of ovarian, uterine and lung cancer.

Wang et al. [32] proposed similarity network fusion (SNF) to stratify patients
into clinically meaningful subtypes. They utilize a separate network for each
data type of each patient and these networks are fused into a single network
which covers the information of all data types. The underlying idea is to make

use of the complementarity of data types.

Liu et al. [33] introduced another network assisted approach called network-
assisted co-clustering for the identification of cancer subtypes (NCIS). The algo-
rithm integrates the information of gene network in order to cluster samples such
that the clinical trajectories of each group is different. NCIS assigns a weight
to each gene considering the impact of it in the network. Next, weighted co-
clustering algorithm making use of semi-nonnegative matrix tri-factorization is

utilized to obtain the groups.

Besides the network assisted approaches, Kim et al. [34] present three different
pathway assisted methods. These methods benefit from gene set enrichment algo-
rithms (GSEA) to perform clustering. GSEA-based Leading Edge Gene feature
(GLEG) is one of them and it uses GSEA leading edge genes as features to strat-
ify patients. The second one is GSEA Pathway Feature (GPF), which utilizes
GSEA-enriched pathways as features. SVM-based Pathway Feature (SPF) is the
third one and it employs pathway features which are decided by SVM. All these
methods are experimented on ovarian and breast cancer so as to demonstrate the

performance.
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2.5 Graph Kernels

Graph kernels are specialized kernels to compare graphs [38]. There is a substan-
tial literature that describes proposed graph kernels utilizing different character-

istics of graphs.

2.5.1 Random Walk Kernel

Random walk graph kernels measure the similarity of graphs based on the number
of common random walks in the compared graphs [35]. Consider Gy = (V4, Ey)
and Gy = (Va, E3) where V; and V5 are the vertex sets and E; and E, are the
edge sets of corresponding graphs. To compute random walks a graph product
is used. Performing a random walk on the direct product graph is equivalent to
performing a simultancous random walk on Gy and Gy [36]. The direct graph
product of GGy and G4 is denoted as G, and its vertex and edge sets are defined

as follows:

V(G x Ga) ={(v1,v2) € V1 x Vi : (label(vy) = label(vy)}
E(G1 x Gy) ={((u1,uz), (v1,v2)) € V(G x Gy) :
(ur,v1) € Ey A (ug,v2) € Ey A (label(uy, vy) = label(ug, v2))}

In the direct product, an edge exists if and only if corresponding nodes are
adjacent in both G; and G5. The random walk kernel function between graphs
G and (s is defined as follows:

[Vz| 19
k:r;(GbGZ) = Z [Z AnE:Z]

i,j=1 .n=0

]
where E, is the adjacency matrix of direct graph product G,.
Random walk suffers from tottering. In a walk it is possible to visit same nodes

and edges repeatedly which yields to artificially high similarity scores. In [37],

the idea of adding additional node labels is presented as a remedy to reduce the
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number of matching nodes. Another issue with random walk graph kernel is effi-
ciency, which is (O(n®) [38] in a nave implementation. Three techniques are used
to reduce runtime of the algorithm: Sylvester equations, conjugate gradients, and
fixed-point iterations. Although the worst-case complexity of Sylvester equation
method is O(n?), conjugate gradients and fixed-point methods perform faster in

the experiments of [38].

2.5.2 Shortest-Path Graph Kernel

Another path-based graph kernel is proposed by Borgwardt et al. [9]. The short-
est path graph kernel utilizes the shortest paths of nodes in graphs to calculate
the similarity of input graphs. In calculating the shortest path kernel, the graph
is converted into shortest-paths graph in which nodes that are connected by a
shortest path in the original graph are connected with an edge. The edge weights
are the length of the shortest path between the nodes of the original graph. To be
able to construct such a graph, one first needs to find the shortest paths between
all pairs of nodes in the original graph. For this purpose, they employ Floyd-
Warshall algorithm [39] which finds the all-pairs-shortest-paths in a graph. After
constructing shortest-paths graph utilizing Floyd-Warshall algorithm, the graph
is input to the shortest-path graph kernel which is defined as follows:

sp S1>S2 § E walk 61’62

e1€E1 ea€F>

where K fula)lk is a positive definite kernel on edge walks of length 1. This graph

kernel is designed assess similarity of graphs with different topologies.

2.5.3 Weisfeiler-Lehman (WL) Graph Kernels

Shervashidze et al. [§] introduces Weisfeiler-Lehman (WL) kernel that contains
subtree-based, edge-based graph and path-based graph kernels. The introduced
graph kernel framework is based on the WL graph isomorphism test. Underlying

idea of this algorithm is to combine the sorted form of labels of neighboring nodes
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with the label of current node and compress this augmented node into a short
node label representation. This process is repeated until the label set of two
graphs differ or the number of iterations reaches to a pre-determined value. WL
graph isomorphism test is utilized in WL kernel framework for two graphs G and

G as follows:
KW = K(Go, Gp) + K(G1, ) + ... + K(Gy, G})

where h is the number of WL graph isomorphism test iteration, G; and G} are
respectively the WL graphs of G and G’ at i‘" iteration of WL graph isomorphism

test, k is any positive semidefinite graph kernel.

The most distinguishing feature of WL kernel framework is the flexibility to
integrate any positive semi-definite graph kernel. They introduce three different
graph kernels belonging to WL graph kernel family. The first one is the WL
subtree kernel that utilizes the number of matching original and compressed labels
of two graphs. The WL subtree graph kernel forms a vector of counts of each
label for each graph and takes the dot product of these vectors to calculate the
similarity between two graphs. This is repeated for each WL graph in WL graph
isomorphism test and the similarity scores are simply summed up to obtain the
final similarity score of these graphs. The second proposed graph kernel of WL
graph kernel family is WL edge kernel. This graph kernel relies on the number
of matching edges in two graphs. An edge is counted as a matching if the nodes
enclosing the edge have the same label distribution in both graphs. To calculate
the similarity of two graphs in the i** iteration of WL graph isomorphism test, the
graph kernel forms a vector of counts of edges for each graph and takes the dot
product of these vectors of graphs. The total similarity is calculated by summing
up the similarity scores of graphs in each WL graphs. The last introduced graph
kernel belonging to WL graph kernel family is WL shortest path kernel. The
base kernel here is the shortest-path kernel, which was explained previously in
this chapter. In this scenario, the similarity of two graphs is the summation of
the similarity scores of each WL graph in WL graph isomorphism test calculated
by the shortest-path kernel.
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Chapter 3

Methodology

In this section, we present our proposed methodology for patient subgroup identi-
fication. We outline the overview of the framework and then detail data curation
and processing steps. Next, we introduce the proposed shortest path graph kernel
and describe how the multi-view clustering is employed. Finally, we present the
survival analysis strategy which is used to assess the survival differences among

newly added clusters.

3.1 Framework

Our proposed framework starts with mapping alterations of different data types
on pathways separately. Once we have the alteration mapped pathways, we
compute the kernel matrix of each pathway of each data type by utilizing smSPK.
In order to obtain the subgroups of patients, we input these kernel matrices to
MVKKM. Finally, we analyze the identified subgroups in terms of their survival

times to evaluate the performance of our framework.
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Figure 3.1: The proposed framework to stratify cancer patients into clinically
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3.2 Data Curation and Processing

3.2.1 Molecular Patient Data

We use the molecular data made available through the TCGA project. The data
are obtained through Synapse and is publicly available at https://www.synapse.
org/#!Synapse:syn395608. Only the patient data for primary solid tumors are
used. We utilize three different molecular data, details of which are provided

below:

e Somatic Mutations: The data file “KIRC-BCM-BI-UCSC-gapfill-
v1.10.whitelist.maf” is used (last update date: March 7 2013). It includes
the information of altered genes of patients and the position of these alter-
ations as well as their type. We exclude the data pertaining to non-solid
tumors of patients from the initial set. The working data include 417 pa-
tients and 36353 genomic alterations, 11887 of which maps to a gene in

KEGG pathways. The total number of mapped unique genes is 4379.

¢ RNA Expresion Data: The data file “unc.edu_KIRC IlluminaHiSeq_ RNA
SeqV2.geneExp.whitelist_tumor” (July 27 2012.) contains expression levels
of RNA transcripts in cancer cells quantified using RNAseq. The data are
RSEM normalized and they are available for 428 patients and 17682 genes,.
Of these genes, 5348 of them are mapped on pathways. We define a gene
as differentially expressed if the expression of that gene is one standard
deviation higher or lower than the average expression of the gene in the

samples.

e Protein Expression Data: The data file “mdanderson.org KIRC_MDA_
RPPA_Core.whitelist_tumor” is downloaded (latest update date: April 29
2013). Protein abundance is quantified through Reverse Phase Protein
Array (RPPA). The data include 423 patients and expression data for 165
proteins and their phosphorylated versions. We ignore the phosphorylated

proteins in our analysis, which include 130 proteins. Among these proteins,
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117 of them can be mapped to at least one pathway. In a similar manner, we
define a protein as differentially expressed if the expression of corresponding
protein of that protein is one standard deviation higher or lower than the

average expression of the protein in the samples.

3.2.2 Survival Data

To make survival analysis on the clustering result, we use the clinical data pro-
vided in the file: “tcga_KIRCclinical. aliquot.whitelist_tumor” (latest update date:
July 27 2012). For patients who passed away, their last known alive status are
used. For patients with censored survival information, that is the patients are
alive or passed away due to another reason during the study, the days to the last

follow-up is used. For 457 patients, the survival time data is available.

3.2.3 Final Patient Set

We create the final patient set with patients that have the three types of molecular
data and whose survival data are available. The final data set includes 361 kidney
RCC cancer patients. 236 of them are right censored. The distribution of number
of mutations across these 361 patients is given in Figure [3.2] Similarly, Figure
and provide the distribution of number of alterations for differentially

expressed genes and proteins, respectively.

3.2.4 Pathway Data

We download pathways from the KEGG database [40] on February 17 2016. Each
data is parsed using KEGGParser [41]. We process each pathway such that only
the genes are kept and the nodes that represent entity types such as ortholog,
map and others and their relations are discarded. We treat compounds differently.

KEGG compounds are collections of molecules such as lipids and sugars that are
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Figure 3.2: Histogram of number of mutated genes. The bin size is 1.
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Figure 3.3: Histogram of number of differentially expressed genes. The bin size
is 100.
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Figure 3.4: Histogram of number of differentially expressed proteins. The bin
size is 1.

relevant to biological pathways. Often times if they interact with a gene product,
there are edges in and out of the compound. Thus, when removing compound type
entries, we insert new edges between genes to which the compound is connected

so that information flow is preserved.

We eliminate pathways with less than 15 edges as well. Of the 264 path-
ways, 63 are excluded based on this criterion. Among 201 pathways, the largest
pathway in terms of number of genes is the hsa04060 Cytokine-cytokine receptor
interaction pathway with 295 genes whereas the smallest one is hsa00591 Linoleic
acid metabolism pathway with 7 genes. In terms of number of edges, the largest
pathway is hsa00230 Purine metabolism pathway with 257 edges. The smallest
pathways are with 15 edges: hsa00531 Glycosaminoglycan degradation, hsa00860
Porphyrin and chlorophyll metabolism, hsa04710 Circadian rhythm, hsa04970
Salivary secretion, hsa04976 Bile secretion, hsa05016 Huntington’s disease and
hsa05416 Viral myocarditis. The mean values of the number of genes and the

number of edges are 51.06 and 53.30 respectively. Each pathway is converted to
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an undirected graph by ignoring the directionality of the edges.

3.3 Smoothed Shortest Path Graph Kernel

Shortest Path Graph Kernel is built upon the shortest path graph kernel [9]
(details in section .The shortest path graph kernel is designed for assessing
similarities and differences of the graphs based on the topology. Here, though for
a single pathway, we have identical graphs for each patient, but the node label

distributions differ.

We would like the kernel function to compare pairs of graphs with the same
topology but with different label distributions. The graph kernel function should
reflect the similarities in the label distribution of patients using the graph as the
context. For instance, despite the set of nonidentical altered genes, if two patients
have alterations in genes in close proximity, they should influence their similar-
ities. We would also want the central nodes to have more influence compared
to genes that are in the periphery of the pathway. For example, consider four
patients displayed in Figure The alteration profile of patient 1 is different
from the rest of the patients because she harbors mutations on a different part
of the pathway. The other three patients are similar to each other, as they have
identical or closeby altered genes. Among patients 2, 3 and 4, patient 2 and
patient 4 bear the largest similarity as they are both mutated in a central gene

(vertex 5) as opposed to a gene in the periphery of the pathway.

Formally, for each pathway ¢ and patient j we define an undirected vertex
labeled graph G’Z@ =(V;,E,0). V. ={v1,vs,...,v,} is the ordered set of n genes
in the pathway and £ C V x V is a set of undirected edges between genes.
The label set ¢ = {l3,l3,...,l,} is in the same order of V' and represents the
corresponding vertex’s label. [ is assigned based on patient’s molecular alteration
profile; if the corresponding gene is altered in patient i, label 1 is assigned and set
0 otherwise. Thus, graphs defined on the same pathway have the same topology

but different node label distributions. The adjacency matrix for the graph is nxn
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Patient 1 Patient 2 Patient 3 Patient 4

Figure 3.5: Mutational profiles of patients shown on an example undirected graph
derived from the same pathway. Blue nodes indicate mutated genes and white
nodes indicate unaltered genes.

matrix A with A;; = 1 if there is an edge between v; and v;, and 0 otherwise.

SMSPK compares patient genomic alterations along all the shortest paths of
the undirected graph. For kernel function to consider changes in the neighbors,
we first smooth the genomic alterations along the neighboring nodes. The utilized

smoothing algorithm is as follows:

StJrl = CYStA + (1 - Oé) SO (31)

where Sy is a patient-by-gene matrix which represents genomic alteration
states of the genes in the graph and determined by £. If there is a genomic
alteration in the gene for a given patient, the entry is 1 and if there is no alter-
ation the entry of the matrix is 0. S; is the same matrix computed at time t.
A is the degree normalized adjacency matrix. a € [0, 1] is the parameter that
defines the degree of smoothing. We iterate over propagation until convergence

is attained.

Let séi) be the vector that represents the genomic alteration of patient ¢ on
shortest path p after smoothing. Let N be the number of shortest path on a
graph g. smSPK for patients ¢+ and j for graph ¢ is defined as follows:
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N
K,(i,j) =Y s{.s9" (3.2)

p=1

The above function is a valid kernel function, as the dot product is a linear
kernel and kernel property is preserved under summation. When we apply this
function on the example patients shown in Figure [3.5 there would be no sig-
nificant similarity between patient 1 with the rest of the patients. Of the other
three patients, the highest similarity was among Patient 2 and 4 as we would
like to achieve. Applying this function on all patient pairs, we obtain a patient-
by-patient kernel matrix K that reflects similarities of the patients on a single

pathway.

The smSPK kernel matrices are evaluated for each of the KEGG pathway and
for each data type and contains the patients similarities. The kernel matrices are

input to multi-view kernel clustering, as described in the next section.

3.4 Multi-view Graph Kernel Clustering

Considering that kernel matrix of each pathway captures the similarity of a subset
of patients under a different view, it is natural to use a multi-view kernel clustering
approach to integrate the different views. In order to achieve this, we use Multi-
view Kernel K-Means (MVKKM) proposed by Tzortzis et al. [I0] to cluster
patients based on the kernel matrices of pathways computed by smSPK. In the
first step, we first compute kernel matrices on each KEGG pathway for each
data type. Then we perform multi-view clustering of patients with each of these

pathways.

We sum all kernel matrices of pathways by assigning equal weights. Then,
we run kernel k-means with 20 random restarts [42] on this kernel matrix to
obtain the initial clustering result required by MVKKM. Next, we input the
kernel matrices of pathways along with the initial clustering result to MVKKM
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in order to attain the final clustering result. We repeat this process 1000 times and
we select the best one based on the clustering energy calculated by MVKKM. We
perform clustering by varying k = 2, 3,4, 5, and sparsity adjustment parameter p
of MVKKM and the smoothing parameter «.

3.5 Survival Analysis of Clusters

To assess if the patients in the arrived clusters have different prognoses, we com-
pare the survival distributions of the clusters using Kaplan-Meier survival curves
[43] and log-rank test [44]. We conduct two analyses. In the first one, given all
the groups, we test whether there is a statistical difference between the survival
times. The null hypothesis states that the hazards are the same at all times
for all pairs, while alternative hypothesis state that there is at least one pair of
groups that differ. To understand where the difference should be attributed to,
we conduct a second analysis, in which we compare one groups survival distri-
bution with the rest of the patients. We utilize R survival package [45, [46] for

carrying out both analyses.
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Chapter 4

Results and Discussion

In this section, we introduce the set-up of the conducted experiments. Next, we
present the results of our experiments with different settings. Once we have the
results of the experiments, we discuss these results to analyze the performance of

our proposed method for stratification of cancer patients.

4.1 Experimental Setup

In each method we cluster the patients into k groups for all k£ € {2,3,4,5}. We
deploy several experimental settings to dissect the performance of the different

aspects of the proposed algorithm.

1. LMKKM with RBF Kernel in All Genes: In this group of experi-
ments a kernel matrix is computed using RBF kernel for each data type.
Computations are carried out over all genes which have measurements in
that particular data type. Three kernel matrices for each distinct data type
are input to MVKMM.

2. LMKKM with RBF Kernel with Pathway Genes: This experiment

type is similar to the previous one, with the difference that kernel matrix
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for a given data type is only computed using genes that maps to at least
one pathway. Three RBF kernel matrices for each distinct data type are
input to MVKMM.

. MVKKM with RBF Kernel in All Genes: In this experiment set, a
kernel matrix is computed using RBF kernel for each data type. Computa-
tions use all the genes that have corresponding measurements in a particular

data type. Three kernel matrices each for a different data type is input to
LMKMM.

. MVKKM with RBF Kernel with Pathway Genes: This experiment
type is similar to the previous one, with the difference that kernel matrix
for each data type is only computed using genes that maps to at least one
pathway. Again, three RBF kernel matrices each for a different data type
is input to LMKMM.

. MVKKM with Pathway Based Shortest Path Graph Kernels:
Smoothed shortest path kernel matrices are computed on each pathway and
for each data type. There are 201 pathways and three different data types
utilized, thus 603 kernel matrices are computed and input to MVKMM to

obtain the clustering of patients.

. MVKKM with Pathway Based Shortest Path Graph Kernels
along with RBF Kernels Using All Genes: This framework is the
same as the previous one, with one difference: RBF Kernels are computed

for each data type and along with the 603 pathway kernels; the three re-
sulting RBF kernels are input to MVKMM as well.

In MVKKM experiments, we set p as 1.3. A p value varying between 1.5 and 2

is suggested for five kernel matrices in the original paper, yet our number of kernels

are 603 in our case. Therefore, we experiment with p € {1.1,1.3,1.5}. Since the

results do not improve with the choice of p from the specified set, we set it to 1.3.
In running MVKKM with RBF kernel we try all o € {272,274 ... 29 219} and
for all MVKKM experiments, we repeat the run with random restarts for 1000

times and pick the clustering with the lowest objective function. On the other
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hand, in running LMKKM, o values used are € {275,274 ... 24 2°}. And we
repeat the experiment 100 times with 100 optimization iterations. The reason
we limit LMKMM with 100 and smaller set of ¢ is the long execution time. In
smSPK experiments, we vary the smoothing parameter o and obtain results for
all values € {0,0.01,0.05,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9}. For all k values,

we select the best result with the minimum objective function value.

Note that we also attempted to use LMKKM as an alternative multi-view
kernel clustering approach with the smSPK; however, due to large number of
kernel matrices, 603, we were not able to conduct experiments due to prohibitive

memory requirements.

4.2 Results

In this section, we demonstrate the results of different settings listed in section[4.1]
At first, we present the experiments with LMKKM and RBF kernels computed
on the molecular alteration data. These experiments show us the performance of
cancer patients stratification when each sample in kernel matrices are weighted
separately. A similar experimental layout is adopted for MVKKM. While con-
ducting experiments with MVKKM, we assess how well the patients are clustered
when we only use RBF kernels. We experiment with two settings here as well,
one with all genes with an alteration and one with the subset of genes that are
only part of the pathway. Finally, we present results of our proposed method,
where we utilize the smSPK. We follow two different approaches. One strategy is
to employ smSPK on each pathway separately and combine the resulting kernel
matrices via MVKKM. The second approach is to utilize smSPKM on each path-
way along with RBF kernel on all data types. The purpose is to evaluate whether
we lose information by only using the pathways, as not every gene participate in

a pathway.
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4.2.1 LMKKM with RBF Kernel in All Genes

In this experiment group, we stratify patients using only alterations of patients
without any pathway information using LMKKM. RBF kernel matrices are cal-
culated for each data type and these kernel matrices are combined to cluster
patients via LMKKM. In table [£.1] p-values of survival analysis of each setting
are shown. Among all k& values, the best p-value is retrieved for & = 4 when

o = 4. Kaplan-Meier plots of best results for each k value are demonstrated in

Figure [4.1

o\ k 2 3 4 )
0.031 7.700e-02 2.539e-01 3.061e-01 4.072e-01

) (150-211) | (214-106-41) (312-7-38-4) (51-39-129-9-133)
0.063 7.700e-02 2.539e-01 3.061e-01 4.072e-01

' (150-211) | (214-106-41) (312-7-38-4) (51-39-129-9-133)
0.125 9.995e-01 2.625e-01 8.313e-01 9.779e-01

’ (273-88) (118-83-160) | (122-3-81-155) (80-92-35-88-66)

9.047e-01 3.923e-01 2.750e-01 7.205e-01
0.250
(77-284) (13-202-146) | (197-66-72-26) | (73-192-31-53-12)

0.500 9.789e-01 2.804e-02 1.812e-02 6.364e-02

' (341-20) (49-301-11) (34-291-14-22) | (284-11-46-10-10)
1.000 8.211e-02 3.387e-03 1.478e-02 1.629e-02

' (345-16) (326-19-16) (313-17-15-16) | (11-17-302-16-15)
9 000 1.280e-01 1.214e-01 4.670e-04 1.113e-03

' (75-286) (257-38-66) (237-34-30-60) | (217-48-34-24-38)
4.000 7.136e-01 9.615e-04 5.126e-05 1.222e-04

' (160-201) | (140-187-34) | (120-53-27-161) | (22-49-50-140-100)
3.000 4.177e-01 4.325e-01 4.080e-01 5.436e-03

' (186-175) | (108-138-115) | (65-86-82-128) | (62-61-73-64-101)
16.000 6.860e-01 1.017e-03 2.696e-03 3.296e-02

’ (193-168) | (123-152-86) | (133-74-80-74) | (65-63-73-122-38)
39,000 3.535e-02 | 6.311e-05 6.788e-02 2.747e-02

' (141-220) | (102-97-162) | (57-92-138-74) | (57-75-114-61-54)

Table 4.1: Overall survival analysis of results of LMKKM on all genes of kidney
cancer patients. The numbers in parenthesis indicate the cluster sizes. The bold

p-values are the best values obtained for the corresponding k value.
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4.2.2 LMKKM with RBF Kernel with Pathway Genes

In this experiment, we exclusively utilize alterations on genes that are part of a

pathway. For each selected genomic alterations of each data type, RBF kernel

matrices are computed. Next, patients are clustered with LMKMM. In table

we demonstrate the obtained p-value of survival analysis of each setting. In this

experiment, we attain the best p-value when k£ = 3 and o = 32. Kaplan-Meier

plots of best results for each k value is are given in Figure [4.2]

o\ k 2 3 4 5
0031 | 2027e01 [ 5.503¢-01 3.738¢-01 6.895¢-01
(262-99) | (72-51-238) | (178-11-44-128) | (116-75-44-103-23)
0.063 | 2027e-01 | 5.503¢-01 3.738¢-01 6.895¢-01
(262-99) | (72-51-238) | (178-11-44-128) | (116-75-44-103-23)
8.060c-02 | 5.353¢-01 7.983¢-01 7.631e-01
0.125
(181-180) | (124-88-149) | (86-134-3-138) | (78-92-85-103-3)
0950 | 2-380c-01 | 4.685¢-01 3.591e-01 8.513¢-02
' (222-139) | (49-229-83) | (86-212-56-7) | (205-10-8-69-69)
0500 | A1350-03 | 4.487¢-03 5.124e-01 5.932¢-04
' (336-25) | (315-30-16) | (306-38-11-6) | (293-18-16-14-20)
Looo | 381801 | 4181e-01 5.586e-01 5.413e-02
' (333-28) | (299-49-13) | (275-28-46-12) | (236-35-16-46-28)
5000 | 9-319e-01 | 4.035¢-01 1.097e-02 1.705¢-02
' (244-117) | (223-107-31) | (205-74-31-51) | (186-30-62-44-39)
Lo0n | 294Te-01 | 6.235¢-01 5.510e-02 1.962¢-03
' (178-183) | (122-116-123) | (106-105-120-30) | (97-97-20-116-31)
<000 | 8-1426-01 | 1.683¢-03 1.540e-02 1.175¢-02
' (171-190) | (101-125-135) | (83-88-76-114) | (73-81-81-91-35)
L6.000 | 4542-01 | 4.949¢-04 4.235¢-03 7.017e-02
' (161-200) | (150-108-103) | (96-78-58-129) | (102-71-85-42-61)
29000 | 3-4316-03 | 1.578¢-04 3.395e-04 3.886e-04
' (230-131) | (143-91-127) | (44-76-121-120) | (54-106-60-106-35)

Table 4.2: Overall survival analysis of results of LMKKM on genes of kidney
cancer patients which are in pathways. The numbers in parenthesis indicate the
cluster sizes. The bold p-values are the best values obtained for the corresponding

k value.
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Figure 4.1: Kaplan-Meier plots of experiment utilizing LMKKM with RBF kernel
on all genes
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Figure 4.2: Kaplan-Meier plots of experiment utilizing LMKKM with RBF kernel
on genes in pathways.
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o\ k 2 3 4 5
0.031 1.883e-01 3.063e-01 2.968e-01 3.726e-01
' (323-38) | (38-221-102) | (178-68-38-77) | (66-38-142-70-45)
0.063 1.883e-01 4.147e-01 4.501e-01 6.666e-01
' (38-323) | (38-230-93) | (38-90-167-66) | (38-68-54-153-48)
0.125 1.883e-01 2.610e-01 7.703e-03 3.527e-02
' (323-38) | (231-38-92) | (83-38-63-177) | (49-38-61-61-152)
0.950 1.883e-01 3.606e-01 3.697e-01 4.974e-01
' (323-38) | (91-232-38) | (66-38-76-181) | (38-44-150-71-58)
1.883e-01 9.853e-03 3.000e-01 7.163e-02
0.500
(323-38) | (38-109-214) | (70-171-38-82) | (134-56-60-73-38)
1.000 9.995e-01 3.861e-01 2.604e-01 3.932¢-01
' (273-88) | (38-229-94) | (175-92-38-56) | (45-38-52-52-174)
9000 2.307e-01 1.090e-01 1.998e-01 3.880e-02
(229-132) | (97-132-132) | (110-55-132-64) | (78-12-131-48-92)
4,000 1.688e-02 4.442e-02 6.052e-02 6.643e-02
(293-68) | (21-268-72) | (24-251-32-54) | (70-228-20-13-21)
3.000 1.220e-01 3.839¢-02 1.290e-01 1.063e-01
(336-25) (18-305-38) | (293-39-10-19) | (33-12-20-286-10)
16.000 1.422e-01 5.251e-04 5.110e-05 2.977e-05
’ (340-21) | (146-15-200) | (166-21-45-129) | (18-128-86-11-118)
29,000 7.488e-09 | 7.922e-07 3.267e-06 5.802e-04
‘ (65-296) | (14-67-280) | (13-66-272-10) | (45-17-9-87-203)
64.000 2.748e-05 1.575e-03 1.069e-03 3.696e-03
‘ (316-45) | (17-321-23) | (30-32-17-282) | (34-14-283-12-18)
128.000 2.660e-01 2.550e-03 6.300e-06 5.235e-04
(18-343) | (23-17-321) | (37-292-12-20) | (13-34-19-14-281)
956.000 2.660e-01 4.064e-03 1.973e-03 7.445e-05
' (18-343) | (23-322-16) | (205-31-15-20) | (26-19-282-12-22)
512.000 2.660e-01 2.550e-03 3.028e-04 8.783e-06
(343-18) | (321-17-23) | (34-292-15-20) | (12-287-11-19-32)
1024.000 2.660e-01 4.064e-03 4.133e-04 3.042e-06
' (18-343) | (322-23-16) | (292-10-20-39) | (272-30-17-14-28)

Table 4.3: Overall survival analysis of results of MVKKM on all genes of kidney
cancer patients. The numbers in parenthesis indicate the cluster sizes. The bold
p-values are the best values obtained for the corresponding k value.
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o\ CI 1 2
0.03 1(2;;30)1 1.(9325)1
o | 10 T
013 1(.2;0)1 1.(9325)1
ot 1(.23-30)1 1.(9325)1
0 cd 1(.23-30)1 1.(9325)1
> 1.(02%?0 1.?§8+>00
| 2T T
00 1(;;30)2 1.(76:;)2
200 1(;;60)1 1.(2;;)1
16,00 1(.;12-0(;1 1.(42e1—§)1
32.00 7(5;55)9 7(2360)9
64.00 2(?;6(;5 2&5;}5
128.00 2'(7165) L 2(';;0)1
256.00 2.(712;)1 2(';2'3(;1
st200 | 20T 21001
s0n | 2707 [ 27e00

Table 4.4: One-vs-all survival analysis of results of RBF with MVKKM on all
genes of kidney cancer patients for £ = 2. The numbers in parenthesis indicate
the cluster size that is compared with the rest of the patients.
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o\ CI 1 2 3
0.03 1.9e-01 | 9.0e-01 | 2.8e-01
‘ 38) | (221) | (102)
0.06 1.9e-01 | 4.4e-01 | 9.1e-01
‘ 38) | (230) | (93)
0.13 8.7e-01 | 1.9e-01 | 2.2e-01
: 231 | (38) | (92)
0.25 4.1e-01 | 8.7e-01 | 1.9e-01
' 91) | (232) | (39
0.50 1.9e-01 | 3.1e-03 | 7.2e-02
' (38) | (109) | (214)
1.00 1.9e-01 | 7.9e-01 | 4.9e-01
' 38) | (229) | (94)
200 4.6e-02 | 7.9e-01 | 1.3e-01
' 97) | (132) | (132)
400 4.2e-01 | 1.3e-02 | 2.4e-02
' (21) | (268) | (72)
3.00 2.7e-01 | 1.1e-02 | 2.6e-02
' (18) | (305) | (38)
2.6e-04 | 4.4e-01 | 1.0e-04

1600146y | (15) | (200
2.3e-01 | 4.3e-07 | 1.7e-07

32000 “ayy | e | (280)
2.5e-01 | 8.1e-04 | 8.1e-04

0400 1"y | @321y | (23)
1.4e-03 | 2.5e-01 | 1.2e-03

128000 03y | 17y | 321)
1.4e-03 | 3.0e-03 | 4.7e-01

256001 93y | (322) | (16)
1.2e-03 | 2.5e-01 | 1.4e-03

P20 oy | ary | (23)
3.0e-03 | 1.4e-03 | 4.7e-01

102400 | °ao” | o3 | (1)

Table 4.5: One-vs-all survival analysis of results of RBF with MVKKM on all
genes of kidney cancer patients for £ = 3. The numbers in parenthesis indicate
the cluster size that is compared with the rest of the patients.
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s\CI| 1 2 3 1
0.03 2.4e-01 | 2.6e-01 | 1.9e-01 | 4.7e-01
: (178) | (68) | (38) | (77)
0.06 1.9e-01 | 6.1e-01 | 3.2e-01 | 4.9e-01
: 38) | (90) | (167) | (66)
013 3.2e-01 | 1.9e-01 | 3.6e-02 | 7.7e-04
: ®3) | 38 | 63 | )
0.25 4.2e-01 | 1.9e-01 | 9.5e-01 | 1.5e-01
: 66) | (38) | (76) | (181)
0.50 8.3e-01 | 7.4e-01 | 1.9e-01 | 1.1e-01

) | ar) | 38) | (82)
1.00 5.6e-01 | 3.8e-01 | 1.9e-01 | 1.5e-01

: (175) | 92) | (38) | (56)
900 2.1e-01 | 9.4e-01 | 7.9e-01 | 4.1e-02

: (110) | (55) | (132) | (64)
400 3.8¢-01 | 4.2e-02 | 1.5e-02 | 8.4e-01

24) | (251) | (32) | (54)
3.00 2.8e-02 | 3.2e-02 | 4.4e-01 | 7.1e-01

' (293) | (39) | (10) | (19)
16.00 2.8e-01 | 1.8e-02 | 1.1e-04 | 2.8e-02
‘ (166) | (21) | (45) | (129)
29 00 2.9e-04 | 2.9e-04 | 7.7e-06 | 8.8e-01

‘ (13) | (66) | (272) | (10)
64.00 6.9e-02 | 1.9e-03 | 2.5e-01 | 1.1e-04
: 30) | 32) | an | @82
2.0e-04 | 3.0e-07 | 1.1e-02 | 4.2e-02

128001 “3r) | 202) | (12) | (20
1.7e-04 | 3.0e-03 | 1.0e-01 | 1.7e-01

25000} “og5y |31y | (15) | (20)
1.5e-03 | 1.6e-05 | 9.5e-02 | 4.2e-02

S2000 | 202) | (1) | (20)
2.3e-05 | 8.9e-02 | 4.2e-02 | 2.2e-03

1024001 "0y | (10) | (200 | (39

Table 4.6: One-vs-all survival analysis of results of RBF with MVKKM on all
genes of kidney cancer patients for £ = 4. The numbers in parenthesis indicate
the cluster size that is compared with the rest of the patients.

38



o\CI | 1 2 3 4 5
0.03 9.5e-01 | 1.9e-01 | 6.7e-02 | 5.8e-01 | 5.4e-01
66) | (38) | (142) | (70) | (45)
0.06 1.9e-01 | 8.5e-01 | 6.8e-01 | 2.8e-01 | 9.1e-01
38) | (68) | (54) | (153) | (48)
013 2.0e-02 | 1.9e-01 | 5.4e-01 | 1.2e-01 | 8.3e-02
' 49) | 68) | (61) | (61) | (152)
0.25 1.9e-01 | 4.9e-01 | 2.4e-01 | 3.9e-01 | 9.0e-01
' 38) | 4) | (50) | (11) | (58)
0.50 6.6e-01 | 6.7e-03 | 4.4e-01 | 9.0e-01 | 1.9e-01
' (134) | (56) | (60) | (73) | (38)
1.00 6.7e-01 | 1.9e-01 | 3.1e-01 | 1.9e-01 | 6.9e-01
45) | (38) | (52) | (52) | (174)
2.00 1.2e-02 | 3.9e-02 | 9.9e-01 | 5.3e-01 | 3.8e-01
' 78) | (12) | a31) | @8) | (92
400 6.6e-01 | 1.2e-01 | 1.2e-02 | 1.8e-01 | 7.5e-01
70) | (228) | (200 | (13) | (1)
3.00 8.7e-01 | 1.4e-02 | 4.6e-01 | 8.0e-02 | 4.4e-01
33) | (12) | (200 | (286) | (10)
16.00 4.1e-01 | 2.3e-02 | 5.0e-06 | 5.7e-02 | 6.9e-02
' (18) | (128) | (86) | (11) | (118)
39,00 2.5e-03 | 4.4e-02 | 7.8e-01 | 1.7e-01 | 8.8e-05
' (45) (17) (9) (87) | (203)
64.00 9.1e-03 | 3.9e-02 | 1.1e-04 | 3.3e-01 | 2.0e-01
' (34) | (14) | (283) | (12) | (18)
128.00 1.4e-02 | 1.3e-03 | 3.0e-01 | 2.3e-01 | 1.5e-03
' 13) | 34) | (19 | (14) | (281)
956.00 2.8e-04 | 2.2e-01 | 5.2e-04 | 3.3e-01 | 6.2e-03
' 26) | (19) | (282) | (12) | (22)
512.00 3.4e-03 | 1.0e-04 | 5.3e-01 | 5.2e-01 | 2.0e-05
V0 gy sy | oany | oae) | (32
4.3e-05 | 4.9e-06 | 2.4e-01 | 2.3e-01 | 2.0e-02
1024001 o790y | 30) | (17) | (14) | (28)

Table 4.7: One-vs-all survival analysis of results of RBF with MVKKM on all
genes of kidney cancer patients for £ = 5. The numbers in parenthesis indicate
the cluster size that is compared with the rest of the patients.
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Figure 4.3: Kaplan-Meier plots of experiment utilizing MVKKM with RBF kernel
on all genes
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4.2.3 MVKKM with RBF Kernel in All Genes

We conduct the experiments by using molecular alteration data from all recorded
genes. RBF kernel matrices are calculated for each data type. Then, we input
these kernel matrices to MVKKM to obtain the groups of patients. In table
we provide p-value of survival analysis of each setting. Among all k values, the
best p-value is attained for £ = 2 when ¢ = 32. In addition to overall survival
analysis, we demonstrate the one-vs-all survival analysis of identified clusters for
each setting. We show the one-vs-all survival analysis results for each k value in
a separate table. Tables [4.4] and [4.7) display the results. Kaplan-Meier

plots of best results for each k value is given in Figure [4.3]

4.2.4 MVKKM with RBF Kernel with Pathway Genes

RBF kernel matrices are calculated for each data type using only the genes that
are part of at least one pathway. The kernel matrices are used in MVKKM to
obtain the groups of patients. In table 4.8 we provide p-value of survival analysis
of each setting. Among all the k values, the best p-value is retrieved for k = 4
when o = 256. In addition to overall survival analysis, we demonstrate the
one-vs-all survival analysis of identified clusters for each setting. We show the
one-vs-all survival analysis results for each k value in a separate table. Tables
[4.9] [4.10} [4.11] and [£.12] display the results. Kaplan-Meier plots of best results for

each k value is given in Figure {4.4)
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o\ k 2 3 4 5
0.031 6.148e-01 2.999e-01 3.374e-01 9.240e-01
' (317-44) | (95-222-44) | (60-44-170-87) | (60-44-47-74-136)
0.063 6.148e-01 2.992e-01 8.374e-01 8.757e-01
' (44-317) | (219-44-08) | (65-178-44-74) | (146-63-45-44-63)
0.125 6.148e-01 1.978e-01 6.714e-01 7.916e-01
' (44-317) | (98-219-44) | (44-68-176-73) | (44-49-144-57-67)
0.250 6.148e-01 5.699e-01 7.613e-01 7.119e-01
' (44-317) | (44-98-219) | (44-59-82-176) | (128-74-65-44-50)
0.500 6.148e-01 3.149¢-01 8.321e-01 8.901e-01
' (44-317) | (212-105-44) | (44-79-140-98) | (44-136-56-72-53)
1.000 6.717¢-01 7.182¢-01 4.818e-01 7.788e-01
(267-94) | (211-44-106) | (44-89-52-176) | (61-31-62-44-163)
2000 9.012e-02 1.326e-02 3.554e-01 3.034e-02
’ (246-115) | (82-129-150) | (69-60-111-121) | (23-139-39-90-70)
4,000 3.241e-03 4.663e-02 1.527e-02 4.139e-02
‘ (298-63) | (67-275-19) | (19-40-44-258) | (34-T1-21-220-15)
3.000 2.952e-06 | 2.185e-04 9.281e-02 7.846e-02
‘ (265-96) | (177-19-165) | (21-11-36-203) | (13-10-281-40-17)
16.000 1.339¢-05 | 2.158e-05 6.341e-07 1.195e-06
‘ (65-296) | (76-12-273) | (17-90-236-18) | (13-81-9-226-32)
39 000 3.161e-05 3.203e-03 1.365e-04 3.338e-05
‘ (47-314) | (13-34-314) | (33-272-16-40) | (21-33-18-274-15)
64.000 1.230e-01 2.490e-03 4.772e-07 9.287e-06
‘ (19-342) | (22-15-324) | (25-30-287-19) | (274-18-15-23-31)
128.000 1.230e-01 1.215e-03 1.611e-07 4.050e-08
' (342-19) | (323-15-23) | (32-19-31-279) | (15-273-19-23-31)
956.000 1.230e-01 2.774e-03 2.224e-08 7.879e-06
| (342-19) | (324-13-24) | (17-284-26-34) | (276-27-21-15-22)
512.000 1.230e-01 1.215e-03 3.660e-03 3.137e-06
' (19-342) | (15-323-23) | (11-11-319-20) | (279-13-22-28-19)
1024.000 1.230e-01 7.637e-03 2.002e-06 3.398e-05
: (19-342) | (13-25-323) | (287-30-16-28) | (16-23-15-274-33)

Table 4.8: Overall survival analysis of results of MVKKM on pathway genes of
kidney cancer patients. The numbers in parenthesis indicate the cluster sizes.
The bold p-values are the best values obtained for the corresponding k value.
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o\ CI 1 2

o [T TR
0.06 6.(1464;)1 6(.;)(;7(;1
013 6.(1;1;)1 6(.;)(;7(;1
0.25 6.(1;1;)1 6(.:1))(;7(;1
0.50 6.(1543)1 6(.:1;—7(;1
1.00 6(.';2-7(%1 6.(7965)1
[P0 10
o [P o2
o [ [T
o [ L5055
o |20 3200
64.00 1.(2169—5)1 1(.22—2(31
s | 12012501
o | 12207120
o | 12207120
ason | 1220112601

Table 4.9: One-vs-all survival analysis of results of RBF with MVKKM on genes
of kidney cancer patients which are in pathways for £ = 2. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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o\ CI 1 2 3
0.03 1.9e-01 | 1.3e-01 | 6.1e-01
: 95) | (222) | (44)
0.06 1.2e-01 | 6.1e-01 | 2.0e-01
' (219) | (44) | (98)
0.13 1.2e-01 | 7.8e-02 | 6.1e-01
' 98) | (219) | (44)
0.25 6.1e-01 | 4.4e-01 | 2.9e-01
; (44) | (98) | (219)
0.50 1.3e-01 | 2.1e-01 | 6.1e-01
: (212) | (105) | (44)
1.00 4.3e-01 | 6.1e-01 | 6.2e-01
: @11) | (44) | (106)
200 3.8e-03 | 1.2e-01 | 4.3e-01
' (82) | (129) | (150)
400 3.1e-02 | 1.3e-02 | 3.2e-01
' 67) | (275) | (19)
3.00 1.1e-04 | 3.2e-02 | 2.0e-03
' 177) | (19) | (165)
3.6e-05 | 7.3e-02 | 3.8e-06

16001 “76) | (12) | (273)
2.1e-01 | 2.0e-03 | 8.3e-04

320001 3y | 34 | (314)
2.9e-03 | 1.0e-01 | 6.3e-04

0400 190y | (15) | (324
3.1e-04 | 1.0e-01 | 1.4e-03

128001 393y | (15) | (23)
9.0e-04 | 2.1e-01 | 1.7e-03

256001 "oy | (13) | (24)
1.0e-01 | 3.1e-04 | 1.4e-03

SO0 sy | 323) | (23)
2.1e-01 | 5.0e-03 | 2.2e-03

102400 | “57 | Vigg) | (a28)

Table 4.10: One-vs-all survival analysis of results of RBF with MVKKM on
genes of kidney cancer patients which are in pathways for £ = 3. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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s\CI | 1 2 3 1
0.03 1.1e-01 | 6.1e-01 | 1.9e-01 | 7.3e-01
60) | (44) | (170) | (87)
0.06 5.7e-01 | 4.0e-01 | 6.1e-01 | 9.3e-01
65) | (178) | (44) | (74)
013 6.1e-01 | 8.1e-01 | 2.3e-01 | 4.2e-01
' (44) | (68) | (176) | (73)
0.25 6.1e-01 | 7.5e-01 | 3.6e-01 | 5.3e-01
44) | (59) | (82) | (176)
0.50 6.1e-01 | 9.0e-01 | 7.4e-01 | 3.8e-01
' 44) | (79) | (140) | (98)
1.00 6.1e-01 | 1.9e-01 | 7.7e-01 | 2.0e-01
44) | (89) | (52) | (176)
900 9.5e-01 | 8.1e-02 | 4.9e-01 | 5.0e-01
: 69) | (60) | (111) | (121)
400 1.2e-01 | 2.4e-02 | 2.5e-01 | 2.2e-03
: (19) | (40) | (44) | (258)
3.00 4.3e-01 | 5.3e-01 | 2.6e-02 | 1.6e-02
: @) | an | @6 | (203
16.00 3.6e-02 | 1.2e-02 | 2.7e-06 | 5.1e-05
: 17 | o) | 236) | (18)
29 00 9.6e-03 | 7.3e-06 | 2.3e-01 | 2.0e-03
‘ 33) | (272) | (16) | (40)
64.00 5.4e-03 | 1.4e-05 | 3.6e-08 | 1.2e-01
‘ 25) | (30) | (287) | (19)
1.7e-05 | 1.2e-01 | 2.1e-03 | 1.0e-08
128001 30y | (19) | (31) | (219)
3.6e-02 | 9.5e-10 | 4.5e-03 | 2.9¢-06
256001 7y | esa) | 26) | (34)
1.4e-02 | 5.3e-01 | 6.1e-04 | 1.1e-02
SO0y an | @319) | (0
1.5e-07 | 7.0e-05 | 2.3e-01 | 2.8e-03
1024001 "oy | 30) | (16) | (28)

Table 4.11: One-vs-all survival analysis of results of RBF with MVKKM on
genes of kidney cancer patients which are in pathways for £ = 4. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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o\CI | 1 2 3 4 5
0.03 5.5e-01 | 6.1e-01 | 8.5e-01 | 6.7e-01 | 5.7e-01
60) | (44) | @47) | (14) | (136)
0.06 6.9e-01 | 3.9e-01 | 6.7e-01 | 6.1e-01 | 6.9e-01
(146) | (63) | (45) | (44) | (63)
013 6.1e-01 | 2.3e-01 | 9.8e-01 | 6.0e-01 | 9.6e-01
' 44) | (49) | (144) | 67) | (67
0.25 1.7e-01 | 7.6e-01 | 4.2e-01 | 6.1e-01 | 8.6e-01
' (128) | (74) | (65) | (44) | (50)
0.50 6.1e-01 | 3.2e-01 | 9.7e-01 | 6.2e-01 | 7.6e-01
' a4y | (136) | G6) | (12) | (53)
1.00 8.1e-01 | 2.7e-01 | 9.7e-01 | 6.1e-01 | 3.9e-01
61) | (31) | (62) | (44) | (163)
2.00 2.8e-01 | 3.5e-01 | 7.9e-02 | 6.3e-01 | 6.2e-03
' @3 | (139) | 39) | 90) | (70)
400 5.7e-01 | 3.9e-01 | 2.3e-01 | 2.7e-01 | 6.5e-03
(34) | (T1) | (21) | (220) | (15)
3.00 1.0e-01 | 4.4e-01 | 2.5e-02 | 7.1e-01 | 3.9¢-02
' (13) | (10) | (281) | (o) | (7
16.00 4.5e-02 | 1.5e-02 | 7.8e-01 | 3.9e-07 | 3.6e-05
0 g sy | @) | @) | (32
39,00 6.2e-04 | 9.9e-04 | 8.6e-01 | 6.5e-06 | 4.4e-01
' 21) | (33) | (18) | (214) | (15)
64.00 2.9e-06 | 9.0e-01 | 4.4e-01 | 5.8e-03 | 2.6e-05
W omy | sy | as) | @) | 31
128.00 4.4e-01 | 3.8e-07 | 6.0e-01 | 1.3e-03 | 3.1e-07
' 15) | @7m3) | 1) | ©@3) | 6y
956.00 1.7e-05 | 5.5e-04 | 7.8e-01 | 4.4e-01 | 1.8e-04
W a6 | oen | @) | as) | @2
512.00 9.5e-06 | 2.1e-01 | 2.6e-05 | 2.6e-03 | 5.3e-01
' 279) | (13) | (22 | @8 | (19)
6.9e-01 | 7.3e-05 | 4.4e-01 | 3.6e-05 | 7.3e-03
1024000 "6y | 23) | (15) | @m4) | (33)

Table 4.12: One-vs-all survival analysis of results of RBF with MVKKM on
genes of kidney cancer patients which are in pathways for £ = 5. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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Figure 4.4: Kaplan-Meier plots of experiment utilizing MVKKM with RBF kernel
on genes in pathways
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a\ k 2 3 4 5
0.00 6.1e-08 4.1e-03 8.7e-06 5.7e-02
(125-236) | (86-191-84) | (76-99-71-115) | (78-164-24-71-24)
0.01 2.1e-07 4.6e-01 2.1e-06 1.8e-02
1 (129-232) | (87-156-118) | (109-91-80-81) | (88-68-65-75-65)
0.05 1.1e-04 2.6e-02 4.7e-04 6.3e-06
(230-131) | (88-187-86) | (126-56-104-75) | (71-78-78-50-84)
0.10 4.1e-05 1.6e-05 7.6e-06 6.7e-07
U1 (245-116) | (179-90-92) | (124-86-71-80) | (66-80-87-57-71)
0.20 3.9e-06 1.9e-07 1.4e-04 1.8e-03
g (126-235) | (84-81-196) | (104-83-87-87) | (63-204-31-39-24)
0.30 6.4e-08 4.1e-07 7.7e-06 5.7e-05
’ (237-124) | (93-159-109) | (90-95-101-75) | (125-57-71-64-44)
0.40 1.3e-04 5.9e-06 3.6e-05 1.3e-05
(124-237) | (148-99-114) | (130-78-79-74) | (47-59-127-61-67)
0.50 2.0e-05 1.1e-05 6.7e-04 3.7e-02
9 1 (115-246) | (106-86-169) | (77-76-132-76) | (59-68-74-57-103)
0.60 4.6e-05 8.5e-04 2.0e-05 2.1e-04
0% 1 (259-102) | (90-164-107) | (135-90-63-73) | (64-73-61-65-98)
0.70 2.6e-04 1.5e-08 4.7e-06 2.0e-04
’ (102-259) | (82-88-191) | (83-72-129-77) | (77-90-48-72-74)
0.80 1.6e-03 7.3e-06 4.9e-04 1.8e-05
(112-249) | (83-83-195) | (79-96-103-83) | (86-71-80-50-74)
0.90 7.5e-06 6.7e-03 6.3e-03 5.7e-07
U1 (254-107) | (181-90-90) | (78-67-120-87) | (64-67-75-91-64)

Table 4.13: Overall survival analysis of results of smSPK on all pathways of
kidney cancer patients. The numbers in parenthesis indicate the cluster sizes.
The bold p-values are the best values obtained for the corresponding k value.
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Table 4.14: One-vs-all survival analysis of results of smSPK on all pathways of
kidney cancer patients for k£ = 2. The numbers in parenthesis indicate the cluster
size that is compared with the rest of the patients.
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CI\ « 1 2 3
0.05 7.8e-03 | 2.7e-01 | 2.1e-01
(88) (187) (86)
0.10 1.2e-03 | 4.5e-06 | 6.4e-01
' (179) (90) (92)
0.20 3.3e-08 | 4.2e-01 | 2.9e-04
84) | (81) | (196)
0.30 2.7e-02 | 2.7e-03 | 5.8e-08
' 93) | (159) | (109)
0.40 3.5e-04 | 4.8e-01 | 2.0e-06
' (148) (99) (114)
0.50 6.1e-06 | 9.6e-01 | 1.3e-04
' (106) | (86) | (169)
0.60 8.8e-02 | 8.1e-02 | 1.9e-04
‘ 90) | (164) | (107)
0.70 3.4e-01 | 4.8e-08 | 3.1e-07
’ (82) (88) (191)
0.80 2.2e-06 | 1.7e-02 | 1.1e-01
‘ (83) | (83) | (195)
0.90 1.3e-01 | 2.0e-01 | 1.7e-03
' (181) (90) (90)

Table 4.15: One-vs-all survival analysis of results of smSPK on all pathways of
kidney cancer patients for £ = 3. The numbers in parenthesis indicate the cluster
size that is compared with the rest of the patients.
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CI\a| 1 2 3 4
0.05 6.1e-01 | 9.2e-05 | 8.7e-02 | 1.1e-01
' (126) | (56) | (104) | (75)
0.10 1.5e-01 | 2.9e-05 | 1.3e-04 | 7.6e-01
' (124) | (86) | (71) | (80)
0.20 5.7e-01 | 1.4e-03 | 8.3e-01 | 6.2e-05
' (104) | (83) | (87) | (87)
0.30 2.2e-02 | 5.2e-01 | 2.2e-01 | 4.9e-07
: 90) | (95) | (101) | (75)
0.40 2.9e-01 | 1.3e-02 | 7.8e-01 | 4.3e-06
' (130) | (78) | (79) | (74)
0.50 2.7e-01 | 4.8e-04 | 4.3e-03 | 2.1e-01
' (77) | (76) | (132) | (76)
0.60 1.2e-01 | 6.7e-02 | 5.6e-01 | 9.2e-07
' (135) | (90) | (63) | (73)
0.70 1.8e-07 | 2.0e-01 | 1.0e-01 | 9.9¢-02
' (83) | (72) | (129) | (77)
0.80 2.0e-02 | 1.8e-01 | 8.6e-01 | 1.0e-04
' (79) | (96) | (103) | (83)
0.90 4.8e-04 | 5.6e-01 | 1.1e-01 | 4.4e-01
' (78) | (67) | (129) | (87)

Table 4.16: One-vs-all survival analysis of results of smSPK on all pathways of
kidney cancer patients for k£ = 4. The numbers in parenthesis indicate the cluster
size that is compared with the rest of the patients.
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CI\a| 1 2 3 4 5
0.05 8.6e-01 | 3.4e-01 | 5.7e-01 | 1.5e-07 | 2.9e-02
' (71) (78) (78) (50) (84)
0.10 3.0e-08 | 6.2e-02 | 2.7e-02 | 2.9e-01 | 4.5e-01

(66) (80) (87) (57) (71)
0.20 1.4e-01 | 1.0e-02 | 3.6e-01 | 3.4e-04 | 8.5e-01
' 63) | (204) | (31) | (39) | (24)
0.30 4.8e-02 | 6.6e-02 | 4.2e-06 | 3.9¢-01 | 3.2e-01
' (125) | (57) | (71) | (64) | (44)
0.40 7.6e-01 | 7.5e-07 | 2.3e-01 | 1.2e-02 | 6.9¢-01
' 47) | (59) | (127) | (61) | (67)
0.50 1.9e-01 | 8.3e-02 | 5.9e-03 | 6.6e-01 | 9.8e-01
' (59) | (68) | (74) | (57) | (103)
0.60 8.7e-06 | 4.8e-01 | 8.8e-01 | 8.8e-01 | 1.5e-02
' (64) (73) | (61) (65) (98)
0.70 1.6e-04 | 4.8¢e-04 | 2.2e-01 | 9.6e-01 | 6.5e-01
' (77) (90) | (48) (72) (74)
0.80 1.1e-01 | 3.8e-02 | 1.5e-01 | 2.3e-01 | 1.9¢-06
' (86) (71) | (80) (50) (74)
0.90 8.7e-02 | 2.9e-01 | 7.4e-08 | 1.7e-01 | 8.1e-03
' (64) (67) | (75) (91) (64)

Table 4.17: One-vs-all survival analysis of results of smSPK on all pathways of
kidney cancer patients for £ = 5. The numbers in parenthesis indicate the cluster
size that is compared with the rest of the patients.
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Figure 4.5: Kaplan-Meier plots of experiment utilizing smSPK on all pathways
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4.2.5 Multi-view Kernel Clustering with Pathway Based
Shortest Path Graph Kernels

The smSPK kernels are computed for each data type and pathway. These 60
kernel matrices are used as input to MVKKM. The results of survival analysis for
each setting are given in table [4.13] In addition to the overall survival analysis
results, we present one-vs-all survival analysis results for each k value in tables

4.14] [4.15] and [4.17] The best p-value is obtained when k£ = 3 and a = 0.7.

Kaplan-Meier plots of best results for each k value are given in Figure [4.5

4.2.6 Multi-view Kernel Clustering with Pathway Based
Shortest Path Graph Kernels along with RBF Ker-
nels Using All Genes

This experiment is similar to the previous experiment except for the three addi-
tional RBF kernels computed in each data type. In computing the kernels, all the
genes recorded for the respective data type are utilized. Once we calculate the
kernel matrices of pathways, we input them along with RBF kernels on each data
type to MVKKM. The result of survival analysis of each setting is given in table
[4.18] In addition to the overall survival analysis results, we present one-vs-all
survival analysis results for each k value in tables [4.19] [4.20} [4.21] and 4.22, The
best p-value is obtained when & = 3 and o = 0.2. Kaplan-Meier plots of best

results for each k value is given in Figure [4.6
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a\ k 2 3 4 5
0.00 1.3e-04 8.4e-03 5.9e-05 8.4e-05

1 (113-248) | (85-192-84) | (73-101-76-111) | (75-65-98-60-63)
0.01 4.5e-06 6.1e-06 3.3e-06 2.9e-03

V1 (118-243) | (107-91-163) | (107-90-80-84) | (55-54-83-88-81)
0.05 1.5e-06 4.0e-04 2.7e-05 3.8e-04

9 1 (253-108) | (173-99-89) | (65-127-78-91) | (90-60-63-97-51)
0.10 9.0e-04 6.6e-05 4.4e-04 1.6e-06

101 (120-241) | (91-91-179) | (80-67-74-140) | (52-89-76-92-52)
0.20 7.3e-04 2.0e-07 2.2e-05 2.4e-05

U1 (125-236) | (169-94-98) | (91-78-92-100) | (88-60-66-79-68)
0.30 1.5e-04 4.0e-06 6.7e-06 2.6e-05

U1 (123-238) | (85-93-183) | (79-76-136-70) | (79-98-64-66-54)
0.40 2.0e-02 9.6e-07 1.9e-05 2.5e-05

1 (119-242) | (86-74-201) | (91-76-117-77) | (71-53-73-86-78)
0.50 4.0e-04 3.7e-03 6.4e-07 1.1e-04

’ (119-242) | (74-96-191) | (98-122-68-73) | (102-55-59-85-60)
0.60 5.5e-05 3.8e-03 3.4e-04 8.1e-05

’ (95-266) | (98-101-162) | (77-95-74-115) | (73-65-73-84-66)
0.70 9.9e-07 6.3e-05 2.3e-05 8.8e-05

U1 (259-102) | (177-86-98) | (92-150-90-29) | (83-60-71-82-65)
0.80 1.5e-05 2.3e-06 3.8e-04 1.8e-04

U1 (115-246) | (84-81-196) | (103-63-74-121) | (59-85-70-78-69)
0.90 8.6e-04 7.5e-05 1.5e-03 6.1e-04

U1 (246-115) | (101-83-177) | (66-135-82-78) | (68-84-79-66-64)

Table 4.18: Overall survival analysis of results of smSPK on all pathways and
RBF kernel on all genes of kidney cancer patients. The numbers in parenthesis
indicate the cluster sizes. The bold p-values are the best values obtained for the
corresponding k value.
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CI\ « 1 2
000 |15y | o)
00 |y | i)
005 | ogg) | (108)
010 | Ty | o)
020 | i3y | o)
030 | (i3 | o)
040 | o) | o)
030 | i) | o)
090 | "55) | (a06)
070 | sy | (102)
020 | '(155) | i)
090 | o) | (115)

Table 4.19: One-vs-all survival analysis of results of smSPK on all pathways and
RBF kernel on all genes of kidney cancer patients for £ = 2. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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CI\ a 1 2 3
0.00 2.0e-03 | 1.2e-01 | 3.0e-01
' 85) | (192) | (84)
0.01 1.8e-06 | 6.2¢-01 | 2.7e-04
' (107) | (91) | (163)
0.05 2.0e-02 | 7.7e-05 | 2.8e-01

(173) (99) (89)
0.10 0.2e-02 | 1.4e-05 | 7.4e-02
' (91) (91) (179)
0.20 1.6e-05 | 9.1e-01 | 1.0e-07
' (169) | (94) | (98)
0.30 1.8e-02 | 9.6e-07 | 7.2e-02
' 85) | (93) | (183)
0.40 1.8e-07 | 3.9e-02 | 2.2e-02
' (86) (74) (201)
0.50 1.0e4-00 | 1.4e-03 | 6.2e-03
' (74) (96) (191)
0.60 9.7e-04 | 4.8e-01 | 2.6e-02
' 98) | (101) | (162)
0.70 3.0e-01 | 6.3e-03 | 3.3e-05
' 177) | (86) | (98)
0.80 3.5e-07 | 1.4e-01 | 6.8e-03
' 84) | (81) | (196)
0.90 1.3e-05 | 1.2e-01 | 2.2e-02
' (101) | (83) | (177)

Table 4.20: One-vs-all survival analysis of results of smSPK on all pathways and
RBF kernel on all genes of kidney cancer patients for £ = 3. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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CI\a| 1 2 3 4
0.00 5.7e-01 | 4.9e-01 | 4.7e-05 | 6.3e-04
' (73) | (101) | (76) | (111)
0.01 4.8e-01 | 3.3e-03 | 1.6e-06 | 7.2e-02
' (107) | (90) | (80) | (84)
0.05 7.6e-01 | 1.4e-01 | 1.6e-06 | 3.8e-02
' 65) | (127) | @8) | (91)
0.10 3.7e-02 | 7.4e-01 | 4.3e-05 | 3.2e-01
' 80) | (67) | (74) | (140)
0.20 2.4e-01 | 1.4e-05 | 3.4e-02 | 1.2e-02
; (91) | (78) | (92) | (100)
0.30 3.2e-07 | 2.7e-01 | 1.3e-02 | 5.9¢-01
' (79) | (76) | (136) | (70)
0.40 1.7e-01 | 7.2e-07 | 1.4e-01 | 2.3e-01
' 1) | (16) | Q17) | (77)
0.50 1.2e-02 | 4.6e-01 | 2.4e-01 | 3.8e-08
' 98) | (122) | (68) | (73)
0.60 5.4e-02 | 8.1e-01 | 3.3e-05 | 1.9e-01
' 77) | (95) | (74) | (115)
0.70 4.5e-06 | 3.5e-01 | 1.9e-03 | 9.0e-01
' (92) | (150) | (90) | (29)
0.80 8.8e-01 | 6.3e-01 | 8.5e-05 | 4.2e-03
' (103) | (63) | (74) | (121)
0.90 4.0e-01 | 3.9e-01 | 7.5e-02 | 1.2e-04
' (66) | (135) | (82) | (78)

Table 4.21: One-vs-all survival analysis of results of smSPK on all pathways and
RBF kernel on all genes of kidney cancer patients for £ = 4. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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CI\a| 1 2 3 4 5

0.00 2.4e-01 | 8.9e-01 | 9.5e-03 | 6.0e-01 | 5.5e-06
(75) | (65) | (98) | (60) | (63)

0.01 3.7e-01 | 1.2e-04 | 1.6e-01 | 3.0e-01 | 7.4e-01
(55) | (%) | (83) | (88) | (81)

0.05 1.6e-02 | 5.8e-01 | 2.7e-05 | 2.3e-01 | 8.6e-01
P00 | 60 | (63) | o1 | 61

0.10 7.3e-01 | 9.1e-01 | 8.8¢-08 | 1.2e¢-02 | 4.4e-02
(52) | (89) | (16) | (92) | (52)

0.20 9.9e¢-01 | 1.4e-01 | 5.9e-07 | 2.4e-01 | 9.3e-02
(88) | (60) | (66) | (79) | (68)

0.30 4.0e-02 | 5.0e-02 | 8.0e-01 | 1.5e-06 | 5.2e-01
Do) | 8 | (64 | (66) | (54)

0.40 4.1e-01 | 8.7e-01 | 4.2e-06 | 3.0e-03 | 1.7e-01
Yl | 63 | 1) | e | (®)

0.50 5.0e-01 | 3.0e-06 | 4.1e-01 | 4.2e-02 | 8.9e-01
' (102) | (55) | (59) | (85) | (60)

0.60 1.3e-01 | 9.0e-02 | 9.3e-01 | 4.0e-01 | 2.1e-06
w3y | ) | (13) | (34 | (66)

0.70 6.8e-01 | 1.9e-06 | 6.9¢-01 | 2.4e-01 | 6.9e-02
ARG EROEROERCERG

0.80 6.6e-01 | 3.7e-01 | 2.2e-01 | 4.3e-02 | 7.2e-06
D9 | 8 | (o) | (1) | (69)

0.90 5.3e-01 | 3.4e-04 | 1.1e-02 | 9.8e-02 | 1.4e-01
e | sy | (19) | (66) | (64)

Table 4.22: One-vs-all survival analysis of results of smSPK on all pathways and
RBF kernel on all genes of kidney cancer patients for £ = 5. The numbers in
parenthesis indicate the cluster size that is compared with the rest of the patients.
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Figure 4.6: Kaplan-Meier plots of experiment utilizing smSPK along with RBF
kernel on all genes

Survival Probability

Survival Probability

S; Number of Patients
— 259
® | — 102
o 2
o | g
o )
a
< ©
© —— ;
=]
N U)
S A
p-value: 9.9e-07
o |
o T T T
0 500 1500 2500 3500
Time (days)
(a) The setting is k =2 and a = 0
3 Number of Patients
— 98
® | —_— 122
o — 68 >
- 73 =
Q
© | [}
o 3
a
< 3
o ;
5
N (f)
S
p-value: 6.4e-07
e |
o 1 1 1
0 500 1500 2500 3500
Time (days)

(c) The setting is k =4 and o = 0.01

60

Si Number of Patients
— 169

@ — 94

© — 98

©

a1

<

o

N

|

p-value: 2e-07
Q|
O 1 T 1 T 1
0 500 1500 2500 3500
Time (days)

=
N—

The setting is £k =3 and o = 0.7

Si Number of Patients
- 52

@ - 89

S | — 76
—_— 92

© ] — 52

o

<

e e

3\

S

p-value: 1.6e-06
Q
o ‘ ‘ :
0 500 1500 2500 3500
Time (days)

(d) The setting is k =5 and o = 0.9



4.3 Discussion

4.3.1 Performance Comparison

When the survival analysis results of experiments with LMKKM are compared
with the survival analysis results of experiments with MVKKM, MVKKM out-
performs LMKKM (Compare Table and results with Table and
results). Kernel-based weighting works better than sample-based weighting when

we use only alteration information without mapping on pathway. The summary
of the results is given in table [£.23]

Overall, smSPK on all pathways yields good results with k& = 3 in terms of
the log-rank test( p-value 1.5 x 107%). However, MVKKM with RBF for k = 3
and k£ = 5 also achieve close p-values, 2.2 x 1078 and 4.1 x 10~® respectively and
MVKKM with all genes yields the best result with p-value 7.5 x 107 (65-296).
However, as we look at the cluster sizes, the low p-values attained in the RBF
case could be attributed to small sample sizes. The problem with log-rank test
producing artificially low p-values have been discussed in the literature. This is
also apparent in the KM plots. Figure [4.5b| shows that smSPK indeed arrives at
three well-separated clusters; one vs. all log-rank test results also validate these
results in Table On the other hand, for RBF with MVKMM there is only
one cluster that is well separated; the other small groups help lower the p-value.
Therefore, we conclude smSPK with pathway genes provides superior clustering

results.

When we compare the results of the two settings, smSPK run with pathways
and smSPK with pathway and RBF kernels, in terms of p-value smSPK run
only with pathways performs better. This is somewhat surprising; as 33% of
the mutated genes, 31% of the RNA expression genes and 90% of the protein
expression genes are parts of a pathway. We would expect that the additional
RBF kernels would bring more information from the unmapped genes. That is
not supported by data. The survival analysis results show that the performance

is improved for only k£ = 4. For the rest of k values, the p-value is higher. This
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could be attributed to a large number of genes lowering the signal-to-noise ratio;
thus kernel matrices do not bring any additional information. Using only pathway
genes might be serving as a good feature selection step. The reason for this could

also be the number of kernel matrices input to MVKKM.

4.3.2 Important Pathways

One advantage of the smSPK approach is that it provides valuable insight on the
pathways that are instrumental in arriving the cluster results. In the study of
TCGA [6], Lysine degradation pathway and PI(3)K-Akt pathway are pointed out
as potential driver pathways. Furthermore, mutation of the SETD2 gene, which
is located in HIF signalling pathway, is considered as a driver mutation. When
we analyze our weight distribution of the experiment with smSPK, we observe
that HIF signalling pathway is selected for almost all data types over all k values.
Lysine degradation pathway is only selected when gene expression data is applied
on it. One exception to this is the smSPK experiment with £ = 4 and a = 0.01. In
that case, Lysine degradation pathway is not selected even for the gene expression
data. PI(3)K-Akt signalling pathway always contributes to the stratification of
patients when gene expression data and protein expression data are mapped on
it. For somatic mutation data mapped PI(3)K-Akt signalling pathway is selected
only for smSPK experiment with £ = 3 and o = 0.7. This analysis shows that the
selection of pathways for stratification of patients is compatible with the potential
driver pathways. The detailed information on selected pathways along with the

best corresponding methods are provided in [4.24]
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Method \ & 2 B 4 5
31]3 gir?ens 3.5¢-02 6.3¢-05 5.16-05 1.26-04
e pere | (141-220) | (102-97-162) | (120-53-27-161) | (22-49-50-140-100)
patﬁij (g;nes 3.4¢-03 1.6e-04 3.4¢-04 3.96-04
D Loy | (230-131) | (143-01-127) | (44-76-121-120) | (54-106-60-106-35)
ilB gir?;s 75¢:09 | 7.9¢-07 3.3¢-06 3.0e-06
itk | (65-296) | (14-67-280) | (13-66-272-10) | (272-30-17-14-28)
patﬁvljfy Z;nes 3.0-06 2.2¢-05 2.2¢-08 4.16-08
D Nvieray | (265-96) | (76-12-273) | (17-284-26-34) | (15-273-19-23-31)
smSPK on 6.1e-08 1.5e-08 2.1e-06 5.70-07
all pathways | (125-236) | (82-88-191) | (109-91-80-81) | (64-67-75-91-64)
mOPR AE | 9.0007 | 20007 6.4¢-07 1.66-06
(259-102) | (169-94-98) | (98-122-68-73) | (52-89-76-92-52)

on all genes

Table 4.23: The best results obtained for each method and each k value.
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Table 4.24: The selection of potential driver pathways of RCC is displayed for
smSPK and smSPK along with RBF kernel. Each k value of each setting is
given. The rows of each k are somatic mutation (SE), gene expression (GE) and
protein expression (PE) mapped versions of that pathway. “v’” indicates that
the pathway on which the corresponding data type mapped is selected for that k
value by the corresponding method.

Lysine HIF PI(3)K-Akt
Method | k | Data Type | degradation | signalling | signalling
pathway pathway pathway
SM v
2 GE v
PE
SM
3 GE v
PE
SM
4 GE
PE
SM
5 GE v
PE
SM
2 GE v
PE
SM
3 GE v
smSPK PE
with RBF SM
4 GE v
PE
SM
bt GE v
PE

smSPK

SR ERENENENENEN

NENERENEN

SENERENEN

SRR ENENENENENENENEN N ENENERENENENENENENENEN

NEN
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Chapter 5

Conclusion and Future Work

Identification of patient subgroups are important for many cancer types where
the molecular subtypes are not well defined. One such cancer is kidney renal cell
carcinoma. Accurate classification of patients into clinically relevant subtypes
paves the way for the development of effective diagnostic and therapeutic strate-
gies. Molecular data that catalogues DNA and RNA alterations for large cohorts
of cancer patients provide unprecedented multiple views into the biology of the
tumor. Yet there is still an extensive amount of heterogeneity observed in cancer
patients. This presents a particular challenge for studies which set out to identify

clinically meaningful subtypes of the same cancer type.

Integrative approaches concurrently account for the known interactions among
molecules in the cell and therefore play an instrumental role in overcoming the
complications brought out by this heterogeneity. In this thesis, we develop a
framework which not only operates by integrating different omics data sets de-
rived from patients but also incorporates existing knowledge on biological path-
ways. To corroborate these data sources, we develop a novel graph kernel that
evaluates patient similarities based on their genomic, transcriptomic and pro-
teomic alterations in the context of known pathways and employ a multi-view
kernel clustering techniques. Our results indicate that the suggested methodol-

ogy, when applied to RCC, results in patient clusters that differ significantly in
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their survival distributions. The proposed methodology also provides quantita-
tive evidence for the decisive role of known driver pathways on the clustering

process.

In tackling this project the largest hurdle comes from the nature of clustering
task. Since we lack the labels of patients indicating their exact subtypes, it is not
straightforward to assess the performance of the results. We rely on survival anal-
ysis approach to accomplish that. However, our experiments also indicate that
p-values obtained by testing the survival differences of the clusters are not always
positively correlated with the clustering energy, which is the objective function
of the clustering algorithm. Therefore, there is an inherent discrepancy between
the objective function and the evaluation strategy. To remedy this situation we
also tried other clustering evaluation metrics, such as the silhouette width, which
is widely used to assess the performance of clustering [24]. However, we again
observe that this evaluation metric is not always positively correlated with the
objective function value. We believe this stems from the fact that the silhouette
width works well when the clusters are globular and well separated but might
fail if they are not so. Figure demonstrates these relations over 100 MVKKM

repetitions.

The work can be extended in several directions. When there is a relatively
high number of kernel matrices, MVKKM do not perform well, and the assigned
weights of the selected matrices are close to each other. To improve the proposed
framework, it is possible to employ a multi-view kernel clustering method, which is
capable of handling large number of kernel matrices kernel matrices. Furthermore,
log-rank test has reliability problems when the sizes of some clusters are small
compared to the rest of the clusters [47]. Therefore, alternative tests that do
not suffer from the same problem can be explored. The proposed kernel matrix
characterizes the similarities of patients based on the shortest path on the graphs.
Other graph kernels can be devised. In addition, one can employ a different
labeling strategy to emphasize rarer mutations. In the present study we ignore
the directionality of the edges in the pathways. A kernel that explicitly accounts
for edge directions can be more expressive. Finally, the framework can be tested

in other cancer types.
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Figure 5.1: In (a), there are cases contradicting with the correlation of p-value
and clustering energy. In (b), we see that mean silhouette width and clustering
energy positively correlated whereas we expected the negative correlation.
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Appendix A

Selected Pathways

Table A.1: Pathway selection table of multi-view kernel clustering with pathway
based shortest path graph kernels experiment with £ = 3 and a = 0.7. Here, we

demonstrate pathways which have non-zero weight in at least one data type.

Pathway \ Dataset SM
hsa00010 Glycolysis / Gluconeogenesis

P!
=1

PE

hsa00030 Pentose phosphate pathway

hsa00051 Fructose and mannose metabolism

hsa00052 Galactose metabolism

hsa00140 Steroid hormone biosynthesis
hsa00230 Purine metabolism

hsa00240 Pyrimidine metabolism

hsa00270 Cysteine and methionine metabolism

hsa00310 Lysine degradation

hsa00330 Arginine and proline metabolism

hsa00350 Tyrosine metabolism

hsa00360 Phenylalanine metabolism
hsa00410 betaAlanine metabolism
hsa00480 Glutathione metabolism

hsa00500 Starch and sucrose metabolism

NIENENENENEN ENENENENENEN EN ENEN
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hsa00510 NGlycan biosynthesis

hsa00512 Mucin type OGlycan biosynthesis

hsa00520 Amino sugar and nucleotide sugar metabolism

hsa00531 Glycosaminoglycan degradation

hsa00561 Glycerolipid metabolism

hsa00562 Inositol phosphate metabolism

hsa00563 Glycosylphosphatidylinositol(GPI)

anchor biosynthesis

hsa00564 Glycerophospholipid metabolism

hsa00565 Ether lipid metabolism

hsa00590 Arachidonic acid metabolism

hsa00591 Linoleic acid metabolism

hsa00600 Sphingolipid metabolism

hsa00601 Glycosphingolipid biosynthesis

lacto and neolacto series

hsa00620 Pyruvate metabolism

hsa00760 Nicotinate and nicotinamide metabolism

hsa00860 Porphyrin and chlorophyll metabolism

hsa00983 Drug metabolism other enzymes

hsa03013 RNA transport

hsa03015 mRNA surveillance pathway

hsa03460 Fanconi anemia pathway

hsa04010 MAPK signaling pathway v
hsa04012 ErbB signaling pathway v v
hsa04014 Ras signaling pathway v v
hsa04015 Rapl signaling pathway v v
hsa04020 Calcium signaling pathway v
hsa04022 cGMPPKG signaling pathway v v
hsa04024 cAMP signaling pathway v v
hsa04062 Chemokine signaling pathway v v

hsa04064 NFkappa B signaling pathway

NN N N N N N N N N N AN AN EN EN EN RN EN EN EN ENEN RN EN EN EN ENENIEN
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hsa04066 HIF'1 signaling pathway

(\

\

hsa04068 FoxO signaling pathway

hsa04070 Phosphatidylinositol signaling system

hsa04071 Sphingolipid signaling pathway

N

Q\

hsa04072 Phospholipase D signaling pathway

BN

«\

hsa04110 Cell cycle

hsa04114 Oocyte meiosis

<~

hsa04115 p5H3 signaling pathway

<~

hsa04130 SNARE interactions in vesicular transport

hsa04141 Protein processing in endoplasmic reticulum

hsa04144 Endocytosis

hsa04150 mTOR signaling pathway

hsa04151 PI3KAkt signaling pathway

hsa04152 AMPK signaling pathway

hsa04210 Apoptosis

hsa04211 Longevity regulating pathway mammal

hsa04261 Adrenergic signaling in cardiomyocytes

NENENENENEN

hsa04270 Vascular smooth muscle contraction

NENENENENENEN

hsa04310 Wnt signaling pathway

hsa04330 Notch signaling pathway

hsa04340 Hedgehog signaling pathway

hsa04350 TGFbeta signaling pathway

hsa04360 Axon guidance

hsa04370 VEGF signaling pathway

(\

\

hsa04380 Osteoclast differentiation

Q\

Q\

hsa04390 Hippo signaling pathway

hsa04510 Focal adhesion

hsa04520 Adherens junction

hsa04530 Tight junction

hsa04540 Gap junction

NEN N N N N N N AN EN EN EN EN EN EN EN ENEN EN ENENENEN EN EN EN EN EN ENEN

NENENEN
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hsa04550 Signaling pathways

regulating pluripotency of stem cells

hsa04611 Platelet activation

\

\

hsa04620 Tolllike receptor signaling pathway

\

~

hsa04621 NODlike receptor signaling pathway

hsa04622 RIGIlike receptor signaling pathway

hsa04623 Cytosolic DNAsensing pathway

hsa04630 JakSTAT signaling pathway

hsa04650 Natural killer cell mediated cytotoxicity

hsa04660 T cell receptor signaling pathway

hsa04662 B cell receptor signaling pathway

hsa04664 Fc epsilon RI signaling pathway

hsa04666 Fc gamma Rmediated phagocytosis

hsa04668 TNF signaling pathway

N ENENENENENEN

hsa04670 Leukocyte transendothelial migration

N ENENENENENENEN

hsa04710 Circadian rhythm

hsa04713 Circadian entrainment

hsa04720 Longterm potentiation

hsa04722 Neurotrophin signaling pathway

hsa04724 Glutamatergic synapse

hsa04725 Cholinergic synapse

hsa04726 Serotonergic synapse

NENENENEN

hsa04728 Dopaminergic synapse

hsa04730 Longterm depression

(\

hsa04740 Olfactory transduction

hsa04750 Inflammatory mediator
regulation of TRP channels

hsa04810 Regulation of actin cytoskeleton

\

hsa04910 Insulin signaling pathway

hsa04911 Insulin secretion

hsa04912 GnRH signaling pathway

NIEN RN EN N AN AN EN AN AN EN EN ENEN EN EN AN EN EN ENEN EN EN AN ENEN ENEN RN
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hsa04913 Ovarian steroidogenesis

hsa04914 Progesteronemediated oocyte maturation

(\

hsa04915 Estrogen signaling pathway

Q\

hsa04916 Melanogenesis

hsa04917 Prolactin signaling pathway

SNENIENIEN

hsa04918 Thyroid hormone synthesis

hsa04919 Thyroid hormone signaling pathway

<~

hsa04920 Adipocytokine signaling pathway

hsa04921 Oxytocin signaling pathway

\

hsa04922 Glucagon signaling pathway

\

hsa04923 Regulation of lipolysis in adipocytes

~

hsa04924 Renin secretion

hsa04925 Aldosterone synthesis and secretion

hsa04930 Type II diabetes mellitus

hsa04931 Insulin resistance

hsa04932 Nonalcoholic fatty liver disease (NAFLD)

hsa04933 AGERAGE signaling

pathway in diabetic complications

hsa04960 Aldosteroneregulated sodium reabsorption

NN AN AR

N EENEENENEN

hsa04961 Endocrine and other

factorregulated calcium reabsorption

hsa04970 Salivary secretion

hsa04971 Gastric acid secretion

hsa05010 Alzheimer’s disease

hsa05012 Parkinson’s disease

hsa05014 Amyotrophic lateral sclerosis (ALS)

hsa05016 Huntington’s disease

SN RN RN N N N N N N AN AN EN AN AN EN AN EN AN AN EN ENENEN ENEN

hsa05020 Prion diseases

hsa05030 Cocaine addiction

<~

hsa05031 Amphetamine addiction

<~

hsa05032 Morphine addiction
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hsa05034 Alcoholism

\

hsa05100 Bacterial invasion of epithelial cells

hsa05120 Epithelial cell signaling

in Helicobacter pylori infection

hsa05131 Shigellosis

hsa05132 Salmonella infection

hsa05133 Pertussis

hsa05134 Legionellosis

hsa05142 Chagas disease (American trypanosomiasis)

<~

hsa05145 Toxoplasmosis

hsa05152 Tuberculosis

hsa05160 Hepatitis C

hsa05161 Hepatitis B

NENENENEN

hsa05162 Measles

\

hsa05164 Influenza A

\

~

hsa05166 HTLVI infection

(\

\

hsa05168 Herpes simplex infection

hsa05169 EpsteinBarr virus infection

hsa05200 Pathways in cancer

hsa05205 Proteoglycans in cancer

hsa05210 Colorectal cancer

hsa05211 Renal cell carcinoma

hsa05212 Pancreatic cancer

hsa05213 Endometrial cancer

hsa05214 Glioma

hsa05215 Prostate cancer

hsa05218 Melanoma

NENENENENENENENENEN

hsa05219 Bladder cancer

hsa05220 Chronic myeloid leukemia

Q\

hsa05221 Acute myeloid leukemia

N

NENENENENENENENENENENEN

hsa05222 Small cell lung cancer

N

NEN RN N RN N N N AN N N AN AN EN EN EN EN EN EN EN EN AN EN EN EN EN EN RN ENEN
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(\
\

hsa05223 Nonsmall cell lung cancer

hsa05231 Choline metabolism in cancer v
hsa05321 Inflammatory bowel disease (IBD)
hsa05410 Hypertrophic cardiomyopathy (HCM)
hsa05416 Viral myocarditis

N ENENENEN

Table A.2: Pathway selection table of multi-view kernel clustering with pathway
based shortest path graph kernels along with RBF kernels using all genes ex-
periment with £ = 3 and a = 0.2. Here, we demonstrate pathways which have

non-zero weight in at least one data type.

Pathway \ Dataset SM
hsa00051 Fructose and mannose metabolism
hsa00052 Galactose metabolism
hsa00230 Purine metabolism
hsa00240 Pyrimidine metabolism
hsa00310 Lysine degradation

D)
=

PE

hsa00330 Arginine and proline metabolism

hsa00360 Phenylalanine metabolism

hsa00500 Starch and sucrose metabolism
hsa00510 NGlycan biosynthesis
hsa00520 Amino sugar and nucleotide sugar metabolism
hsa00561 Glycerolipid metabolism
hsa00562 Inositol phosphate metabolism

hsa00564 Glycerophospholipid metabolism
hsa00565 Ether lipid metabolism
hsa00590 Arachidonic acid metabolism
hsa00591 Linoleic acid metabolism

hsa00600 Sphingolipid metabolism

hsa00760 Nicotinate and nicotinamide metabolism

hsa00860 Porphyrin and chlorophyll metabolism

NENENEN AN AN ENENEN EN AN ENENEN EN ENENENENEN

hsa00983 Drug metabolism other enzymes
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hsa03013 RNA transport

hsa03015 mRNA surveillance pathway

hsa03460 Fanconi anemia pathway

hsa04010 MAPK signaling pathway

hsa04012 ErbB signaling pathway

BN

hsa04014 Ras signaling pathway

hsa04015 Rapl signaling pathway

hsa04020 Calcium signaling pathway

hsa04022 cGMPPKG signaling pathway

hsa04024 cAMP signaling pathway

hsa04062 Chemokine signaling pathway

NENENENENENENEN

hsa04064 NFkappa B signaling pathway

hsa04066 HIF'1 signaling pathway

(\

\

hsa04068 FoxO signaling pathway

Q\

Q\

hsa04070 Phosphatidylinositol signaling system

hsa04071 Sphingolipid signaling pathway

N

«\

hsa04072 Phospholipase D signaling pathway

N

hsa04110 Cell cycle

hsa04114 Oocyte meiosis

NN N N N N N N AN N EN EN EN EN EN EN ENENIEN

<~

hsa04115 phH3 signaling pathway

\

hsa04130 SNARE interactions in vesicular transport

hsa04141 Protein processing in endoplasmic reticulum

hsa04144 Endocytosis

hsa04150 mTOR signaling pathway

hsa04151 PI3KAkt signaling pathway

hsa04152 AMPK signaling pathway

N

hsa04210 Apoptosis

N

hsa04211 Longevity regulating pathway mammal

hsa04261 Adrenergic signaling in cardiomyocytes

hsa04270 Vascular smooth muscle contraction

NENENENENENENEN

hsa04310 Wnt signaling pathway

NENEN N N AN EN ENENENEN
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hsa04330 Notch signaling pathway

hsa04350 TGFbeta signaling pathway

hsa04360 Axon guidance

hsa04370 VEGF signaling pathway

N

Q\

hsa04380 Osteoclast differentiation

BN

«\

hsa04390 Hippo signaling pathway

hsa04510 Focal adhesion

<~

hsa04514 Cell adhesion molecules (CAMs)

hsa04520 Adherens junction

hsa04530 Tight junction

hsa04540 Gap junction

hsa04550 Signaling pathways

regulating pluripotency of stem cells

hsa04611 Platelet activation

\

hsa04620 Tolllike receptor signaling pathway

\

NIEN BN RN RN RN

hsa04621 NODlike receptor signaling pathway

hsa04622 RIGIlike receptor signaling pathway

hsa04623 Cytosolic DNAsensing pathway

hsa04630 JakSTAT signaling pathway

hsa04650 Natural killer cell mediated cytotoxicity

hsa04660 T cell receptor signaling pathway

hsa04662 B cell receptor signaling pathway

hsa04664 Fc epsilon RI signaling pathway

hsa04666 Fc gamma Rmediated phagocytosis

hsa04668 TNF signaling pathway

NENENENENEN

hsa04670 Leukocyte transendothelial migration

SN ENENENENENENEN

hsa04710 Circadian rhythm

hsa04713 Circadian entrainment

hsa04720 Longterm potentiation

hsa04722 Neurotrophin signaling pathway

hsa04724 Glutamatergic synapse

NEN RN N N N N N N N N N N N N RN RN EN RN RN AN AN AN AN AN EN EN ENENEN

SN ENENEN
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hsa04725 Cholinergic synapse

hsa04726 Serotonergic synapse

hsa04728 Dopaminergic synapse

hsa04730 Longterm depression

SNENENIEN

hsa04740 Olfactory transduction

hsa04750 Inflammatory mediator
regulation of TRP channels

<~

hsa04810 Regulation of actin cytoskeleton

Q\

hsa04910 Insulin signaling pathway

(\

hsa04911 Insulin secretion

hsa04912 GnRH signaling pathway

<~

hsa04913 Ovarian steroidogenesis

hsa04914 Progesteronemediated oocyte maturation

~

hsa04915 Estrogen signaling pathway

hsa04916 Melanogenesis

hsa04917 Prolactin signaling pathway

SNENENEN

hsa04918 Thyroid hormone synthesis

hsa04919 Thyroid hormone signaling pathway

Q\

hsa04920 Adipocytokine signaling pathway

hsa04921 Oxytocin signaling pathway

(\

hsa04922 Glucagon signaling pathway

<~

hsa04923 Regulation of lipolysis in adipocytes

<~

hsa04924 Renin secretion

hsa04925 Aldosterone synthesis and secretion

hsa04930 Type II diabetes mellitus

hsa04931 Insulin resistance

hsa04932 Nonalcoholic fatty liver disease (NAFLD)

hsa04933 AGERAGE signaling

pathway in diabetic complications

hsa04960 Aldosteroneregulated sodium reabsorption

NEENEENENEN

NN N AN AN RN RN RN EN AN AN AN AN AN AN EN EN EN AN RN AN AN BN EN EN ENENIEN

N EENEENENEN
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hsa04961 Endocrine and other

factorregulated calcium reabsorption

hsa04970 Salivary secretion

hsa04971 Gastric acid secretion

hsa05010 Alzheimer’s disease

hsa05012 Parkinson’s disease

hsa05014 Amyotrophic lateral sclerosis (ALS)

hsa05016 Huntington’s disease

hsa05020 Prion diseases

hsa05030 Cocaine addiction

hsa05031 Amphetamine addiction

hsa05032 Morphine addiction

hsa05034 Alcoholism

(\

hsa05100 Bacterial invasion of epithelial cells

hsa05120 Epithelial cell

signaling in Helicobacter pylori infection

hsa05131 Shigellosis

hsa05132 Salmonella infection

hsa05133 Pertussis

hsa05140 Leishmaniasis

hsa05142 Chagas disease (American trypanosomiasis)

hsa05145 Toxoplasmosis

hsa05152 Tuberculosis

hsa05160 Hepatitis C

hsa05161 Hepatitis B

hsa05162 Measles

(\

hsa05164 Influenza A

<~

hsa05166 HTLVI infection

NENENENENENENEN

hsa05168 Herpes simplex infection

hsa05169 EpsteinBarr virus infection

\

<~

hsa05200 Pathways in cancer

NIENENENENEN EN AN EN EN ENENEN EN EN RN AN EN EN ENEN EN EN AN ENEN ENEN RN

\
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hsa05205 Proteoglycans in cancer

hsa05210 Colorectal cancer

hsa05211 Renal cell carcinoma

hsa05212 Pancreatic cancer

hsa05213 Endometrial cancer

hsa05214 Glioma

hsa05215 Prostate cancer

hsa05218 Melanoma

NENENENENENENEN

hsa05219 Bladder cancer

hsa05220 Chronic myeloid leukemia

hsa05221 Acute myeloid leukemia

hsa05222 Small cell lung cancer

hsa05223 Nonsmall cell lung cancer

hsa05231 Choline metabolism in cancer

N ENENENEN

NENENENEN ENENENENEN ENENENEN

hsa05410 Hypertrophic cardiomyopathy (HCM)

hsa05414 Dilated cardiomyopathy

hsa05416 Viral myocarditis

NN N N N N N AN EN EN EN EN ENEN ENENIEN
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Appendix B

Weight Distributions

86



Figure B.1: The weight distribution of multi-view kernel clustering with pathway
based shortest path graph kernels experiment with £ = 3 and a = 0.7. The top
figure is the weights of pathways on which somatic mutations are mapped. In the
middle, weights of gene expression mapped pathways are shown. In the bottom,
we see the weights of protein expression mapped pathways.
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Figure B.2: The weight distribution of multi-view kernel clustering with path-
way based shortest path graph kernels along with RBF kernels using all genes
experiment with £ = 3 and o = 0.2. The top figure is the weights of pathways
on which somatic mutations are mapped. In the middle, weights of gene expres-
sion mapped pathways are shown. In the bottom, we see the weights of protein
expression mapped pathways. In addition to these, the weight of RBF kernel on
all genes for that data type is shown in purple at the end of each figure.
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