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Abstract: Numerous cancer studies have combined different datasets for the prognosis of patients. This study
incorporated four networks for significant directed random walk (SDRW) to predict cancerous genes and risk pathways.
The study investigated the feasibility of cancer prediction via different networks. In this study, multiple micro array data
were analysed and used in the experiment. Six gene expression datasets were applied in four networks to study the
effectiveness of the networks in SDRW in terms of cancer prediction. The experimental results showed that one of the
proposed networks is outstanding compared to other networks. The network is then proposed to be implemented in
sDRW as a walker network. This study provides a foundation for further studies and research on other networks. We

hope these finding will improve the prognostic methods of cancer patients.
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INTRODUCTION

High throughput technologies, such as microarray,
tandem affinity purification, have enabled the production
of a large amount of dataset. In biological context, these
datasets contain a lot of information about organisms.
Gene expression dataset, pathway dataset, and protein-
protein interaction (PPI) dataset are the examples of a
huge biological dataset that contains a lot of biological
information about an organism (Seah et al., 2018). These
data can be modelled by networks, where nodes in the
networks represent gene/protein and edges represent the
relationship between the nodes. These networks, with
other high throughput data, can be used to offer
unprecedented opportunities for both biological and
computational researchers to study the cell at the system
level. Many researchers are using micro array data in their
experiments (Kasim et al., 2016; Angelin-Bonnet et al.,
2018). Micro array data is adopted to profile gene
expression dataset by determining the significant
expression level, which is the core criteria in cancer
classification.

Pathway networks are used in a biased random walk to
allow the walker to apply assisted bias on cancer
classification process. Two of the most common pathway
networks used are: the Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway network and the Protein-
Protein Interaction network. The KEGG Pathway network
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has been used to cross-check the difference between
normal genes and cancerous genes (Young & Craft,
2016), while the Protein-Protein Interaction network is
applied to predict the gene functions, functional pathways
and protein complexes (Huang et al., 2016). With the
right materials and classification tools, the sensitivity of
cancer prediction and accuracy of classification can be
increased. Furthermore, much effort had been devoted
recently towards incorporating between biological
datasets to obtain a better mechanistic understanding of
cancerous diseases and to improve the diagnosis and
treatment of the diseases such as genetic algorithm (Odeh,
2017), pathway-based cancer classification (Graudenzi,
2017), and random walk (Yang et al., 2017).

Random walk algorithm has been used by several
researchers (Liu et al., 2013; Chen et al., 2016; Choon
Sen et al., 2017; Yang et al., 2017; Suki & Frey, 2017) to
study the most efficient method in cancer classification.
In 2016, Chen introduced random walk with restart for
IncRNA-disease association prediction (Chen et al.,
2016). Lan proposed a bi-random walk to identify
potential miRNA environmental factor interaction (Lan et
al. 2016). Random walk with restart probability, proposed
by Matteo in 2017, is used to rank the cancerous gene
with respect to cancer modules (Matteo & Giorgio, 2017).
In 2017, Suki implemented random walk in his human
growth study (Suki & Frey, 2017). In the same year, Seah
had introduced significant directed random walk (SDRW)
which is able to predict and identify the cancerous gene
from gene expression datasets (Seah et al., 2017 ¢). Seah
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had derived a biased random walk equation with different
tuning parameters which aim to increase the sensitivity of
cancer prediction (Seah et al., 2017b).

Significant directed random walk (sDRW) algorithm is
designed to predict and classify the cancerous genes from
gene expression datasets. In significant directed random
walk, KEGG pathway is applied to study the relationship
among genes and identify the cancerous genes. The
walker in SDRW will walk on the pathway network and
cross-check the weight of gene expression dataset to
identify the cancerous genes. This model was proved to
be successful in classifying cancerous genes by cross-
checking the mutual information between gene expression
datasets and KEGG pathway datasets.

A network is one of the mandatory data in SDRW. By
applying different networks, we can extract different
outcomes. In this study, the authors planned to improve
the usage of the network in sDRW. Based on the
identified feature genes, protein-protein interaction
network is constructed which is replaced or integrated
with KEGG pathway network in the framework of
SDRW. The remaining key functions in SDRW such as
tuning parameter selection, weight as a parameter, as well
as K-fold cross-validation and classifier remained the
same (Liu et al., 2013). Six datasets have been applied in
this study. The purpose of this study is to identify the
different results from the network that run through the
sDRW. With these six datasets used as the benchmark
datasets, more cancerous datasets could be applied in
sDRW. The results of the different applied networks are
compared with each other. The validation of this study
was evaluated by the number of identified cancerous
genes which also determines the sensitivity of cancer
prediction and accuracy of cancer classification. The
contribution of this approach is listed as below:

e Report statistically significant result by comparison
with the four proposed methods.

e Improve significant directed random walk by
implementing a network that is more sensitive.

In the next section, we present the applied dataset in this
study and the details of methodology of the proposed
approach. In section 3, we present the results and
discussion of cancer prediction with the number of
identified genes. Lastly, we provide the conclusion of the
study in section 4.

MATERIALS AND METHODS

We applied multiple datasets to assess the sensitivity of
cancer prediction and classification of sDRW with
different networks. Gene expression datasets are applied
as input dataset. In sSDRW, Seah implemented KEGG
network as an applied network (Seah et al., 2017 c). In
this study, PPl was added to study the performance of

sDRW against different networks. Fig. 1 illustrates the
classification of datasets that are used in this study, while
fig. 2 shows the type of datasets employed in this study.

Microarray data

Six gene expression datasets were obtained from Gene
Expression Omnibus database (GEO) of National Centre
for Biotechnology Information (NCBI). There are two
criteria that had been set as a requirement of datasets
chosen from NCBI. First, the selected dataset must consist
of cancerous genes and normal genes. Second, the dataset
should consist of at least 50 samples per dataset. After
screening, SiX cancerous gene expression datasets were
chosen to be implemented in this study. Table 1 shows the
details of the selected datasets.

Gene Expression Owmnibus Database
Gene Exprassion Datasers
[GSE Serles)

Gene Expression
Samples

1G5M Series)

Fig. 1: lllustrations of dataset classification

Table 1: Adjacency matrix of KEGG / PP1 Network

Genes A B| C 2 D E
A 0 1 0 0 0 0
B 0 0 1 1 0 0
C 0 0 0 1 0 0
2 0 0 0 0 1 0
D 0 0 0 0 0 1
E 0 0 0 0 0 0

For lung cancer dataset, GSE10072 (Landi et al., 2008)
was selected in this study. GSE10072 contained 107
samples, in which 58 were cancer, while 49 were normal
tissue samples. Overall, these samples were collected
from 20 non-smokers, 26 former smokers and 28 current
smokers.

For liver cancer dataset, GSE17856 (Tsuchiya et al.,
2010) was selected in this study. GSE17856 contained 87
samples, in which 43 were cancer, while 44 were normal
samples. In overall, these 87 samples were hepatocellular
carcinoma tissue samples, while the remaining 8 samples
were metastatic liver cancer samples.

For thyroid cancer dataset, GSE5364 (Yu et al., 2008)
was selected in this study. GSE5364 contained 341
samples. Out of 341 samples, 51 were thyroid based
dataset, in which 35 were cancer samples, and 16 were
normal samples.
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Table 1: Information of gene expression datasets
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Cancerous | Platform | Gene Expression Sample ID Number of Number of
Type ID Dataset ID Cancerous Samples | Normal Samples
Lung GPL96 GSE10072 GSM254625 - GSM254731 58 49
Liver GPL6480 GSE17856 GSM446165 - GSM446251 43 44

Thyroid GPL96 GSE5364 GSM121979 - GSM122029 35 16
Stomach | GPL570 GSE13911 GSM350411 - GSM350479 38 31
Kidney | GPL9101 GSE17895 GSM444445 - GSM444610 138 22
Breast GPL96 GSE1456 GSM107072 - GSM107231 22 130
Table 2: Number of gene detected by SDRW across different walker networks
Datasets Significant Directed Random Restart Probabilities, r
Walk, sSDRW 0.1 02 | 03]|04|05 |06 |07 ] 08]09
KEGG 268 | 160 | 118 | 49 | 112 | 118 | 118 | 118 | 49
Lung, PPI 58 49 76 | 42 | 84 | 94 | 108 | 59 | 75
GSE10072 KEGG-PPI 287 | 168 | 134 | 57 | 143 | 130 | 120 | 131 | 89
PPI-KEGG 274 161 | 120 | 50 | 143 | 120 | 120 | 118 | 78
KEGG 21 170 | 61 | 73 | 40 | 67 | 136 | 109 | 21
Liver, PPI 31 150 | 69 | 35 | 83 | 95 | 158 | 69 | 62
GSE17856 KEGG-PPI 46 189 | 73 | 84 | 68 | 89 | 163 | 147 | 49
PPI-KEGG 38 163 | 69 | 57 | 102 | 118 | 184 | 94 | 43
KEGG 23 29 39 | 33| 98 | 52 | 13 | 76 | 51
Thyroid, PPI 32 37 31 | 36| 70 | 37 | 19 | 53 | 85
GSE5364 KEGG-PPI 50 48 58 | 43 | 118 | 73 | 21 | 110 | 75
PPI-KEGG 41 41 53 | 47 | 120 | 78 32 | 105 | 70
KEGG 41 53 | 109 | 65 | 70 | 108 | 24 | 89 | 41
Stomach, PPI 35 63 | 119 | 57 | 69 | 123 | 52 | 69 | 31
GSE13911 KEGG-PPI 64 79 154 | 70 | 104 | 154 | 48 | 102 | 64
PPI-KEGG 75 70 | 149 | 68 | 97 | 149 | 58 | 89 | 48
KEGG 73 39 | 175 | 34 | 53 | 94 | 73 | 19 | 161
Kidney, PPI 57 28 150 | 42 | 47 79 53 28 | 142
GSE17895 KEGG-PPI 96 48 | 193 | 68 | 75 | 105 | 107 | 32 | 198
PPI-KEGG 85 50 | 185 | 37 | 64 | 95 | 94 | 29 | 184
KEGG 19 12 19 | 44 | 35 | 21 | 19 | 23 | 26
Breast, PPI 16 10 7 47 28 31 20 27 16
GSE1456 KEGG-PPI 28 18 25 | 56 | 53 | 47 | 29 | 47 | 37
PPI-KEGG 26 16 26 | 53 | 59 | 42 | 24 | 42 | 31

For stomach cancer dataset, GSE13911 (D’Errico et al.,
2009) was selected in this study. GSE13911 was built up
by 69 samples, in which 38 were cancer samples and the
rest were normal samples.

For kidney cancer dataset, GSE17895 (Dalgliesh et al.,
2010) was selected in this study. GSE17895 consisted of
138 cancer samples and 22 normal samples.

Breast cancer dataset GSE1456 (Pawitan et al., 2005) was
selected in this study. GSE1456 consisted of 152 samples,
in which 22 were poor samples and 130 were good
samples. Breast cancer patients who died within 5 years
were considered poor samples while patients who
managed to survive more than 5 years without any
additional reported events were considered as good
samples.

Kyoto encyclopedia of genes and genomes (KEGG)
pathway dataset

One of the networks used was obtained from Kyoto
Encyclopedia of Genes and Genomes (KEGG) Pathway
Database. The global pathway network consists of 150
metabolic and 150 non-metabolic pathways. These
pathways are relevant to protein generation. When
mutation happens, the proteins continuously generate,
resulting in tumor generation.

KEGG pathways are then applied to plot the directed
graph by using Sub path way Miner, one of the
dependencies package in R programming (Li et al., 2009).
Overall, the directed graph covers 4113 nodes (genes) and
40875 directed edges. The directed edges show the
connection between each gene. fig. 3 displays one of the
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Microarray Data
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Fig. 2: Type of different datasets used in the proposed approach

biological pathways used in KEGG pathway network,
ECM-Receptor Interaction.

Protein-protein interaction (PPI) network

Another network that is applied in this study is PPI
network. PPI network is known as one of the important
approaches to identify functional modules where the
functional modules are set of proteins that are connected
(Ren & Liu, 2012). The PPI pathway was downloaded
from Human Protein Reference Database (HPRD). The
PPI pathway was mapped with identified feature genes to
form PPI network. The PPl network was plotted with
Path2PPI; one of the dependencies package in R
programming (Philipp et al., 2016). The constructed PPI
network consists of 249 nodes and 263 edges. 249 nodes
can be further classified as feature gene nodes (58) and
extension gene (direct interaction with more than five
feature genes) nodes (191). fig. 4 shows the simple

illustration of plotted PPI pathway. Fig. 5 displays the
plotted PPI network that is applied in this study.

Methodology

This section defines the approach to construct a
significant directed random walk with better walker
networks. The first part describes the background of
random walk, while the second part introduces the
proposed approach.

The random walk

Karl Pearson had introduced random walk to predict the
infestation of mosquito in the forest (Pearson, 1905).
Random walk can be described as the movement of a
particle in a certain state space under the random action
(Aldous & Fill, 2014). The state space is usually a
dimensional Euclidean space or the integral lattice.
Furthermore, random walk was then drawn to the subject
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Fig. 3: ECM-Receptor Interaction Pathway (KEGG Pathway, 2017)

and many important fields, such as random processes,
random noise, spectral analysis and stochastic equations
(Chen et al., 2016). And today, many researchers have
discovered the pattern or additional information that can
influence the final outcome of random walk.

Xi=k+8,+8,+...+8, (1)
d; is every walk at time i. Random walk was enhanced
with biased properties (Suki & Frey, 2017) and one of the
biased random walks which is famous in cancer
classification is directed random walk. Directed random
walk (DRW) has been proposed by Liu in 2013 (Liu et
al., 2013). DRW is aimed to mine the topological
information of the protein-protein interaction network.
DRW is applied to evaluate the topological importance of
genes based on the topological information in a directed
graph, and this method is performed on a merged global
pathway network build by KEGG pathway (Li et al.,
2009). DRW will restart the stimulation of random walker
that starts on an appointed initial source node s (Seah et

al., 2017 a). The walker transits from its current node to a
random neighbour node or goes back to the source node s
with probability, r. Formally, DRW is written as:

Wi, =Q —r)MTW, + riW} 2
W, is a vector where the z-th element holds the
probability of being at node z at time t, and M is the row-
normalized adjacency matrix of the graph G.

The initial probability, 1} was constructed by assigning
it to each node by using their t-test score, after
normalizing to a unit vector. The restart probability, r was
set as 0.7. Due to the use of t-test scores as the initial
probability, the magnitude of the t-test scores also
contributed to weight adjustments (Liu et al., 2013). Thus,
genes which are both topologically important and
significantly differentially expressed will obtain higher
weights. This approach was then further enhanced to
improve the sensitivity of cancer prediction and accuracy
of cancer classification.
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Proposed enhanced random walk approach

In this study, Significant directed random walk (SDRW)
has been developed from directed random walk with the
implementation of walker network which was built by
two different sources. By introducing the walker network,
the prediction of cancerous genes becomes more sensitive
and the accuracy also increases. Properties of random
walk allowed the vector to walk randomly on the network,
while significant directed random walk (SDRW) uses the
vector to walk on the network based on the adjacency
matrix of walker networks (Seah et al., 2017 c).
Significant directed random walk improved the cancerous
gene prediction and classification by implementing tuning
parameter selection (Nawi et al., 2017) and weight as a
parameter (Seah et al., 2017 c¢). Tuning parameter
selection provides a range of restart probabilities in
different cancer datasets. The optimum accuracy of
different datasets will be reflected in the study with
different restart probabilities. Weight as a parameter in
sDRW introduced the weight of genes relating to the next
connected genes. The weight vector of genes is different
which is dictated by influences of the previous genes
(Seah et al., 2017 c). Formally, sSDRW is defined as:

Wesy = (1 =) (M)EE2) + o+, 3)

Where, W, is the vector, determining the cost of
travelling towards the next gene, while r is the restart
probability with a range of 0.1 until 0.9. M is an
adjacency matrix developed from the original directed
graph. For single network, M is obtained from the
corresponding network. For cross-network, such as
KEGG-PPI or PPI-KEGG, M will be Mkgsg + Mpp;. As
weight is one of the parameters playing an important role
in determining the connectivity between genes, weights of
two connected genes, N; and N, are used as an average of
both the genes to obtain a stable connectivity. W, is a
vector of N node which is transmitted from N-1 node
(Seah et al., 2017 a).
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Fig. 4: Simple illustration of PPl network

First, the gene expression datasets were imported into
statistical program R. To avoid the effects from variation
in the technology rather than from biological differences
between the samples, normalization is needed to adjuvant

the microarray data. The expression variables were
normalized and computed using the function in DRWP
Class with program R (Liu et al., 2013). Other than pre-
processing the microarray data, references datasets
applied in this experiment are also needed to transform
data-form into network-form followed by adjacency
matrix-form. KEGG and PPI networks were downloaded,
and four experiments had been conducted to study the
role of reference datasets in cancer classification.
Normally, reference datasets are used as tertiary datasets
to cross-check the result of cancer classification, but in
significant directed random walk, reference datasets are
used as a network to lead the walker along the
experiment, which is also introduced as a walker network.
These walker networks are used as a guideline to guide
the walker to walk according to the rules. Hence, four
walking methods are applied in these four networks.
These four experiments were proposed to study the
effectiveness of those datasets which affected the results
after these networks were applied. The methods are
proposed as below:

o KEGG as walker network

e PPl as walker network

o KEGG-PPI as walker network

e PPI-KEGG as walker network

The frameworks which applied these four networks are
shown in fig. 6. By going through sSDRW, the walker will
study the vector and p-value of each gene from the
pathway. Those genes that have p-value of less than 0.05
will be used in this study. This is because the p-value will
determine the significant cancer mutation. In this study,
the previous methods in SDRW such as tuning parameter
selection with a range of 0.1 to 0.9 and weight as a
parameter were applied in this study. The chosen restart
probability for the cancerous datasets is identified as, lung
cancer (0.1), liver cancer (0.4), thyroid cancer (0.5),
stomach cancer (0.8), kidney cancer (0.6), and breast
cancer (0.4) (Seah et al., 2017 c).

Fig. 5: PPI network for this study
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Fig. 6: Framework of sSDRW with four proposed walker networks

In this study, four pathway networks are proposed as
walker networks to evaluate the impact of the walker
networks in cancer classification. The first method
illustrated the use of KEGG network as a walker network
and allowed sDRW to cross-check the genes weight along
with the biological pathway in the directed graph. The
second method describes the usage of PPl network as a
walker network and allows sDRW to cross-check the
sequences of genes which play roles in the formation of
protein. The third method illustrates the combination of
KEGG and PPl networks (KEGG-PPI). KEGG-PPI
applied KEGG as the first walker network while PPI as
the second walker network. The genes that are significant
in KEGG network will be selected and the process will
take place again with the second network, PPl network.
Only those genes that are significant in both the networks
will be selected for the next process. The fourth method is
similar to the third method, but the sequences of the
applied network are upside down. PPl network is applied
as the first walker network while KEGG as the second
walker network.

Usage of walker network

Previously in SDRW, KEGG is the only data source
which is implemented as the walker network. Throughout
the proposed methods, data source for walker network is
expanded into two and the implementation methods
increased to four.

KEGG and PPI are implemented as a walker network in
SDRW. The connectivity within genes is the reflection of
the relationship among genes. With this; it shows “1” as
an adjacency matrix, while “0” adjacency matrix is shown
if no connection appears. Fig. 7 shows the simple
illustration of KEGG/PPI pathway, while table 1 shows

the adjacency matrix after conversion from fig. 7.
Adjacency matrix in table 1 plays an important role to
lead the walker to prejudice towards connection within
the genes.

A ) LB ) {c

Fig. 7: Simple illustration of KEGG / PP1 Network

While for KEGG-PPI & PPI-KEGG walker network, the
method to combine both walker networks is hybridization.
In KEGG-PPI walker network, KEGG is used as a
fundamental network and the PPI network is added into it
based on the genes identity (ID) and the connection
within the genes. The same method is applied in PPI-
KEGG which uses PPI as the fundamental network, and
adjacency matrix in KEGG is added into it.

By producing these four walker networks, the experiment
can be studied across the results after implementation of
SDRW on the networks.
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Table 3: Name of risk pathway that predicted by SDRW across different walker networks

Datasets Restart Significant Directed Random Walk, SDRW
Probability, r KEGG Network PPI Network KEGG-PPI Network | PPI-KEGG Netowrk
Lung, 0.1 Endocytosis, Tight junction [58] Endocytosis, Endocytosis,
GSE10072 Tight junction, Tight junction, Tight junction
Focal adhesion [268] Focal adhesion [274]
[287]

0.2 Pancreatic selection, ECM-receptor Pancreatic selection, Pancreatic selection,
Regulation of actin interaction Regulation of actin Regulation of actin
cytoskeleton [160] [49] cytoskeleton [168] cytoskeleton [161]

0.3 Focal adhesion ECM-receptor Focal adhesion Focal adhesion
[118] interaction [76] [134] [120]

0.4 ECM-receptor ECM-receptor ECM-receptor ECM-receptor
interaction [49] interaction [42] interaction [57] interaction [50]

0.5 Leukocyte Focal adhesion Leukocyte Leukocyte
transendothelial 84 transendothelial transendothelial
migration, ECM-receptor migration, ECM- migration,
interaction [112] receptor interaction Focal adhesion [143]

[143]
0.6 Focal adhesion Leukocyte Focal adhesion Focal adhesion
[118] transendothelial [130] [120]
migration [94]
0.7 Focal adhesion [118] Focal adhesion Focal adhesion Focal adhesion
[108] [120] [120]

0.8 Pancreatic secretion, Regulation of actin Pancreatic secretion, Pancreatic secretion,
Focal adhesion cytoskeleton Regulation of actin Focal adhesion
[118] [59] cytoskeleton [131] [118]

0.9 ECM-receptor Pancreatic secretion | ECM-receptor ECM-receptor
interaction [49] [75] interaction, interaction

Pancreatic secretion [78]
[89]
Liver, 0.1 Sphingolipid metabolism | Tight junction Sphingolipid Sphingolipid
GSE17856 [21] [31] metabolism, metabolism
Tight junction [46] [38]

0.2 Focal adhesion, Focal adhesion Focal adhesion, Focal adhesion
Tight junction [170] [150] Tight junction [189] [163]

0.3 Tight junction [61] Tight junction [69] Tight junction [73] Tight junction [69]

0.4 Sphingolipid Glycerolipid Sphingolipid Sphingolipid
metabolism, metabolism, metabolism, metabolism,
Glycerolipid metabolism, | Lysosome Glycerolipid Lysosome
Lysosome [73] [35] metabolism, [57]

Lysosome [84]

0.5 Bacterial invasion of Sphingolipid Bacterial invasion of | Bacterial invasion of
epithelial cells metabolism epithelial cells, epithelial cells
[40] [83] Focal adhesion [68] [102]

0.6 Glycerolipid metabolism, | Sphingolipid Glycerolipid Glycerolipid
Bacterial invasion of metabolism metabolism, metabolism,
epithelial cells [95] Bacterial invasion of | Bacterial invasion of
[67] epithelial cells, epithelial cells

Sphingolipid [118]
metabolism [89]

0.7 Focal adhesion, Glycerolipid Focal adhesion, Focal adhesion
Glycerolipid metabolism | metabolism Glycerolipid [184]

[136] [158] metabolism [163]

0.8 Glycerolipid metabolism | Glycerolipid Glycerolipid Glycerolipid
[109] metabolism [69] metabolism [147] metabolism [94]

0.9 Sphingolipid metabolism | Bacterial invasion Sphingolipid Sphingolipid
[21] of epithelial cells metabolism metabolism

[62] [49] [43]
Continue...
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Thyroid, 0.1 Tight junction [23] | Tight junction [32] Tight junction [50] Tight junction [41]
GSE5364 0.2 Cell adhesion Cell adhesion Cell adhesion Cell adhesion
molecules molecules (CAMs), | molecules (CAMs), molecules (CAMs),
(CAMs), [37] Fatty acid Fatty acid
Fatty acid metabolism, metabolism [41]
metabolism [29] Tight junction, [48]

0.3 Tight junction, Tight junction, Tight junction, Tight junction,
Cell adhesion Cell adhesion Cell adhesion Cell adhesion
molecules (CAMs) | molecules (CAMs) molecules (CAMs) molecules (CAMs)
[39] [31] [58] [53]

0.4 Fatty acid Fatty acid Fatty acid Fc gamma R-
metabolism, metabolism, metabolism, mediated
Fc gamma R- [36] Fc gamma R- phagocytosis
mediated mediated [47]
phagocytosis [33] phagocytosis [43]

0.5 Regulation of actin | Regulation of actin Regulation of actin Regulation of actin
cytoskeleton, cytoskeleton, cytoskeleton, cytoskeleton,

Whnt signaling Fatty acid Whnt signaling Whnt signaling
pathway, metabolism pathway, pathway,

Fc gamma R- [70] Fc gamma R- Fc gamma R-
mediated mediated mediated
phagocytosis, phagocytosis, phagocytosis,
Fatty acid Fatty acid [120]
metabolism [98] metabolism [118]

0.6 Wht signaling Wht signaling Whnt signaling Wht signaling
pathway, pathway, pathway, pathway,

Cell adhesion Cell adhesion Cell adhesion Cell adhesion
molecules (CAMs) | molecules (CAMs) molecules (CAMs) molecules (CAMs)
[52] [37] [73] [78]

0.7 Fatty acid Fatty acid Fatty acid Fatty acid
metabolism [13] metabolism [19] metabolism [21] metabolism [32]

0.8 MAPK signaling MAPK signaling MAPK signaling MAPK signaling
pathway, Fatty pathway pathway, pathway,
acid metabolism [53] Fatty acid Fatty acid
[76] metabolism [110] metabolism [105]

0.9 Focal adhesion Focal adhesion Focal adhesion Fatty acid
[51] [85] [75] metabolism [70]

Stomach, 0.1 TGF-beta TGF-beta signaling | TGF-beta signaling TGF-beta signaling
GSE13911 signaling pathway | pathway pathway, pathway,
[41] [35] Notch signaling Notch signaling
pathway [64] pathway [75]

0.2 Hedgehog Notch signaling Hedgehog signaling Hedgehog signaling
signaling pathway, | pathway pathway, pathway,

Notch signaling [63] Notch signaling Notch signaling
pathway [53] pathway [79] pathway [70]

0.3 Whnt signaling Whnt signaling Whnt signaling Whnt signaling
pathway, pathway, pathway, pathway,

Notch signaling Notch signaling Notch signaling Notch signaling

pathway pathway pathway, pathway,

[109] [119] TGF-beta signaling TGF-beta signaling
pathway [154] pathway [149]

0.4 Hedgehog Hedgehog signaling | Hedgehog signaling Hedgehog signaling
signaling pathway, | pathway, pathway, pathway,
TGF-beta TGF-beta signaling | TGF-beta signaling TGF-beta signaling
signaling pathway | pathway [57] pathway [70] pathway [68]

[65]

0.5 Notch signaling Notch signaling Notch signaling Notch signaling
pathway, pathway, pathway, pathway,

TGF-beta TGF-beta signaling | TGF-beta signaling TGF-beta signaling
signaling pathway | pathway [69] pathway [104] pathway [97]
[70]

Continue...
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0.6 Regulation of actin Regulation of actin Regulation of actin Regulation of actin
cytoskeleton cytoskeleton, cytoskeleton, cytoskeleton,
[108] TGF-beta signaling TGF-beta signaling TGF-beta signaling
pathway [123] pathway [154] pathway [149]
0.7 Hedgehog signaling Hedgehog signaling | Hedgehog signaling Hedgehog signaling
pathway pathway, Regulation | pathway, pathway,
[24] of actin cytoskeleton | Regulation of actin Regulation of actin
Stomach, [52] cytoskeleton [48] cytoskeleton [58]
GSE13911 | 0.8 Alanine, Aspartate and | Alanine, Aspartate Alanine, Aspartate and | Alanine, Aspartate
glutamate metabolism, | and glutamate glutamate metabolism, | and glutamate
Shigellosis, metabolism, Shigellosis, metabolism,
TGF-beta signaling Shigellosis TGF-beta signaling Shigellosis, TGF-beta
pathway [89] [69] pathway [102] signaling pathway
[89]
0.9 TGF-beta signaling TGF-beta signaling TGF-beta signaling TGF-beta signaling
pathway [41] pathway [31] pathway, Alanine [64] | pathway [48]
Kidney, 0.1 Endocytosis, Endocytosis, Endocytosis, Endocytosis,
GSE17895 Regulation of actin Regulation of actin Regulation of actin Regulation of actin
cytoskeleton cytoskeleton cytoskeleton, cytoskeleton,
[73] [57] Calcium signaling Calcium signaling
pathway [96] pathway [85]
0.2 Regulation of actin Regulation of actin Regulation of actin Regulation of actin
cytoskeleton [39] cytoskeleton [28] cytoskeleton [48] cytoskeleton [50]
0.3 Calcium signaling Calcium signaling Calcium signaling Calcium signaling
pathway, pathway, pathway, pathway,
Phosphatidylinositol Phosphatidylinositol | Phosphatidylinositol Phosphatidylinositol
signaling system signaling system signaling system, signaling system,
[175] [150] Regulation of actin Regulation of actin
cytoskeleton [193] cytoskeleton [185]
0.4 Endocytosis Endocytosis Endocytosis, Endocytosis
[34] [42] Regulation of actin [37]
cytoskeleton [68]
0.5 Phosphatidylinositol Phosphatidylinositol | Phosphatidylinositol Phosphatidylinositol
signaling system, signaling system, signaling system, signaling system,
Regulation of actin Regulation of actin Regulation of actin Regulation of actin
cytoskeleton [53] cytoskeleton [47] cytoskeleton [75] cytoskeleton [64]
0.6 Protein processing in Protein processing in | Protein processing in Protein processing in
endoplasmic reticulum, | endoplasmic endoplasmic endoplasmic
PPAR signaling reticulum, reticulum, PPAR reticulum, PPAR
pathway, Regulation of | PPAR signaling signaling pathway, signaling pathway,
actin cytoskeleton [94] | pathway Regulation of actin Regulation of actin
[79] cytoskeleton [105] cytoskeleton [95]
0.7 Endocytosis, Endocytosis, Endocytosis, Endocytosis,
Regulation of actin Regulation of actin Regulation of actin Regulation of actin
cytoskeleton cytoskeleton cytoskeleton, cytoskeleton,
[73] [53] PPAR signaling PPAR signaling
pathway [107] pathway [94]
0.8 PPAR signaling PPAR signaling PPAR signaling PPAR signaling
pathway [19] pathway [28] pathway [32] pathway [29]
0.9 Calcium signaling Endocytosis, Calcium signaling Calcium signaling
pathway Regulation of actin pathway, Endocytosis, | pathway, Endocytosis,
[161] cytoskeleton Regulation of actin Regulation of actin
[142] cytoskeleton [198] cytoskeleton [184]
Breast, 0.1 Neuroactive ligand- Neuroactive ligand- Neuroactive ligand- Neuroactive ligand-
GSE1456 receptor interaction receptor interaction receptor interaction receptor interaction
[19] [16] [28] [26]
0.2 Glycerophospholipid Glycerophospholipid | Glycerophospholipid Glycerophospholipid
metabolism [12] metabolism [10] metabolism, metabolism [16]
Neuroactive ligand-
receptor interaction
[18]
Continue...
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0.3 Neuroactive Neuroactive ligand- | Neuroactive ligand- Neuroactive ligand-
ligand-receptor receptor interaction | receptor interaction receptor interaction
interaction [7] [25] [26]

[19]

0.4 Adipocytokine Adipocytokine Adipocytokine Adipocytokine
signaling pathway, | signaling pathway, signaling pathway;, signaling pathway,
Fatty acid Fatty acid Fatty acid Fatty acid metabolism,
metabolism, metabolism, metabolism, Jak-STAT signaling
Jak-STAT Jak-STAT signaling | Jak-STAT signaling pathway
signaling pathway | pathway pathway [53]

[44] [47] [56]

0.5 Cytokine-cytokine | Cytokine-cytokine Cytokine-cytokine Cytokine-cytokine
receptor receptor interaction | receptor interaction, receptor interaction,
interaction, [28] Fatty acid Fatty acid metabolism
Fatty acid metabolism [53] [59]
metabolism [35]

Breast, 0.6 Jak-STAT Fatty acid Jak-STAT signaling Jak-STAT signaling
GSE1456 signaling pathway | metabolism pathway, pathway,
[21] [31] Fatty acid Fatty acid metabolism
metabolism [47] [42]

0.7 Neuroactive Neuroactive ligand- | Neuroactive ligand- Neuroactive ligand-
ligand-receptor receptor interaction | receptor interaction receptor interaction
interaction [20] [29] [24]

[19]

0.8 Chemokine Chemokine Chemokine signaling | Chemokine signaling
signaling pathway | signaling pathway pathway, pathway,

[23] [27] Fatty acid Fatty acid metabolism
metabolism [47] [42]

0.9 Adipocytokine Adipocytokine Adipocytokine Adipocytokine
signaling pathway, | signaling pathway, signaling pathway, signaling pathway,
Glycerophospholip | Fatty acid Glycerophospholipid | Glycerophospholipid
id metabolism metabolism metabolism, metabolism,

[26] [16] Fatty acid Fatty acid metabolism
metabolism [37] [31]

The bold r is the optimum result among the restart probability in SDRW.

[ ] is the number of cancerous genes detected.

RESULTS

This section illustrates the result of SDRW with four
different methods which applied different walker
networks. We evaluated the results based on the impact of
the selected genes and risk pathways. We tested different
walker networks (KEGG, PPl, KEGG-PPI & PPI-KEGG)
with six gene expression datasets (GSE10072, GSE7856,
GSE5364, GSE13911, GSE17895, GSE1456) to assess
the comprehensiveness of the contribution of networks in
sDRW. The main aim of this study is to analyse the effect
of using a different combination of walker networks.

Evaluation of the impact of selected significant genes

Cancer prediction is used to predict the significant genes
that are relevant to cancerous genes (Khan et al., 2017).
Cancer prediction is applied to identify the significant
genes across four walker networks. Genes expression
datasets are being implemented and run on walker
networks with sDRW. Previously, in sDRW, tuning
parameter and weight as a parameter play important roles
to evaluate and identify the significant genes. However,
since the key method in this experiment is the
implementation of different walker networks, the

validation of the walker networks is evaluated by the
sensitivity of cancer prediction, which is the number of
detected genes. Table 2 shows the number of significant
genes that are identified by sDRW through different
walker networks. The bolded number refers to the best
restart probability based on the accuracy of cancer
classification.

Evaluation of the impact of selected risk pathway

Other than the significant genes, we evaluated the impact
of the selected risk pathway. Generally, biological
pathway contains genes to produce proteins. We named
those pathways that contain cancerous genes as risk
pathways. By identifying more risk pathways, we can
identify more significant genes. Table 3 displays the risk
pathways that are identified by SDRW across different
walker networks. The selected risk pathways are the
potential pathways that contain significant genes.

DISCUSSION
By comparing the optimum restart probability result

among the four methods, KEGG-PPI has the 5 best results
compared to others, while PPI-KEGG has 1 best result
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which falls under liver cancer dataset. Hence, the results
show that the best performance among walker networks is
of KEGG-PPI. The second highest rank falls under PPI-
KEGG. The reason for the best performance of these two
walker networks is because they are hybridized walker
network from the two original walker networks, KEGG
and PPl network. The order of hybridization of walker
network brought difference in the results.

The performance of KEGG-PPI was observed to be
slightly higher compared to PPI-KEGG, due to the
evaluation of effectiveness of walker network by the
number of identified genes. Hence, KEGG-PPI would be
nominated as the new walker network for SDRW.

In the analyses of the effectiveness of risk pathway, the
results obtained are almost the same for those walker
networks that applied KEGG network. This is because
those risk pathways are protein formation pathways, also
known as one of the functions in KEGG pathway
(Hongmeng et al., 2016). In general, the total number of
identified risk pathways by KEGG-PPI was higher
compared to the other networks. Hence, the results proved
that the KEGG-PPI network produced the best results.

Generally, KEGG-PPI networks could be used to identify
more risk pathways and more significant genes compared
to other walker networks. This is rational because the
benefit of the biological pathway in KEGG combined
with the strength of protein generation sequences in PPI
network resulted in the making of the newly selected
method, KEGG-PPI network. But the hybridization of
PPI-KEGG network doesn’t have the same ability level as
KEGG-PPI because of the difference in the hybridization
order. Different hybridization order slightly changed the
adjacency matrix and this could lead to the difference
within the genes connection.

CONCLUSION

In this study, KEGG and PPl networks were applied in
four methods to study the effectiveness of those networks
against the sensitivity of SDRW in significant identified
genes and risk pathways. The four networks applied in
this study are KEGG, PPl, KEGG-PPI, and PPI-KEGG.
The results of this study show that cancer prediction is
feasible using cross-network with KEGG-PPI. The
outcome shows that the method of KEGG network
followed by PPl (KEGG-PPI) network has high-
performance results compared to the other methods.
Previous studies have used KEGG network as a walker
network to lead the walker along the network to identify
significant genes and risk pathways. The comparison
between the four methods was done by comparing the
sensitivity of cancer prediction. The sensitivity of cancer
prediction was then further classified as the number of
selected significant genes and the number of identified
risk pathways. The result demonstrated that the KEGG-

PPl network is more effective, and more sensitive
compared to other methods. For further enhancement of
this research, hybridization of walker network could be
done to identify the optimum result from the walker
network. Besides that, clustering technique could also be
applied to predict cancer genes (Remli et al., 2017).
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