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Abstract
Nowadays, research has found a strong relationship between genomic status and
occurrence of disease. Cancer is one of the most common diseases that leads to a high
annual mortality rate worldwide, and the disease’s genetic content remains
challenging. Detecting driver genes of different cancers could help in early diagnosis
and treatment. In this paper, we proposed TOPDRIVER, a network-based algorithm, to
detect cancer driver genes in cancers. An initial network was constructed by
integrating four different omic datasets: HPRD, NCBI, KEGG, and GTEx. This integration
created a gene similarity profile that provided a comprehensive perspective of gene
interaction in each subtype of cancer and allocated weights to the edges of the
network. The vertex scores were calculated using a gene-disease association dataset
(DisGeNet) and a molecular functional disease similarity. In this step, the genes network
was jagged and faced with a zero-one gap problem. A diffusion kernel was
implemented to smooth the vertex scores to overcome this problem. Finally, potential
driver genes were extracted according to the topology of the network, genes overall
biological functions, and their involvement in cancer pathways. TOPDRIVER has been
applied to two subtypes of gastric cancer and one subtype of melanoma. The method
could nominate a considerable number of well-known driver genes of these cancers
and also introduce novel driver genes. NKX3-1, KIDINS220, and RIPK4 have introduced
for gastrointestinal cancer, UBA3, UBE2M, and RRAGA for hereditary gastric cancer and
CIT for invasive melanoma. Biological evidences represents TOPDRIVER’s efficiency in a
subtype-specific manner.
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Introduction
Cancer is one of the most common multifactorial diseases (Ji et al. 2010), which could be
caused by environmental factors and/or genomic aberrations (e.g., sequence mutations,
aberrant promoter methylation, and structural lesions such as gains/losses, inversions,
and translocations) (Greenman et al. 2007; Haverty et al. 2008; Beroukhim et al. 2007;
Charames and Bapat 2003). These aberrations play critical roles in both initiation and
progression of cancer. Some of these aberrations disturb normal cellular processes and
contribute to cancer initiation and progression called driver mutation, while others
emerge simply as victims of genomic instability resulting from cancer progression called
passenger mutation (Pole et al. 2006). Genes that contain driver mutations are generally
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called driver genes. A driver gene is causally implicated in the process of oncogene-
sis, while a passenger gene makes no contribution to cancer development itself, but is
simply a by-product of the genomic instability observed in cancer genomes. Driver and
passenger genes can be differentiated by the functional roles they play in cells. Differ-
ent genomic data that measure gene functions at different dimensions would be highly
informative to separate potential driver from passenger genes. Recently, several methods
have been proposed to identify potential driver genes based on systematic integration
of genome scale data of CNA, gene expression profiles, protein-protein interaction, epi-
genetic, metabolism pathways, sequence similarity and Gene Ontology. Distinguishing
driver genes from passenger genes has thus been considered an important goal of cancer
genome analysis and has a major impact on cancer prediction, diagnosis, and treatment,
especially in the field of personalized medicine and therapy (Santarius et al. 2010; Futreal
et al. 2004).
On the other hand, functional differences between driver and passenger genes lead to

their distinct roles in initiation and progression of cancer. In this case, different omic data
measuring gene functions would be highly informative in identifying candidate driver
genes. The critical challenge is to analyze and integrate such information using the most
efficient and meaningful way. Literature brings different methods of detecting driver
genes to the table.
Cells consist of various complex, plastic, and dynamic molecular structures that net-

works could meaningfully implement. Under the molecular network analysis, a genetic
aberration may cause network architectural change by affecting or removing a node or its
neighbors within the network. Network-based approaches usually study the entire molec-
ular structure of cells as a network and abundance of cancer genomic data gives them
a tremendous opportunity to understand cancer initiation and progression. So, it seems
that they could be beneficial methods in driver genes detection.
Over the past few years, researchers have presented various approaches to detect cancer

driver genes. Generally, these methods divide into three major categories: statistical-
based, machine learning-based and network-based methods. Active driver (Reimand and
Bader 2013), eDriver (Porta-Pardo and Godzik 2014), iDriver (Yang et al. 2016) are some
examples of statistical-basedmethods. Emidio Capriotti (2011), Ryslik (2013), Luo (2017),
Yuan (2018) and their colleagues also represented several machine learning methods to
detect cancer driver genes.
From the third category, MEMo (Ciriello et al. 2011) was developed to distinguish

cliques in a pathway or network by using mutually exclusive mutation using The Cancer
Genome Atlas (TCGA dataset). Fabio Vandin et al. (2011) derived two algorithms that
use somatic mutations to find new driver pathways. Their method finds two sets of genes
with high coverage and high exclusivity and defines a measurement to quantify the degree
of exhibiting a set in both criteria. Finding a set of genes to optimize this measure is a
challenge. They introduce an optimal greedy solution to find this set of genes (Vandin
et al. 2011). PRADIGM-SHIFT (Ng et al. 2012) was another network-based method that
proposed to detect the mutation impact on pathways and defined a gain or loss of func-
tion for mutations using TCGA dataset. It focuses on small pathways with specific genes
and attempts to estimate the pathway effects of a mutation in a tumor sample by defin-
ing a score for each gene. Hou and his colleagues (Hou and Ma 2014) proposed a method
based on PageRank algorithm to rank altered genes for each individual by application
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of dynamic damping factors and providing a specific model for network’s directionality.
It uses TCGA, Kyoto Encyclopedia of Genes and Genomes (KEGG), Reactome, Mutual
ExclusivityModules in Cancer (MEMo), Pathway Interaction Database (PID), The Cancer
Genomics Cloud (CGC), and Pan-Cancer datasets to prioritize genes according to their
influence on the perturbation of downstream genes. It means that a gene will rank higher
if it directly or indirectly causes more changes in the expression of downstream target
genes. MAXDRIVER (Chen et al. 2013) is another network-based method that used sev-
eral optimization strategies to identify potential cancer driver genes. This method builds
a network by integration of a fused gene functional similarity network, gene-disease asso-
ciations and a disease phenotypic similarity network. Then a maximum information flow
strategy was employed to prioritize candidate genes that were located in CNA regions and
finally top one-ranked genes were considered to be driver genes, while others were consid-
ered passenger genes. Ramsahai and his colleagues presented a pathway-oriented method
for detecting cancer driver genes (Ramsahai et al. 2017). Their strategy benefits from com-
bining data from three different sources on the prediction outcome of cancer driver genes
by DriverNet and DawnRank. Finally, 33 new candidate drivers were identified.
Generally, among all methods, those that integrate different data sets to build their

systemic knowledge could be more successful in detection of driver genes, since they
study the problem from different aspects. Network-based methods have been widely
applied in different fields. These methods are beneficial tools when we are faced with
high-throughput biological data (Sanchez-Garcia et al. 2014). They are also beneficial for
analyzing a problem in different omic datasets based on gene interactions.
In this paper, to identify potential driver genes we integrate four publicly available

human genomic data. We have presented a novel network-based method to find new can-
cer driver genes. By this method, we detect driver genes as the one that either have a high
burden of driver mutations or include mutations that have a higher probability to initiate
a cancer. To do this, we introduce TOPDRIVER as a computational method to identify
candidate driver genes. First, we systematically integrate several omic data to build a net-
work of cancer genes. In this network vertex scores come from disease-disease similarity
profile (Cheng et al. 2014) and edge weights come from a systematic integration of these
datasets. This network usually faces a zero-one gap problem (Wang et al. 2008) in ver-
tex scores, which refers to the potential pitfall that assigns biased ranks to some of the
network nodes. A jagged network will emerge as a result of this zero-one problem. This
jagged network has been defined as a network containing pairs of vertices connected to
a high weighted edge, whereas one vertex has a high score and the other has a low score.
To overcome this problem, a diffusion kernel method is used to adjust the vertices score
to modify jagged network. Diffusion kernel method propagates the vertex scores accord-
ing to their edge weights. We built an induced subgraph after network modification by
considering a few numbers of genes related to the intended cancer subtype and prioritiz-
ing genes with permutation test. Subsequently, we chose some of the unknown candidate
genes as probable driver genes for aforementioned cancer subtypes and provided biolog-
ical evidence of their contribution to the development of cancer. To test the capability of
TOPDRIVER in detecting novel driver genes we employed it to gastrointestinal cancer,
hereditary gastric cancer, andmelanoma. To evaluate the set of identified candidate driver
genes in different cancers, the list of our prioritized candidate driver genes compared with
the set of driver genes introduced by IntOGen and TCGA datasets. The Cancer Genome
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Atlas (TCGA) is a project that catalogues genetic mutations responsible for cancer, using
genome sequencing and bioinformatics. TCGA applies high-throughput genome analysis
techniques to improve the ability to diagnose, treat, and prevent cancer through a better
understanding of the genetic basis of this disease. IntOGen is a web platform used to iden-
tify cancer drivers across tumor types and to present the results of the systematic analysis
of the latest available large data sets of tumor somatic mutations. The results reveal the
effective role of smoothing scores in PPI networks and the importance of efficient and
systematic integration of several omic data. So, TOPDRIVER would be a good choice for
identifying candidate driver genes in different cancers.

Materials andmethods
In this part, the method and datasets are fully described. TOPDRIVER is designed to
build a network and detect driver genes by integrating four types of omic datasets. We
used Python 2.7 and numpy package for data analysis and other implementations.

Datasets:

1. HPRD: It is a database of proteomic information related to human proteins (https://
hprd.org). We extracted protein-protein interactions (PPI) from version 9.0 (released on
Apr 13, 2011) of the HPRD database consisted of 30,047 proteins and 41,327 interactions.
2. NCBI RefSeq protein sequences: It represents a collection of genome, transcript and
protein sequences (Pruitt et al. 2006). We obtained the protein sequences of all genes in
FASTA format from this database.
3. KEGG: A dataset for biological interpretation of genome sequences and other high-
throughput data (Kanehisa et al. 2015). A total of 200 human pathways were obtained
from the KEGG database.
4. GTEx: It evaluates the connection between genetic variation and gene expression in
normal human tissues and ultimately determines how this connection leads to disease
susceptibility and development (GTEx Consortium and et al. 2015). The gene expression
data for 53 human tissues were downloaded from GTEx (GTEx Analysis v7).
5. Gene Ontology (GO): Classifies gene product function using structured and controlled
vocabulary (Consortium GO 2012). The Gene Ontology (GO) biological process domain
and the corresponding annotations for human genes have been downloaded from this
collection.We focused on genes annotated with at least fifteen informative GO terms that
appeared at or below the fifth level of the GO hierarchy and had annotated at least five
genes. We acquired a total of 3,842 well-annotated genes and named them “GOSet.”
6. DisGeNET: It is a flexible platform that includes the molecular foundation of specific
human diseases and their comorbidities, disease gene properties, etc. We downloaded all
the gene-disease associations from DisGeNET. DisGeNET provides weighted relations
between genes and diseases that was a requirement for our present work (Piñero et al.
2016).

Method

In this part, in five steps, the TOPDRIVER method is explained. In the beginning, the
four datasets were stored in matrix form. Integration of these four datasets constructed
a coherent gene functional similarity matrix (GSP). The initial network of genes, GN ,
obtained through the integration of GSP matrix, disease molecular functional similarity

https://hprd.org
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matrix, and gene-disease associations matrix. Subsequently, we applied a diffusion kernel
on the graph to overcome zero-one gap problem to balanced vertex scores of the jagged
network. In the next step, an induced graph, N(d), was obtained for each disease. Then, a
permutation test applied on N(d) vertex scores and candidate genes prioritized by using
their p-value. Finally, due to biological evidence, some of these top-ranked genes with the
lowest p-values were considered as driver. In the following, we describe each part of the
method in details.

Step1: Gene Similarity Profile (GSP) construction

In this step, first four similarities were defined between each pair of genes based on the
information of HPRD, RefSeq, KEGG and GTEx datasets. Given a pair of genes i and j,
we designated their similarity r(1)ij as the unit weight 1, if these two genes have interac-
tion in HPRD, and 0 otherwise. In fact, this similarity presented the adjacency matrix
of the protein-protein interaction network obtained from HPRD. Since the HPRD inter-
actions are defined among proteins and we need interactions among genes, we mapped
each protein to it’s corresponded gene using NCBI RefSeq protein sequences dataset. So,
while there was an interaction between two proteins we set an interaction between its
corresponded genes. After doing so, we had 37,364 interaction among 9,515 genes. The
similarity of the corresponding protein sequences of genes i and j is denoted by r(2)ij , which
was obtained by the following formula:

r(2)ij =
{

− log (eij)/maxij
{− log (eij)

}
, eij �= 0

1, eij = 0
(1)

where eij was the e-value that was presented by NCBI BLASTP. In other words, this
similarity represents normalized BLAST e-value between two protein sequences.
For each gene i, using KEGG data set, we define a 200-dimensional binary vector pi by

assigning 1 to an element if the gene was presented in the corresponding pathway and
assigning 0 otherwise. Let pi.pj denoted the dot product of these two vectors correspond-
ing to genes i and j. Then, the correlation between two genes defines by the cosine of
angles in a space of dimentionality. A correlation of -1 indicates that the pair of genes in
the opposite direction, a correlation of 1 indicates coincident vectors, and correlation 0
indicates orthogonality.The gene coincidence relation of two genes i and j is described as
follows:

r(3)ij = pi.pj
|pi||pj| (2)

Now for each of the 9515 genes a 53-dimensional vector was built using GTEx data set.
Let ei denote a vector of size 53 which its element corresponding to the expression level of
gene i for each specific tissue. Finally, the correlation coefficient of expression of the genes
i and j using covariance and variance of these vectors were computed by r(4)ij as follow:

r(4)ij =
∣∣∣∣ cov(ei, ej)σ (ei)σ (ej)

∣∣∣∣ (3)

The correlation coefficient is commonly used as ameasure of divergence of gene expres-
sion profiles between different tissues. None of the above similarities reflected a thorough
explanation of gene functional similarity, we needed to integrate these similarities in order
to present a more comprehensive similarity revealing relationships between gene proper-
ties and gene functions. To acquire this aim, we constructed a new Gene Similarity Profile
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(GSP). We used biological process domain of the Gene Ontology and the related anno-
tations for human genes to define the similarity between genes by selecting genes with
at least fifteen informative GO terms that presented at or under the fifth level of the GO
hierarchy and had at least five genes annotated.
The functional similarities rij between genes i and j is acquired by Resnik method (Chen

et al. 2013), which can be obtained from the software package GOSemSim (Sudhakar
2009). Multiple regression is a powerful method for merging different attributes, so we
used a multiple regression for merging the four databases in order to build an informative
matrix. This method has also successfully applied in Chen et al. (2013).We adjusted the
following regression model:

log
Rij

1 − Rij
= α0 +

4∑
k=1

αk .r(k)ij (4)

where αk , k = 0, . . . , 4 were regression coefficients. Since GOSemSim just included
3842 of our genes, 3842 by 3842 equations were considered in Eq. 4. Due to using this
approach, we computed α0 = −1.1304 for the regression intercept, α1 = 6.4162 for the
gene sequence similarity, α2 = 0.2408 for the gene co-expression pattern, α3 = 1.0651
for the pathway co-occurrence relationship and α4 = 0.2071 for protein-protein interac-
tions. With these acquired parameters, GSP was calculated between each pair of genes as
follows:

GSPij = α0 +
4∑

k=1
αk .r(k)ij (5)

Using well studied genes with more GO annotations helps us to properly learn the
coefficients of the above regression model. While the regression coefficients defined for
informative 3842 genes, we apply them for integrating four previously similarities among
all pair of 9515 genes of HPRD.

Step2:Weighted network construction

In this step, we constructed a weighted network, GN , where N indicates vertices which
are representatives of the 9515 genes. There is an edge between genes i and j with
weight GSPij if the GSPij was not zero. Let Li be the set of disease related to gene i,
and Wm(i) denoted the influence of gene i in disease m, which is calculated using gene-
disease association dataset (DisGeNET) (Piñero et al. 2016). For two disease m and n let
S(m, n) denote the molecular functional similarity of these disease which is obtained from
(SemFunSim) (Cheng et al. 2014). Now we define a vertex score for gene i as:

Si =
∑

m,n∈Li
s(m, n)wm(i)wn(i)∑

m,n∈Li
wm(i)wn(i)

(6)

Step3: Applying diffusion

Since the network GN is a jagged network, we utilized the diffusion kernel and time evo-
lution operator as a machine learning strategy to overcome zero-one gap problem (Wang
et al. 2008) via smoothing the vertex scores of this jagged network. Diffusion kernel helps
to smooth the vertex scores by the weights of their neighbors (Babaei et al. 2013). To
do this, diffusion kernel applied to the Laplacian matrix of graph GN (Chung 1997). The
Laplacian matrix H =[Hij] defines as:
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Hij =

⎧⎪⎨
⎪⎩

−GSPij, for i ∼ j∑
i�=k GSPik , for i = j

0, otherwise
(7)

The diffusion kernel, which is applied on GN is:

Kβ = eβH (8)

and time evolution operator considered as:

Zβ = KβZ0 (9)

where Z0 denoted the initial vertex scores of GN . Note that diffusion kernels form con-
tinuous families and indexed by the real parameter β . Zβ is the representation of vertex
scores in the weighted network after a desirable modification using diffusion kernel-based
method. In this work, we set β as 0.01. More details are available in Lafferty and Kondor
(2002). By this method, the score of the vertices of GN is smoothed and G′

N is considered
as modified scored network.

Step4: Introducing candidate driver genes for an intended disease d

Let Ad considered as the set of genes related to disease d, which is obtained from Dis-
GeNET gene-disease association dataset. Let Bd denote the set of vertices, which are
adjacent to at least one of the genes in Ad . The disease corresponding graph G′

d obtained
from G′

N by the elimination of vertices that are not members of Ad ∪ Bd. In this Step, we
are going to candidate some genes as driver based on high confident scoring value. To do
this a permutation procedure is used to determine the genes with significant scores. The
subset of genes whose scores have significant empirical p-value is considered as the set of
candidate driver genes. The empirical p-value is computed based on the following permu-
tation procedure. To generate the null distribution, we considered 1000 random shuffle
of Z0, Za, 1 ≤ a ≤ 1000, on the score of vertices of G′

d. The empirical p-value of gene i is
computed as follows:

p − value(i) =
∣∣{a | Z0.01(i) ≤ Za

0.01(i)}
∣∣

1000
(10)

where Z0.01(i) and Za
0.01(i) denoted the initial diffusion score of i and diffusion score of i

in a-th permutation test. Subsequently, was considered the set Cd of genes with p-values
less than 0.05 as candidate driver genes of disease d.
It seems that mutation related data sets may impress algorithms to focus on some biased

regions of the genome to predict potential driver genes (Chen et al. 2013). We applied
non-mutational data sets like KEGG, HPRD, GTEx, NCBI RefSeq, and GO to introduce
candidate cancer driver genes. KEGG data let us focus on cancer-related pathways and
genes. Cancer is associated with a plethora of gene expression differentiations and inter-
action between them to loss of control over vital cellular functions. So, applying HPRD
and GTEx helps to consider both of gene expression data and interaction between genes.
The algorithm usedNCBIRefSeq dataset to generate gene sequence similarity by PBLAST
e-value. If PBLAST returns a low amount of e-value for two protein sequences, it can be
concluded that any cancer-related alteration in one of protein’s corresponding gene could
have the same effect in the other one. So, if one of these genes is driver the other one could
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be considered as a potential driver gene too. Since these data are not enough for introduc-
ing potential driver genes, it is necessary to use biological evidence which demonstrated
in step 5.

Step5: Exploration of potential driver genes

In this step, the genes in Cd analyzed based on four criteria: the genes overall func-
tion, protein neighbors in N ′

d, protein involvement in cancer-related pathways, and the
reputation of genes in cancer literature. A gene is nominated as a potential driver gene:

• if its overall function is cancer-related
• if it is the neighbor of a strong tumor suppressor gene or oncogene in the obtained

network
• if it is involved in cancer-related pathways
• if it has an altered status in cancer (whether altered expression and function or gene

mutation)

The entire procedure of identifying potential cancer driver genes described in Fig. 1.

Results
At the end of TOPDRIVER step 4, a set of candidate driver genes are introduced. To
evaluate this set, we apply the method on two subtypes of gastric cancer (hereditary and
gastrointestinal) and an invasive melanoma subtype. In the next section, we evaluated
these sets by 5-fold cross validation method.

5-fold cross validation

Weperformed 5-fold cross validation (5-CV) for each disease to evaluate the performance
of candidate driver genes. We extracted Ad , the set of related genes to each cancer from
the DisGeNet. Ad, for Gastrointestinal cancer contained 11 genes as TP73, ARHGAP24,
ERBB2, GAST, TP53, EZH2, SLC12A9, CDKN1A, TGFA, IL1B, and TLR4. For heredi-
tary gastric cancer, Ad contained 13 genes as CDH1, JUP, MRC1, TP53, APC, SMUG1,
CTNNA1, DNAJB4, MAP3K6, TSC1, CTNND1, CTNNB1, FZR1. Finally for Melanoma,
Ad contained the following 23 genes, EPHB2, PCNA, AKT1, CD82, MAPK1, BRAF,
ADAM15, ORAI1, CDK4, BLM, RND3, NRAS, EZH2, SRF, ADAM9, SPP1, CDKN2A,
STIM1, MMP2, MMP1, DDX11, ACTN4, and VEGFA. Now for cross validation, Ad was
partitioned randomly to 5 approximately equal sets. Method of cross-validation executed
in 5 iterations. In each iteration, we consider one set as test and union of the four other
sets as a training set. The algorithm executed with training set as Ad in step 4. A new
set of candidate genes was obtained by running the diffusion kernel and permutation
test. The existence of test set members in this set were examined. For each disease, 5-
fold cross validation repeated 30 times and the results were averaged to ensure unbiased
evaluations.
In order to control for type I errors as a result of testing associations with three can-

cer subtypes, Gastrointestinal, Hereditari, and Melanoma, respectively, the Benjamini-
Hochberg false discovery rate (FDR) method was used (Benjamini and Hochberg 1995)
for q=0.05. In each repeat of 5-fold cross validation the P-value corresponded to q = 0.05
has changed. But they approximately are around 0.003, 0.009 and 0.001 for Gastrointesti-
nal, Hereditary, and Melanoma, respectively.
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Fig. 1 Workflow of TOPDRIVER. The figure depicts genes by g i, edge weights by w i, disease by D i, and
vertex score by S(g i). Gene similarity matrix were constructed by integration of four datasets that were
depicted in upper left corner. The G(N) were built with application of gene similarity matrix, disease-disease
similarity matrix, and gene-disease association. The G(N) depicts the discrimination among gene scores by
coloring high-scored vertices with red and the other low-scored vertices by yellow. As G’(N) shows, the
jagged network was amended using diffusion kernel. Afterward, we select an induce graph using
gene-disease association by finding a set of genes related to an intended disease. Finally, we applied a
permutation test and p-value cut-off to choose related candidate genes
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In this method to obtain a null distribution we considered two steps, permutation
approach and diffusion kernel step. The false discovery rate (FDR) is obtained for each
of the test sets. After the null distribution has been built, the p-value of each gene is
calculated according to Eq. (10). The p-values of all genes are sorted in the ascending
order. Then for FDR, q = 0.05, we can determine how many genes are accepted based
on their p-values according to the Benjamini-Hochberg (BH) method. The true FDR is
calculated as the ratio of the number of genes which are not belonging to the test set
and the total number of genes identifications. In fact, the detected genes which are not
in the test set are considered as false positive. The average of FDR for 30 iteration of 5-
fold cross validation was 0.90, 0.94, 0.95, for Gastrointestinal cancer, Hereditary cancer
and Invasive Melanoma respectively. We believe that FDR could not be a good measure
of evaluation for our method as there was biological evidence that in each repetition of
5-fold cross validation, false positive nodes (nodes not included in the test set) are actu-
ally related to the intended disease. To prove this fact, we used MSigDB (http://software.
broadinstitute.org/gsea/msigdb/annotate.jsp). MSigDB categorize members of a gene set
by gene families. For example, in one iteration for gastrointestinal cancer, we obtained a
set of 24 genes which contains all test set genes {TLR4,GAST ,TP53}, and 6 genes of the
train set. In this case, the algorithm extracted 3 known tumor suppressor genes (TP35,
TP73, SYK), 3 oncogenes (ARAF, BRAF, KIT), 5 protein Kinases, 2 translocated cancer
genes and the other cancer-related genes (see Table 1). On the other hand, the algorithm
detected 7 structural genes whichmost of them involved in function of gastric tissue (such
as pepsin). So, it seems that the method has the capability to detect tissue specific genes.
Furthermore, the method has beneficially separated three inflammatory, structural, and
cell-cycle gene kingdoms.
This shows the approximate differentiation of gastric functional genes as a semi-

separate entity that could be another indicator of algorithm’s ability to place genes in their
proper pathway. Therefore, if we choose a new unknown gene that is placed in the cell
cycle control entity, we could be relatively certain that the new gene is involved in the cell
cycle control. This is a valuable point for future studies in the discovery of gene function.
As an another example, the algorithm obtained 38 genes for one iteration of heredi-

tary gastric cancer which contained all of the genes in test set except one of them, MRC1,
CTNNA1, DNAJB4 and 8 genes from training set. 31 of these 38 genes were cell-cycle
genes (81%) and the other 7 genes were structural genes. These genes are mainly mem-
bers of the WNT and MAPK pathway, both of which are common pathways involving in
gastric cancer. Furthermore, we saw some valuable genes that trigger hereditary gastric
cancer such as TP53 and CDH. We also see 3 proved gastric cancer driver genes (includ-
ing TP53, CTNNB1, CDH1) among these 38 genes. In this case, the algorithm identified 4
known tumor suppressor genes, 1 oncogene and other cancer-related genes (see Table 1).

Table 1 Protein family of false discovery genes

Cancer C and GF TF HP CDM PK TCG OG TS

Gastrointestinal 2 2 0 1 5 2 3 3

Hereditary 0 4 0 1 0 1 1 4

Melanoma 2 2 0 2 9 3 3 4

C and GF: cytokines and growth factors, TF: transcription factors, HP: homeodomain proteins, CDF: cell differentiation markers, PK:
protein kinases, TCG:translocated cancer genes, OG:oncogenes,TS:tumor suppressors

http://software.broadinstitute.org/gsea/msigdb/annotate.jsp
http://software.broadinstitute.org/gsea/msigdb/annotate.jsp
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In the case of Melanoma, structural and metastatic genes weren’t separated from each
other, since the selected subtype of melanoma was invasive. These structural genes may
be altered in the cancer situation or be involved in the cancer invasion procedure. How-
ever, we made a very strict selection of genes that were not directly involved in the cancer
invasion as structural genes. According to this, for one of the iteration algorithm detected
54 genes contained all the test genes, AKT1, VEGFA, SRF, MMP2, ADAM9, and 12 genes
from training set. 34 genes out of them (63%) are cell-cycle genes, 11 genes are metastatic
(20%), and 9 genes are structural (17%). Among these 54 genes, there exist 5 proven
melanoma driver genes including SYK, RAC1, MAP2K1, BRAF, and BLM. Table 1 shows
the gene family of 25 of these 54 genes.
According to these investigations, one can conclude that the false negative genes which

are obtained from the step 4 of the algorithm, are mostly related to desired cancer type.

Performance of GPS with eliminating each type of similarities

In this part, we omitted each similarity matrix in step one of TOPDRIVER method, in
order to study the effect of each similarity matrices on the final results of 5-fold cross
validation after step 4. Then, these results compared with the results of integrating four
similarity matrix. Based on previous section, to compare the results, we considered the
precision of detected genes after elimination of a similarity matrix with the precision of
the detected genes by considering all the similarity matrices. Table 2, represents the aver-
age precisions for 30 iterations of 5-fold cross validation with the elimination of each
similarity matrix and without it. According to this table the precisions has changed sig-
nificantly by each similarity matrix elimination. Due to the results of Table 2, It is clear
that using cancer-related pathways from KEGG could significantly impress the results of
TOPDRIVER. So, new versions of KEGG will also improve our results.
In the next section, the potential driver genes of two subtypes of gastric cancer (hered-

itary and gastrointestinal) and an invasive melanoma subtype which are detected from
step 5 of TOPDRIVER method are introduced.

Predicted driver genes of gastrointestinal cancer

The candidate driver genes for this disease, after the end of TOPDRIVER step 4, are
88 genes. The full list of these genes and their p-values can be found in the Additional
file 1: Table S1. According to Intogen (www.intogen.org) database, we found that 11 out
of 88 genes (12.5%) were known as potential gastric driver genes. We used the STRING
database by 0.95 threshold to depict a graphical representation of these 88 genes. Figure 2
obtained after elimination of vertices with degree zero or one iteratively until no vertices
with a degrees below 2 existed. Based on Step 5, our method nominated three poten-
tial driver genes for gastrointestinal cancer: NKX3-1, KIDINS220, and RIPK4. NKX3-1 is

Table 2 Precision of driver gene detection after elimination of each similarity matrix

Similarity Gastrointestinal Hereditary Melanoma

Removing HPRD 0.6166 0.4266 0.6050

Removing NCBI RefSeq protein sequences 0.6500 0.3666 0.5730

Removing KEGG 0.4266 0.3300 0.5900

Removing GTEx 0.5548 0.4506 0.5504

Integrating four similarity 0.7438 0.7896 0.8312
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Fig. 2 Gastrointestinal network. The figures depict graph C d using 0.95 threshold in STRING

a homeobox-containing transcription factor, which has mostly known as a strong nega-
tive regulator of epithelial cell growth and several studies indicated its down-regulation
as well as gene deletion in prostatic cancer (Camacho et al. 2017; Nodouzi et al. 2015).
Moreover, it has been introduced as a strong tumor suppressor and regulator of prolif-
eration in the prostatic epithelium (Martinez et al. 2014). This function had also seen in
other cancers such as hepatocellular carcinoma (Jiang et al. 2017). Based on TCGA, the
highest mutation rate for the gene was detected in the endometrial and colorectal car-
cinomas (Tomczak et al. 2015). The most frequent mutations in NKX3-1 are missense
substitution and deletion (cancer instute N 2018d). As mentioned before, NKX3-1 is con-
sidered as a potent tumor suppressor in some cancers such as prostatic cancer (Camacho
et al. 2017; Nodouzi et al. 2015). It also has an interaction with strong TSGs such as PTEN
and ATM and is a member of apoptosis signaling pathway via interaction with CASP8
(Fig. 2b). So, we have predicted NKX3-1 decreased expression in gastrointestinal cancer.
The second potential driver gene for gastrointestinal cancer is KIDINS220. KIDINS220
is a multi-functional transmembrane scaffold protein, which is involved in the cell sig-
naling regulation, cancer development, and metastasis. It is also involved in the several
other tumor formation processes such as apoptosis and vascular development (Cai et
al. 2017). Based on TCGA, the highest mutation rate for KIDINS220 was observed in
the endometrial carcinoma, colorectal adenocarcinoma, and melanoma (cancer instute
N 2018c); however, the mutation rate in the stomach cancer is also approximately high
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(5.91%) (cancer instute N 2018b). Besides, different kinds of gene alteration were seen
for the gene in the different cancer types, most of them result in the gene overexpression
(Carvalho et al. 2014; Sakamoto et al. 2017). This gene is also a member of BRAF signaling
pathway, which is known as an intra-cellular oncogene. KIDINS220 affects on two strong
mediators of RAS signaling pathway: BRAF and CAT. It is also introduced as a target for
MAPK signaling pathway inhibition during melanoma targeted therapy (Cai et al. 2017).
KIDINS220 overexpression has been reported in several cancers. It also is a member of
RAS/MAPK signaling pathway, which is usually activated in most of cancers (Cai et al.
2017). According to these points, we have predicted the increase of KIDINS220 expres-
sion in gastric cancer. The third and last potential driver gene for gastrointestinal cancer is
RIPK4. RIPK4 is a member of RIP family and affects on the regulation ofMAPK oncogene
signaling pathway (via interaction with MAP2K1/2, and KRAS). Moreover, its alteration
in the DNA and RNA levels has been seen in several cancer types such as hepatocellu-
lar carcinoma and cervical cancer (Liu et al. 2015; Heim et al. 2015). Furthermore, RIPK4
involves in tumor development, and invasion processes (via interaction with PTPN11,
KLF4, WT1, ATR, PTEN, and ERBB2IP) (Qi et al. 2018). However, there is a contradic-
tion in the RIPK4 gene expression reports. Some studies (Azizmohammadi et al. 2017)
introduced RIPK4 as an activator of MAPK and declared that RIPK4 expression increases
during cancer progression (Azizmohammadi et al. 2017), while others introduced it as a
tumor suppressor that indicates down-regulation (Wang et al. 2014). According to these
notes, RIPK4 seems to have a tissue-specific behavior. Based on TCGA, the highest muta-
tion rate for RIPK4 has benn seen in the endometrial carcinoma, and B cell lymphoma
(cancer instute N 2018b); however, themutation rate in the stomach cancer is also approx-
imately high (4.09%). Despite the copy number variation that is detected in RIPK4 gene in
colorectal cancer, the most frequent mutation in the gene is missense substitution (cancer
instute N 2018b). Unfortunately, we couldn’t make any prediction for RIPK4 because of
huge controversy in its alteration pattern in different cancers. This controversy has also
seen in the cancers from the same embryonic germ layer (such as other digestive system
organs). Thus, alteration of RIPK4 gene expression in gastric cancer is obvious; however,
the alteration direction is not clear for us.

Predicted driver genes of hereditary gastric cancer

To detect potential hereditary cancer driver genes, we extracted 13 genes related to this
disease from DisGeNet dataset. In this case, a list of 181 candidate driver genes is intro-
duced by algorithm (Additional file 2). Similar to Fig. 2, we used the STRING database
to draw a graphical representation of these candidate driver genes (Fig. 3). According to
Intogen, we found 10 out of 181 genes (approximately 6% for hereditary gastric cancer),
approved as gastric driver genes.
Our method nominated three potential driver genes for hereditary gastric cancer:

UBA3, UBE2M, RRAGA. Two potential driver genes nominated by ourmethod for hered-
itary gastric cancer are members of a big protein family relating to the ubiquitination
process and proteolysis, named “ubiquitin-like modifier activating enzyme 3 (UBA3)”
and “ubiquitin-conjugating enzyme E2M (UBE2M)”. Although these two members have
not been introduced as a driver gene in the oncogenesis until now, their up-regulation
was detected in different types of cancer (Additional file 5: Table S5). UBA3 is a mem-
ber of activator (E1s) enzymes, which participate in the regulation of NEDD8 and is an
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Fig. 3 Hereditary gastric cancer network. The STRING graph for hereditary Subtype of Gastric cancer based
on the genes archived by our algorithm

important factor for cell cycle control and embryogenesis. Then, the activated NEDD8
binds to UBE2M, a conjugating (E2s) class enzyme, to regulate cell proliferation and cell
cycle progression (Ying et al. 2018). Besides, UBA3 and UBE2M seems to involved in the
inhibition of FZR1 (CDH1) that is a known tumor suppressor gene for hereditary gastric
cancer (Zylberberg et al. 2018), via activation of its proteolysis. As depicted in Fig. 3b,
FZR1 and NEDD8 are these genes neighbors.
In addition to the expression pattern alterations in UBA3 and UBE2M genes, sev-

eral DNA mutations were indicated for them. The highest mutation rate for UBA3 has
detected in the uterus and colorectal carcinomas, and the most frequent mutation for this
gene is a small deletion at the 3’ UTR (cancer instute N 2018c). The highest mutation rate
for UBE2M also observed in the Uterus carcinoma, however, the B-cell lymphoma is in
the second place, and interestingly, the most frequent mutation for it is also a small dele-
tion in at the 3’UTR (cancer instute N 2018d). Since digestive system is mainly originated
in the endodermal embryonic layer, it is probable that digestive system related cancers
show relatively similar expression patterns. Thus, the observed up-regulation of UBE2M
and UBA3 in esophageal squamous cell carcinomas and intrahepatic cholangiocarcinoma
could be repeated in gastric cancer as another organ of the digestive system. On the other
hand, recently researchers proved the estrogen receptors (ERα, ERβ) involvement in the
progression of gastric cancer by affecting P21, P27, P53, and E-Cadherin expressions
(Tang et al. 2017). Furthermore, several studies reported a decrease in the expression of
these receptors related to poor prognosis of gastric cancer (Tang et al. 2017). UBE2M and
UBA3 are factors that their overexpression downregulate the estrogen receptors expres-
sion (Fan et al. 2003). So, we predict an increased expression pattern for UBE2M and
UBA3 in hereditary gastric cancer, while ER expression is down-regulated.
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The third potential driver gene for hereditary gastric cancer is RRAGA. RRAGA is a
member of Ras-related GTPase enzymes, which plays an important activator role in the
mTOR pathway (a major regulator of cell growth and cell metabolic processes balance)
(Petit et al. 2013). RRAGA has shown overexpression and hyper-activation in cancer cells
as a result of removing its negative regulator (GATOR1 complex) (Bar-Peled et al. 2013).
Thus, we predicted an increased pattern of expression for it in gastric cancer. This alter-
ation makes the tumor cells capable of handling their changing metabolic needs (e.g.,
levels of energy and amino acids) (Petit et al. 2013; Porta-Pardo and Godzik 2014). Among
potential driver genes (Cd) RRAGA’s most important neighbors are RB1, LAMTOR3, and
RPTOR (see Fig. 3c). Several gene mutations are also indicated for RRAGA. Based on
TCGA, the highest RRAGA mutation rate has been detected in endometrial carcinomas,
and the most frequent mutation in this gene is inappropriate substitution (cancer instute
N 2018).

Melanoma predicted driver genes

In case of Melanoma, the set of related genes contained 23 member, which were extracted
from the DisGeNet database. Similar to previous sections, we obtained a list of 148 can-
didate driver genes (Fig. 4a). The full list of these genes and their p-values can be found
in the Additional file 3: Table S3. We found 8 of 148 genes (approximately 5.5 percent)
to be proved melanoma-driver genes compared to intogen. Our method has nominated

Fig. 4 Melanoma Network. The STRING graph for invasive subtype of melanoma based on the genes
archived by our algorithm
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one potential driver gene for melanoma, CIT, based on the four criteria. CIT is involved
in the cell cycle via regulation of cytokinesis. Although the main function of CIT in can-
cer is not clear, its overexpression has been observed in some cancers (Wu et al. 2017).
On the other hand, the signaling pathway in which CIT is involved was also undetected.
According to RAC1 (CIT neighbor) we suggest that it should be a member of Wnt path-
way. Furthermore, according to CDC42 (the other detected neighbor) it seems that CIT
has a role in cell cycle regulation. Regarding these points and based on the behavior of
CIT in the colon cancer (a cancer with the same embryonic germ lines as melanoma), we
have predicted an increase of CIT expression whether due to the genomic changes or the
post-transcriptional alterations. Based on TCGA, the highest mutation rate for CIT has
seen in the uterus endometrial carcinoma (cancer instute N 2018a); however, melanoma
is at the second place with an approximately high mutation rate (9.38%) and the most
common mutation in this gene is a deletion at the gene’s 3’UTR location (cancer instute
N 2018a). Additional file 4: Table S4 and Additional file 5: Table S5 summarize the value
of each criterion for the potential driver genes.

Discussion
Recently, by the easier generation of high-dimensional molecular profiling data sets, the
challenge has shifted toward better analysis of this information. Especially, the integra-
tion of different omic datasets is a beneficial idea for detecting hidden rules of biological
systems. In this paper, we presented TOPDRIVER, a network-based approach to nomi-
nate cancer driver genes in Gastric cancer and Melanoma. A machine learning method
used in this approach to integrate multiple omic data to create a weighted network.
Then, combinational and biological strategies selected potential driver genes. Previous
studies indicated that gastric cancer can occur by activation of both intra- and extra-
cellular reactions. The intracellular reactions depend on the function of cell cycle and
cell growth regulators such as oncogenes and tumor suppressor genes. The extracel-
lular pathway, however, is activated via infectious agents such as Helicobacter Pylori
(H.Pylori) that may also activate the inflammatory pathway (Karimi et al. 2014). Extra-
cellular reactions are not a common cause of hereditary gastric cancer, although in
non-hereditary cases they play an important role. As shown in Figs. 2 and 3, two dif-
ferent inflammatory and intracellular pathways have been significantly separated by our
method. It seems, therefore, that another ability of our algorithm is to distinguish the
importance of inflammatory genes in the occurrence of non-hereditary gastric cancer,
while there is no separation between inflammatory and intracellular pathways in the
hereditary graph. On the other hand, there is a significant difference between gene lists
obtained for hereditary gastric cancer and gastrointestinal cancer; though some similar
genes are scored with different p-values in each subtype of gastric cancer by the algo-
rithm. Our further investigations indicated that genes of high importance in the incidence
of hereditary gastric cancer (such as CDH1 (Zylberberg et al. 2018)) have been placed
on the top gene list of subtype-related genes, whereas these genes do not exist on the
non-hereditary top gene list or do not have a suitable p-value. Our method could dif-
ferentiate the invasive subtype of the disease from non-invasive ones and find the top
genes independently for each subtype; as a large number of genes detected in an inva-
sive subtype of melanoma were genes involved in the processes of metastasis and cell
migration.
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One of the strong points of this algorithm is that it has built the initial network with a
very few genes and then expanded the network. More precisely, it consisted of 13 basic
genes for hereditary subtype (including CDH1, TP53, etc), and 11 basic genes for gas-
trointestinal subtype of gastric cancer (including TP53, TGFA, etc), and 23 basic genes
for Melanoma. TOPDRIVER nominated seven genes as potential cancer driver gene (3
for hereditary, and 3 for gastrointestinal cancer subtypes, and 1 for melanoma), which are
involved in tumorgenesis process and predicted their probable alteration. Moreover, we
found 17 genes (CCND1, TP73, E2F2, HDAC1, HDAC2, ATM, TP53, MYC, BRAF, RB1,
TLR1, PTEN, PAK1, TLR6, E2F3, TP63, TP73), which were common among our poten-
tial driver genes of gastric cancer subtypes and were approved for cancer involvement.
Of these 17 genes, three (BRAF, PAK1, and RB1) were also common among subtypes
of gastric cancer and melanoma. Taking together, TOPDRIVER has introduced a set of
potential, subtype specific driver genes for each cancer. However, TOPDRIVER poten-
tial genes should be experimentally validated that is our future program. Investigation of
cancer in its early stages, for example using gene expression techniques and its compar-
ison with normal samples may be beneficial in the diagnosis of cancer. Biotechnological
techniques such as over-expressing the potential gene in a normal cell and evaluating the
oncogenesis process or knocking down the potential gene using siRNA could be effective
in determining the exact value of the genes as a marker in both oncogenesis and early
cancer detection.

Conclusion
Oncogenomics attempts to characterize genes that drive cancer. These genes are onco-
gene or tumor suppressor and affect the initiation and progression of cancer. Identifying
and targeting an individual patient’s driver genes can lead to increased efficacy of treat-
ment. In this paper, we presented a new network-based algorithm to detect cancer driver
genes. TOPDRIVER integrated four omic datasets and constructed the initial network.
The network weighted by application of a gene-disease association dataset and the molec-
ular functional disease similarity. Then, the network weighs balanced with the diffusion
kernel method. Finally, the induced graph of the desired cancer subtype investigated
according to four biological criteria to introduce the potential driver genes.
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