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Abstract—Identifying driver pathway is a critical step to
uncover the natural laws of the occurrence and progression of
disease. Many studies show that multiple pathways often function
cooperatively in carcinogenesis. However, how to computationally
identify cooperative driver pathways of cancers is not well studied
yet. Existing cooperative driver pathway identification methods
either suffer from single type of genetic information source or
computation difficulty. In this paper, we proposed a method
(CDPLP) based on hierarchical clustering and link prediction.
CDPLP firstly devises a new similarity metric to quantify the
exclusivity and co-expression of two gene modules, and thus
to obtain gene sets with exclusivity by hierarchical clustering.
Next, it uses link prediction on the pathway-pathway interaction
network to replenish the interactions between pathways. After
that, CDPLP combines the gene sets and updated pathway
network to discover the pathway pairs with high functional
interaction and occurrence as cooperative pathways. CDPLP can
make full use of multiple genetic information sources such as the
mutation data, gene-gene interaction data and pathway-pathway
network, and facilitate the optimization solution. We evaluated
the performance of CDPLP on TCGA breast cancer (BRCA)
dataset and compared it with other popular methods. The results
show that cooperative driver pathways identified by CDPLP are
highly associated with the target cancer, and are involved with
carcinogenesis and several key biological processes.
Index Terms—Cooperative driver pathways; Cancer; Hierarchical clustering; Link prediction; Exclusivity and coverage

I. I NTRODUCTION
As a complex disease with high mortality rate [23], cancer
has been attracting the attention of quite a few researchers. The
ever-increasing incidence of cancer makes researchers eager to
understand the pathogenesis of cancer. The previous study has
indicted that mutations in a subset of genes that confer growth
advantage result in cancers arising. To mine somatic mutation
data, several projects (i.e., The Cancer Genome Atlas (TCGA)
[19] and International Cancer Genome Consortium (ICGC)
[8]) have been launched and they provide researchers with
high-throughput data as expected. Previous researches have
shown that only the functional driver mutations are important
to cancer development while passenger mutations have less
consequence for cancer [23]. To reduce the wet experimental
cost and improve the capability of experimental validation in
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driver mutation discovery, several computational approaches
have been proposed in the past years.
Most early efforts devoted to the detection of individual
driver genes with significantly higher mutation rate [3]. For
instance, MuSic [9] considers mutation types and samplespecific mutation rates. However, identifying and analyzing
individual driver genes separately can not effectively explain
the complex genetic mechanism of cancer. Recent studies have
shown that driver pathways play a more important role in
cancer development than individual driver genes, which consist
of several driver genes and can control the progression of
cancer from normal to malignant states.
High exclusivity (nearly all patients have no more than
one mutation in candidate gene set.) is a key characteristic
of a driver pathway and typically used in driver pathway
discovery [1]. MEMo [7] builds a graph of all similar gene
pairs, extracts all fully connected subgraphs and assesses each
subgraph for mutual exclusivity to find driver module. Besides
the high exclusivity, the high coverage (most patients have
at least one mutation in the candidate gene set) is another
key characteristic of a driver pathway. Dendrix [22] tries to
find sets of genes with properties of high coverage and high
exclusivity. To obtain these gene sets, Dendrix introduces a
weight function to reward coverage while penalizing overlap to get high exclusivity. In this way, the objective can
be converted into optimizing a maximum weight submatrix
problem which is solved by Dendrix with Markov chain Monte
Carlo (MCMC). However, Dendrix only gets an approximate
solution and the stochastic search process may lead MCMC
trapped into a local solution. To address this issue, MDPFinder
[34] adopts a binary linear programming (BLP) model for
efficient optimization to find the driver gene sets.
With the development of cancer researches, it has become
a consensus that multiple driver pathways are cooperatively
involved in the transformation process of a normal cell to
tumor one during the cancer development [5]. The recent
efforts are more devoted into the identification of multiple
driver pathways. Multi-Dendrix [14] identifies multiple driver
pathways by finding a collection of gene sets with a maximal
sum of weights. It defines the problem of finding multiple
driver pathways as a multiple maximum weight submatrix

problem and solves it by the integer linear programming
(ILP). However, multi-Dendrix may obtain only sub-optimal
results and weaken the relations between pathways, since
it neglects the functional interactions or co-occurrence of
multiple pathways. Subsequently, CoMDP [31] was developed
to discover co-occurring driver pathways with two properties:
(1) each individual pathway has high coverage and high
exclusivity; and (2) the mutations between the pair of pathways
showed statistically significant co-occurrence. For the purpose,
CoMDP defines a new weight function and solve it by a
BLP model. CoMDP may miss some potential driver pathways
since it identifies only super important genes with the highest
coverage. Yang et al. [27] firstly integrated multiple prior
knowledge data by matrix factorization and then applied a
tri-random walk on a heterogeneous network composed with
genes, miRNAs and pathways to identify cooperative driver
pathways. However, this solution ignores mutation data, and
suffers from too many parameters.
The cooperative driver pathway discovery methods mentioned above still have some limitations, such as the difficulty
in optimizing process, neglecting pathway knowledge and
locally optimal solutions. To overcome these limitations, we
introduced a method named CDPLP to leverage prior knowledge and mutation profiles for cooperative driver pathways
discovery. CDPLP firstly defines a new similarity metric based
on the exclusivity and co-expression of genes for hierarchical
clustering, which groups genes into gene sets with high coverage, mutual exclusivity and co-expression. Next, it leverage
a heterogeneous network composed of three types of nodes
(genes, miRNAs, pathways) and link prediction to replenish
the potential associations between pathways. Finally, it maps
the gene sets to pathway sets and identifies the pathway pairs
with high functional interactions and co-occurrence as cooperative driver pathways. We apply CDPLP on TCGA somatic
mutation profiles of breast cancer to identify cooperative driver
pathways, each of which contains at least one reported driver
gene and undertakes important conduction processes on the
signaling network. The experimental results show that CDPLP
is superior to the comparison methods in identifying driver
genes which means that CDPLP can discover more potential
cooperative pathways than existing competitive methods.
II. M ETHODS
The whole procedure of CDPLP for discovering cooperative
driver pathways is made up of three steps and illustrated in
Figure 1. The following subsections will elaborate on these
procedures.
A. The identification of driver gene modules
Driver genes tend to converge on a few biological driver
pathways [26]. Thus, identifying driver gene modules is essential for the following driver pathway analysis. We firstly need
to pick out the driver genes from many passenger ones. Recent
researches indicate that a gene is more likely to represent a
true cancer driver if it is functionally associated with other
genes mutated in cancer [25], [29]. For these reasons, we adopt

MUFFINN (MUtations For Functional Impact on Network
Neighbors) [6] to fuse functional network and mutation data
and to quantify the driver weight of each gene for picking
out driver genes. MUFFINN prioritizes genes based on the
mutation frequency of each gene as well as those of its
neighbors in a functional network. For gene g, its mutation
score ω(g) is calculated as follows:
X ω(g 0 )
|Γ(g)|
+
(1)
ω(g) =
m
|Γ(g 0 )|
0
g ∈C(g)

where Γ(g) is the set of patients in which gene g mutates,
C(g) is the set of neighborhood genes of gene g in two
independently protein interaction network STRINGv11 and
HumanNet [13], m is the number of all patients. In this way,
each gene can obtain a mutation score to reflect how important
it is. The top K genes will be retained to identify driver genes,
while the other genes are excluded from follow-up analysis.
Clustering techniques are widely used for understanding
gene functions, gene regulation, cellular processes, and subtypes of cells [12] [30]. Besides, hierarchical clustering (HAC)
is free of the number of clusters and it is easy to define the distance. In view of this, we adopt the hierarchical agglomerative
clustering on the selected gene candidate set to get diver gene
modules. We introduce a new similarity metric for HAC to
integrate the exclusivity and gene co-expression characteristics
to quantify the proximity of two gene sets. For any two gene
set M and N , we define the similarity function as follows:
S(M, N ) = α1 (1 −

|T (M) ∩ T (N )|
) + α2 P (M, N )
|T (M) ∪ T (N )|

(2)
where T (j) denotes the set of patients who have at least one
mutated genes in gene set j, j ∈ {M, N }. The two scalar
parameters α1 , α2 ∈ (0, 1) are employed to balance the contri|T (M)∩T (N )|
bution of exclusivity and gene co-expression. 1− |T
(M)∪T (N )|
is defined as the exclusivity of two gene sets. P (M, N )
quantifies the co-expression between two gene sets M and
N and it is defined as follows:
X X
1
P (M, N ) =
p(gm , gn )
(3)
nm ∗ nn
gm ∈M gn ∈N

where nm (nn ) denotes the number of genes in gene set M
(N ), and p(gm , gn ) is the Pearson correlation of gene gm and
gene gn , which describes the similarity between expression
patterns of the gene pair across all the samples.
Previous study indicates that a typical tumor contains two
to eight of driver mutations [23], the clustering algorithm
continuously merges two gene sets based on similarity scores
calculated by Eq. (2) into a gene module until the number of
genes in this module exceed eight. After the clustering, we
can obtain mutually exclusive and co-expressed gene modules
for the follow-up cooperative pathways identification.
B. The replenishment of pathway-pathway interactions
The information in pathway level also plays an important
role in exploring the collaboration between pathways [25],
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Fig. 1: The workflow of CDPLP. Step 1: CDPLP introduces a new similarity metric for hierarchical clustering to group genes
into gene modules. Step 2: CDPLP applies link prediction on pathway-pathway interaction (PaPaI) network to replenish the
interactions between pathways. Step 3: CDPLP defines a new cooperative quantification function based on the gene modules
and updated PaPaI network to identify cooperative pathways.

[28], [29]. However, the known interactions between pathways are still incomplete. The interaction between signaling
pathways is often responsible by the interactions between
genes and miRNAs affiliated with the pathway, so it is critical
to fully consider the relationship between genes, miRNAs
and pathways to replenish the interactions between pathways.
Link prediction is a popular method to predict whether two
nodes in a network having a link or not and can be used to
replenish the interactions between pathways in a biological
network composed of pathway nodes. Given that, we adopt a
representative link prediction method SEAL [32] to embed the
features of nodes on the pathway-pathway interaction (PaPaI)
network, predict the potential interactions between pathways
and remedy the incompleteness of PaPaI network. The details
are presented as follows.
1) Getting the pathway nodes features: We firstly construct a heterogeneous network H composed with nodes of
genes, miRNAs, and pathways and the associations among
them. Then, RHINE (Relation structure-aware Heterogeneous
Information Network Embedding) [18] is employed to learn
latent representations of nodes in our heterogeneous network.
A degree based measure D(r) is defined to explore the
distinction of various relations in H and classifies the relations
with a small value of D(r) as Interaction Relations (IRs);
otherwise, Affiliation Relations (ARs). D(r) is defined as
follows:
max[d¯tu , d¯tv ]
(4)
D(r) =
min[d¯tu , d¯tv ]
where max[d¯tu , d¯tv ] and min[d¯tu , d¯tv ] are the maximum and
minimum node degrees of types tu and tv (the node types
include gene, miRNA and pathway), respectively.
According to the above Eq. (4), we divide relationships
among nodes in H into ARs and IRs. Nodes connected by

ARs share similar properties, therefore nodes could be directly
close to each other in the vector space. IRs demonstrate strong
interactions between nodes with compatible structural roles
[18]. So, different proximity measures are used to quantify
the distance between two nodes: euclidean distance for ARs
and translation-based distance for IRs. Given an affiliation
node-relation triple< p, s, q >∈ PAR with weight ωpg and an
interaction node-relation triple< u, r, v >∈ PIR with weight
ωuv , the distances of p, q and u, v are calculated as Eq. (5)
and Eq. (6), respectively.
f (p, q) = ωpq ||Xp − Xq ||22

(5)

g(u, v) = ωuv ||Xu + Yr − Xv ||

(6)

where Xp , Xq , Xu , Xv ∈ Rc are the embedding vectors of p,
q, u and v, respectively. Yr is the embedding of the relation r.
To ensure that nodes connected by an AR should be close to
each other, a margin-based loss for ARs is defined in Eq. (7).
For the same reason, a margin-based loss for IRs is defined
as:
LEuAR =

X

X

s∈RAR <p,s,q>∈PAR

X

max[0, γ + f (p, q) − f (p0 , q 0 )]

(7)

<p0 ,s,q 0 >∈P 0 AR

LT rIR =

X

X

γ∈RIR <u,γ,v>∈PIR

X

max[0, γ + g(u, v) − g(u0 , v 0 )]

(8)

<u0 ,γ,v 0 >∈P 0 IR

where γ > 0 is a margin hyperparameter. PAR and PIR are the
set of positive affiliation and interaction node-relation triples,
while P 0 AR and P 0 IR are the set of negative ones respectively.
Consider that there are both ARs and IRs in H, a unified
model for H embedding is defined as follows:
L = LEuAR + LT rIR

(9)
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By minimizing the above equation, the embedding of H is
obtained. After that, we pick out the embedding of pathway
nodes from the whole embedding and splice them into matrices. In this way, we get the PaPaI network information matrix
X ∈ Rn×c with n pathways and c feature channels.
2) Getting the enclosing subgraphs features: Suppose A ∈
Rn×n is the PaPaI network. The node feature matrix X ∈
Rn×c of the PaPaI network was obtained in the previous step,
the graph convolution layer takes the following form:
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e = A + I is the adjacency matrix of the graph with
where A
e is its diagonal degree matrix. W ∈ Rc×c0
added self-loops, D
is a matrix of trainable graph convolution parameters, f is a
0
nonlinear activation function, and Z ∈ Rn×c is the output
activation matrix. The graph convolution maps the c features
to c0 features by a linear feature transformation on node
information matrix X. Then it propagates node information to
neighborhood vertices as well as itself. After that, it normalizes
e −1 . Finally, it applies a pointwise
the features by multiplying D
nonlinear activation function f and outputs the subgraph
features.
After the above procedure, we get all subgraph features of
PaPaI network. We then input the subgraph features and the
positive interactions between pathways to DGCNN [33] to
train a link prediction model. Next, we input all the negative
interactions as unknown interactions and apply DGCNN to
identify additional interactions between pathways. We get the
probability of the positive interactions. We deem them as
connected when the probability between the two pathways exceeds the threshold (0.5). After that, we combine the identified
interactions and original PaPaIs to get a update PaPaI network.
C. Identifying cooperative pathways
Based on the gene modules and replenished pathway network, we define a new quantitative function to discover
cooperative driver pathways. In the previous efforts [25],
[28], [29], high co-occurrence and large functional cooperation
between genes of pathways are regarded as important criteria
for the identification of cooperative pathways. However, the
existing interaction between pathways is also an important
factor for cooperative pathway discovery. Given that, we introduce the updated interactions between pathways and define a
quantitative function to evaluate the cooperation between two
pathways (p1 and p2 ) as follows:
X
X
Co(p1 , p2 ) = γ1
I(g1 , g2 )
(11)
g1 ∈Θ(p1 ) g2 ∈Θ(p2 )
+ γ2 O(p1 , p2 ) + γ3 P ac(p1 , p2 )
where I(g1 , g2 ) is the interaction score between gene g1 and
g2 in the GGI network, O(p1 , p2 ) denotes the total number
of samples that genes in pathway p1 and p2 both mutated,
and P ac(p1 , p2 ) is the interaction score of p1 and p2 in PaPaI
network. Θ(pi ) includes the genes related to pi , i ∈ {1, 2}.
The three scalar parameters γ1 , γ2 and γ3 ∈ (0, 1) are
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Fig. 2: Receiver operating characteristics (ROC) curves of
identifying known driver genes on BRCA . The corresponding
AUROC values are also included in the legend. CDPLPnoGGI: CDPLP without the GGI network. CDPLP-noHuman:
CDPLP without the HumanNet

employed to balance the contribution of gene interactions,
gene co-occurrence and pathway interactions, respectively. We
calculate the cooperation score of the each pathway pairs based
on Eq. (7), and take the top ten pathway pairs with the highest
cooperation score as cooperative pathways.
III. RESULTS
A. Data sources and preprocessing
To investigate the effectiveness of CDPLP, we carried out
experiments on publicly available cancer data of breast cancer
(BRCA) from TCGA [19]. It consists of the raw mutation
data (with 791 samples and 40543 genes) and gene expression
data (with 1218 samples and 20530 genes). We selected the
samples and genes both in the mutation and expression data
to generate a dataset (with 789 samples and 18616 genes) for
BRCA. We obtained the disease related gene-miRNA networks
from HMDD [15], gene-gene interaction network from [11]
and miRNA-miRNA interaction network from [24]. We downloaded PaPaI network data and gene-pathway association from
PID database [21]. In summary, we construct a heterogeneous
network with 19342 genes, 559 miRNAs and 212 pathways.
B. Results on real data
We apply CDPLP on the BRCA dataset to evaluate the effectiveness. We determine the hype-parameters by grid search
in 0 to 1. The parameters α1 , α2 , γ1 , γ2 and γ3 are finally set
as 0.7, 0.8, 0.7, 0.8 and 0.3. According to the analysis of K,
we set K = 6000. We have the following conclusions.
1) CDPLP can effectively identify gene modules: CDPLP
selects the genes with top K mutation scores as the driver
gene candidates according Eq. (1). We analyze the change of
K (selected candidate genes) with respect to the truth driver
genes. According to the analysis results, we pick the top 6000
genes as driver gene candidates and exclude the other genes
from follow-up analysis. To investigate the contribution of GGI

and HumanNet, we also compare CDPLP with CDPLP without
the GGI or HumanNet. When we disregard GGI network,
the AUROC value are reduced by 4.1 % on BRCA. When
both networks are removed, the AUROC value drops sharply
by 14.7% on BRCA. The result can prove the feasibility of
merging the GGI and HumanNet in driver genes identification.
We cluster candidate driver genes into gene modules according to Eq. (2). To verify that the identified driver gene
modules are with high similarity, we randomly generate 1000
gene sets with 8 genes and calculate the similarity of them
according to Eq. (2). Then, we calculate the average similarity
of the identified gene sets and compare it with the random
similarity. The results indicate that the similarity of gene
modules identified by CDPLP is over 98.6% than that of
random gene set for BRCA dataset. Given that, we can
conclude that CDPLP can identify high mutual exclusivity and
co-expression gene modules.
In addition, we collect the genes related with breast cancer
from DisGeNet [20], and estimate the relation between gene
modules and target cancer. About 91% gene modules include
at least three genes that are associated with breast cancer. To
further validate the functions of gene modules, we do GO
and KEGG enrichment analysis on STRING for all modules.
As shown in Table I, the analysis of TP53 gene module show
associations with breast cancer and with several carcinogenesis
related activities, such as cell cycle, cell migration and so
on. Enriched pathways, including PI3K and ErbB, have been
reported to be related with breast cancer.
Based on the above analysis on the identified gene modules,
we can conclude that CDPLP can effectively identify driver
gene modules, which have close associations with the target
cancer and important biological activities involved with cancer
development.
2) CDPLP can effectively identify cooperative driver pathways: For BRCA dataset, we find Class I PI3K signaling
events, ATM pathway, Atypical NF-kappaB pathway, ErbB1
downstream signaling and their cooperative pathways. It is
recognized that the occurrence, development, metastasis and
drug resistance of breast cancer are closely related to intracellular signaling pathways, including insulin-like growth factor
receptor (IGFR) signaling pathway and epidermal growth
factor receptor (EGFR) signaling pathway, all of which are
particularly important [10]. For Atypical NF-kappaB pathway,
its inhibitors preferentially inhibit breast cancer stem-like cells
[35]. As for Class I PI3K signaling events, it is altered in a high
proportion of breast cancers and may contribute to therapeutic
resistance [17].
Based on the above analysis, we can state that CDPLP
can effectively identify the target cancer related cooperative
pathways, and the cooperation between them can be further
investigated by wet experiments.
3) Comparison with other methods: To comparatively
study the effectiveness of CDPLP, we compare it against
four related and competitive methods, including an individual
driver pathways identification method: Dendrix [22], and three
multiple driver pathways identification methods: CoMDP [31],

TABLE I: Functional analysis of identified module on BRCA
Category

Terms

GO

cell surface receptor signaling pathway

GO

cell cycle

GO

regulation of organelle organization

GO

positive regulation of cell migration

KEGG

Breast cancer

KEGG

ErbB signaling pathway

KEGG

PI3K-Akt signaling pathway

KEGG

Ras signaling pathway

Genes
TP53, UBB, AKT1
HRAS, RHOA, MAPK3, CCND1;
TP53, HRAS, RHOAMAPK3
CCND1, RHOC;
TP53, RHOC, AKT1
HRAS, RHOA, MAPK3;
RHOC, AKT1, HRAS
RHOA, MAPK3;
TP53, AKT1, HRAS
MAPK3, CCND1;
AKT1, HRAS, MAPK3;
TP53, HRAS, CCND1
AKT1, MAPK3;
AKT1, HRAS, MAPK3, RHOA;

TABLE II: Driver pathways of BRCA identified by CDPLP
and other compared methods.
Method

CDPLP

CDPathway

Dendrix
Multi-Dendrix
CoMDP

Driver Pathways of BRCA
Atypical NF-kappaB pathway, p53 pathway
Direct p53 effectors, EGF receptor (ErbB1) signaling pathway
ErbB1 downstream signaling, Arf6 downstream pathway
Class I PI3K signaling events, FoxO family signaling
C-MYB transcription factor network, Aurora A signaling
ATM pathway, Class I PI3K signaling events mediated by Akt
p53 pathway, Class I PI3K signaling
events mediated by Akt, Internalization of ErbB1
Alternative NF-kappB pathway, Trk recptor signaling mediated
by PI3K and PLC-gamma, Degradation of beta catenin
Direct p53 effectors, FAS (CD95) signaling pathway
Fanconi anemia pathway, Aurora A signaling
C-MYC pathway, ErbB1 downstream signaling
RAC1 signaling pathway, Signaling events mediated by
CDC42 signaling events
Hepatocyte Growth Factor Receptor (c-Met)
BARC1 signaling pathway, Class I PI3K signaling events
ErbB1 downstream signaling, p53 pathway
p75(NTR)-mediated signaling
Signaling events mediated by Hepatocyte Growth Factor (c-Met)

Multi-Dendrix [14], CDPathway [25]. We set the parameter
ranges of compared methods as described in the original
papers, and select pathways that contain the most known driver
genes with statistic significance.
We compare CDPLP with other methods at the pathway
level. As shown in Table II, pathways identified by CDPLP
cover more breast cancer related pathways. For example, Class
I PI3K signaling events [17], ErbB1 downstream signaling
[2] and Atypical NF-kappaB pathway [35] are reported to
related with breast cancer. In addition, CDPLP has overlapped
pathways with 3/4 compared methods on BRCA dataset.
Specially, the number of driver pathways identified by CDPLP
and CDPathway are similar and the two methods have a large
overlap. However, CDPLP discovers more reported driver
pathways than CDPathway. For example, [16] reported that
C-MYB transcription factor network enhances breast cancer
invasion and metastasis and the overexpression of the erbB-1
(EGFR, epidermal growth factor receptor) proteins contributes
to the aggressive behavior of malignant tumors originating
from the enedometrium [4]. Compared with CDPathway,
CDPLP focuses only on the main factors (the influence of
neighbor genes on candidate genes), so CDPLP reduces the
calculation consumption at the cost of a slightly reduced
accuracy. Therefore, CDPLP can not only identify more driver
pathways than individual methods but also uncover more

potential cooperations between pathways.
IV. C ONCLUSION
The cooperative pathways discovery can help us to understand the genetic mechanisms of complex diseases, and
to provide more effective genetic therapy to patients. In this
paper, we proposed a novel method named CDPLP, which
combines biological data with link prediction algorithms to
identify cooperative pathway. The main contribution of CDPLP is that it firstly applies network representation learning
method to the task of cooperative pathways identification and
defines a new metric to quantify the cooperation of pathways.
Experimental results on public breast cancer dataset show
that CDPLP can identify more potential biological cooperation
among pathways. The future pursue for CDPLP is to reduce
the number of input parameters.
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