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*e aberrations of a gene can influence it and the functions of its neighbour genes in gene interaction network, leading to the
development of carcinogenesis of normal cells. In consideration of gene interaction network as a complex network, previous
studies have made efforts on the driver attribute filling of genes via network properties of nodes and network propagation of
mutations. However, there are still obstacles from problems of small size of cancer samples and the existence of drivers without
property of network neighbours, limiting the discovery of cancer driver genes. To address these obstacles, we propose an efficient
modularity subspace based concept learningmodel. Our model can overcome the curse of dimensionality due to small samples via
dimension reduction in the task of attribute concept learning and explore the features of genes through modularity subspace
beyond the network neighbours. *e evaluation analysis also demonstrates the superiority of our model in the task of driver
attribute filling on two gene interaction networks. Generally, our model shows a promising prospect in the application of
interaction network analysis of tumorigenesis.

1. Introduction

Gene performs a function via the synthesis of its product
protein encoded by the gene in human cells, and the in-
teractions between proteins lead to the functional coop-
eration between different genes [1]. Subsequently, the
aberrations of gene can not only alter the function of the
gene itself but also influence the functions of other genes
that interact with the aberrated gene, and both ways can
lead to carcinogenesis of normal cells [2, 3]. Unlike the
straightforward function abnormality of a gene caused by
the aberration itself, the functional abnormality of genes
caused by interaction among more than one gene is rather
implicit to be understood [2]. To investigate the roles of
genes among their interactions, the protein-protein in-
teraction network has been established to systematically
describe all the interactions between each of the gene pairs

that have been collected so far [1]. When the network
topology is investigated, it is observed that gene interaction
network supports the property of being scale-free, which
fairly satisfies the definition of complex network [4].
Consequently, through the network properties such as
centrality and betweenness involved in complex network
analytics [5, 6], it is an unprecedent opportunity to attri-
butes of genes by investigating their roles in interaction
network.

To unveil whether a certain gene has attributes of cancer
drivers, that is, the capability of subverting a normal cell into
malignant cancer cell [3], a direct way is to fill the attributes
of nodes through their network properties. For a certain
complex network, a number of numerical measurements
have been established for describing the property of nodes in
network, such as degree centrality, betweenness centrality,
closeness centrality, eigenvector centrality, and Bonacich
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centrality [7]. With the advancing of complex network based
analytical methods [8, 9], the cancer driver attributes of
genes can be discovered through the properties of their
related nodes in the network [10, 11]. Nevertheless, recent
studies have demonstrated that there are also a noticeable
number of cancer driver genes that do not show explicit high
centrality in gene interaction network [12, 13]. *erefore,
despite the successful achievement obtained by the previ-
ously published complex network basedmethods, by directly
using the previous network property based studies, these
types of cancer drivers are very likely to be missed in the task
of node attribute filling of genes in interaction network.

To identify cancer drivers without high centrality, an
intuitive idea is to compensate the information beyond the
gene interaction itself [2]. Fortunately, the existence of high-
throughput sequencing data of cancer samples has provided
another important source for the discovery of cancer driver
attributes of genes [14]. Sequencing data can provide the
mutations of each gene in the tested cancer samples [15, 16],
containing the information of mutation profiles among
cancer samples which is far beyond the network itself [3, 17].
Afterward, there have been a bunch of researches that in-
corporate information from both interaction network and
mutation data via network propagation of mutation fre-
quencies [2, 12, 13]. Notwithstanding, recent studies have
shown that there exist a number of cancer driver genes that
are neither frequently mutated nor close to other highly
mutated genes in interaction network [18]. Furthermore,
when the number of cancer samples is small, the mutation
frequencies of the mutation data may not be representative
for the identification of highly mutated cancer driver genes
[19]. Since both the scale of gene interaction network and the
dimension of mutation data are of the order of ten thousand,
the small sample number that is usually less than one
hundred due to the practical reason is also likely to result in
the curse of dimensionality [18]. Generally, there is still a
lack of a driver attribute filling method for genes in inter-
action network with capability of mutation compensation
for small samples.

To discover cancer driver attributes of gene in interac-
tion network with small samples of mutation data, we
proposed a novel modularity subspace based concept
learning method, which can efficiently identify the driver
genes in interaction network. To circumvent the curse of
dimensionality resulting from small size of samples, we
introduce the dimension reduction paradigm to relieve the
shortage of sample size. For detecting driver genes that are
neither frequently mutated nor connect to other highly
mutated genes, we introduce the network modularity of the
genes as the subspace features to achieve dimension re-
duction of the gene interaction network, where the network
modularity represents the membership of genes to different
network modules [20, 21], independent of mutation fre-
quencies and direct connections of genes. After obtaining
the feature subspace learnt from the compensation of in-
teraction network and mutation data, we further utilize
supervised concept learning technique to learn the rules in
modularity feature space which associate the concept of
cancer drivers [22, 23]. A systematic assessment illustrates

the superiority of our proposed model over the existing
network based methods for driver attribute filling of gene in
two interaction networks from two distinct sources. In
summary, our proposed modularity subspace based concept
learning model is efficient for driver attribute filling of genes
in interaction network with small samples of mutation data.

2. Materials and Methods

2.1. Modularity of Interaction Network. Gene interaction
network contains modules, defined as groups of genes as
nodes, and the gene interactions are relatively denser within
the same module in comparison to the interactions between
different modules (the connections of nodes between
modules are sparser relatively) [24, 25]. Considering the
independence between the membership of genes to network
modules and mutation frequencies or direct connections of
genes, we utilize the network modules as features for dis-
criminating cancer driver genes in our study. Furthermore,
in most situations, the dimension of features defined by
network modules is far smaller than that defined by network
nodes or neighbours [24, 26], benefiting the alleviation of
curse of dimensionality due to small sample problem.
Technically, when we use the adjacency matrix to describe
the gene interaction network, a module can be defined as a
partition of the matrix, where the summation of elements for
the submatrix of the selected nodes is expected to be large
[20]. Here the partition of a module can be depicted through
a vector whose dimension is equal to the number of gene
nodes (suppose the total number of genes is p), and the
coefficients larger than zero represent that the corre-
sponding genes belong to the module.

When the total number of network modules is a
predefined number k, we can use k independent vectors
h1,h2, . . . , hk to delineate the partitions of the p genes to
the k modules, denoted as matrix formation
H � [h1, h2, . . . ,hk]. According to the derivation by
Newman [20], the density of gene nodes within the k
modules can be approximately calculated through the
modularity score, which is defined via a quadratic form of
vectors h1, h2, . . . , hk.

modularity � 
i

hTi A −
1
2p

ddT hi � 
i

hTi Bhi � Tr HTBH ,

(1)

where matrix A is the normalized adjacency matrix of gene
interaction network and vector d is the degree vector of the
network, whose i-th coefficient is the summation of the i-th
row of matrix A(or i-th column summation, since matrix A
is symmetric). For brevity, themodularity matrixB is used to
represent the result of matrix subtraction B � A − 1/2pddT.

For matrix H, its j-th column hj represents the partition
of gene nodes within or without the j-th network module,
where the relative value of coefficients is able to represent the
inclusion and exclusion of its corresponding genes. Since the
trace of matrix HTBH is equivalent to the summation of the
quadratic forms for the k partitions of modules, by finding
the partitions that can maximize the modularity score, we
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can obtain the feature vectors h1, h2, ..., hk that can best
reflect the memberships of genes to different modules [21].
Meanwhile, the i-th row of matrix H can be regarded as the
feature vector of the i-th gene, denoted as
H � [hT(1),h

T
(2), . . . , hT(i), . . . , hT(p)]

T. For the i-th gene, when
we regard vector h(i) as the feature vector of the gene instead
of its neighbourhood relations, the feature dimension k is
largely reduced in comparison to the primary dimension p.
*erefore, we can denote the feature space of h(i) as the
modularity subspace for the i-th gene.

2.2. Dimension Reduction for Small Samples. In consider-
ation of the information beyond gene interaction network,
the mutation data collected from sequencing of cancer
samples is also another crucial source for cancer driver
attribute filling. Restricted to the costs of sequencing, the
amount of sequenced cancer samples is still limited in a
relatively small number [27]. Considering that the number
of genes is over twenty thousand, the number of cancer
samples is usually fifth to one hundred [27]. Subsequently, a
direct effect resulting from the small sample problem is the
curse of dimensionality during the task of driver attribute
discovery. Hence, like the dimension reduction of interac-
tion network via modularity subspace, we also introduce the
matrix decomposition architecture to learn the low-di-
mension representation of the p genes:

min
W≥0,H≥0

D − W H
T�����

�����
2

F
, (2)

where matrixD is the n by pmatrix of mutation data (n is the
number of samples, n<< p). Matrix H is a p by k matrix
whose rows are the representation vector of genes, and
matrix W is a nonnegative n by k matrix.

A typical strategy to learn the low dimension repre-
sentation from the data matrixD is to apply the optimization
procedures of alternatively updating rules in nonnegative
matrix factorization (NMF) [28]. When the iteration reaches
convergence, the multiplication of the two learnt matricesW
and H can effectively approximate the original data matrix
D. Here matrix W is the coefficient matrix of the linear
transformation from low-dimension representation H to the
original dataD.*e rows of matrix H are the low-dimension
representations learnt from mutation data, preserving the
cancer mutation information beyond interaction network.
Based on the matrix decomposition based architecture, we
can also achieve the dimension reduction of the mutation
data from small samples.

2.3. Modularity Subspace-Based Dimension Reduction. To
compensate the information from the interaction network
and the mutation data of cancer samples, we further pro-
posed a joint dimension reduction framework that can ef-
ficiently fuse the feature vectors of both the modularity
subspace and the low-dimension feature of mutation data.
When there are p genes in the interaction network and n
samples of mutation data, the objective function of the joint
dimension reduction framework is

min
W≥0,H≥0,Hε

−
1
p
2 Tr HTBH  +

λX

np
D − W H + Hε( 

T
�����

�����
2

F
+
λH

pk
‖H‖

2
F

λε
pk

Hε
����

����
2
F
, (3)

where k is the predefined number of low dimensions, which
is set to 64 empirically. Here the dimensions of matrices B
andD are p by p and n by p, respectively.*e p by kmatrixH
represents the modularity features of genes, and the p by k
matrix H represents the low-dimension features from
mutation data. To joint the two types of features, we also
introduce the residual matrix Hε, which is defined by their
differenceHε � H − H. When the elements of matrixHε are
close to zero, matrix H is then approximately equal toH.*e
parameters λX, λH, and λε are tuning parameters to control
the weights of different terms in objective function.

In detail, the joint dimension reduction framework is
composed of form terms, denoted as modularity term,
sample data term, feature regularization term, and ap-
proximate residual term, respectively. First, the modularity
term is introduced to reduce the dimension of the gene
interaction network H via the modularity subspace feature
learning. Second, the sample data term with tuning pa-
rameter λX is incorporated to compensate the information of

mutations from cancer samples, which can learn the low-
dimension features of each investigated gene H. *ird, the
feature regularization term with tuning parameter λH is used
to avoid extreme values of the learnt feature vector of genes
during the joint dimension reduction procedure. Fourth, the
approximate residual term with tuning parameter λε is
aimed to bridge the modularity subspace features from
network H and the low-dimension features from mutation
data H, via a small value residual matrix Hε. Here we set λX

and λH to 1.0 and 100 empirically (see details in Supple-
mentary Materials). Specifically, since matrixHε is served as
residual in the fusion of the two types of features H and H,
we therefore set the parameter λε being 100 times of λH to
ensure the dominant of H and strong penalty of Hε at scale.

Note that there are two inequality constraintsW≥ 0 and
H≥ 0; we further introduce two Lagrange multipliers, matrix
Ψ and matrix Φ, respectively. Subsequently, we can derive
the Lagrange function for the optimization of the joint
dimension reduction framework:
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L � −
1

p
2 Tr HTBH  +

λX

np
D − W H + Hε( 

T
�����

�����
2

F
+

λH

pk
‖H‖

2
F +

λε
pk

Hε
����

����
2
F

+ Tr ΨTW  + Tr ΦTH . (4)

For the three variablesW,H, andHε, we can obtain their
partial derivatives, respectively:

zL

zW
� −

2λX

np
D H + Hε(  +

2λX

np
W H + Hε( 

T H + Hε(  + Ψ;

zL

zH
� −

2
p
2 BH −

2λX

np
DTW +

2λX

np
H + Hε( WTW +

2λH

pk
H + Φ;

zL

zHε
� −

2λX

np
DTW +

2λX

np
H + Hε( WTW +

2λε
pk

Hε.

(5)

We further employ the Karush-Kuhn-Tucker (KKT)
conditions [28], where the three partial derivatives are all
equal to zero: zL/zH � 0, zL/zW � 0, and zL/zH � 0; and
the complementary slackness conditions are also equal to
zero: ΨijWij � 0 and ΦijHij � 0. *rough these conditions,
we can derive the three following equations:

λX

np
D H + Hε(  ijWij �

λX

np
W H + Hε( 

T H + Hε(  
ij
Wij � 0;

1
p2 AH +

λX

np
DTW 

ij

Hij �
1
2p3 dd

TH +
λX

np
H + Hε( WTW +

λH

pk
H 

ij

Hij;

Hε
λX

np
WTW +

λε
pk
Ι  �

λX

np
DTW + HWTW .

(6)

*rough the above equations, we can reach the updating
rules of the three variables:

Wij ←Wij

D H + Hε(  ij

W H + Hε( 
T H + Hε(  

ij

,

Hij←Hij/ npkAH + λXp
2
kDTW 

ij

nk

2
ddTH + λXp

2
k H + Hε( WTW + λHnp

2H 
ij

,

Hε � λXk DTW + HWTW  λXkWTW + λεnΙ 
− 1

.

(7)

To learn the three variables, we alternatively apply the
three updating rules until the iteration reaches its conver-
gence. Finally, we can obtain the final results of the three
matrices W, H, and Hε after convergence. For the i-th gene,
the row vector hT(i) in matrix H is the feature vector in
modularity subspace compensated with mutation samples.

2.4. Modularity Subspace Concept Learning. To inference the
cancer driver attributes of genes through the feature vectors in
modularity subspace compensated with mutation samples, we

further incorporate the idea of concept learning instead of the
network property based strategy. *rough the learnt rules,
concept learning can efficiently identify the associated attri-
butes of nodes if its features matching the rules [22, 23], which
demonstrates more advantages in recognition task compared
to the network property based strategy. *rough the feature
vectors with information from both modularity subspace and
mutation samples and the assumption of independence of the k
module dimension, we can adopt Bayesian based concept
learning [23, 29] to establish the probabilistic rules that are
associated with cancer driver attributes of genes:
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yi � argmax
c

P(c)P h(i)|c  � argmax
c

P(c) 
k

j�1
P hij|c ,

(8)

where the attribute index is denoted as c, whose value
equaling 1 represents driver attribute and the value of 0
denotes nondriver attribute.*e probability P(c) is the prior
probability of the attributes estimated from the distribution
of the known driver attributes among genes. At the same
time, the conditional probability P(hij|tc) is estimated from
the distribution between feature matrix H and the known
driver attributes among genes. Consequently, after the es-
timation of these aforementioned probabilities, for the i-th
tested gene, we can adopt its feature vector h(i) into the
probabilistic rules to infer the attribute yi of the gene. *e
overall pipeline of the proposed modularity subspace based
concept learning model is also drawn as schematic plot (see
Figure 1).

3. Results

To evaluate the performance of our proposed driver attribute
filling model, we apply our model on two gene interaction
networks from independent sources. *e first network is
STRING network [30], which provides an integration of
critical assessed interactions including both direct physical
interactions and indirect functional associations between the
proteins of their related genes. *e second network is
iRefIndex network [31], which curates protein interaction
data of their related genes from a variety of sources and
carefully consolidates the redundancy of interaction. In
addition to the network data, we also incorporate the mu-
tation data of sequencing samples from two distinct types of
cancer, prostate cancer [32] and thyroid cancer [33]. *e
mutation data of both types of cancers are accessed from the
cBioPortal database [34], which offers a web resource for
cancer genomics data. *e cancer driver attribute annota-
tions of genes are collected from the COSMIC Cancer Gene
Census database [35], which provides well-curated cancer
driver genes that have been widely acceptable in tumori-
genesis field.

3.1. Result Evaluation for STRINGNetwork. When we apply
our model on the 12233 genes in the STRING network, our
model firstly yields the joint dimension features of mod-
ularity subspace and reduced dimensions of data from the
combination of network data and cancer mutation data.
*e learnt joint dimension features are then used in the
training of the probabilistic concept learning for driver
attributes. Here, we utilize tenfold cross validation that
approximately evenly splits the driver annotation of genes
into ten groups without any overlap [36]. Lastly, the av-
erage performance of driver attribute filling results in
different folds that are used in the evaluation study. We also
apply two sorts of previously published methods ReMIC
[12] and MUFFINN [13] as compared methods in the
performance evaluation, both of which are based on

network propagation of mutation frequencies, and their
input data are also interaction network and cancer mu-
tation data. Detailly, we compare our model with the three
versions of ReMIC, where the diffusion parameters are 0.01,
0.02, and 0.03 as suggested in their applications [12].
Meanwhile, the two versions of MUFFINN are also rec-
ommended as DNmax and DNsum [13], which calculate
the effect from gene’s direct neighbours by maximum and
summation, respectively. Finally, we compare the results of
our model and the other two methods for performance
evaluation.

Here we use the Receiver Operating Characteristic
(ROC) curve [37] to evaluate the performance achieved by
our model and other compared methods. In the evaluation
of ROC curves, the y-axis represents the sensitivities under
different threshold, where sensitivity is the fraction of the
identified drivers in all known drivers, while the x-axis
denotes the 1 minus specificity under different threshold,
where specificity is the fraction of the identified nondrivers
in all known nondrivers. When we draw the ROC curves of
the three methods in the application of STRING network
and prostate cancer data, we can get the phenomenon that
the curve of our model is located at the top left of those of
the other methods (see Figure 2(a)), which indicates that
our model achieves the best performance in the driver
attribute filling task. For example, when we examine that
the sensitivities of the compared methods under the
condition of their specificities are fixed to 0.10, the sen-
sitivities of MUFFINN-DNmax and MUFFINN-DNsum
are 21.67% and 23.33%, respectively. Also, the values of
sensitivities of the three versions of ReMIC range from
31.67% to 36.67%. In contrast, the sensitivity yielded by our
proposed model is 76.67%, higher than those of the other
competing methods. Generally, through the assessment of
ROC curves, we can observe a distinct advantage of our
methods over the others in driver attribute filling of genes
of prostate cancer.

For the results of STRING network for thyroid cancer,
we can also observe similar results that our proposed model
yields better results compared to the other compared
methods, shown in the assessment of ROC curves (see
Figure 2(b)). For example, when we investigate the sensi-
tivities of the compared methods with their specificities fixed
to 0.10, the sensitivities of MUFFINN-DNmax and MUF-
FINN-DNsum are 26.67% and 28.33%, respectively, and
those of the three versions of ReMIC range from 46.67% to
55.00%. In comparison, the sensitivity achieved by our
proposed model is 56.67%, demonstrating that our model
also outperforms the others for data of thyroid cancer
samples. Moreover, we also examine the specificities of these
methods when their sensitivities are fixed to 0.10. In this
case, the specificities yielded by ReMIC (Beta� 0.01), ReMIC
(Beta� 0.02), and ReMIC (Beta� 0.03) are 53.12%, 50.75%,
and 50.09%, respectively. MUFFINN-DNmax achieves a
specificity of 48.57%, and MUFFINN-DNsum obtains a
value of 29.57%. Here, our proposed modularity subspace
based concept learning model accesses a specificity of
70.38%, which is also greater than those of the other
compared methods. *us, we can see a distinct advantage of

Complexity 5



our model in driver attribute filling when compared with the
existing methods.

Since the Area Under the Curve (AUC) of ROC curve is a
comprehensive performancemeasurement, we also compare
the values of AUCs of our proposed modularity subspace
based concept learning model and the other methods, for
both prostate cancer (see Figure 2(c)) and thyroid cancer
(see Figure 2(d)). Specifically, in the evaluation of attribute
filling for prostate cancer, the AUC of MUFFINN-DNmax is
71.07% and that of MUFFINN-DNsum is 61.96%, and the
AUCs of ReMIC with Beta� 0.01, 0.02, and 0.03 are 69.30%,
71.42%, and 72.31%, respectively. As for our proposed
model, the value of AUC is 87.43% and is at least 20.9%
higher than those of the other methods. Meanwhile, when
we investigate the AUCs of attribute filling results for
thyroid cancer, we can find that the AUCs of MUFFINN-
DNmax, MUFFINN-DNsum, ReMIC (Beta� 0.01), ReMIC
(Beta� 0.02), and ReMIC (Beta� 0.03) are 75.03%, 64.84%,
80.10%, 80.39%, and 81.63%, respectively. In comparison,
the AUC of our proposed model reaches 86.10%, which is
higher than AUCs of all the other methods. In addition, we
also conduct ablation study on different modules in our
model for the two cancer types (see Figure S1 in the Sup-
plementary Materials). Consequently, through the applica-
tion on STRING network with mutation data of two distinct
types of cancers, we can observe the superiority of our model
compared to the existing network based methods.

3.2. Result Evaluation for iRefIndex Network. At the same
time, we also adopt the application of our model on the
12129 genes in the iRefIndex network. For mutation data of
prostate cancer, when we assess the attribute filling results of
our model and the other methods, the curve of our model is
also closer to the northwest corner of the figures (see

Figure 3(a)), showing a preferable performance over the
other compared methods. In detail, when the specificities
are fixed to 0.10, the corresponding sensitivities of different
versions of ReMIC are rounded at 34.17%, and those of
MUFFINN-DNmax and MUFFINN-DNsum are rounded
at 22.50%. In contrast, the sensitivity acquired by our
proposed model is 76.67%, which is distinctly larger than
those of the other compared methods. When the sensi-
tivities are locked at 0.10, compared to the fact that the
specificities achieved by the other methods range from
30.49% to 45.78%, our model also outperforms the other
compared methods, accessing the highest specificity of
55.85%. Generally, our model outperforms the other
existing methods in the application of iRefIndex network
with mutation data of prostate cancer.

For mutation data of thyroid cancer, when we evaluate
the performance of the competing methods via ROC curve,
we can acquire a similar phenomenon that our model ex-
hibits a clear advantage over the other compared methods
(see Figure 3(b)). Similar to the assessment above, when we
fix the value of specificities to 0.10 and compare the sen-
sitivities of these methods, our proposed method also ob-
tains the largest sensitivity among those yielded by the
others. Specifically, the sensitivity of our method is 56.67%,
compared to 26.67% of MUFFINN-DNmax, 28.33% of
MUFFINN-DNsum, 46.67% of ReMIC (Beta� 0.01), ReMIC
(Beta� 0.02), and 55.00% of ReMIC (Beta� 0.03). Likewise,
when the sensitivities of these competing methods are 0.10,
the specificity of our proposed modularity subspace based
concept learning model is 70.38%, which is also the highest
among those of the comparedmethods. Considering that the
values of the other compared method range from 29.57% to
53.12%, the value achieved by our model is at least 32.4%
higher than those of the others. Consequently, when we use
the mutation data from thyroid cancer samples, there is also
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a distinct advantage of our method with input of iRefIndex
network.

As for the comprehensive measurement AUC in the
evaluation study, the assessment results for both prostate
cancer (see Figure 3(c)) and thyroid cancer (see
Figure 3(d)) also demonstrate that our proposed modu-
larity subspace based concept learning model is superior
to the other compared methods. For the results of prostate
cancer, the AUCs obtained by MUFFINN-DNmax and
MUFFINN-DNsum are 63.78% and 52.08%, respectively,
and the AUCs yielded by different versions of ReMIC
range in the interval from 65.79% to 67.57%. In contrast,
our model achieves an AUC of 84.72%, and the value is the
largest among those of the compared methods. Mean-
while, for the results of thyroid cancer, our model also

surpasses the other competing methods with an AUC of
85.04%, where the AUCs of MUFFINN-DNmax, MUF-
FINN-DNsum, ReMIC (Beta � 0.01), ReMIC (Beta � 0.02),
and ReMIC (Beta � 0.03) are 70.71%, 55.81%, 73.34%,
74.41%, and 75.15%, respectively. *e ablation study for
the two cancer types also shows the roles of different
modules in our model (see Figure S2 in the Supplementary
Materials). *erefore, we can conclude that, for iRefIndex
network, our modularity subspace based concept learning
model exhibits a superior performance compared to the
other existing network based methods.

3.3. Functional Enrichment Analysis. To exploit the capa-
bility of cancer driver filling of our proposed modularity
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Figure 2: Performance evaluation of the compared methods on STRING network via ROC curves and AUC values. (a) ROC curve for
prostate cancer. (b) ROC curve for thyroid cancer. (c) AUC for prostate cancer. (d) AUC values for thyroid cancer.
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subspace based concept learning model, we further examine
the attribute filling results of our model on the data of the
two types of cancers. When we apply the trained model on
known drivers and mutation data of cancer samples, we can
achieve a list of genes with the probabilities of driver at-
tributes. Since the top ranked genes draw more attentions of
researchers of tumorigenesis than the other genes, we further
investigated the top twenty genes yielded by our model (see
Table S1 in the Supplementary Materials for the predicted
gene list). For the gene list of prostate cancer, we employ the
functional enrichment analysis on STRING network to find
the related specific biological functions [38]. *rough the
results of analysis, we can find that the set of genes obtained
by our model are significantly enriched for a bunch of cancer
related functions (see Table 1)). Detailly, the genes in the
results for STRING network and prostate cancer data are
highly involved in prostate cancer related functions, such as
transcriptional misregulation in cancer, enzyme binding,

sequence-specific DNA binding, and prostate cancer.
*erefore, the gene list yielded by our model demonstrates
significantly associations with known functions of prostate
cancer.

At the same time, for the results of our model on
STRING network with mutation data of thyroid cancer, we
also adopt the functional enrichment analysis [38] on the
predicted gene list (see Table S1 in the Supplementary
Materials for the gene list) and exploit the highly related
function terms (see Table 1). *e results of enrichment
analysis show that the top ranked function term is the
pathway of thyroid cancer, indicating the affinity of the
predicted genes to the corresponding cancer. *e predicted
genes are also significantly enriched for cancer related
functions such as MAPK cascade, pathways in cancer, and
central carbon metabolism in cancer, illustrating the strong
relations between the gene list and cancer progresses.
Meanwhile, when we employ functional enrichment analysis
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Figure 3: Performance evaluation of the compared methods on iRefIndex network via ROC curves and AUC values. (a) ROC curve for
prostate cancer. (b) ROC curve for thyroid cancer. (c) AUC for prostate cancer. (d) AUC values for thyroid cancer.
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on the result of iRefIndex network, we can also obtain
similar phenomena for samples of both prostate cancer and
thyroid cancer. *e details of the gene lists (Table S1 in
Supplementary Materials) and the enriched function terms
(Table S2 in SupplementaryMaterials) on iRefIndex network
also show high association with functions of the two types of
cancers.

4. Discussion and Conclusions

In gene interaction network, the aberrations of a gene can
influence the functions of it and its interacting genes, both of
which contribute to the development of cancer. Although
there are many successes achieved by previous methods
based on network properties of gene nodes and network
propagation of mutation frequencies, there are still obstacles
in the task of cancer driver attribute filling of genes. Spe-
cifically, the number of mutation samples of cancer patients
is rather small when compared with the large scale of
network, and this phenomenon causes the issue of curse of
dimensionality. *e existence of driver genes without dis-
tinct network property and high propagation influence of
neighbours also leads to the missing attributes of driver
genes in results of previous methods. To tackle these ob-
stacles, we propose a novel modularity subspace based
concept learning model, which can learn the modularity
features of gene nodes beyond the network neighbours and
reduce the feature dimensions to circumvent the curse of
dimensionality. When we evaluate the performance of our
model and those of the other compared methods on two
gene interaction networks from independent sources, we can
observe a distinct advantage of our proposed model in the
driver attribute filling task. *e enrichment analysis also

shows the high correlation between the results of our model
and the cancer related functions.

To seek the potential explanations of the improvement
achieved by our proposed modularity subspace based
concept learning, we can mainly conclude the following:
information compensation, modularity feature, and di-
mension reduction. *e first explanation is that we com-
pensate the information from both gene interaction network
and mutation data of cancer samples, by which we can
incorporate the advantage of fusing the information from
distinct independent sources. *e second explanation is that
we explore the features of genes from network neighbours
and mutation frequencies to the modularity memberships of
genes, by which we can break the limitation of the existing
features of gene node in interaction network. *e third
explanation is that we employ the idea of dimension re-
duction on both the gene interaction network data and the
mutation data of cancer samples, by which we can cir-
cumvent the negative effect of curse of dimensionality
caused by the small sample problem. Based on the three
concerns in this study, the results yielded by our proposed
model demonstrate a superior performance compared to the
existing compared methods, indicating its effectiveness in
the task of driver attribute filling of genes.

In future work, there is still some room for improve-
ment of our proposed model. One promising improvement
is compensating more information from the data beyond
interaction network and genomic mutation data, that is,
integrated information from multiomics data such as
transcriptome [39, 40], epigenome [41], and proteome [42].
Another point is the consideration of effect from delete-
rious synonymous variants into the framework of our
model, that is, regarding the mutation types with more

Table 1: Functional enrichment analysis results of our proposed model on STRING network. (a) Enrichment results of prostate cancer. (b)
Enrichment results of thyroid cancer.

a Function term p value
1 GO:0033148: positive regulation of intracellular estrogen receptor signaling pathway 4.86E− 05
2 hsa05202: transcriptional misregulation in cancer 1.42E− 04
3 GO:0019899: enzyme binding 2.89E− 04
4 GO:0043565: sequence-specific DNA binding 1.52E− 03

5 GO:0001077: transcriptional activator activity, RNA polymerase II core promoter
proximal region sequence-specific binding 1.59E− 03

6 GO:0003700: transcription factor activity, sequence-specific DNA binding 2.06E− 03
7 GO:0005634: nucleus 5.58E− 03
8 GO:0060740: prostate gland epithelium morphogenesis 7.48E− 03
9 GO:0060736: prostate gland growth 8.55E− 03
10 hsa05215: prostate cancer 9.83E− 03
b
1 hsa05216: thyroid cancer 4.21E− 10
2 GO:0000165: MAPK cascade 1.49E− 04
3 hsa05200: pathways in cancer 2.06E− 04
4 GO:0005801: cis-Golgi network 7.75E− 04
5 hsa05219: bladder cancer 1.84E− 03
6 hsa05213: endometrial cancer 2.95E− 03
7 hsa05221: acute myeloid leukemia 3.42E− 03
8 hsa05223: non-small cell lung cancer 3.42E− 03
9 hsa04730: long-term depression 3.91E− 03
10 hsa05230: central carbon metabolism in cancer 4.44E− 03
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precise resolution [43, 44]. In addition to genes in coding
regions, our model is also potentially applicable for the
analysis of attribute filling of noncoding regions in bio-
informatics [45]. Furthermore, incorporating the tech-
nique of recent advanced artificial intelligence is also a
promising direction for improvement [46, 47]. *e
framework of our model also illustrates the potential in
application in various fields beyond gene interaction net-
work analysis, such as hydrological models [48, 49], cat-
alytic activity models [50, 51], and spectroscopy analysis
[52, 53]. Last but not least, incorporating cancer samples
with larger size into the analysis of gene’s roles in inter-
action network is also a promising orientation for the task
of driver attribute filling of gene nodes [54].

In conclusion, our proposed modularity subspace based
concept learning model is capable of effectively compen-
sating the information of gene interaction network and
cancer mutation data and reducing the feature dimensions
to circumvent the curse of dimensionality resulting from
small sample problem in the attribute concept learning of
cancer driver gene. *e effectiveness of attribute filling of
gene nodes of our model has been systematically evaluated
through the application on two interaction networks.
Considering the distinct performances, our model shows a
promising potential in the analysis of cancer driver genes
from interaction network, facilitating the comprehensive
understanding of tumorigenesis.
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Table S1: predicted gene lists of our proposed model on
STRING network and iRefIndex network for data of prostate
cancer samples and thyroid cancer samples. Table S2:
functional enrichment analysis results of our proposed
model on iRefIndex network. (a) Enrichment results of
prostate cancer. (b) Enrichment results of thyroid cancer.
Figure S1: ablation study on modules in our model for
STRING network. *e red-dashed lines represent the AUCs
for cases of all modules, and the four bars denote the AUCs
for cases of random ablation of three-fourths of modules. (a)

Prostate cancer samples. (b) *yroid cancer samples. Figure
S2: ablation study on modules in our model for iRefIndex
network. *e red-dashed lines represent the AUCs for cases
of all modules, and the four bars denote the AUCs for cases
of random ablation of three-fourths of modules. (a) Prostate
cancer samples. (b) *yroid cancer samples. Supplementary
text: details of hyperparameter settings of our proposed
model. (Supplementary Materials)
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