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ABSTRACT Objective: Long non-coding RNAs (lncRNAs) have been shown to be associated with the
pathogenesis of different kinds of diseases and play important roles in various biological processes. Although
numerous lncRNAs have been found, the functions of most lncRNAs and physiological/pathological sig-
nificance are still in its infancy. Meanwhile, their expression patterns and regulation mechanisms are also
far from being fully understood. Methods: In order to reveal functional lncRNAs and identify the key
lncRNAs, we develop a new sparse independence component analysis (ICA) method to identify lncRNA-
mRNA-miRNA expression co-modules based on the competitive endogenous RNA (ceRNA) theory using
the sample-matched lncRNA, mRNA and miRNA expression profiles. The expression data of the three RNA
combined together is approximated sparsely to obtain the corresponding sparsity coefficient, and then it is
decomposed by using ICA constraint optimization to obtain the common basis and modules. Subsequently,
affine propagation clustering is used to perform cluster analysis on the common basis under multiple running
conditions to obtain the co-modules for the selection of different RNA elements. Results: We applied sparse
ICA to Liver Hepatocellular Carcinoma (LIHC) dataset and the experiment results demonstrate that the
proposed sparse ICA method can effectively discover biologically functional expression common modules.
Conclusion: It may provide insights into the function of lncRNAs and molecular mechanism of LIHC.

INDEX TERMS Sparse ICA, lncRNA, ceRNA, co-expression modules, LIHC.
Clinical and Translational Impact Statement—The results on LIHC dataset demonstrate that the proposed
sparse ICAmethod can effectively discover biologically functional expression common modules, which may
provide insights into the function of lncRNAs and molecular mechanism of LIHC.

I. INTRODUCTION
Long noncoding RNAs (lncRNAs) refer to RNA transcripts
with a length of more than 200 nucleotides and no significant
protein-coding ability [1], whichwere once regarded as a kind
of transcription ‘‘noise’’ RNA with no biological functions.
However, in recent years, more and more studies have shown
that many lncRNAs are not transcriptional noises but major
regulatory factors that affect the expression levels of dozens
or even hundreds of target genes and play an important role

in various biological processes such as transcription, splicing
and translation, especially in a variety of tumors [2], [3], [4].
For example, lncRNA can be used as a biomarker for the diag-
nosis and prognosis of lung adenocarcinoma [5]. Compared
with protein-coding genes, lncRNAs show superior potential
in diagnosis and prognostic markers.

In addition, lncRNA is also believed to be involved in
the pathogenesis of many diseases, including liver can-
cer [6], [7], [8]. For example, the lncRNA HULS has

384
This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

VOLUME 11, 2023

https://orcid.org/0000-0002-4009-2849
https://orcid.org/0000-0002-9035-8078
https://orcid.org/0000-0003-1252-8200
https://orcid.org/0000-0002-6842-8340


Y. Shi et al.: Sparse ICA for ceRNA Co-Module Identification

been found to be involved in tumorigenesis and serves as
an endogenous sponge that inhibits the miRNA-372 and
reduces miRNA-372-mediated translational repression of
PRKACB in liver cancer [9]. BCYRN1 was found to regulate
some cancer-related pathways through the lncRNA-miRNA-
mRNA network and promote the occurrence of hepatocellu-
lar carcinoma (HCC), thus providing a new perspective for
exploring the pathogenesis of HCC as a potential diagnostic
and prognostic biomarker [10]. LncRNA KCNQ1OT1 has
been found to play an important role in tongue squamous cell
carcinoma (TSCC) growth and chemotherapeutic resistance
and can be used as a new target for the treatment of TSCC
[11]. However, due to the rapid development of lncRNAs,
the role of lncRNA-related activities and their corresponding
module patterns in physiological and pathological conditions
remains unclear.

There are many known mechanisms by which lncRNA can
play a role. Among them, more and more information show
that lncRNA is involved in regulating tumor progression and
tumor biological behavior through interaction with miRNAs
or mRNAs [12], [13], [14]. In 2011, Salmena et al. proposed
a competing endogenous RNA (ceRNA) hypothesis, which
described a complex post-transcriptional regulatory network,
including lncRNA, mRNAs and other types of RNA [15].
LncRNAs interact with miRNAs through miRNA binding
sites (MREs) to regulate gene expression, and several exper-
imental studies have confirmed this hypothesis [16], [17],
[18]. For instance, Zhou et al. described the gene regulation
by lncRNA-miRNA-mRNA ceRNA network in the progres-
sion TSCC, and proposed a new lncRNA-associated ceRNA
that could help in the diagnosis and treatment of TSCC [19].
In addition, a large amount of evidence indicates that ceRNA
has crosstalk in various cellular behaviors, and its disturbance
can lead to the occurrence of diseases [20].

Although thousands of lncRNAs have been found and
documented in public databases such as GENCODE, NON-
CODE and LNCipedia, the functional characterization of
lncRNAs is still in its infancy. So far, only a few lncRNAs
have been well functional commented [21], [22]. Consider-
ing the large number of lncRNAs and limited knowledge,
we expected that functionally related lncRNAs would nor-
mally be associated with functionally related mRNAs or
miRNAs, which have been demonstrated in several diseases
[23], [24], [25], but most have not yet been functionally
characterized. It is extremely expensive and laborious to
experimentally determine the functional role of lncRNA in
cancer. Therefore, it is very important to study the functional
properties and tumor-specific lncRNA expression patterns of
lncRNA by computational methods.

In this study, we proposed a new sparse ICA method to
identify the co-modules of three RNAs, including mRNA,
miRNA and lncRNA on the same set of samples. Firstly,
the expression matrix of the three RNA combined together
was approximated sparsely to obtain the corresponding spar-
sity coefficient, and then it was decomposed by using ICA
constraint optimization to obtain the common basis and

modules. Subsequently, affine propagation clustering (APC)
was used to perform cluster analysis on the common basics
under multiple running conditions to obtain the co-modules
for the selection of different RNA elements. Finally, we eval-
uated the performance of this method and the results demon-
strated its validity for the three RNA data analysis, which had
a high correlation between the decomposition results and the
original RNA expression data.

Liver Hepatocellular Carcinoma (LIHC) is one of the most
common cancers in the world. Although great progress has
been made in the research of liver cancer in recent years [26],
[27], [28], its mechanism is still unclear, and novel and more
effective biomarkers need to be explored for early diagno-
sis. Therefore, we applied the proposed sparse independence
component analysis (ICA) to analyze three types of RNA data
in LIHC patients, committed to identifying the differential
expression of lncRNAs, miRNAs and mRNAs in LIHC, and
construct a ceRNA network, so as to reveal their potential
interaction in LIHC, and to find new targets and pathways for
the development of therapeutic methods and the prolonging
of patients’ survival time. The results suggested that specific
lncRNAs were related to the occurrence and development
of LIHC, in which 6 lncRNAs were significantly related
to LIHC patient survival, which could be used as potential
diagnostic biomarkers and therapeutic targets for LIHC.

II. MATERIALS AND METHODS
In this section, the relevant knowledge and detailed calcula-
tion process for sparse ICA and module elements selection
will be described, respectively.

A. DATA PREPARATION
The LIHC transcript data and miRNA sequencing data
were downloaded from The Cancer Genome Atlas (TCGA)
database (https://cancergenome.nih.gov/) and then isolated
lncRNA and mRNA data from the transcript data. Consider-
ing the method used in this study required that the three types
of RNA data had the same dimensionality, that is, the number
of samples corresponding to the three types of RNA data
was the same. We systematically collected 20060 mRNAs,
1448 miRNAs and 7305 lncRNAs across 374 tumor samples
and 50 control samples, which were denoted as three expres-
sion matrices. The detailed clinical information is showed in
TABLE 1.

B. INDEPENDENT COMPONENT ANALYSIS
ICA is a technology developed in the study of blind signal
separation, which assumes that the observed signals X =

(x1, x2, · · · , xm)′ is a linear mixture of independent source
signals S = (s1, s2, · · · , sn)′. Then the ICA model can be
expressed as

X = A · S (1)

where A denotes a mixing matrix that mixes the indepen-
dent source signals to generate the observed signals. The
goal of ICA is to estimate an unmixing matrix W such that
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TABLE 1. Clinical information of patients.

Y = (y1, y2, · · · , yn)′ is a good approximation to the true
sources S.

Y = W · X (2)

The most commonly used ICA algorithms include Infor-
max, FastICA and so on [29].

C. AFFINE PROPAGATION CLUSTERING
The specific framework of basic APC algorithm is presented
in [30], which uses each data point as a potential cluster
center, and then computing the similarity between each pair
of data points. There are two kinds of message transmitted
between data points: one is called ‘‘responsibility’’ r (i, k),
which represents the fitness of data point xi as centroid of
data point xk ; and the other is availability a (i, k), which refers
to the degree of data point xi chooses data point xk as its
centroid.

Generally, if the sum of the attractiveness of a data point to
other data points and the sum of the belongingness of other
data points to this point is relatively large, then the data point
is more likely to become a centroid. On the contrary, if the
sum of the attractiveness of data points to other data points
and the sum of the belongingness of other data points to this
point is relatively small, then the probability of this point
becoming a centroid is also relatively small.

D. SPARSE ICA
In this study, the sparse ICA method is proposed to identify
the co-modules of mRNA, miRNA and lncRNA of 374 tumor
samples, in which the three RNA expression profiles are
respectively denoted as X1, X2 and X3 for the same set of
samples. As a data-drivenmatrix decompositionmethod, ICA
is a blind source separation method based on higher order
statistical moments. The purpose of ICA is to decompose
observed multivariate data into statistically independent and
non-Gaussian source components. It has been widely used in
mining and studying independent source components in var-
ious signal analysis. However, few studies have been directly
applied to RNA gene expression data analysis. This study
is aiming to identify competitive endogenous RNA common
modules related to liver cancer from lncRNA-mRNA-miRNA

data. From the perspective of data analysis, this is a matrix
decomposition problem. For example, NMFmethod has been
widely used in the analysis process of common modules.
Therefore, ICA can be used to mine the common module
information coefficient matrix of genes. In the following, they
are cascaded as X = (X1,X2,X3) along the RNA expression
dimension, and then it can be decomposed into the common
basis matrix A and module matrix S = (S1, S2, S3) according
to the ICA definition as follows:

(X1,X2,X3) = A · (S1, S2, S3) (3)

where S1, S2 and S3 represent the corresponding module
matrices for mRNA, miRNA and lncRNA, respectively. Each
column in A corresponds to each row in S. Because A and S in
(1) are unknown, their analytic solutions cannot be obtained.
Therefore, the goal is to obtain an inverse matrix W of A
by using the constraint optimization method according to
the independence assumption in the process of ICA solution,
so that Ŝ = W · X is a better approximate solution to S.
In addition, compared with all the genes that can be

obtained, the dominant expression genes in the pathway
corresponding to the common module are very few, thus
presenting a certain sparsity, indicating that sparsity may be
more consistent with the essential attribute of gene expres-
sion. As the most representative linear representation method
of data, sparse representation has been successfully applied
in the field of signal processing. At the same time, some
researches show that it can significantly improve the anal-
ysis performance of ICA when considering sparsity in the
calculating process [31]. Moreover, it is useful to obtain
easily interpretable solutions by incorporating sparse con-
straints into decomposition of the RNA profile matrix [32].
Therefore, sparse approximation is firstly implemented in the
proposed sparse ICA algorithm, which is used to obtain the
sparse approximation coefficients. Based on the framework
of sparse representation with a given dictionary 8, the sparse
approximation process of observation data X is expressed as:

X = CX · 8 (4)

where the dictionary8 can be a set of bases on the data space,
such as wavelet bases or Fourier bases, and also can be gained
through different algorithms on X training, such as K-SVD.
Then the sparse approximation process of module matrix S
under 8 can be expressed as

S = CS · 8 (5)

According to the sparse theory, we can obtain the following
formula from (3), (4) and (5) when an appropriate dictionary
8 is determined, namely:

CX ≈ A · CS (6)

The wavelet analysis method is adopted to obtain sparse
expression in this study [33], including wavelet tree node
decomposition, sparsity measuring, sparsity quality and opti-
mal sparse nodes selection. Because only the sparse coeffi-
cient CX of X can be obtained in the situation that only X and
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dictionary 8 are known, so that (6) is the classical problem
of blind source separation. Therefore, the solving of blind
source separation problem of RNA expression profiles data
X in (3) is converted to the solving of blind source separation
problem of the sparse approximation coefficients CX in (6),
which can be modeled in the ICA framework as a constrained
optimization problem as follows:

Maximize J (w) ≈ {E [G (w)] − E [G (v)]}2

Subject to h (w) = E
[
w2

]
− 1 = 0 (7)

where w is a column vector of W , J (w) is the contrast func-
tion used to measure the independence, and the approxima-
tion of negentropy is used as J (w) in this study. E [·] denotes
the expectation operator. G (·) = log (cosh (v)) is a non-
quadratic function, in which v is a Gaussian random variable.
The equality constraint h (w) is used to compel the output
signal have a unit covariance. To solve this optimization
problem, the inequality constraint is transformed into equality
constraint, ĝ (w) = g (w) + c = 0 via introducing a slack
variable c. Then, the augmented Lagrange method is utilized
to search for the solution by fixed-point learning algorithm for
the optimization problem (7), and the detailed solving process
can be found in [34].

E. MODULES ELEMENTS SELECTION
Once obtaining the inverse matrix W, the common basis A
and module matrix S are obtained. In order to obtain stable
expression elements of the three types of RNA in this study,
the sparse ICA method mentioned above is first running
20 times on the three types of RNA expression profiles
data for the same samples, and then the corresponding basis
matrixes and module matrixes are obtained for each time,
respectively. Next, APC is used to perform cluster analysis on
the basis matrixes of 20 times, in which the column vectors of
each matrix used as the input data, and the centroid labels are
obtained. According to the correspondence between columns
of basis matrix and rows of module matrix in ICA, the
row co-modules corresponding to the coefficient matrix S
are obtained according to the centroid label in the cluster
results.

Specifically, the number of modules used in the LIHC
data analysis in this study is 40, so that the basis matrixes
of 20 times contain 20 ∗ 40 = 800 column vectors used
as the input data in the cluster analysis. Then, two clusters
are obtained through APC, and each cluster represents a
co-module. When each co-module is z-scored, the threshold
value of 0.05 is used to select the significance RNA ele-
ments corresponding to three types of RNA elements in each
co-module, and then the intersection of significance RNA ele-
ments corresponding to different clusters is further calculated
as the final result for the follow-up functional analysis. The
analysis steps of this study introduced in section II-B and II-C
are shown in Fig. 1.

FIGURE 1. The flowchart of the sparse ICA method included different
RNA data integration, sparse approximation coefficients formation and
ICA decomposition and reconstruction, as well as co-module
identification and functional analysis in LIHC.

III. RESULTS AND ANALYSIS
In this section, we will first present the performance evalu-
ation results of the proposed sparse ICA method, and then
present the RNA analysis results of patients with LIHC.

A. PERFORMANCE EVALUATION OF SPARSE ICA
In order to better understand the relationship between differ-
ent RNAs in LIHC, three types of RNA raw count data after
normalization from LIHC samples were used as the input
data of sparse ICA decomposition, and obtained 40 mod-
ules. Afterwards, the histogram of sample-wise correlations
of original and reconstructed miRNA, mRNA and lncRNA
profiles across 424 samples were constructed to evaluate the
performance of the proposed sparse ICA method, as shown
in Fig. 2.

For these 40 modules, we first calculated the correlation
between the products of ASi (i = 1, 2, 3) after decomposi-
tion and the original RNA data matrix Xi (i = 1, 2, 3). The
average correlations of miRNA, lncRNA and mRNA were
0.87, 0.88 and 0.99 respectively, as shown in Fig. 2A. On this
basis, after randomly selecting three RNA data from three
samples, we plotted the correlation between the reconstructed
matrix and the original matrix in Fig. 2B. It is obvious that
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FIGURE 2. The evaluation results of sparse ICA performance.
A) Histogram of sample-wise correlations of original and reconstructed
miRNA, lncRNA and mRNA profiles across 424 samples, and the red line
represents the standard deviation; B) Original data are plotted against
the reconstructed miRNA, lncRNA and mRNA profiles with their
correlation coefficients for three samples.

the differences between the reconstruction matrix and the
original matrix were small, which proved the robustness and
effectiveness of the proposed sparse ICA method.

B. INFERRING BIOLOGICAL FUNCTIONS FOR CO-MODULE
The co-module included 395 mRNAs, 1350 lncRNAs and
251 miRNAs. In order to verify whether the co-module is
related to cancer or LIHC, those differentially expressed (DE)
mRNAs and miRNAs with P value less than 0.05 and
|log2FC| more than 2 are applied to perform the Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment
analysis and Gene ontology (GO) enrichment analysis using
the clusterProfiler R package [35] and DIANA-miRPath
v3.0 software [36], where several significant pathways and
biological processes with P value less than 0.05 shown in
Fig. 3A and Fig. 3B. Moreover, DisGeNET [37] is applied
to perform the disease enrichment analysis on DE mRNAs
and mRNAs regulated by DE miRNAs, as shown in Fig. 3C
and Fig. 3D.
The enrichment analysis revealed that the identified

co-module is significantly enriched in a variety of KEGG
pathways and GO terms, some of them have been reported
to be involved in liver cancer. The single most striking obser-
vation to emerge from the figures is that both mRNA and
miRNA are enriched in the pathways or biological processes
related to fatty acid, such as fatty acid degradation, fatty acid
biosynthesis, long-chain fatty acid metabolic process, etc.
The previous study has found that cholesterol biosynthesis
supports the growth of hepatocarcinoma lesions depleted of
fatty acid synthase in humans [38]. The coding genes targeted
by DE miRNAs are also enriched in pathways in cancer and
p53 signaling pathway, all of which have been proved to be
closely related to the growth of liver cancer cells [39]. Further
analysis of disease enrichment reveals that the top rankings

are tumor-related diseases and liver-related, such as liver
cirrhosis, liver carcinoma and neoplasms, etc. These findings
suggest the effectiveness of sparse ICA in identifying LIHC-
specific co-modules that involved in multiple cancer-related
cellular processes and signaling pathways.

C. CeRNA NETWORK CONSTRUCTION VIA
DIFFERENTIALLY EXPRESSED lncRNAs
So far, we know that many lncRNAs have been found dur-
ing tumor development, but it is not clear what its func-
tion is. This study aims to use the ceRNA network to help
researchers better understand the interaction mechanisms
between lncRNAs and two other RNAs. The ceRNA network
mainly explores the regulation and competition relation-
ship of differential molecular composition. We first calculate
significantly differentially expressed lncRNAs, mRNAs and
miRNAs using the Deseq2 R package [40], and then use the
mircode database [41] to find all thematching information for
DE lncRNA, that is, miRNAs relate to DE lncRNAs. In order
to find the targeted genes related to differentially expressed
miRNAs, the starbase database [42] is applied to perform
3p and 5p annotation on miRNAs. For the labeled miR-
NAs, the corresponding regulatory genes are matched from
three databases, includingmiRDB [43], miRTarBase [44] and
TargetScan [45]. Finally, the ceRNA network related to DE
lncRNAs is constructed using the relationship between three
types of RNAs, as shown in Fig. 4A. Furthermore, in order to
verify whether these lncRNAs in ceRNA are related to liver
disease, the lncRNA-disease information is downloaded from
the lncRNA disease v2.0 [46]. Interestingly, 26 lncRNAs can
be found in this database, all of which are associated with
liver-related diseases, as shown in Fig. 4B.

In this study, ceRNA includes 46 lncRNAs, 3 mRNAs,
3miRNAs, where all lncRNAs, mRNAs and 1 miRNA are
significantly differentially expressed. Previous studies sug-
gested that transfer of miR-25-3p by CHB-PNALT-Exo pro-
moted the development of liver cancer by inhibiting the
co-expression of TCF21 and HHIP [47]. Although there is
no significant difference between the expression levels of
miRNA-222 and miRNA-218, recent studies have demon-
strated that miR-222 is a potential target in the quest for
a cure for human liver fibrosis, and MNX1-AS1 promoted
the malignant properties of HCC through targeting miR-218-
5p/COMMD8 pathway [48], [49]. In addition, the previous
study suggested that KLF9 significantly increased p53 sta-
bility in hepatocellular carcinoma cells and pharmacolog-
ical or genetic activation of KLF9 may have potential in
the treatment of LIHC [50]. The iTRAQ-based proteomics
also reveals SOD2 as a potential salivary biomarker in liver
cancer [51]. Moreover, most lncRNAs are associated with
LIHC. For example, a previous study showed that HULC
acted as a competing lncRNA to sequester miR-186 and
thereby relieved miR-186-mediated HMGA2 repression in
liver hepatocellular carcinoma [52]. The plasma MALAT1
level is associated with liver damage, and has clinical utility
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FIGURE 3. Biological function enrichment of co-module. A) KEGG pathway enrichment analysis and GO enrichment analysis of
DE mRNAs. The horizontal axis represents the gene ratio in the enriched pathway or GO biological process. Circle nodes and
triangle nodes represent GO and KEGG pathway, respectively. The size of nodes denotes the number of genes in enrichment
sets and the color of nodes denotes the significance of results; B) KEGG pathway enrichment analysis and GO enrichment
analysis of DE coding genes regulated by DE miRNAs. Row represents the average number of genes regulated by each RNA.
C) Disease enrichment analysis of DE mRNAs. The horizontal axis and the color of bar denote the significance of results.
D) Disease enrichment analysis of mRNAs regulated by DE miRNAs. The horizontal axis and the color of bar denote the
significance of results.

FIGURE 4. A) CeRNA network constructed by using the co-module, the color of nodes represents the expression change of RNA
compared to control samples, and Red (blue) indicates a significant increase (decrease). Round rectangle node represents
miRNA, ellipse node denotes mRNA and diamond node represents lncRNA. The edge denotes the regulatory relationship
between the two types of RNA; B) The association of lncRNAs and liver-related diseases from lncRNA disease database.

for predicting the development of liver hepatocellular carci-
noma [53]. The shreds of evidences reveal the elements of
ceRNA constructed by the co-module are closely associated
with LIHC.

D. COX REGRESSION AND SURVIVAL ANALYSES FOR
ceRNA IDENTIFIED BY CO-MODULE
The above analysis has revealed that the identified ceRNA
co-module is closely associated with liver hepatocellular

carcinoma. Hence, the co-module can be looked upon as a
signature to inquire into the prognostic value of lncRNAs.
The LnCeVar website [54] is applied to study the survival
status of ceRNA interaction. After performing cox regression
analysis and Kaplan-Meier survival analysis on all interac-
tions of RNAs in ceRNA network, we find that 6 lncRNAs are
significantly related to survival LIHC patient survival, includ-
ing LINC00311, ZNF503-AS1, C5orf17, NEAT1,MEG3 and
LINC00242. Also, all lncRNAs have proved to be associated
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FIGURE 5. The survival status of ceRNA interaction in LIHC. A) Forest plot of multivariable Cox regression analysis.
The boxes on the transverse lines show the hazard ratio (HR), and the transverse lines represent 95% confidence
interval (CI); B) Kaplan-Meier survival analysis for ceRNA interaction. CeRNA1 denotes the interaction of LINC00311,
hsa-miR-218-5p and KLF9; CeRNA2 denotes the interaction of LINC00311, hsa-miR-222-3p and SOD2; CeRNA3
denotes the interaction of NEAT1, hsa-miR-222-3p and SOD2; CeRNA4 denotes the interaction of C5orf17,
hsa-miR-222-3p and SOD2.

with LIHC in previous analysis. Surprising, three lncRNA-
miRNA-mRNA relationships are discovered to be signifi-
cantly related to LIHC patient survival, as shown in Fig. 5.
By multivariate Cox proportional hazards regression anal-

ysis, we find that the high expression of NEAT1 and the
low expression of LINC00311, C5orf17 are associated with
the poor overall survival of LIHC patients. Interestingly,
there is no significant association between the expression of
three miRNAs and two mRNAs in ceRNAs, but the high
expression of ceRNAs is related to poor overall survival of
LIHC patients. This evidence illustrates that these lncRNAs
may affect the expression of related miRNA and mRNA and
then affects the expression of downstream molecules. It also

suggests that these lncRNAs or ceRNAs may be regarded as
prognostic-related signatures for LIHC. These above obser-
vations indicate that the ceRNA co-module identified by
sparse ICA may be potential biomarkers for the survival of
LIHC patients.

E. COMPARISON WITH OTHER ALGORITHMS
Various algorithms have been developed for CeRNA network
construction methods, mainly based on the jNMF model,
such as SNMNMF algorithm [32], MCNMF [55], MDJNMF
algorithm [56] and NSOJNMF algorithm [57]. However, all
of these algorithms use a variety of prior information to con-
struct the objective function. Prior knowledge is considered
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TABLE 2. Comparison with joint NMF model.

to have the effect of driving the model decomposition within
the model and improving the reliability of the results, and
therefore cannot be fairly compared. In addition, models
with multiple constraints are more dependent on the choice
of parameters, and the random initialisation approach also
causes the algorithms to be irreducible. Therefore, this paper
compares the SparseICA algorithm with the JNMF model
[58] without the use of prior knowledge, including the effi-
ciency of the decomposition of different data, measured by
the average correlation. Secondly, the time of model opera-
tions is calculated, as shown in TABLE 2.

The number of components of JNMF in TABLE 2 is con-
sistent with the settings of the SparseICA algorithm. From
TABLE 2, it can be seen that the SICA algorithm used in this
paper is weaker than JNMF in terms of model decomposition
efficiency in general due to the JNMF algorithm, especially
in lncRNA and mRNA, and in miRNA due to the fact that
miRNA itself is more, and the sparsity constraint of Spar-
seICA enhances the sparsity property of the miRNA matrix
decomposition process. In terms of time cost, SparseICA is
less time consuming in the same hardware environment.

IV. DISCUSSIONS
As a classical method for blind source separation, ICA is
based on higher-order statistical moments, and its purpose
is to decompose the observed multivariate data into the
sources which are assumed statistically independent and non-
Gaussian, and it has been successfully applied to the data
analysis in various fields and to find the underlying inde-
pendent sources. But as far as we know, it has not yet been
used for the analysis of RNA expression data. Therefore, this
is the first time for us to apply this method to the analysis
of RNA expression, and the evaluation results show that the
performance of this method is effective, and some significant
results have obtained through it in the analysis of RNA data
in patients with liver cancer.

Since the regulatory relationship between mRNA, miRNA
and lncRNA in patients with liver cancer has its own speci-
ficity, thus presents a certain degree of independence, which
is the reason that ICA is adopted in this paper. In addition to
independence, current ICA studies also tend to consider spar-
sity. For liver cancer, the number of RNA elements regulated
between mRNA, miRNA and lncRNA is small compared
with the respective total number of RNA, so the module
matrix obtained by the proposed sparse ICA method also
presents certain sparsity. Therefore, the wavelet sparse anal-
ysis method is first used to conduct sparse approximation for

the expression matrices of three types of RAN in the sparse
ICA method.

Furthermore, in order to reduce the redundant information
contained in the sample data and the size of the sample
dimensions, as well as the complexity of subsequent calcu-
lations, PCA is first used to conduct dimensionality reduc-
tion processing on the data before the sparse approximation
expression of sample data is carried out in this paper, and the
dimension size after dimensionality reduction is determined
according to the contribution rate of principal components in
the PCA. In this study, the number of components with a con-
tribution rate of more than 90% is selected as the dimension
size after dimension reduction, and 40 principal components
are selected in the results.

In addition, the APC algorithm was adopted to obtain the
final co-modules of the three RNA from the modules under
multiple running conditions in our study, and then using them
for the selection of different RNA elements. Different from
the traditional clustering methods, such as K-means which
need to determine the number of clustering in advance, APC
can determine the number of clusters adaptively. Therefore,
it overcomes the problem of pre-determining the number of
clustering in the traditional clustering method and reduces the
adverse influence brought by human subjective factors. Two
co-modules were obtained from the results of multiple runs
by APC method in this study. In the process of selecting the
significant expression elements of the three RNAs, the row
co-modules corresponding to the module matrix S obtained
by APC are z-scored by putting these three types of RNAs
together in this study. In addition, they can also be z-scored
separately, and show the same results when the three types of
RNA are z-scored together. Therefore, only the results of one
situation are presented in this study.

From the experimental results of the ceRNA construct,
we found that most of the lncRNAs competed with mRNA to
bind three miRNAs. This suggests that these miRNAs play a
key role in the development of liver cancer. This is consistent
with some existing descriptions in the literature. For example,
among miRNAs, miR-25 is highly expressed at early stages
and plays an important role in the progression of HCC, which
may be of prognostic value and facilitate the development
of novel therapeutic approaches for HCC [59]. miR-218
expression was significantly downregulated in HCC tissues
and cell lines. Gain-of-function and loss-of-function exper-
iments showed that forced expression of miR-218 in HCC
cells inhibited cell migration/invasion and reversed epithelial-
mesenchymal transition (EMT) to mesenchymal-epithelial
transition (MET), whereas deletion of miR-218 promoted
cell migration/invasion and contributed to the EMT pheno-
type [60]. Silencing of miR-218-5p inhibited activation of
the JAK2/STAT3 pathway by targeting KLF9 [61], while
KLF4, which belongs to the same family, could inhibit the
JAK2/STAT3 pathway, which in turn affects cancer cell
development [62]. Furthermore, most of the lncRNAs in
the experimental results were found to be associated with
liver disease, while the endogenous competitive relationships
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constructed by miRNA-centric had good discrimination in
patient survival curves, suggesting that the SparseICA-based
approach could be effective in constructing a ceRNA network
for HCC and could serve as a potential indicator for predicting
patient survival status.

In addition, there are still some shortcomings in this study,
including the lack of data collection, the construction of
ceRNA network not only includes lncRNA but also other
RNA molecules such as circrna, and we need to include
circrna molecules to improve the ceRNA network in future
studies. At the same time, due to the limitations of the exper-
imental equipment, biological validation of the experimental
results was not performed in this paper, which needs to be
done later. Finally, the method in this paper does not take
into account the benefit of a priori knowledge to the extent
that it cannot be fairly compared with current state-of-the-art
ceRNA construction methods. At a later stage, we will inves-
tigate a priori knowledge-driven ICAmethods to compare the
current experimental results and improve the reliability and
biological interpretability of the algorithm.

V. CONCLUSION
In this paper, a new sparse ICA method was proposed to
identify the co-module information contained in mRNA,
miRNA and lncRNA, and applied it for the three RNA
data analysis of LIHC patients. The results revealed that
ceRNA includes 46 lncRNAs, 3 mRNAs, 3miRNAs, where
all lncRNAs, mRNAs and 1 miRNA are significantly differ-
entially expressed, and the elements of ceRNA constructed by
co-module are closely associated with LIHC. Therefore, the
ceRNA co-module identified by sparse ICA may be potential
biomarkers for the survival of LIHC patients.
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