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ABSTRACT: This study was aimed at revealing the dynamic regulation of mMRNAs, long noncoding RNAs (IncRNAs), and microRNAs (miRNAs) in
hepatocellular carcinoma (HCC) and to identify HCC biomarkers capable of predicting prognosis. Differentially expressed mRNAs (DEmRNAS),
IncRNAs, and miRNAs were acquired by comparing expression profiles of HCC with normal samples, using an expression data set from The
Cancer Genome Atlas. Altered biological functions and pathways in HCC were analyzed by subjecting DEmRNAs to Gene Ontology and Kyoto
Encyclopedia of Genes and Genomes analysis. Gene modules significantly associated with disease status were identified by weighted gene
coexpression network analysis. An IncRNA-mRNA and an miRNA-mRNA coexpression network were constructed for genes in disease-related
modules, followed by the identification of prognostic biomarkers using Kaplan-Meier survival analysis. Differential expression and association
with the prognosis of 4 miRNAs were verified in independent data sets. A total of 1220 differentially expressed genes were identified between
HCC and normal samples. Differentially expressed mRNAs were significantly enriched in functions and pathways related to “plasma membrane
structure,” “sensory perception,” “metabolism,” and “cell proliferation.” Two disease-associated gene modules were identified. Among genes
in INcRNA-mRNA and miRNA-mRNA coexpression networks, 9 DEmRNAs and 7 DEmiRNAs were identified to be potential prognostic biomark-
ers. MIMAT0000102, MIMAT0003882, and MIMAT0004677 were successfully validated in independent data sets. Our results may advance our

understanding of molecular mechanisms underlying HCC. The biomarkers may contribute to diagnosis in future clinical practice.
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Background
Hepatocellular carcinoma (HCC) is one of the most frequent
and malignant types of liver cancer.»? Approximately 780000
new cases of HCC are reported each year.»3 Although the sur-
vival of HCC has been improved as a result of advances in
treatment modalities, the prognosis remains unfavorable, with
an estimated 5-year survival rate of only 12%.* Although image
technologies such as magnetic resonance imaging and con-
trast-enhanced computed tomography can provide useful
information for diagnosis and treatment, the performance of
imaging technologies remains unsatisfactory in staging and
grading HCC.> Therefore, suitable molecular predictors are
extremely needed for HCC therapy and prognosis prediction.
Cancers generally preceed along with widespread expression
alterations of both protein-coding mRNAs and noncoding
RNAs (ncRNAs).67 Recent advancements in high-throughput
sequencing have allowed for the identification of various HCC
biomarkers. For example, it has been reported that integrator
complex subunit 6 (INTS6) is significantly downregulated and
carnitine deficiency-associated gene expressed in ventricle 3

*5.Q., Q.S., and ].X. contributed equally to this work.

(CDV3) is overexpressed in HCC tissues, both of which are
indications of unfavorable survival.8?

MicroRNAs (miRNAs) and long noncoding RNAs (IncR-
NAs) are 2 major types of ncRNAs.”10 MicroRNAs are short
ncRNAs with ~20 nucleotides in length, whereas IncRNAs are
ncRNAs with more than 200 nucleotides in length.1% Both types
of ncRNAs participate in a broad range of biological processes
(BPs), such as cell proliferation, differentiation, and apoptosis. '
They primarily function through regulating gene expression by
binding mRNAs at posttranscriptional level.!' A recently pro-
posed hypothesis indicates that mRNAs and IncRNAs compet-
ing for shared miRNAs can serve as competing endogenous
RNAs for each other.!’ Accumulating evidence has underlined
the key roles of ncRNAs in tumorigenesis and their potential as
biomarkers for diagnosis and prognosis prediction. For example,
the miRNA hsa-miR-630 plays a tumor-suppressing role in
HCC, and low expression level of hsa-miR-630 is associated
with poor survival.’? In addition, the IncRNA SNHG20 is
reported to be overexpressed in HCC tissues and high expres-
sion level of SNHG20 predicts unfavorable survival 1314

To reveal the dynamic regulation of mRNAs, miRNAs, and
IncRNAs in HCC and identify prognostic markers, we first
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comprehensively analyzed the expression data of HCC and
identified differentially expressed mRNAs (DEmRNAs),
IncRNAs (DEIncRNAs), and miRNAs (DEmiRNAs)
between HCC and normal samples. Weighted gene coexpres-
sion network analysis (WGCNA) was conducted, and an
miRNA-mRNA network and an IncRNA-mRNA regulation
network were subsequently constructed to delineate the
dynamic regulation of transcriptome in HCC. Finally, a com-
bination of topological analysis and survival analysis were fur-
ther implemented to identify prognostic factors of HCC.

Materials and Methods

Data source and preprocessing

HCC expression data from The Cancer Genome Atlas was
downloaded from UCSC Xena (https://xenabrowser.net/data-
pages/).”> Gene expression data (IlluminaHiSeq pancan nor-
malized) of 421 samples (371 tumor and 50 normal samples)
and miRNA expression data (miRNA mature strand expres-
sion RNAseq) of 420 samples (371 tumor and 49 normal sam-
ples) were included in the data set. Samples with both gene
expression data and miRNA expression data were selected for
further study. In total, 414 samples (365 tumor and 49 normal
samples) matched the criterion and were used in our study.

Gene expression data were annotated according to the gene
transfer format annotation file (Release 26, GRCh38.p10)
provided by GENCODE.? Genes annotated with “protein-
coding” were considered as mRNAs, while those annotated
with “lincRNA,” “antisense,” “sense intronic,” “processed tran-
script,” “sense overlapping” “3prime overlapping ncRNA” and
“noncoding” were considered as IncRNAs.

In addition, the clinical information of the liver hepatocel-
lular carcinoma (LIHC) samples involved in our study was also
downloaded in March 2019. The clinical information included
age, sex, histological grade of the tumor, tumor-node-metasta-

sis (TNM) stage, overall survival (OS), and OS status.

Differential expression analysis

The expression data matrix of 365 tumors and 49 normal sam-
ples were normalized by betagn method of R. Based on the
normalized data set, differential expression analysis between
the tumor and normal samples was performed using limma
package (version 3.10.3, http://bioconductor.org/packages/
release/bioc/html/limma.html)'” of R and the significance was
tested by unpaired # test. The resulting Pvalue of each gene was
further adjusted by Benjamini and Hochberg (BH) method to
achieve the corresponding adj. P value. The selection criteria of
DEmRNAs, DEmiRNAs, and DEIncRNAs were|log fold
change (FC)| >1 and adj. P value <.05.

Functional annotation of DEmRINAs

Gene ontology (GO) terms enriched by DEmRNAs were ana-
lyzed by The Database for Annotation, Visualization and

Integrated Discovery (DAVID) (version 6.7, https://david-d.
nciferf.gov/).18 The resulting terms included BPs, cellular com-
ponents (CCs) and molecular functions (MFs). Kyoto
Encyclopedia of Genes and Genomes (KEGG)" pathways
enriched by the DEmRNAs were analyzed by Gene Set
Enrichment Analysis (GSEA, version 3.0, http:/software.
broadinstitute.org/gsea/index.jsp).2’ The selection criterion of
GO and KEGG terms was set as adj. P value <.05.

Weighted gene coexpression network analysis

As a method of systems biology, WGCNA describes the gene
correlation patterns across different samples.?! It could also be
used to identify potential biomarkers based on the correlations
among gene modules and correlations between modules and
phenotype.?? The WGCNA package (version 1.61, https://
cran.r-project.org/web/packages/WGCNA/)?! of R was used
to construct a weighted coexpression network, identify genes
and gene modules, and calculate topological features. Specifically,
the expression values of DEmRNAs, DEmiRNAs, and
DEIncRNAs were extracted from the expression data set and
the clinical information was integrated. The data matrix was
normalized using betagn method of R and was used as input.
Then the input data matrix was preprocessed by removing genes
with median absolute deviation (MAD) beyond 75th percentile
and MAD less than .01. In addition, missing values were
removed from the data. Pearson coefficient was first calculated
for each pair of genes, followed by defining adjacency functions
and subsequently clustering genes into different modules. The
minimum module size was set as 50. In addition, the correla-
tions between phenotype and gene modules were also calculated
and phenotype-related modules were thus obtained.

LncRNA/miRNA-mRNA coexpression network
To construct an IncRNA-mRNA network and an miRNA-

mRNA coexpression network for genes in disease-related mod-
ules, the Pearson correlation coefficient of each pair of mRNA
and IncRNA/miRNA was calculated and adjusted using the
corr. test method from the psych package in R (version 1.8.12,
https://cran.r-project.org/web/packages/psych/index.html).?3
The parameters were ci=F and adjust="BH”. The selection cri-
teria for IncRNA-mRNA and miRNA-mRNA pairs were set as
adj. P value <.05 and »=.8 or <—0.5. Based on the resulting
IncRNA-mRNA and miRNA-mRNA pairs, coexpression net-
works were constructed using Cytoscape (version 3.7.0, https://
cytoscape.org/release_notes_3_7_0.html).?

Survival analysis

The prognosis-associated information including OS and OS
status was collected. Genes with high connectivity in coexpres-
sion networks were used as candidate genes for survival analy-
sis using Kaplan-Meier method.? Specifically, the correlation
between each gene and prognosis was analyzed by stratifying


https://xenabrowser.net/datapages/
https://xenabrowser.net/datapages/
http://bioconductor.org/packages/release/bioc/html/limma.html
http://bioconductor.org/packages/release/bioc/html/limma.html
https://david-d.ncifcrf.gov/
https://david-d.ncifcrf.gov/
http://software.broadinstitute.org/gsea/index.jsp
http://software.broadinstitute.org/gsea/index.jsp
https://cran.r-project.org/web/packages/WGCNA/
https://cran.r-project.org/web/packages/WGCNA/
https://cran.r-project.org/web/packages/psych/index.html
https://cytoscape.org/release_notes_3_7_0.html
https://cytoscape.org/release_notes_3_7_0.html

Qu et al

A Volcano B

—log10(adj.P.Vval)

og2FC)

Locrastay JOUPS

normal

ORER2 1 fymor
0Rek5

NSt 4
orscss 2
G
oor18

) 2
DEFBIR

oerstr -4

OR1A1
[CLECAM
CLECG
GDF2

CLEC1B
MIMAT0000738
MIMAT0002506
MIMATO019773
IMAT0005909
PZP

MIMAT0030019

Figure 1. Screening and hierarchical clustering analysis of differentially expressed genes: (A) Volcano plot of differentially expressed genes between
tumor and normal samples. The horizontal red dash line indicated where adj. P value=.05 and the vertical red dash lines indicated wherellogFCl=1.0.
Red and green dots indicated significantly upregulated and downregulated genes, respectively. (B) Two-way hierarchical clustering analysis of top 10
upregulated and downregulated genes. Tumor and normal samples were shown as red and cyan along the horizontal bar and genes were shown along
the vertical bar. Upregulated genes were shown as red and downregulated genes were shown as green.

samples into high- and low-expression groups, based on the
median expression value of the corresponding gene. The asso-
ciation between genes and prognosis were then analyzed by
Kaplan-Meier survival plotting. Meanwhile, P value was calcu-
lated using log-rank test and genes with P<<0.01 were consid-
ered as potential prognosis-associated genes.

Validation of prognosis-associated miRINAs in
independent data set

The prognosis-associated miRNAs were further validated in
independent data sets. The expression data set of HCC was
searched in the Gene Expression Omnibus database. The dif-
ferential expression of miRNAs was validated in HCC and
normal tissues and the association of miRNAs with prognosis
was validated in HCC and matched adjacent tissues. Finally,
GSE36915, including miRNA expression data of 68 HCC and
21 nontumor liver tissues were selected for validation of dif-
ferential expression. The data set was deposited by Shih et al?®
and was based on the platform of GPL8179 (Illumina Human
v2 MicroRNA expression beadchip). GSE31384, including
166 pairs of HCC and matched noncancerous liver tissues,
were selected for prognosis validation. This data set was depos-
ited by Wei et al*” and was based on the platform of GPL14140
(CapitalBio custom Human microRNA array).

The expression data of miRNAs in GSE36915 were down-
loaded and normalized by betaqn method in R. Then, unpaired
# test was used to compare the difference of miRNAs between
tumor group and normal group. P<<.05 was regarded as signifi-
cant level.

The expression data of miRNAs in GSE31384 were
downloaded. Samples were divided into high-expression
group and low-expression group based on the median expres-
sion value of each miRNA. Kaplan-Meier survival plotting
and log-rank test were conducted. P<.05 was regarded as
significant level.

Results
DEmRNAs, DEmiRNASs, and DE/ncRNAs

The integrated data set contained expression data of 19187
mRNAs, 713 IncRNAs, and 2172 miRNAs. Differential
expression analysis showed that a total of 541 genes (397
DEmRNAs, 37 DEIncRNAs and 107 DEmiRNAs) were
upregulated and 679 genes (395 DEmRNAs,241 DEIncRNAs,
and 43 DEmiRNAs) were downregulated (Figure 1A; Table
1). Two-way hierarchical clustering was then performed based
on the expression levels of the top 10 upregulated and down-
regulated genes. As a result, the tumor and normal samples
could be completely separated (Figure 1B).
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Functional annotation of DEmRINAs

To reveal the functions and pathways involved in HCC devel-
opment and progression, functional annotation was performed
based on the DEmRNAs identified above. GO analysis using
DAVID showed that DEmRNAs were significantly enriched
in terms related to plasma membrane structure and sensory per-
ception, such as “G0:00016021~integral to membrane,”
“G0:0007186~G-protein-coupled receptor protein signaling
pathway,” “GO:0007608~sensery perception of smell” and
“G0O:0007606~sensory perception of chemical stimulus”
(Figure 2). Meanwhile, KEGG analysis using GSEA showed
that DEmRNAs were enriched in 93 terms, including 90
upregulated pathways, normalized enrichment score (NES) >0,
and 3 downregulated pathways (NES<0). These pathways

Table 1. Statistical data of genes.

were closely related to metabolism and cell proliferation, such as
“valine leucine and isoleucine degradation,” “tryptophan metab-

olism,” “fatty acid degradation,” “DNA replication,” and “p53
signaling pathway” (Figure 3).

Weighted gene coexpression network analysis

The expression data of the DEmRNAs, DEmiRNAs, and
DEIncRNAs and the clinical information of samples were
extracted and used as input for WGCNA. A total of 848 genes
were identified by WGCNA and were clustered into 3 mod-
ules (Figure 4A). The modules were designated as module
(ME)turquoise, MEgrey, and MEblue module, each contained
334,259, and 255 genes, respectively. Overall, genes belong to
the same module showed strong correlations (Figure 4B).
Besides, genes in MEturquoise showed strong correlations
with genes in MEblue, whereas genes in MEgray showed

weaker correlations with genes in other modules (Figure 4B).

MRNA LNCRNA MIRNA TOTAL L. . .
In addition, genes in MEturquoise and MEblue module
Total number 19817 713 2172 22702 showed high intraconnectivity and interconnectivity degrees,
Upregulated 397 37 107 541 whereas genes in MEgray module %o.cated at the margin of the
network and showed low connectivity (Figure 4C). Module-
Downregulated 395 241 43 679 phenotype correlation analysis showed that there was almost
Abbreviations: INcRNA, long noncoding RNA: miRNA, microRNA. no significant correlation between each module and sex or vital
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Figure 2. Gene ontology (GO) analysis: (A) The most significant GO biological processes, cellular components and molecular functions enriched by
differentially expressed mRNAs. (B) Phylogenetic tree constructed using genes enriched in GO terms in (A). GO indicates gene ontology.
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Figure 3. Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis: (A) Dotplot of the most significant KEGG pathways. The number of genes
enriched by KEGG terms was indicated by circle size. The significance was indicated by color from blue (low) to red (high). (B) Joyplot of the most
significant KEGG pathways. The significance was indicated by color from green (low) to red (high). (C and D) Enrichment plot of “aline leucine and
isoleucine degradation” (C) and “olfactory transduction” (D). KEGG indicates Kyoto Encyclopedia of Genes and Genomes.

status (Figure 4D). In contrast, MEturquoise and MEblue
modules were correlated with disease status with statistical sig-

nificance (Figure 4D).

IncRNA/miRNA-mRINA coexpression network

According to WGCNA results, genes in MEturquoise and
MEDblue modules were selected for further analysis. The cor-
relation coefficient of each pair of IncRNA-mRNA or miRNA-
mRNA and the corresponding statistical significance were
calculated. Long ncRNA-mRNA and miRNA-mRNA pairs
with significant correlations (adj. P value <.05 and r=.8 or
<-0.5) were selected to construct an IncRNA-mRNA and an
miRNA-mRNA coexpression networks. The IncRNA-mRNA
coexpression network contained 193 nodes (165 mRNAs and
28 IncRNAs) and 2208 edges (Figure 5A). Nodes with high
connectivity included small nucleolar RNA C/D Box 9
(SNORDY), corticotropin-releasing hormone binding protein
(CRHBP), C-type lectin domain family 1 member B
(CLECIB), growth differentiation factor 2 (GDF2) and olfac-
tory receptor family 5 subfamily L member 2 (OR5L2). The
network consisted of 1 major subnetwork and 3 minor

subnetworks. The major subnetwork included 25 IncRNAs. A
subnetwork contained these IncRNAs and coexpressed
mRNAs were extracted and shown in Figure 5B.

The miRNA-mRNA coexpression network contained 184
nodes (168 mRNAs and 16 miRNAs) and 1374 edges (Figure
5C). MiRNAs in the major subnetwork and coexpressed
mRNAs were extracted to construct a new subnetwork (Figure
5D). Nodes with high connectivity degree included
MIMAT0002806 (hsa-miR-490-3p), MIMAT0030021 (hsa-
miR-7706), MIMAT0019880 (hsa-miR-4746-5p), and
MIMAT0004556 (hsa-miR-10b-3p).

Survival analysis

Top 20 mRNAs in MEturquoise and MEblue modules were
selected according to connectivity degrees and were used as can-
didate genes for Kaplan-Meier survival analysis. Other candidate
genes included the 28 IncRNAs and 16 miRNAs in MEturquoise
and MEblue modules. A total of 16 genes (P<<.01), including 9
mRNAs and 7 miRNAs, were identified as potential prognostic
factors (Figure 6). These genes were beta-1,4-galactosyltrans-
ferase 3 (B4GALT3), complement component 7 (C7), CRHBP,
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Figure 6. Kaplan-Meier survival analysis of candidate genes.

Red and blue lines indicated patient groups with expression levels above and below median value, respectively.

heterogeneous nuclear ribonucleoprotein C1/C2 (HNRNPC),
NGG1 interacting factor 3 like 1 (NIF3L1), phosphatidylinositol
glycan anchor biosynthesis class U (PIGU), RNA-binding motif
protein 19 (RBM19), serine/threonine kinase 25 (STK25), tight
junction-associated protein 1 (ZJ4P1), MIMAT0002806,
MIMAT0003882 (hsa-miR-767-5p), MIMAT0004677 (hsa-
miR-34c-3p), MIMAT0019880, MIMAT0022297 (hsa-miR-
5589-5p), MIMAT0022298  (hsa-miR-5589-3p), and
MIMAT0000102 (hsa-miR-105-5p). High expression was asso-
ciated with better survival for C7, CRHBP, MIMAT0002806,
and MIMAT0022298, and high expression was associated worse
prognosis for the remaining 12 genes (Figure 6).

Validation of prognosis-associated miRINAs in an
independent data set

GSE36915 and GSE31384 were subjected for validation of dif-
ferential expression and association with prognosis of the 7 miR-
NAs, respectively. Three miRNAs, including MIMAT0019880,
MIMAT0022297, and MIMAT0022298 were not included in
the 2 data sets. Therefore, validation was conducted for

MIMAT0000102, MIMAT0002806, MIMAT0003882, and
MIMAT0004677. As shown in Figure 7A, the expression levels
of MIMAT0000102, MIMAT0003882, and MIMAT0004677
were significantly decreased in HCC compared with normal tis-
sues (P<<.05).This result is consistent with the previous analysis.
The expression level of MIMAT0002806 was higher in HCC
than that in normal tissues, which was in line with previous anal-
ysis; however, the difference did not reach to significance level
(P>.05).

As shown in Figure 7B, all 4 miRNAs were significantly
associated with prognosis (P<.05). The expression of
MIMAT0000102, MIMAT0003882, and MIMAT0004677
was negatively associated with prognosis and the expression of
MIMAT0002806 was positively associated with prognosis.

This result was in agreement with the previous analysis.

Discussion

In our study, we comprehensively analyzed the expression data
of HCC and identified DEmRNAs, DEIncRNAs, and
DEmiRNAs between tumor and normal samples. Based on
WGCNA and coexpression analysis, an miRNA-mRNA
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Figure 7. Validation of prognosis-associated miRNAs in an independent data set: (A) The differential expression level of 4 miRNAs in GSE36915 and (B)

Kaplan-Meier survival analysis of 4 miRNAs in GSE31384. miRNA indicates microRNA; HR indicates hazard ratio.
Red and black lines indicated patient groups with expression levels above and below median value, respectively.

network and an IncRNA-mRNA regulation network were
constructed. Following topological analysis and survival analy-
sis, we further identified 9 DEmRNAs and 7 DEmiRNAs that
were potential prognostic biomarkers. MIMAT0000102,
MIMAT0003882, and MIMATO0004677 were successfully
validated in independent data sets.

In total, 792 DEmRNAs were identified. According to our
GO analysis, DEmRNAs were mainly enriched in CCs related
to plasma membrane structure and BPs related to sensory per-
ception. The membrane structure is an essential component for
intercellular communication. Deregulation of membrane struc-
ture is frequently occurred in cancers and contributes to cancer
cell proliferation and metastasis. Besides, it has also been
reported that taste and smell functions are also deregulated in
reported in cancer patients.?® Differential expressions of olfac-
tory receptors, such as OR5L2 between HCC and normal sam-
ples were identified. Olfactory receptor contains more than 380
family members and is the largest gene family in human.?’ In
recent years, ectopic expression of olfactory receptors was found
to be related to many physiological processes, such as would
healing, cytokinesis, and myocardial function.30-32 Besides, dys-
regulation of olfactory receptors was reported to regulate cell

proliferation, apoptosis, and migration in several cancers.3% A
recent study demonstrated that olfactory receptors could be
used as biomarkers in human breast cancer tissues.3¢ In addi-
tion to alterations in intercellular communication and sensory
perception, cellular metabolism and cell cycle are also fre-
quently deregulated in cancers.3”3% Consistent with this, our
KEGG analysis showed that DEmRNAs were significantly
enriched in various KEGG pathways related to the metabo-
lism of amino acids, carbohydrates, and fatty acids, indicating
universal metabolic remodeling in HCC. Meanwhile,
DEmRNASs were also significantly enriched in KEGG path-
ways such as DNA replication and p53 signaling, suggesting
that the cell cycle of HCC may be out of control to a large
extent. Taken together, our results indicated a wide range of
biological functions and pathways in HCC were dysregulated.

To analyze the dynamic regulation of IncRNAs, miRNAs,
and mRNAs, we constructed an IncRNA-mRNA coexpression
network and an miRNA-mRNA coexpression network.
Generally, nodes with high connectivity degree are correlated
with important biological functions.3*#0 In the 2 coexpression
networks, SNORDY, CRHBER CLECIB, GDF2, ORS5L2,
MIMAT0002806, MIMAT0030021, MIMAT0019880, and
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MIMAT0004556 were genes with high connectivity, indicat-
ing that they may play important roles in the development and
progression of LIHC.

Our subsequent survival analysis confirmed that 3 of the
hub genes, CRHBP, MIMAT0002806, and MIMAT0019880,
were prognosis-associated genes, further supporting their
essential roles in HCC. Patients with low expression of CRHBP
and MIMAT0002806 had a worse prognosis than those with
high expression levels, whereas patients with low expression of
MIMAT0019880 had a better prognosis. The expression of
CRHBP is significantly suppressed in HCC and reduced
CRHBP expression is proposed as a negative predictor of clini-
cal prognosis.*14 MIMAT0002806 is upregulated in HCC
and may promote cancer progression by enhancing cell prolif-
eration and stimulating epithelial to mesenchymal transition.*3
Few clues have been reported about whether MIMAT0019880
is associated with HCC. However, based on our results, we
speculated that MIMAT0019880 may also be potential prog-
nostic indicators of HCC.

In addition to CRHBP, MIMAT0002806, and
MIMAT0019880, 13 other genes, including B4GALT3, C7,
PIGU, HNRNPC, and MIMAT0004677 (hsa-miR-34c-3p),
were also identified to be prognosis-associated genes. B#GALT3
encodes a protein-mediating glycosylation, and suppression of
B4GALT3 may promote nuclear factor-kB phosphorylation in
HCC, thereby enhancing cell motility and cancer progres-
sion.* Higher serum C7 protein level of HCC has been pro-
posed as an indicator of poor response to transarterial
chemoembolization.*> Both PIGU and HNRNPC have been
confirmed to be overexpressed in HCC and the high expres-
sion level of these 2 genes is associated with unfavorable prog-
nosis.** In addition, MIMATO0004677 plays an oncogenic
role in HCC through promoting cancer progression by directly
targeting NCKAP1 and low expression of MIMAT0004677 is
an indicator of favorable survival.#® Consequently, B#GALT3,
C7, PIGU, HNRNPC, and MIMAT0004677 may be potential
prognostic indicators of HCC.

The main advantage of our study was that a combination of
WGCNA, topological analysis, and survival analysis was
implemented to identify HCC prognostic factors. Several
prognostic factors including CRHBP, MIMAT0002806, and
MIMAT0019880 were eventually identified. Among them,
MIMAT0019880 was a novel HCC biomarker, which has
never been proposed as an indicator of HCC prognosis.
However, independent data sets are still needed to verify the
prognostic significance of the biomarkers identified in our
study. In addition, experimental investigations should also be
conducted to provide an insight into the underlying roles of the
prognostic biomarkers in HCC.

Conclusion

In conclusion, we analyzed the dynamic transcriptome regula-
tion in HCC and identified 9 DEmRNAs and 7 DEmiRNAs
that might be potential prognostic biomarkers for HCC.

MIMAT0000102, MIMAT0003882, and MIMATO0004677
were successfully validated in independent data sets. These
genes correlated significantly with prognosis and might con-
tribute to HCC diagnosis and treatment in future clinical prac-
tice if implemented into decision-making processes.
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