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Background: Existing research has identified correlations between numerous microRNAs (miRNAs)
and the prognosis of hepatocellular carcinoma (HCC). However, the role of a combination of miRNAs in
predicting HCC survival requires further elucidation.

Methods: miRNA expression profiles and clinical data from HCC patients were downloaded from The
Cancer Genome Atlas (TCGA). Differentially expressed (DE) miRNAs in tumor versus normal samples were
identified. All HCC patients were randomly assigned to a training cohort or a validation cohort at a ratio of
1 to 1. A least absolute shrinkage and selection operator (LASSO) Cox regression model was subsequently
employed to establish the miRNA signature. The constructed miRNA signature was then developed and
validated.

Results: In total, 127 DE miRNAs were detected between HCC and paracancerous tissue using HCC
RNA sequencing (RNA-Seq) data extracted from TCGA database. LASSO Cox regression generated a five-
miRNA signature consisting of has-mir-105-2, has-mir-9-3, has-mir-137, has-mir-548f-1, and has-mir-561
in the training cohort. This risk model was significantly related to survival (P=5.682¢-6). Log-rank tests
and multivariate Cox regression analyses revealed the five-miRNA signature as an independent prognostic
indicator [HR =3.285, 95% confidence interval (CI): 1.737-6.213], with the area under curve (AUC) of the
miRNA signature being 0.728. The effects of the miRNA signature were further confirmed in the validation
cohort and in the OncomiR Cancer Database and Gene Expression Omnibus (GEO) dataset. Functional
enrichment analysis revealed the potential effects of the five-miRNA signature in tumor-related biological
pathways and processes. Cell Counting Kit-8, Transwell, and wound healing assays, were used to evaluate the
role of has-mir-137 in HCC cell proliferation and migration in vitro.

Conclusions: We established a novel five-miRNA signature which reliably predicted prognosis in HCC
patients and which could be used to assist in both strategic counseling and personalized management in
HCC.
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Introduction

Hepatocellular carcinoma (HCC) ranks fifth in terms
of cancer mortality in the world, and h morbidity has
increased each year (1). Dysregulated gene expression
has been extensively demonstrated to exert a vital role in
tumorigenesis and cancer progression. Growing evidence
has uncovered diagnostic, prognostic, and even therapeutic
targets for different types of cancers through the different
gene expression profiles. Moreover, some mutant genes
have recently been suggested to participate in the
carcinogenesis and progression of HCC (2). However, HCC
is a highly heterogeneous disease, with large variations in
HCC progression and significantly complicated prognostic
prediction. Thus, the urgent exploration of effective
diagnostic and prognostic biomarkers is required.

MicroRNAs (miRNAs), a group of small noncoding RNA
molecules, control about one-third of protein-coding genes via
post-transcriptional gene regulation, thereby exerting direct
or indirect effects on the majority of cellular pathways (3).
The critical biological roles of miRNAs have been validated
in previous research, demonstrating miRNAs influence in
carcinogenesis, tumor progression, metastasis, and patient
survival (4,5). A number of miRNAs have been suggested as
possible diagnostic and prognostic biomarkers and promising
therapeutic targets (6). Additionally, several miRINA signatures
have been constructed for prognostic estimation in HCC
padents (7-12). However, the common drawbacks of these studies
are that they lack validation, ongoing enrollment patients,
discovery of novel miRNAs, and uniformity in processing
and analyzing the data. Thus, the current prognostic miRNA
signatures still need to be optimized, and the identification of
practical and potent miRINA signatures may play a critical role
for prognostic prediction in clinical practice.

The present study was designed to establish and verify a
miRNA-based classifier by using the least absolute shrinkage
and selection operator (LASSO) Cox regression model. The
robust miRNA expression-based signature was constructed to
improve prognostic prediction of HCC by comprehensively
analyzing genomic data. The model miRNA was further
confirmed by in vitro analysis. We present the study in
accordance with the MDAR reporting checklist (available
at http://dx.doi.org/10.21037/atm-20-2509).

Methods
Patient datasets and processing

Publicly accessible raw counts of miRNA expression
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profiles, along with the corresponding clinical data of HCC
patients, were downloaded from The Cancer Genome Atlas
(TCGA) (https://tcga-data.nci.nih.gov/tcga/, accessed July
2019). The data of 373 HCC patients, comprising 375
HCC cancer samples and 50 adjacent normal samples, were
downloaded. The data from one patient were excluded
due to a lack of follow-up information. In total, data for
372 HCC patients were randomly categorized into either
a training group or a validation group at a ratio of 1 to 1
for comprehensive integrated analysis using the “caret”
package. The flow chart is shown in Figure 1. This study
used open-access data and so did not require additional
approval from an ethics committee. Data processing was
performed strictly according to the National Institutes of
Health (NIH) TCGA Human Subject Protection and Data
Access Policies. The study was conducted in accordance
with the Declaration of Helsinki (as revised in 2013).

Data processing and screening of differentially expressed
(DE) miRNAs

The raw count of miRNA from each sample was used
to form the expression matrix, and was followed by the
normalization of the expression matrix using “edgeR”
package derived from R language. Ilog2 foldchange (FC)I
>2.0 along with adjusted P value <0.05 was employed for
the identification of DE miRNAs. Heat map and volcano
plots were further performed on DE miRNAs for better
differentiation between normal and HCC tumor samples.

Construction of the miRNA signature

The correlation expression of each miRNA with patient
survival was calculated by univariate Cox model, where a
P value <0.05 indicated statistical significance for a specific
miRNA. “Survminer” package in R project was used to
determine the optimal cutoff miRINA values to investigate
the relationship between the miRNAs signature and the
prognosis of patients. R software was further used for
random number generation to equally categorize patients
into the training and validation cohorts. In the training
cohort LASSO was conducted using R package “glmnet” for
selection of the most valuable predictive miRINAs, and was
simultaneously employed to obtain shrinkage and variable
selection; meanwhile, 10-time cross-validations were used
to determine the optimal values of penalty parameter A.
Moreover, the risk score of the miRINA signature for each
patient was calculated according to the expression of every
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Figure 1 Overall design of this study.

prognostic miRINA along with its relevant coefficient, which
is shown as follows: Y., (coefi x Expi); where Expi is the
miRNA signature expression of patient i, and coefi is the
LASSO coefficient of miRNA i.

Confirmation of the miRNA signature

Patients were distributed based on their risk score
and survival information. HCC patients were further
categorized into high- and low-risk groups with the
median risk score being used as the cutoff value; this was
followed by the generation of Kaplan-Meier (KM) survival
curves and Cox proportional hazards regression in the
two groups. The prognostic performance of miRNA risk
scores was assessed by a time-dependent receive operating
characteristic (ROC) curve via the comparison of sensitivity
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and specificity. Multivariate Cox regression analysis was
subsequently conducted to confirm whether the predictive
performance of miRNA risk score was independent of other
clinicopathological parameters. Additionally, the predictive
performance of the miRNA model was verified in the
validation and entire groups. A two-sided P value <0.05
suggested statistical significance, and R language (version
3.6.0; R Foundation) was used for all analyses.

miRNA signature validation using the OncomiR database
and the GEO dataset

To further test the proposed miRNA-derived prognostic
value, we used the OncomiR online database (http://www.
oncomir.org/) to cross-validate the reliability of the model.
Using OncomiR, we analyzed our miRNA signature for
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HCC survival outcome. The user-defined signature in
predicting overall survival (OS) was demonstrated through
KM curves and log-rank tests. The Gene Expression
Omnibus (GEO) GSE31384 dataset was used as an external
validation cohort (n=166). Patients were also classified
according to the median risk score threshold as high- or
low-risk, and KM survival curves were plotted.

Functional analysis

StarBase (http://starbase.sysu.edu.cn/) was employed in
predicting mRNAs specific to miRNAs. Using StarBase, we
searched the interactions of miRNA-targets using multiple
target-predicting programs (PITA, RNA22, miRmap,
DIANA-microT, miRanda, PicTar, and TargetScan). Then,
protein-coding genes with significance were selected to analyze
the functional enrichment using Metascape (http://metascape.
org) (13). Gene set enrichment analysis (GSEA), using JAVA
program (http://software.broadinstitute.org/gsea/index.jsp),
was employed for assessing the possible mechanisms). The
number of random sample permutations was set at 1,000, and
a P value <0.05 was set as the significance threshold.

In vitro analysis

Cells from one human normal hepatocyte cell line, MIHA
(RRID:CVCL_SALI1), and two hepatocyte cell lines, HepG2
(RRID:CVCL_0027) and HCCLM3 (RRID:CVCL_6832)
were provided by the Shanghai Cell Bank of the Chinese
Academy of Sciences, and cultivated within Dulbecco’s
Modified Eagle Medium (DMEM) supplemented with
10% fetal bovine serum (FBS, Invitrogen). Cells were
then cultivated in the absence of antibiotics at 37 °C in an
atmosphere of 5% CO, and 99% relative humidity. They
were then transfected with miR-137 mimic (miR-137) or
the negative control scramble miR (miR-NC) according to
the manufacturer’s instructions (purchased from Guangzhou
RIBOBIO, China). The total cellular or tissue RNA was
extracted using TRIzol reagent (Invitrogen, Carlsbad, CA,
USA) in accordance with manufacture protocols. The 27
approach was utilized to normalize target RINA expression.
HepG2 (1x10° cells per well) and HCCLM3 (1x10° cells
per well) cells were seeded in 96-well plates. Cell viability
was measured with the Cell Counting Kit-8 (CCK-8,
Dojindo). Transwell assay was carried out to determine
cell migratory capacity. In the migration assay, transduced
cells were inoculated into the 24-well plates. After 24 h, the
cells were serum-starved overnight and followed by trypsin
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digestion. Later, 200 pL serum-free medium containing
5x10* cells was placed into the upper chamber, while 700 pL
culture medium supplemented with 10% FBS was placed into
the lower chamber to grow for 24 h at 37°C. The subsequent
migratory cells were subjected to 4% paraformaldehyde
fixation and 0.5% crystal violet staining, and the number
of cells stained was calculated under the microscope. In
addition, HCC cell lines were cultivated within the culture
dish, scratched with a 10-pL pipette tip, and cultured in FBS-
free DMEM. Finally, the inverted microscope (OLYMPUS
1X73) was used to observe the migratory cells at 24 h post

injury.

Statistical analysis

LASSO regression was conducted to identify potential
miRNAs. Survival outcomes were compared according to
the KM method using the survival package in R. Time-
dependent ROC curves were constructed using the R
software package “survival ROC”. Cox regression was
conducted to verify the relationship of miRNA risk score
prediction with other clinical parameters. Comparisons
between groups were performed with Student’s #-test and
one-way ANOVA. A two-sided P value <0.05 was defined
as statistically significant. All statistical analyses were
performed using R (https://www.r-project.org) software.

Results
Clinical features

The baseline characteristics of all HCC patients are shown
in Table 1. All samples were randomly categorized into
two groups: a training cohort (n=186) and a testing cohort
(n=186). The clinical features of patients in the training
and testing cohorts were required to be similar. The
expression profiles and clinical data from the training and
testing cohorts are shown in files (https://cdn.amegroups.
cn/static/application/15aac4tbed5b505£e70£39214ebb9de2/
ATM-20-2509-1.xIsx and https://cdn.amegroups.cn/static/
application/e178bf8ebc5¢5590f86bad217abc42ee/ATM-20-
2509-2.xIsx), respectively.

Identification of DE miRNASs

In total, 127 DE miRNAs were identified between
tumor samples and non-tumor samples (https://cdn.
amegroups.cn/static/application/008ed3 5cca4ff295542
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Table 1 Baseline characteristics of all hepatocellular carcinoma patients

Characteristic Entire cohort, n (%) Training cohort, n (%) Test cohort, n (%) P value
Total 372 (100.0) 186 (50.0) 186 (50.0) -
Median follow-up days 556 (0-3,675) 555 (0-3,675) 563 (0-3,478) 0.99
Age 59.4+13.0 60.2+13.6 58.6+13.3 0.33
Gender 0.99
Male 253 (68.0) 126 (33.9) 127 (34.1)
Female 119 (32.0) 60 (16.1) 59 (15.9)
Tumor grade 0.88
| 55 (14.8) 25 (6.7) 30 (8.1)
Il 176 (47.3) 92 (24.7) 84 (22.6)
1] 124 (33.3) 62 (16.7) 62 (16.7)
v 13 (3.5) 4(1.1) 9 (2.4)
Unknown 4(1.1) 3(0.8) 1(0.3)
Stage 0.89
[ 172 (46.2) 80 (21.5) 92 (24.7)
Il 86 (23.1) 47 (12.6) 39 (10.5)
1] 85 (22.8) 42 (11.3) 43 (11.6)
\% 5(1.3) 4(1.1) 1(0.3)
Unknown 24 (6.5) 13 (3.5) 11 (3.0)
T stage 0.52
| 182 (48.9) 82 (22.0) 100 (26.9)
Il 94 (25.3) 51 (13.7) 43 (11.6)
1l 79 (21.2) 43 (11.6) 36 (9.7)
\% 13 (3.5) 6 (1.6) 7(1.9
Unknown 4(1.1) 4(1.1) 0(0.0)
N stage 0.94
Without metastasis 254 (68.3) 123 (33.1) 131 (35.2)
With metastasis 4(1.1) 2 (0.5) 2 (0.5)
Unknown 114 (30.6) 61 (16.4) 53 (14.2)
M stage 0.37
Without metastasis 269 (72.3) 131 (35.2) 138 (37.1)
With metastasis 4(1.1) 4(1.1) 0(0.0)
Unknown 99 (26.6) 51 (13.7) 48 (12.9)
Tumor status during follow-up 0.97
With tumor 112 (30.1) 58 (15.6) 54 (14.5)
Tumor free 233 (62.6) 116 (31.2) 117 (31.5)
Unknown 27 (7.3) 12 (3.2) 15 (4.0)
Vascular invasion 0.79
Micro 94 (25.3) 48 (12.9) 46 (12.4)
Macro 17 (4.6) 11 (3.0 6 (1.6)
No 261 (70.2) 127 (34.1) 134 (36.0)
Family history of cancer 0.96
No 211 (56.7) 103 (27.7) 108 (29.0)
Yes 110 (29.6) 55 (14.8) 55 (14.8)
Unknown 51 (13.7) 28 (7.5) 23 (6.2)
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Figure 2 Heatmap and volcano plot. (A) The heatmap shows the differential expression of miRNAs; the X axis indicates the sample

category, and the Y axis suggests DE miRNAs. Green represents the downregulated genes, while red represents the upregulated genes. (B)

Volcano plot displaying DE miRNAs; the X axis represents the false discovery rate (FDR) values following log transformation, and the Y axis

indicates the difference of mean miRNA expression. A red dot indicates upregulated miRINAs in tumor, a green dot indicates downregulated
miRNAs in tumor, and a black dot indicates insignificant DE miRNAs. miRNA, microRNA; DE, differentially expressed.

€5299b6e9d29d/ATM-20-2509-3 .xlsx), including 124
upregulated miRNAs and 3 downregulated miRNAs.
A heat map was used to display the top DE miRNAs
(Figure 2A), and a volcano plot was used to show miRNAs
with significant differences between cancer and normal
samples (Figure 2B).

Construction of the miRNA signature

Univariate Cox regression analysis revealed a significant
association between 16 DE miRNAs and survival. Using
“survminer” package, we determined the optimal cutoff
miRNAs values, and the 16 corresponding survival curves
are shown in Figure 3. LASSO regression was further used
for validation of variables in the training cohort (Figure
4A4,B), giving rise to five miRNAs, including has-mir137,
hs-mir-105-2, has-mir-548f-1, has-mir-9-3, and has-
mir-561. The forest plot of the correlation between each
miRNA and survival is shown in Figure 4C. The prognostic
risk score was imputed as follows: (0.6078 x has-mir-105-2)
+(0.8071 x has-mir-9-3) + (0.8529 x has-mir-137) + (0.6551
x has-mir-548f-1) + (0.7866 x has-mir-561).

Confirmation of the miRNA signature

A risk score was calculated for each patient, and the

© Annals of Translational Medicine. All rights reserved.

patients were divided into high- or low-risk groups
based on the median cutoff value. Risk score and survival
time distributions in the training group are shown in
Figure 5A,B, respectively. KM curves for high- and low-
risk groups are displayed in Figure 5C, and show poorer
OS in patients with high risk scores (P=5.682¢-6). The
ROC curve was further plotted for assessing the prognostic
capacity of miRNAs biomarkers. The area under the
curve (AUC) of the miRNA biomarker prognostic model
was 0.726 (Figure 5D). The AUC of miRNA model was
higher than that of every single miRNA or TNM stage
(Figure S1). In the univariate Cox proportional hazards
regression model, the hazard ratio (HR) of risk score
was 2.979 [95% CI (confidence interval): 1.661-5.341]
(Figure SE), which was consistent with the outcomes from
the multivariate Cox proportional hazards regression model
(HR =3.285, 95% CI: 1.737-6.213) after adjustment of the

clinical covariate (Figure 5F).

miRNA model in the validation cobort, OncomiR, and GEO

To determine if the proposed miRNA model exerted
similar prognostic significance in other groups, we applied
the same formula in the validation cohort. The miRNA
risk score and survival time distributions in the validation
group are shown in Figure 64,B, respectively. KM curves in
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Figure 5 Establishment of a prognostic miRINA signature for HCC in the training cohort. (A) miRINA risk score distribution. Red indicates

a high miRINA risk score; green indicates a low miRNA risk score. (B) The vital status, survival time, and risk score distribution. (C) KM

survival curve between the high-risk and low-risk groups divided by median risk score. (D) Receive operating characteristic (ROC) curve of

survival discriminated by the miRNA signature. (E) Univariate Cox

regression analysis for the survival-related clinicopathological features

confirmed the miRNA model as an independent factor. (F) Multivariate Cox analysis confirmed the miRNNA model as an independent risk

factor. Stage, pathological stage; T, T stage; N, N stage; M, M stage; grade, histological grade; status, tumor status during follow-up (with

tumor/tumor free); vascular, vascular invasion; family, family history of cancer. HCC, hepatocellular carcinoma.

the high- and low-risk groups are displayed in Figure 6C.
Patients with a low-risk score had a survival benefit in the
validation group (P=7.865e-6). The AUC for the validation
group was 0.721 (Figure 6D). The miRNA model AUC was
also higher than every single miRNA or TNM stage AUC
(Figure S1). Similar to the training cohort, univariate and
multivariate analyses of the validation cohort demonstrated

© Annals of Translational Medicine. All rights reserved.

the presently established miRNA model as an independent
prognostic indicator (Figure 6E,F). A similar pattern was
seen in OncomiR. Patients with a high risk score had
poor OS (P=5.035e-5, Figure 7A). To confirm the external
validity, the model was applied in the external GEO data.
Figure 7B shows the high-risk group had a significantly
shorter survival than the low-risk group in the GSE31384
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Figure 6 Further verification on the prognostic miRNA signature in HCC in the validation group. (A) miRNA risk score distribution. (B)

The vital status, survival time, and risk score distribution. (C) KM survival. (D) Receive operating characteristic (ROC) curve of miRNA

signature. (E) Univariate Cox regression. (F) Multivariate Cox analysis. Stage, pathological stage; T, T stage; N, N stage; M, M stage; grade,

histological grade; status, tumor status during follow-up (with tumor/tumor free); vascular, vascular invasion; family, family history of cancer.

HCC, hepatocellular carcinoma.

cohorts (P=0.020). ROC curve analysis showed that the risk
signature prognosis prediction could attain an AUC value
of 0.716 (Figure 7C).

Functional analysis of the prognostic miRNA model

For in-depth investigation of the possible biological effects
of these identified miRNAs, miRNA-related mRNAs were

© Annals of Translational Medicine. All rights reserved.

filtered out. Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment
analyses were conducted on these selected mRNAs using
Metascape. Specifically, terms having the P valueof <0.01
and 23 enriched genes were regarded as significant. The top
20 pathways screened from GO and KEGG analyses are
shown in Figure 8. GSEA was further conducted to illustrate
the biological roles of the miRNA model, and indicated
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that the high-scoring miRNA model showed significant
enrichment in Wnt signaling pathways, mTOR signaling
pathways, and several cancer pathways (Figure 9).

miR-137 contributed to HCC progression and its target
genes prediction

As miR-137 expression was the most upregulated of
the five prognostic miRNAs in HCC, we performed in
vitro experiments to further investigate the role of miR-
137. Quantitative reverse transcription polymerase chain
reaction (qQRT-PCR) showed that the miR-137 expression
was high in HCC cell lines, and significantly increased
following transfection (Figure 104). We then performed the

© Annals of Translational Medicine. All rights reserved.

CCK-8 assay to detect the effect of miR-137 overexpression
on cell proliferation. After miR-137 overexpression, HepG2
and HCCLM3 cell proliferation significantly increased
compared with the miR-NC groups (Figure 10B, P<0.001).
Transwell was conducted in order to determine the miR-
137 role in the migratory capacity of HCC cells. Relative
to controls, ectopic miR-137 expression within HepG2
(Figure 10C) and HCCLM3 (Figure 10D) cell lines resulted
in the markedly upregulated migratory capacities of cells. A
wound healing assay revealed that miR-137 overexpression
significantly accelerated wound healing in HepG2 and
HCCLMS3 cells. A high miR-137 level correlated with
poorer survival according to KM Plotter online tools
(Figure 10E). The target genes of miR-137 were predicted,
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Figure 8 Enrichment analyses of the counterpart protein-coding genes. (A) The top 20 enrichment results are visualized by a bar graph. (B)

The top 20 enrichment results are visualized by enrichment networks colored cluster IDs.

enrichment-analyzed, and are visualized in Figure 10F.
Catenin-beta-interacting protein 1 (CTNNBIP1), a negative
regulator of the Wnt signaling pathway, was predicted to be
the target gene of miR-137 (https://cdn.amegroups.cn/static/
application/aeb3ecf6ed3e8488be77e16af0f66be8/ATM-
20-2509-4.xIsx). The above results suggested that miR-137
promotes HCC progression.

Discussion

© Annals of Translational Medicine. All rights reserved.

To date, only a small number of miRNA-based models
on HCC prognosis have been established, with common
drawbacks including small study populations, inconsistent
approaches to processing and analyzing data, and a lack of
validation. To overcome these limitations, we conducted the
current research in HCC patients to predict their survival
using miRNA signatures. DE miRNAs that significantly
correlated with survival were comprehensively screened
by applying biostatistical methods and univariate Cox
analysis. Five miRNAs were subsequently filtered out by
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Figure 9 Gene set enrichment analysis indicating the biological pathways related to the miRNA model.
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using LASSO regression on the miRNA data in TCGA.
Significant miRNAs were further incorporated for the
establishment of prognostic models. KM curves, time-
dependent ROC curves, and Cox regression analysis,
confirmed the five-miRINA signature to be an independent
prognostic predictor in HCC. Further validation was
carried out in the validation group with OncomiR and
GEO being used to confirm the reliability of our results.
Functional analyses including GO, KEGG, and GSEA were
conducted to demonstrate the biological role of the miRNA
model in HCC progression. Finally, we conducted iz vitro
assays to evaluate the promotive role of has-mir-137 in
HCC cell proliferation and migration. Shi ez 4/. constructed
an 11-miRNA expression signature in HCC using datasets
published prior to 2013 from the GEO, Web of Science,
and ArrayExpress databases (8). However, as the data were
published many years ago an and data homogeneity was as
an issue, the data should be interpreted cautiously. Wang ez
al. identified a miRNA profile in hepatitis B virus-induced
HCC (14), while Fu et al. performed an analysis specifically
for resectable HCC (11). Following this, Liao ez a/. (10) and
Bai e 4. (12) identified potential miRNA biomarkers for
prognostic prediction in HCC, while Lin ez a/. (7) and Han
et al. (9) proposed miRNA signatures for vascular invasion
to predict survival in HCC. However, the abovementioned
studies only used conventional Cox regression rather than
LASSO regression for model construction and thus lacked
further validation.

Our study design was superior to other research
concerning the prognostic significance of miRNAs in
HCC in a number of ways. To begin, all HCC patients
in the TCGA group were enrolled for analysis, with a
considerable sample size. Second, unlike the conventional
stepwise regression in previous research, the accuracy
of bioinformatics analysis was enhanced by LASSO
penalized regression, which is capable of simultaneously
analyzing all independent parameters and identifying the
most influential ones (15). After introduction of a penalty
following a regularization path, the coefficients of variables
with less influence become zero (16). Thus, the LASSO
approach provides significantly higher accuracy compared
with the conventional multivariate Cox stepwise regression
model, particularly in cases of extremely large datasets, like
genomics (17). Third, to ensure the reliability of the results,
we produced the miRNA signature in both the training
group and the validated model. Finally, we conducted an
in vitro study to clarify the functional role of miR-137.
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Although a number of miRNAs have been reported to
be associated with tumorigenesis and tumor progression,
the functions of most miRNAs remain largely undefined.
Anwar er al. (18) found that aberrant hypermethylation and
concomitantly decreased expression of intergenic miRNA
genes were commonly detected in HCC; one of these
genes, hsa-mir-9-3 (50%), was also identified by Potapova
to be a novel target of abnormal DNA methylation in
human HCC (19). Additionally, miR-137 might function
as a prognostic biomarker in HCC population, which is
also a possible target for eliminating liver cancer stem cells
(20-22). Previous studies have also reported that miR-
137 has either cancer cell-promoting or -suppressing
capabilities (23). miR-137 was reported to be upregulated
and to promote invasion in breast, bladder, non-small
cell lung cancer (24-26), and more controversially, in
liver cancer. Some research has found miR-137 to be
downregulated in liver cancer, inhibiting tumor progression
(22,27,28). However, other recent studies found miR-137
to have the opposite effect. Sakabe er 4/. found that patients
with high miR-137 expression had worse survival prognosis,
more frequent invasion of vessels and the bile duct, and
high alpha-fetoprotein levels (20). Furthermore, Wei et al.
showed that miR-137 upregulation in HCC contributed
to poor survival, and could bind to Afamin, promoting
invasion and metastasis of HCC cell lines (29). Our data
also implicated miR-137 in promoting invasive growth of
HCC cell lines, while its elevated expression was associated
with worse survival of HCC patients. Another study
performed miR-137-predicted target gene analysis and
found that Wnt/B-catenin inhibitory protein, CTNNBIP1,
could inhibit liver tumor progression and invasion (30).
The combinatory effect of miR-137 and target gene,
CTNNBIPI, on the regulation of liver cancer remains to
be explored. In addition to hsa-mir-9-3 and miR-137, our
results, for the first time, indicate that three other miRNAs
(has-mir-105-2, has-mir-548f-1, and hsa-mir-561) may be
possible prognostic predictors for HCC; further in-depth
studies are warranted to confirm the present findings and to
examine their molecular features.

Pathway enrichment analysis showed that these miRNAs
are likely to impact the carcinogenesis and progression of
HCC by pathways in a fashion according to their respective
biological functions in HCC. Moreover, a portion of the
enriched pathways reported in literature are involved in
the carcinogenesis and progression of HCC. Although
the biological roles of the miRNAs contributing to HCC
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remain unclear, pathway enrichment analysis showed that
these miRNAs are likely to impact the carcinogenesis
and progression of HCC via the mTOR (31,32) or Wnt
signaling pathway (33-37).

A few limitations in this study should also be addressed.
First, the prognostic effects of miRNA signature in
HCCs were not validated by further functional assays, but
were deduced from online datasets using bioinformatics
approaches. Second, while the exploration of circulatory
plasmid/serum miRNAs in the circulating biofluids as
potential biomarkers for cancer diagnosis and prognosis has
attracted increasing attention, whether or not the proposed
miRNAs can be cancer-specific and reliably detected in the
blood remains unclear. Thus, further verification of the
outcomes of this research is still required. Third, iz vitro
results need further verification, such as miRNA inhibitor
experiment.

In summary, using comprehensive bioinformatics analysis
and the genetic profiles and clinical features of a selected
cohort, we demonstrated that a novel five-miRNA signature
could be an independent prognostic biomarker for HCC.
Further studies are warranted to validate the possible
functions and mechanisms of these miRNAs in HCC
progression.
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