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Abstract

Background: miRNAs dysregulate in hepatocellular carcinoma (HCC), showing promise for diagnostic
biomarkers which may be found through exploration of differentially expressed miRNAs when comparing
HCC and normal liver tissues.

Materials and Methods: In the present research, candidate miRNAs were selected and verified using
screening dataset GSE12717 and training dataset GSE10694, respectively. A miRNA combination was
constructed using stepwise logistic regression analysis and validated using two datasets GSE74618 and TCGA.
Target genes of miRNAs in the combination were obtained using a miRNA target gene prediction database.
Functional analysis was conducted using an online tool DAVID. We also analyzed the mRNA-Seq data of
project LIHC from TCGA to identify the hub target genes of the miRNAs.

Results: A miRNA combination, which is composed of hsa-miR-221 and hsa-miR-29c was defined in this study.
The miRNA combination is more effective in discriminating HCC patients from normal individuals than
individual miRNAs. Additionally, the combined miRNAs showed a lower misdiagnosis rate than AFP in HCC
diagnosis. In terms of the functional analysis, a total of 27 target genes of hsa-miR-221 and 96 target genes of
hsa-miR-29c were obtained. Among which, INSIGI was the common target of the two miRNA:s. It was also
found that both previously mentioned miRNAs played important roles in the regulation of transcription, cell
proliferation, and involvement in cancer-related pathways. Lastly, 2 hub target genes of hsa-miR-221 and 16 hub
target genes of hsa-miR-29c were obtained.

Conclusion: We established a miRNA combination as a promising tool for HCC diagnosis, and the target
genes we predicted provide possible points of penetration for researching these two miRNAs in HCC.

Key words: Hepatocellular carcinoma, MicroRNA combination, Biomarker, Diagnose, Bioinformatics analysis,
Public gene database

Introduction

Liver cancer is one of the most common
digestive system tumors, and the second leading
cause of cancer related death worldwide. In less
developed areas, new cancer cases are expected to
reach up to 21.6 million people annually by 2030[1].
Among the primary liver cancer cases, HCC accounts
for approximately 80% of them [2]. Despite the

advancement of detection methods and treatment, the
overall prognosis of HCC patients is still sobering.
AFP as a traditional serologic marker has been
used for HCC diagnosis for decades [3, 4]. And
20ng/ml was acut-off value of AFP commonly used in
clinical HCC diagnosis [5]. However, AFP is not
significant in all HCC cases. It is reported that, AFP
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levels are elevated in only 60-70% of overall HCC
patients, and nonspecific increase was also observed
in non-HCC diseases such as chronic hepatitis or
cirrhosis [6-8]. What's more, AFP level is frequently
normal in early stage HCC [9]. Thus, novel diagnostic
targets with higher sensitivity and specificity are
urgently needed.

MicroRNAs  (miRNAs)  represent RNA
molecules that act in a combinatorial manner via
binding to the 3' untranslated regions (UTRs) of
mRNA transcripts to negatively regulate target genes.
Accumulating evidence has demonstrated the
significant role of miRNAs in many cancers [10-15].
With the deepening of miRNA research, miRNAs are
becoming a promising biomolecule for tumor
diagnosis, prognosis and therapy [16-19]. As one of
the leading causes of cancer related death worldwide,
HCC has been intensively studied for exploring its
pathophysiology. So far, the roles of miRNA in the
biological behavior of HCC, such as proliferation,
metastasis, invasion, recurrence and drug resistance,
have been widely explored [20-23]. Some miRNAs
have been reported to act as potential biomarkers for
HCC diagnosis [24-26]. However, most of previous
studies focused on individual miRNAs which were
less sensitive and specific for diagnosis than miRNA
profiling [27]. Since miRNA profiling is increasingly
used in tumor detection, it might be a promising tool
for HCC detection as well.

In recent years, microarray and high-throughput
sequencing technology has undergone rapid
development and has showed superiority over
traditional techniques [28-30]. The ability of
simultaneously = examining the expression of
thousands of genes makes these tools useful for
studying disease [29]. Nowadays, they have been
increasingly applied by numerous researchers
towards finding new biomarkers for diagnosis and
prognosis of various diseases [31, 32], and their
application in HCC research is also increasing [33-35].

Owing to information globalization, public gene
databases like Gene Expression Omnibus (GEO) [36]
Database, The Cancer Genome Atlas (TCGA) and
ArrayExpress are more accessible and easy to use for
researchers to conduct their investigation. The data in
these databases sheds new light on the novel methods
for the diagnosis, prognosis and treatment of HCC.

In this work, a miRNA combination consisting of
hsa-miR-221 and hsa-miR-29c was established using
logistic regression analysis based on gene expression
data from public gene databases. The miRNA
combination is superior to AFP in distinguishing
HCC patients from healthy individuals. More
importantly, it is able to detect AFP-negative HCC
and early-stage HCC. We also predicted the target

genes of hsa-miR-221 and hsa-miR-29¢ and found
INSIG1 was the common target of two miRNAs.
Target genes which have not been experimentally
verified may be a breakthrough in the exploration of
these two miRNAs.

Materials and Methods

Study Design

HCC is one of the leading killers among cancer
patients. It has been reported that miRNAs become
dysregulated as part of the pathology of HCC. This
study aims to find suitable biomarkers for HCC
diagnosis through exploring dysregulated miRNAs
between HCC tissues and normal liver tissues. In
total, 4 independent miRNA expression profile
datasets and 1 mRNA expression profile dataset were
downloaded from GEO and TCGA. Datasets with
smaller sample size were applied in screening and
identifying the biomarker, while datasets with larger
sample size were used for validation. The mRNA
expression profile dataset was used to identify the
hub target genes. The detailed information of 5
datasets is shown in Table S1. Figure 1 shows an
overview of the strategy.

Dataset collection and miRNA screening

An original microarray dataset, GSE12717 was
downloaded from NCBI-Gene Expression Omnibus
database (NCBI-GEO) (https://www.ncbi.nlm.nih
.gov/geo/query/acc.cgi?acc=GSE12717), which is
based on the platform of GPL7274 CapitalBio
human/mouse/rat non-coding RNA microarray.
Expression of 347 miRNAs in 5 human HCC tumor
samples and 3 healthy liver samples were available, of
which 313 human miRNAs were selected for further
analysis. There were two replicates for each sample
and their average was determined to conduct the
differential analysis. Significantly different miRNAs
were identified using R package “limma” [37] with a
p-value <0.05 and |LogFoldChange|>1 were
identified as the threshold values to judge
differentially expressed miRNAs(DEmiRNAs).

Verification of DEmiRNAs and establishment
of miRNA combination

In order to verify the DEmiRNAs of the
GSE12717, we downloaded a new dataset GSE10694
(https:/ /www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
acc=GSE10694), showing the expression profile of 111
miRNAs in 78 HCC tumor tissues, 78 corresponding
noncancerous liver tissues and 10 normal liver tissues
generated the training dataset. The miRNA
expression profile of 110 human miRNAs in 78 HCC
tumor tissues and 10 normal liver tissues was selected
for analysis. Significantly different miRNAs were
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Figure 1. Overview of the strategy

identified using R package “limma”, and adjusted
p-value<0.05 and  |LogFoldChange|>1 were
identified as the threshold values to judge
differentially expressed miRNAs. After differential
analysis of the training dataset, we verified the
DEmiRNAs of the screening dataset within the
training dataset. Only the differentially expressed
miRNAs with the same expressional trend in both
datasets were selected as candidate miRNAs.

To establish an ideal diagnostic miRNA
combination, a stepwise logistic regression model was
constructed based on the expression profile of
candidate miRNAs in the training dataset. The
diagnostic performance of the miRNA combination
was evaluated by the ROC (receiver operating
characteristic) analysis.

Validation of the miRNA combination

To validate the diagnostic efficiency of the
training combination, two datasets with different
testing methods were downloaded. One was the
project LIHC from The Cancer Genome Atlas (TCGA)
database  (https://cancergenome.nih.gov/)  with
high-throughput miRNA data of 375 HCC tissues and
50 normal liver tissues (The data was downloaded at
3rd July, 2017. Several important parameter options
are listed below: the category is “Transcriptome
Profiling”, the data type is “miRNA Expression
Quantification”, the experimental strategy is
“miRNA-Seq” and the workflow type is “BCGSC
miRNA Profiling”). The data was downloaded using
the GDC Data Transfer Tool from the official TCGA
website. The other one was the microarray dataset
GSE74618 (https:/ /www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE74618) which contains 1073

human miRNA data from 218 human HCC samples,
10 tumor-adjacent cirrhotic tissue samples, 10 healthy
liver samples and 12 HCC cell lines. Before validating
using the miRNA expression data of two validation
datasets, a normalization phase was first conducted.
Function NormalizeBetweenArrays() of R package
“Limma” was used to normalize the log2-transformed
expression value of GSE74618 while the miRNA high
throughput data of TCGA was normalized using
Trimmed Mean of M-values(TMM) method of R
package “edgeR”. Because the miRNA high
throughput data of TCGA was BCGSC, huge
differences exist between the expressions of different
miRNAs, and single genes may have a large impact
on the value of the miRNA combination. Meanwhile,
the miRNA expression value in the 3 datasets
downloaded from GEO database was
log2-transformed. Thus, we took the log of the
normalized expression values before validation using
miRNA high throughput data of TCGA. ROC analysis
was carried out to validate the diagnostic efficiency of
the miRNNA combination, and the area under the ROC
curve (AUC) was used as an accuracy index for
evaluating the diagnostic performance.

Analysis of the correlation of miRNAs and
miRNA combination with clinicopathological
variables

To investigate the connection between miRNAs
and miRNA combinations with important
clinicopathological variables of HCC, clinical
characteristics including AFP level, pathological
grade, TNM stage, tumor stage, lymph-node
metastasis, distant metastasis, child-pugh and liver
fibrosis of 375 HCC samples was downloaded from
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TCGA database. Spearman’s rank correlation was
employed to analyze the relationship between
miRNAs and miRNA  combinations  with
clinicopathological variables. P<0.05 was considered
statistically significant.

Target gene prediction and functional analysis

Target genes of the miRNAs in the combination
were predicted using 3 prediction databases including
Pictar (target predictions for all human microRNAs
based on conservation in mammals (human, chimp,
mouse, rat, dog)) [38] (http://pictar.mdc-berlin.de/),
miRDB [39] (http://www.mirdb.org/), miRanda
(Good mirSVR score, Conserved miRNA) [40]
(http:/ /www.microrna.org/microrna/home.do), and
were further validated in the DIANA-TarBase v7.0
[41] database with strong evidence including
luciferase reporter assay, WB and RT-PCR (Available
online: http:/ /diana.imis.athena-innovation.gr/
DianaTools/index.php?r=tarbase/index). Only genes
that were confirmed by all four databases were
considered target genes of miRNAs.

Targeting to have a  comprehensive
investigation of the miRNAs in the diagnostic
combination, GO [42] enrichment analysis and KEGG
[43] analysis of their target genes were conducted by
an online tool DAVID (https://david.ncifcrf.gov/,
version 6.8) and P<0.05 was set as the cut-off criterion
for significance.

Hub target genes prediction

After finding target genes of miRNAs in the
diagnostic combination, in order to identify the chief
mRNAs underlying the regulation mechanism of
these miRNAs, high-throughput mRNA sequencing
data from the LIHC project of TCGA database was
introduced (data downloaded at 6th June, 2017). The
project contains 374 human HCC samples and 50
normal liver samples, in which the expression of
60244 genes were detected. The gene annotation file
was downloaded from Ensembl (GRCh38) [44]
database (http://www.ensembl.org/index.html) to
distinguish gene variations, and only protein-coding
genes were selected for further analysis. The
significantly differentially expressed mRNAs were
identified wusing R package “edgeR”  [45].
Benjamini-Hochberg method was used to control the
false discovery rate (FDR). Genes with FDR<0.05 and
| LogFoldChange | >1 were considered the threshold
value to judge differentially expressed genes (DEGs).

Considering the negative regulation relationship
between miRNA and its target genes, we compared
the down-regulated DEGs with genes identified as
targets of the up-regulated miRNAs, while the
up-regulated DEGs were compared with the target
genes of the down-regulated miRNAs. The mutual

ones were considered hub target genes.

Statistical analysis

Significantly differentially expressed genes of
microarray data were analyzed using R package
“limma”, and significantly differentially expressed
genes of high-throughput data were analyzed using R
package “edgeR” of R language (version 3.2.5).

Spearman’s rank correlation was employed to
analyze the relationship between miRNAs and
miRNA  combination with clinicopathological
variables. Spearman’s rank correlation analysis was
performed using SPSS (Version 19, SPSS Inc., Chicago,
USA) and P<0.05 was considered statistically
significant.

Stepwise logistic regression analysis was used to
establish the miRNA combination. The independent
variables are the expression of ten candidate miRNAs
and the dependent variable is the sample status, that
is, whether the sample is tumorous or not. The
analysis method is Forward: Conditional. The
stepwise logistic regression analysis was performed
using SPSS (Version 19, SPSS Inc., Chicago, USA).
Receiver operating characteristic (ROC) curves and
area under the ROC curve (AUC) were used to
evaluate the diagnostic performance of miRNA
biomarkers in HCC. GraphPad Prism (version 6.0;
GraphPad software) was used to generate the ROC
curve.

Results

DEmiRNA analysis and screening of candidate
miRNAs

Following the screening criteria, 50 DEmiRNAs
(Figure 2A, Table S2) and 27 DEmiRNAs (Figure 2B,
Table S3) were obtained from the screening set and
training set, respectively. Among these miRNAs, 5
up-regulated miRNAs (hsa-miR-106b, hsa-miR-25,
hsa-miR-93, hsa-miR-222, hsa-miR-221) and 5
down-regulated miRNAs (hsa-miR-424, hsa-miR-520f,
hsa-miR-29¢, hsa-miR-101, hsa-miR-422a) which were
differentially expressed in HCC tissues in both
screening and training datasets were selected as
candidate miRNAs (Table 1).

Establishing a miRNA combination for HCC
diagnosis

A stepwise logistic regression model to estimate
the risk of HCC was applied on the training dataset.
Two miRNAs were selected to form the final
combination and the established regression model
was Logit P=3.76 x exp(hsa-miR-221) -3.192 x
exp(hsa-miR-29c). Even though the diagnostic
accuracy of single miRNA was quite satisfactory, the
combination is a better indicator for HCC diagnosis
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due to its higher AUC and sensitivity as compared
with single miRNA (AUC=0.9974, 95%CI=0.9907 to
1.000; sensitivity=98.72%, specificity=100.0%, Figure
3A). We also determined the diagnostic accuracy of
two selected miRNAs in the combination, which was
not as robust as the miRNA combination (Figure 3A).

Table 1. Candidate miRNAs to establish the diagnostic
combination
miRNA Screening dataset Training dataset

Log FC Pvalue type Log FC adjPvalue type
Hsa-miR-424 -3.49307 0.005137 Down -1.63196 3.03E-07 Down
Hsa-miR-520f  -3.36844 0.013892 Down -1.19342 8.42E-10 Down
Hsa-miR-29¢ -2.27737 0.03304 Down -1.84006 2.17E-08 Down
Hsa-miR-101 -1.82946 0.041984 Down -2.10304 3.77E-09 Down
Hsa-miR-422a  -2.61368 0.001059 Down -1.03471 1.36E-09 Down
Hsa-miR-106b  1.929812 0.007399 Up 1.270324 0.000267 Up
Hsa-miR-25 1.949887 0.001366 Up 1.690017 2.23E-07 Up
Hsa-miR-93 2217326 0.003224 Up 1.128434 0.000155 Up
Hsa-miR-222 2491835 0.000312 Up 2385102 1.36E-09 Up
Hsa-miR-221 1.887786 0.004491 Up 2.665307 5.11E-11 Up

FC: fold change
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Validating the miRNA combination using two
different datasets

In order to validate the diagnostic accuracy of
the miRNA combination, we downloaded two
datasets with miRNA expression profiles using
different testing methods. In the validation set
GSE74618, hsa-miR-221 showed mediocre diagnostic
accuracy with the AUC=0.88 (95%CI=0.8078 to 0.9569;
sensitivity=75.23%, specificity=90.0%) (Figure 3B).
However, hsa-miR-29c had no value in distinguishing
HCC patients from normal individuals with a P value
>0.05(Figure 3B). But the miRNA combination still
held a high diagnostic accuracy with the AUC>0.9
(AUC=0.91, 95%CI=0.8294 to 0.9890; sensitivity=
86.7%, specificity=80.0%, Figure 3B). In the validation
set TCGA, the AUC of hsa-miR-221 was 0.85
(95%CI=0.8002 to 0.8944; sensitivity=74.13%,
specificity=86.0%) (Figure 3C) while the AUC of
hsa-miR-29¢ was 0.90 (95%CI=0.8698 to 0.9341;
sensitivity=78.93%, specificity=90.0%) (Figure 3C).
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Figure 2. Microarray assay of miRNAs differentially expressed in the tissues of HCC and normal liver samples. Notes: Heatmap exhibiting the differentially
expressed miRNAs in HCC tissues compared to normal liver samples in dataset GSE12717(A) and GSE10694(B). Each column represents an individual sample and each row
represents a single miRNA. Expression level of each miRNA in a single sample is depicted according to the color scale. Yellow represents high expression, whereas blue
represents low expression. This heatmap was conducted by the “pheatmap” package of R language. p-value<0.05 and |LogFoldChange| >1 were identified as threshold value to
judge differentially expressed miRNAs(DEmiRNAs) of GSE12717. adjusted p-value<0.05 and |LogFoldChange| >1 were identified as threshold value to judge differentially

expressed miRNAs of GSE10694.
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Figure 3. ROC curves to compare the diagnostic accuracy. Notes: ROC plots for the (A) Training set; (B) Validation set GSE74618; (C) Validation set TCGA; (D)
microRNA combination in discriminating HCC patients of TNM stage I/II from the healthy individuals.

The diagnostic accuracy of our miRNA combination
was very stable with AUC=0.96 (95%Cl1=0.9474 to
0.9807; sensitivity=86.67%, specificity=98%, Figure
30).

Table 2. Diagnostic accuracy of miRNAs and the miRNA
combination

Group miRNA AUC P Sensitivity % Specificity% 95% CI
Value

Training  hsa-miR-221 0.9859 <0.0001 97.44 100 0.9634-1.000

dataset  hsa-miR-29c 0.9641 <0.0001 89.74 100 0.9274-1.000
miRNA 0.9974 <0.0001 98.72 100 0.9907-1.000
combination

Validation hsa-miR-221 0.8823 <0.0001 75.23 90 0.8078-0.9569

dataset  hsa-miR-29c 0.6805 0.05376 61.93 80 0.5655-0.7955

GSE74618  1iRNA 0.9092 <0.0001 86.7 80 0.8294-0.9890
combination

Validation hsa-miR-221 0.8473 <0.0001 74.13 86 0.8002-0.8944

dataset  hsa-miR-29c 0.9020 <0.0001 78.93 9 0.8698-0.9341

TCGA miRNA 0.9641 <0.0001 86.67 98 0.9474-0.9807
combination

AUC: area under the curve; CI: confidence interval

In the validation phase, the diagnostic accuracy
of hsa-miR-221 ranged from 0.85 to 0.88 while the
AUC of hsa-miR-29¢ ranged from 0.68 to 0.90, so the
diagnostic accuracy of single miRNAs was much
lower and less stable than the miRNA combination
(AUC: 0.9020~0.9641). The sensitivity and specificity

of hsa-miR-221 ranged from 74.13% to 75.23% and
86% to 90%, respectively. hsa-miR-29c had a
specificity of 61.93% to 78.93% and specificity of 80%
to 90%. The miRNA combination showed a much
higher sensitivity (86.67% to 86.7%), suggesting a
lower false-negative rate. All the diagnostic data were
summarized in Table 2.

The correlation of miRNAs and the miRNA
combination with HCC clinicopathological
variables

To clarify the relationship between HCC and the
combination, we analyzed the correlation of miRNAs
and the miRNA combination with HCC clinicopatho-
logical variables.

Our analysis showed that expression of
hsa-miR-221 was positively associated with AFP level,
pathological grade, and liver fibrosis, while
expression of hsa-miR-29c was negatively associated
with high AFP level, pathological grade and tumor
stage. The high expression of miRNA combination
was closely associated with high AFP level and
pathological grade (Table 3).

Even though hsa-miR-221 showed a good
diagnostic accuracy, the correlation between its
expression and liver cirrhosis may cause misdiagnosis
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when it is used as a diagnostic biomarker. As for
hsa-miR-29¢, the close connection with HCC staging
clinicopathological variables suggested its potential
usage for early HCC diagnosis. However, the volatile
diagnostic accuracy impaired reliability in HCC
diagnosis. In this study, we found that the expression
of miRNA combination showed no significant
difference between cirrhosis and non-cirrhosis
groups, indicating that the diagnostic accuracy of this
combination was independent of cirrhosis status. To
explore its potential value in distinguishing patients
with different AFP levels and pathological grades, we
carried out the following analysis.

Table 3. Correlation of miRNAs and miRNA combination with
clinicopathological variables in HCC of TCGA datasets

Group Case hsa-miR-221 hsa-miR-29¢ miRNA
combination
r P r P r P
AFP >20 131 0.189 0.001 -0.345 0.00 0.349 0.00
<20 151
Grade 1-2 232 0.176 0.001 -0.194 0.00 0.238 0.00
3-4 137
TNM stage I-1I 282 -0.036 0.504 -0.096 0.073 0.059 0.275
I-1v 91
Tumor stage ~ TO-T1 184 -0.056 0.210 -0.13 0.02 0.03 0.562
T2-T4 188
Lymph-node NO 255 -0.039 0.533 -0.0102 0.101 0.256 0.071
metastasis N1 4
Distant MO 270 -0.012 0.839 -0.003 0.965 -0.017 0.785
metastasis M1 4
Child-pugh A 221 0.047 0471 0.027 0.677 0.001 0.993
B-C 22
Liver fibrosis  Yes 140 0.156 0.022 -0.007 0.915 0.12 0.077
No 76

AFP: alpha-fetoprotein

The miRNA combination outperformed AFP
in HCC diagnosis

20ng/ml was a cut-off value of AFP commonly
used in clinical HCC diagnosis. Aiming to compare
the diagnostic accuracy of miRNA combination with
AFP, AFP expression data of 283 HCC patients were
downloaded from TCGA database. Compared with
AFP20 (using 20ng/ml as the cut-off value of AFP in
HCC diagnosis), the miRNA combination picked out
85.5% of HCC patients correctly while AFP20 could
only distinguish 46.3% of the patient population. We
then tested the miRNA combination and AFP levels
using a tiered testing strategy, through subjecting the
AFP20 negative-diagnosed results to a second review
with the miRNA combination. 81.6% of the
false-negative diagnosed patients could be picked out
correctly. Alternatively, initial screening with the
combination followed by AFP, resulted in more than
70% false-negative diagnoses. (Figure 4).

The miRNA combination for early HCC
diagnosis

Early HCC diagnosis is urgently needed for
adequate treatment and study of HCC. In order to
explore whether the miRNA combination was able to
diagnose early stage HCC, we explored the accuracy
of the miRNA combination in distinguishing HCC at
TNM stage I to II. It showed that the miRNA
combination more accurately distinguished TNM
stage I to I HCC from normal samples (AUC=0.97), as
compared with hsa-miR-221 (AUC=0.86) and
hsa-miR29c (AUC=0.90) (Figure 3D).

AFP positive: 118

Combination positive: 242
(85.5% of HCC patients)

(48.8% of Combination positive)

AFP negative: 124

(51.2% of Combination positive)

AFP positive: 12

Combination negative: 41
(14.5% of HCC patients)

(29.3% of Combination negative)

AFP negative: 29

283 HCC patients  —

(70.7% of Combination negative)

combination positive: 118

AFP positive: 131
(46.3% of HCC patients)

(90.1% of AFP positive)

combination negative: 13

(9.9% of AFP positive)

combination positive: 124

AFP negative: 152
(53.7% of HCC patients)

(81.6% of AFP negative)

combination negative: 28

(18.4% of AFP negative)

Figure 4. Performance of a two-tiered algorithm for HCC diagnosis incorporation the miRNA combination and an AFP cut-off of 20ng/ml.
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Target genes of the miRNA combination and
functional and pathway enrichment

To provide precise and deep insight into the
roles of the two miRNAs in the miRNA combination
in HCC onset and development, target genes of
hsa-miR-221 and hsa-miR-29¢c were predicted by the
prediction database. As a result, a total of 27 target
genes of hsa-miR-221 and 96 target genes of
hsa-miR-29c were obtained. Among these genes,
mRNA INSIG1 was found to be a common target gene
for both miRNAs and was breakthrough for the study
of the two miRNAs. (Figure 5, Table S4)

When performing functional and pathway
enrichment analysis of the target genes using the
online website DAVID. The result of GO analysis of
the hsa-miR-221 target genes was summarized in
Figure S1, and the significantly enriched items for
each domain were exhibited according to their p
values. The hsa-miR-221 target genes were mainly
enriched in the biological processes including positive
regulation of transcription from the RNA polymerase
II promoter, and positive regulation of cell
proliferation. The functions of the products of these
target genes involve protein binding, transcription
factor activity, sequence-specific DNA binding and
transcription factor binding. Moreover, their
subcellular localization includes nucleus, cytosol,
endoplasmic reticulum membrane and transcription
factor complex. Their signal pathways were
significantly =~ enriched in the estrogen and
cancer-related pathways.
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The hsa-miR-29¢c target genes were mainly
enriched in the biological processes including
negative regulation of transcription from RNA
polymerase II promoter, negative regulation of cell
proliferation, collagen catabolic process, collagen
catabolic process and ability to respond to drugs. The
functions of the products of these target genes were
protein binding, extracellular matrix organization,
protein kinase binding and chromatin binding. Their
subcellular localization includes nucleus, cytoplasm,
endoplasmic reticulum lumen and extracellular
region. Their signal pathways were enriched in focal
adhesion, PI3K-Akt signaling pathway, and other
cancer-related pathways. Above results were
exhibited in Figure S2.

In the functional analysis, we found that both
miRNAs played important roles in transcriptional
regulation and cell proliferation, and both were
involved in cancer-related pathways.

Hub target genes of the two miRNAs in the
combination

In order to identify the chief mRNAs that
participate in the regulatory mechanism of the two
miRNAs in combination, the high-throughput mRNA
sequencing data from TCGA was introduced. After
differential expression analysis, 4895 differentially
expressed genes were shown. Among them 3847
genes were up-regulated while 1048 genes were
down-regulated (Figure S3).
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Figure 5: MiRNA-target gene network. Notes: The circle represents target gene (MRNA), the yellow octagon represents miRNA. Green circles represent the non-hub
target genes which have been validated by experimental study. Blue ones represent the hub target genes which have been validated by experimental study. Pink ones represent
the hub target genes which haven’t been validated by experimental study. The relationship between the miRNA and gene is represented by a grey line. The network was

conducted using Cytoscape_3.5.1.
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Intersection between the differentially expressed
genes and the predicted target genes of the two
miRNAs was defined according to the negative
regulation relationship between miRNAs and their
target genes. hsa-miR-221, which was up-regulated in
HCC, had two target genes FOS and ESR1 which were
significantly down-regulated in HCC tissues. As for
hsa-miR-29c, COL15A1, COL4A1, DNMT3A, LAMCI,
COL4A2, DNMT3B, HDAC4, SOX12, PLXNAL,
COL7Al1l, NAV3, COL5A3, COL4A5, ELOVL4,
PCDHA9 and MYCN were found to be the hub target
genes (Figure 5, Table S5).

Discussion

miRNAs have been found in a variety of body
fluids, making it a promising non-invasive biomarker
in tumor diagnosis[19, 25, 46, 47]. Indeed, many
miRNAs can be potentially used in HCC diagnosis
[25, 35, 48-51]. Initially HCC research focused on
individual miRNAs. However, it has been proposed
that miRNA panels were better for tumor diagnosis
owing to their higher sensitivity and specificity [35,
52-55]. For example, Lin et al constructed a 7-miRNA
classifier for HCC diagnosis [52]. The researchers
compared the diagnostic accuracy between their
miRNA panel and AFP, and they also indicated the
usage of miRNA panels in early HCC diagnosis.
Zhang et al constructed a miRNA panel consisting of 3
miRNAs using microarray technology [55]. This panel
showed high diagnostic accuracy in distinguishing
HCC patients from normal individuals. It also
indicated the ability of the miRNA panel to detect
early stage HCC and HCC with low AFP.

In this study, we discovered a miRNA
combination consisting of hsa-miR-221  and
hsa-miR-29c. The combination possessed a high
diagnostic accuracy with the AUC>0.9 in both
training set and validation set. Its sensitivity ranged
from 86.67%~98.72% and the specificity ranged from
80%~100%. Compared with hsa-miR-221 or
hsa-miR-29¢ alone, the combination is undoubtedly
more suitable for the HCC diagnosis. In order to
compare our miRNA combination with the miRNA
combinations of Lin and Zhang, we validated the
diagnostic accuracy of their miRNA panels using the
two validation datasets (Figure S4). When validated
using dataset GSE74618, Lin’s 7-miRNA classifier had
an AUC<09 (AUC=0.88, 95%CI=0.8177 to 0.9401;
sensitivity=74.31%, specificity=100.0%), which was
inferior to our miRNA combination analyzed by the
same dataset. We did not validate the 7-miRNA
classifier using TCGA dataset because one of its
components, hsa-miR-133a, was not detected in this
dataset. As for Zhang’s 3-miRNA panel, miR-92-3p
and miR-3126-5p were not found in two validation

datasets, so validation was unsuccessful in the
databases we selected. In our study, we not only
screened and verified the expression of candidate
miRNAs but also used two validation datasets to
validate the diagnostic accuracy of the miRNA
combination with different methods.

AFP has been a traditional tumor marker for
HCC diagnosis for decades. However, AFP
expression can be affected by other non-malignant
diseases, which impairs the specificity of AFP for
HCC diagnosis. A previous study showed that given
a cut-off of 20 ng/ml, AFP has a sensitivity of
41%~65% and a specificity of 80%~90% in HCC
detection [56]. We found that when using 20ng/ml as
the cut-off, AFP’s sensitivity and specificity were both
lower than those of our miRNA combination.
Meanwhile, the combination had the ability to pick
out 90.1% of HCC patients false-negatively diagnosed
by AFP which also indicate the advantage over AFP in
HCC diagnosis.

HCC is one of the most common cancers
worldwide. Despite the development in detection
methods and treatment, overall prognosis of HCC
patients still shows a sobering picture owing to late
diagnosis. Hence, early diagnosis is crucial for current
liver cancer research. In our study, we found that the
miRNA combination was significantly associated
with pathological grade. The miRNA combination
showed an ideal diagnostic efficiency with the
AUC=0.97in distinguishing TNM stage 1 /II HCC.
Thus, our miRNA combination may be a more
suitable tool for early HCC diagnosis.

We also explored the biological function of the
two miRNAs in the combination. Hsa-miR-221 is one
of the well-studied oncogenic miRNAs up-regulated
in various cancers.[57-59] Numerous reports have
indicated that hsa-miR-221 was significantly
associated with tumor metastasis, invasion[60-62] and
drug resistance[63, 64]. In particular, hsa-miR-221 is
linked to the HCC progression from liver
cirrhosis.[65] In our research, hsa-miR-221 was
significantly associated with pathological grade and
liver fibrosis as previously reported. In the GO
analysis, the target genes of hsa-miR-221 were related
to the transcriptional regulation of tumor-associated
genes. The target genes of hsa-miR-221 were related to
estrogen signaling and cancer-related signaling. Our
data was consistent with other studies.[66]

As a tumor suppressor, hsa-miR-29¢c suppresses
tumor metastasis and invasion,[67-70] and is
down-regulated in numerous tumors. It inhibits HCC
cell proliferation and induces HCC cell apoptosis.[70,
71] Consistently, our research demonstrated that low
hsa-miR-29¢ level was significantly associated with
high pathological grade and tumor stage. In the
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functional analysis, hsa-miR-29 target genes mainly
participated in the negative regulation of
transcription, and the pathways involved were
related to focal adhesion, PI3K-Akt signaling, cancer
signaling and cancer-associated miRNAs. In
conclusion, hsa-miR-29¢c may play an important role
in HCC formation and development.

In the functional analysis, 27 target genes of
hsa-miR-221 and 96 target genes of hsa-miR-29c were
identified using target gene prediction databases.
Among them, 11 target genes of hsa-miR-221 and 15
target genes of hsa-miR-29c have been proved by
experimental studies. Among the target genes we
predicted, INSIG1 was the common target of
hsa-miR-221 and hsa-miR-29¢c. So far as we know, we
are the first to report this result. INSIG1 might be a
new breakthrough for the study of hsa-miR-221 and
hsa-miR-29¢ in HCC. To predict the hub target genes
of hsa-miR-221 and hsa-miR-29c, mRNA-Seq data
from TCGA was downloaded and analyzed.
According to the negative regulation relationship
between miRNAs and their target genes, we found the
hub target genes of hsa-miR-221 were FOS and ESR1,
while the hub target genes of hsa-miR-29c¢ were
COL15A1, COL4A1, DNMT3A, LAMC1, COL4A2,
DNMT3B, HDAC4, SOX12, PLXNA1l, COL7Al,
NAV3, COL5A3, COL4A5, ELOVL4, PCDHA9 and
MYCN. These genes may play significant roles in the
regulatory  mechanism of hsa-miR-221 and
hsa-miR-29¢ in HCC. Some of them have been studied
by other researchers, and the ones that have not been
studied might lead to new clues for exploring miRNA
functions in HCC.

Limitations

Limitations may exist in our study. For example,
miRNA expression in different datasets may be
greatly affected by detection methods, researcher
skills and specimen status. In order to reduce the
impacts of these factors on the results, we used
multiple datasets with different detection methods to
verify the diagnostic accuracy of the combination.
However, more clinical samples are still needed to
further substantiate the generalizability of the miRNA
combination. Further investigations are necessary to
confirm the correlations between the miRNAs and
predicted target genes.

Conclusion

In conclusion, we constructed a miRNA
combination consisting of hsa-miR-221  and
hsa-miR-29c. This miRNA combination possessed
high diagnostic accuracy in HCC diagnosis. It
outperformed AFP in HCC diagnosis and had the
ability to identify AFP-negative hepatocellular

carcinoma and early-stage HCC patients. Two
members of the combination have been proved to
have a strong connection with the occurrence and
development of HCC. And target genes obtained in
the functional analysis phase may provide a new
research direction for the exploration of the miRNA in
HCC development and tumorigenesis. Thus, our
study indicates that the miRNA combination could be
a promising biomarker for HCC diagnosis.
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