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Introduction

Recent studies showed that lung cancer was still the most 
common tumor in China and even the world, accounting 
for 18.4% of all tumor deaths (1). Small cell lung cancer 

(SCLC) is a subtype of lung cancer, as accounting for 
10% to 15% in lung cancer. As the difficulty in early 
diagnosis, short treatment time window and lacking specific 
therapeutic regimens for SCLC, the five-year survival rate 
of the patient was only about 5% (2,3). Therefore, the key 
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points to improving SCLC survival is deeply understand the 
tumorigenesis mechanism and exploration of more effective 
and improved treatment methods.

An increasing number of studies have demonstrated 
that microRNA was an important tumor suppressor during 
carcinogenesis as interacted with targeted mRNA. It 
involved in promoting central biological processes such 
as immune regulation, chemical resistance and tumor 
metastasis in various tumors (4,5). In recent years, benefited 
from high-throughput platforms development, microarray 
technology has become an effective and promising tool as 
exploring the role of small regulatory gene molecules in 
many human diseases (6,7). But the inter-lab results were 
not entirely consistent due to the small sample effects, non-
replication and the lack of crossplatform standardization. 
To overcome these limitations, a meta-analysis of these 
independent studies data may be essential for the role of 
microRNAs in SCLC biologic process (8).

Microarray data of small cell lung cancer were collected 
from the gene expression omnibus (GEO) and EBI Array 
Express database. The recent published robust ranking 
aggregation method, which was specifically designed to 
compare several different platforms for ranking gene 
list arrays, was used to identify differential expression of 
microRNA between SCLC sample datasets and adjacent 
normal sample/normal sample datasets (9). Then, we 
predicted microRNA s regulatory genes. Pathway analysis 
was performed to identify common overlapping gene and 
predict the physiological effect of significantly deregulated 
microRNA regulation on the occurrence and development 
of SCLC.

The study explored the pathogenesis of SCLC by 
identifying the key microRNAs in carcinogenesis of SCLC. 
Furthermore, functional analysis and bioinformatics 
enrichment analysis of target genes were conducted, which 
may provide a new perspective on the exploration of 
tumorigenetic mechanism and targeted diagnostic strategies 
of SCLC.

Methods

Selection of studies and datasets

Selection of studies and datasets for SCLC microRNA 
microarrays expression profiling studies were performed 
in NCBI GEO database (www.ncbi.nlm.nih.gov/geo/) 
and EBI Array Express database (AE) (www.ebi.nc.uk/
arrayexpress/). Retrieval using search term TITLE-ABS-

KEY((((((Small Cell Lung Carcinoma) OR Small Cell 
Lung Cancer) OR Oat Cell Lung Cancer) OR Small Cell 
Cancer Of The Lung) OR Carcinoma, Small Cell Lung) 
OR Oat Cell Carcinoma of Lung) OR SCLC) AND 
profil* AND(((((((((((((((((MicroRNAs) OR MicroRNA) 
OR microRNAs) OR Micro RNA) OR RNA, Micro) OR 
microRNA) OR Primary MicroRNA) OR MicroRNA, 
Primary) OR Primary microRNA) OR microRNA, 
Primary) OR pri-microRNA) OR pri microRNA) OR RNA, 
Small Temporal) OR Temporal RNA, Small) OR stRNA) 
OR Small Temporal RNA) OR pre-microRNA) OR pre 
microRNA). The last search was performed in june 2019. 
The studies were included based on the following criteria: (I) 
samples were from humans; (II) focused on the diagnostic 
potential of microRNAs for SCLC tissue; (III) included 
microRNA array; and (IV) came from raw data of datasets. 
The exclusion criteria were as follows: (I) non-English 
papers; (II) case reports, letters, commentaries, meeting 
records, or review articles; (III) focused on animal models 
or cancer cell lines; (IV) cancer samples number fewer 
than 3 patients; (V) individual preselected candidate genes; 
(VI) Studies that profiled different histologic subtypes but 
did not include noncancerous tissue; and (VII) duplicate 
records. All evaluations were independently performed by 
two authors (Dandan Han and Lailing Li) to make sure 
the accurate inclusion of studies. The discrepancies were 
resolved by discussion with a third author (Xiaolei Zhang). 
This study was based on published literature. Therefore, all 
the included studies obtain relative ethics approval. All data 
sets used in this study are shown in Table 1.

Integrated analysis of gene expression datasets

Datasets was downloaded from gene expression omnibus. 
According to the platform annotation file, Probes IDs 
were annotated to gene symbol. If the Probes ID was not 
matched the gene symbol, the Probes ID was deleted. 
For different probes mapped to the same microRNA, the 
final expression value of the microRNA took the average 
expression value of different probes. All microRNA names 
were standardized according to miRBase version 22 (14). 
The raw microarray data were pre-processed individually 
for quality control (including background adjustment and 
normalization) by robust multi-array average (RMA). We 
used the computer of R version 3.4.4 software Bioconductor 
package to calculate and generate the relevant data (15,16).

To obtain the lists of statistically significant expressed 
microRNAs in each data set, the Bayesian statistical 
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Table 1 Characteristics of analyzed datasets

Author and year Region Platform
Number of 

microRNA probes
Tumor type Tissue

Number of 
samples

Series GEO 
accession

Refs.

Tan et al., 2010 China GPL8716 565 SCLC Lung 27 pair GSE15008 (10)

Jin et al., 2015 China GPL19622 746 SCLC Lung 16 TU, 3N GSE74190 (11)

Ohba et al., 2013 Japan GPL9948 601 SCLC Lung 35 TU, 8 N GSE19945 (12)

Yoshimoto et al., 2016 Japan GPL16670 1,226 SCLC Lung 9 TU, 6 N GSE77380 (13)

SCLC, small cell lung cancer; TU, tumor samples; N, noncancerous samples; pairs, TU and N samples from the same patient.

analysis was employed to compare the expression of SCLC 
samples compared with adjacent normal samples/normal 
tissue samples via the limma package in Bioconductor of R 
language (17). In the four included studies, 27 patients were 
treated with paracancer tissue as the control group, and 
60 SCLC patients were treated with healthy lung tissue as 
the control group (8). Differentially expressed microRNAs 
were screened with the thresholds of Benjamini-Hochberg 
adjusted P<0.05 and |log2 (fold change)|>1. Up- and down-
regulated probes were determined according to their fold 
differences. To assess the correlations between the results 
of each individual studies, exclude the effect of microRNA 
spectral analysis technique or sample size on this study, 
DIANA (Divisive Analysis) of cluster packet was applicated 
to do hierarchical clustering analysis of the Differentially 
expressed microRNAs. Spearman rank correlation and 
average linkage method were adopted.

Meta-analysis of microRNA expression

Gene integration of differentially expressed microRNAs 
identified from four studies was performed using 
RobustRankAggreg7 implemented as an R package (18). 
The lists of extracted up- and down-regulated microRNAs 
were prioritized based on their Benjamini-Hochberg 
adjusted P values (less than 0.05 was considered to be 
statistically significant). RRA method was an aggregate 
probability model with robust to noise, which was 
convenient to calculate the significance probability of 
all elements in the final ranking. The stability of p value 
evaluated and a cross validation algorithm was used. All 
the microRNA gene lists of the selected articles were 
ordered according to P value without considering the 
change of folding information (P<0.05). Assign a P value to 
each element in the list, indicating how high the element 

ranks compared to an empty model that expects random 
ordering. The analysis was repeated 10,000 times, each time 
excluding a random list of genes. in the end, an average of 
the assumed values for each microRNA round is obtained.

Bioinformatic analysis

Four individual databases (TargetScan, miRTarBase, 
MicroRNADB and DIANA) were utilized to identify the 
predicted targets of the meta-signature microRNA. Target 
prediction algorithms as follow, TargetScan v6.1 (http://
www.targetscan.org/), MicroRNADB-2016 (http://www.
mirdb.org/), DIANA-microT-CDS v5.0 (http://diana.
imisathena-innovation.gr/) and miRTarBase (http://
mirtarbase.mbc.nctu.edu.tw/). Mammalian conservative 
microRNAs were used for the prediction of target genes. 
Only genes with target sites in 3'UTR were used. In order 
to reduce the predicted false positive rate and improve the 
persuasiveness, consensus targets for the further study were 
then defined as genes predicted by at least two of three 
algorithms (TargetScan, MicroRNADB and DIANA) plus 
validated targets from miRTarBase (19-22).

To access the pathways of SCLC-related different 
express microRNA found in the meta-analysis, Database 
for Annotation, Visualization and Integrated Discovery 
(DAVID) (http://www.david.ncifcrf.gov.) was applicated 
to do Enrichment analyses (23). Pathway identification 
and enrichment analysis for the consensus targets of each 
microRNA in SCLC were investigated using gene ontology 
(GO) and Kyoto encyclopedia of genes and genomes 
(KEGG). There were three categories derived from GO 
analysis, which were biological processes (BP), cellular 
components (CC) and molecular functions (MF). The 
significance of GO and KEGG pathway correlation was 
expressed as P value (P<0.05) (24-26).

http://www.mirdb.org/
http://www.mirdb.org/
http://diana.imisathena-innovation.gr/
http://diana.imisathena-innovation.gr/
http://mirtarbase.mbc.nctu.edu.tw/
http://mirtarbase.mbc.nctu.edu.tw/
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Figure 1 Flowchart of study selection process in this meta-analysis.
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(GSE15008: 27 pair;
GSE74190: 3 pair+13 tumor;

GSE19945: 35 tumor, 8 normal;
GSE77380: 9 tumor, 6 normal)

Results

Search strategy and study inclusion/exclusion criteria

According to the search criteria, we initially retrieved 
21 SCLC related expression analysis datasets from the 
public database (GEO and AE). After considering all 
the collected studies carefully, 5 duplicated data sets and 
12 unqualified data sets were removed (Figure 1), four 
primary data sets (GSE15008, GSE74190, GSE19945, 
GSE77380) satisfied the required inclusion criteria, as 
a training cohort in further meta-analysis (10,11,27,28). 
A flowchart of the selection process in the study was 
provided in Figure 1.

Four articles were published between 2010 and 2016. 
The number of patients investigated ranged from 6 to 
35 (median 22) across the studies. All studies used the 
microarray platform research scheme and the average 
number of microRNAs assayed was 785 (ranging from 565 
to 1,226). The studies included were focused on SCLC 
patients only, not other specific histological subtype. Our 

collected dataset included a total of 74 tumor and 44 
noncancerous samples. Four microarray data sets were 
used to the microRNA expression profiles of SCLC tissues 
relative to their controls. Table 1 presented the details of the 
studies included in the meta-analysis.

Selection of dysregulated microRNAs from the datasets

In this study, 382 distinct microRNAs were identified as 
differentially expressed microRNAs in the four studies, 
after harmonization of annotations. Among them, 226 
microRNAs showed up-regulation in the list of all identified 
microRNAs, 192 microRNAs showed down-regulation, 
and 36 microRNAs showed discordant alteration, both 
up-regulated and down-regulated in different studies. We 
found that the microRNA expression profile in different 
studies was generally different, the average number of up-
regulated microRNAs in the selected four study was 81 
(ranging from 17 to 191), and it was 74 (ranging from 17 to 
145) for down-regulation (Figure 2).
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Figure 2 Distribution of tumor-specific microRNA alterations in small cell lung cancer. Red and blue vertical bars indicate up-regulated 
and down-regulated microRNAs, respectively. MicroRNAs are aligned according to miRBase release 22, containing 381mature human 
microRNAs. The number of microRNAs analyzed in each study is graphically depicted on the right. The positions of small cell lung cancer 
meta-signature microRNAs are shown.
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Cluster analysis of datasets

Hierarchical clustering analysis results showed as follows: 
The most similar findings were carried out by Tan X and 
Jin Y’ studies, conducted by the workgroup from the same 
country. The worst similarity come from Yoshimoto T’ 
study, which has the smallest sample size. Sample size may 
be one explanation for the heterogeneity of the results. In 
addition, in terms of control selection, paracancerous tissue 
was used as the control group in Tan X’ study, while healthy 
lung tissue was used as the control group in the other three 
studies. The results showed that there was no significant 
difference between Tan X’ study and the other three groups, 
excluding the differences between the studies for the follow-
up study (data not shown, available upon request).

Meta-analysis of deregulated microRNAs in small cell 
lung cancer

By applying robust rank aggregation, our study identified 
a statistically significant meta-signature of 6 up-regulated 
(hsa-miR-182-5p, hsa-miR-96-5p, hsa-miR-7-5p, hsa-miR-

301b-3p, hsa-miR-130b-3p, hsa-miR-210-3p) and 4 down-
regulated ( hsa-miR-126-3p, hsa-miR-451a, hsa-miR-
145-5p, hsa-miR-486-5p) microRNAs in SCLC samples 
compared to noncancerous lung tissue. All the 10 meta-
signature microRNAs were statistically significant after 
Bonferroni correction. Throughout our study, the ranking 
of meta-signification differs considerably in different 
studies (Figure 3). There is no microRNAs showed different 
regulated directions, but passed the identification threshold.

The Meta-signature microRNA genes identified 
in this study were located at 8 different chromosome 
locations according to miRBase. It’s worth noting that 
Chromosome 7, chromosome 9, and chromosome 22 all 
harbored 2 different microRNAs; meanwhile, chromosomes 
15,19,11,17,5, and 8 severally harbored one microRNAs, 
miR-7-5p genes  were located on three di f ferent 
chromosomal locations 9,15,19 (Table 2). In terms of 
homology, majority of the meta-signature microRNAs from 
the broadly conserved seed families (conserved across most 
bonyfish and vertebrates). Four meta-signature microRNAs 
belong to the cluster of two microRNAs, hsa-miR-182-5p, 
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Figure 3 The size of deregulated microRNA lists varies greatly across the studies. Vertical boxes designate the number of significantly up-
regulated (A) or down-regulated (B) microRNAs. The rank scale is shown on the left. Positions of small cell lung cancer meta-signature 
microRNAs, identified by robust rank aggregation analysis are highlighted.

Up_regulated

Hsa-miR-182-5p

Hsa-miR-96-5p

Hsa-miR-7-5p

Hsa-miR-301b-3p

Hsa-miR-130b-3p 

Hsa-miR-210-3p

Rank Rank
1

51

101

151

1

51

101

151

Down_regulated

Hsa-miR-126-3p

Hsa-miR-451a

Hsa-miR-145-5p

Hsa-miR-486-5p

Yo
sh

im
ot

o 
T

Yo
sh

im
ot

o 
T

Ohb
a T

Ohb
a T

Jin
 Y

Jin
 Y

Ta
n X

Ta
n X

A B

hsa-miR-96-5p and hsa-miR-301b-3p, hsa-miR-130b-3p 
belong to miR-182/96/183 and miR-130-3p/301-3p/454-
3p microRNA Cluster respectively. A microrna cluster 
was defined to located at a distance less than 50 kb and in 
the same direction as the transcription, not separated by a 
microRNA or transcription unit in the opposite direction.

Bioinformatics analysis

MicroRNA target prediction
The distribution of target counts was presented in on  
Figure 4. The targets of hsa-miR-182-5p, hsa-miR-96-5p, 
hsa-miR-7-5p showed highest number, while hsa-miR-
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Figure 4 Target counts of meta-signature microRNAs.
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210-3p, hsa-miR-126-3p, and hsa-miR-451a were the 
microRNAs with smallest number of targets.

Enrichment analysis
To explore which GO and KEGG pathways of meta-
signature microRNAs were involved in SCLC, the 
predicted gene targets were analyzed by DAVID web tool. 
The GO ontology contains three terms: biological process 
(BP), molecular function (MF) and cellular component 
(CC). The results demonstrated that the most significant 
GO terms for meta-signature microRNAs were “chordate 
embryonic development (BP)”, “transforming growth factor 
beta receptor activity (MF)” and “early endosome (CC)”. 
The top 20 terms in the GO ontology analysis were shown 
in Figures 5,6A. Furthermore, the KEGG pathway analysis 
indicated that “Neurotrophin signaling pathway”, “TGF-
beta signaling pathway”, “Pathways in cancer “and “Axon 
guidance “pathways played an essential role in SCLC 
pathogenesis. Figure 6B showed the top 20 items in KEGG 
pathway analysis.

Discussion

Since the inception of epigenetic in 1940s, microRNAs as 
the important epigenetic regulators were widely studied 
(12,13). The development of massive parallel sequencing 
technology allowed a more detailed analysis of mutations 
that occur in tumors. SCLC is a neuroendocrine tumor 
within the range of lung cancers. Many studies have 

reported that multiple microRNAs played a regulatory 
role in evolution of SCLC (29-31), and SCLC exhibited 
an extremely high mutation rate compared to other tumors 
have been reported (32,33). However, SCLC specimens 
was difficult to obtain since the large majority of SCLC 
patients were diagnosed in advanced stage and not allowed 
undergo surgical resection. In different SCLC microarray 
studies, common causes of biological inconsistencies 
were relatively small sample sizes and noise of microarray 
data. In addition, the integration of raw data sets was 
very complex due to the number of mutant microRNAs 
and the technical platforms used. Fortunately, with the 
continuous improvement of online network technology 
platforms recent years, the availability of many published 
experimental data sets and the emergence of different 
statistical methods for analyzing them made it possible to 
use different research data to address the same research 
issues. In our study, we pooled analyzed four prioritized 
microRNA lists from four published studies comprising 
118 lung cancer and noncancerous tissue samples. To 
get the differentially expressed microRNAs rank lists 
of these four alternatives, SAM algorithm which was 
applicable to samples with biological duplication. It has 
been reported that SAM algorithm was more stable and the 
results selected were more accurate compared with other 
algorithms. To get the meta-signature microRNAs of all 
these differentially expressed microRNAs, we adopt a novel 
robust rank aggregation (RRA) method which was proposed 
for the biological environment of the inherent noise of gene 
sequences.

In our research, we identified 6 up-regulated (hsa-miR-
182-5p, hsa-miR-96-5p, hsa-miR-7-5p, hsa-miR-301b-
3p, hsa-miR-130b-3p, hsa-miR-210-3p) and 4 down-
regulated (hsa-miR-126-3p, hsa-miR-451a, hsa-miR-
145-5p, hsa-miR-486-5p) microRNAs in SCLC samples 
compared to noncancerous lung tissue. We suggested that 
these meta-signature microRNA s were key regulatory 
molecular of the carcinogenic process of SCLC. This 
was supported by the functional and pathway enrichment 
analysis. Functional enrichment analysis indicated that 
these microRNAs were primarily involved in the biological 
processes associated with cell activity, including chordate 
embryonic development, early endosome, and transforming 
growth factor beta receptor activity. Pathway enrichment 
analysis indicates that differentially expressed microRNAs 
were strong impact on neurotrophin signaling pathway, 
TGF-beta signaling pathway, pathways in cancer, axon 
guidance and adherents junction, which was associated 
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Figure 5 Twenty gene ontology (GO) processes most strongly enriched by meta-signature microRNA targets. (A) GO covering the domains 
of molecular functions (MF). (B) GO covering the domains of biological processes (BP). The most relevant top 20 enrichment analysis 
results (with smaller p-values) from the DAVIA. The bubbles represent the top 20 pathways. The bubble size represents enrichment target 
gene number in the process; The bubble color represents −log10(P value), from green to red, the P value decreases; the Y-axis represents the 
enrichment target of GO. The X-axis is Richfactor: it’s counts divided by the third column.
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with the pathogenesis and progression of SCLC. The 
neurotrophin signaling pathway axonal involved 10 target 
genes (BCL2, SHC1, FRS2, FOXO3, IRS1, MAP3K3, 
SORT1, YWHAG, KRAS, CRKL), the TGF-beta signaling 

pathway involved 6 target genes (SKP1, SMAD2, SMAD3, 
SMAD5, TGFBR2, ZFYVE9), the pathways in cancer 
involved 7 target genes (SMAD2, CDK4, FGF9, FOXO1, 
PTEN, PIK3R1, STK4), axon guidance involved 9 target 
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Figure 6 Twenty gene ontology (GO) processes and enrichment scores for Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways 
strongest enriched by meta-signature microRNA targets. (A) GO covering the domains of cellular components (CC). (B) KEGG pathways 
that were the most significantly up-regulated pathways during SCLC. The most relevant top 20 enrichment analysis results (with smaller 
P values) from the DAVIA. The bubbles represent the top 20 pathways. The bubble size represents enrichment target gene number in the 
process; The bubble color represents −log10(P value), from green to red, the p-value decreases; the Y-axis represents the enrichment target of 
GO or pathway. The X-axis is Richfactor: it’s counts divided by the third column. SCLC, small cell lung cancer.
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genes (EPHA3, RASA1, ARHGEF12, EFNB2, GNAI3, 
NTN4, PAK1, PPP3R1, KRAS) and adherents junction 
involves 5 target genes (SMAD2, SMAD3, ACTB, TGFBR2, 
YES1) with SCLC. In general, these genes have directed 
or indirect interregulatory networks. However, the specific 
role of these genes associated with pathways has not been 
elucidated clearly. Therefore, meta-analysis significant 
differentially expressed microRNAs may be a potential 
biomarker of SCLC that may contribute to elucidate the 
tumorigenesis and development of SCLC, however, further 
studies are needed to confirm this.

It was noted that the chromosomal location regions of 
the metacentric signature microRNA are often associated 
with cancer. 6 microRNAs were over-expressed as a proto-
oncogene in many types of tumor, and promote tumor 
proliferation, migration and invasion. Mir-96-5p and mir-
182-5p were members of the mir-183 family (mir-183, mir-
96 and mir-182). They were located on human chromosome 
7q32.2 and transcribe in the same direction. Copy number 
gain in 7p32.2 observed in SCLC tumors, which contains 
MAD1L1, a mitotic checkpoint gene (34,35). Studies found 
that mir-183 and mir-96 were significantly over-expressed 
in lung cancer cell lines, human clinical lung cancer tissues 
and clinical serum samples, and their expression level was 
negatively correlated with overall survival (36,37). Mir-183 
family played important regulatory roles in cell growth, 
colony formation capacity and cell cycle progression, 
through the signal pathway of Wnt/grain-catenin 
TGF habitat (transforming growth factor habitat) (38).  
Furthermore, it could play a role in promoting cancer 
through targeted tumor negative regulatory factors: cell 
programmed death factor 4 (PDCD4) (39). Most of the 
confirmed mir-210 targets were related to angiogenesis, 
apoptosis, cell cycle regulation and x chromosome 
inactivation, of which the most significant is related to 
mitochondrial metabolism regulation (40). The effect 
involved vascular endothelial growth factor, HPV16E6/
E7 Protein, fibroblast growth factor receptor and other 
target molecules (41). Mir-210 could also maintain cell 
iron homeostasis by inhibiting the expression of iron 
sulfur cluster assembly protein (ISCU) and transferritin 
receptor 1, ensuring the survival and proliferation of cancer 
cells and promoting the survival of tumor cells (42). In 
addition, reports have shown that mir-130 family affects 
cancer progression (43). Chang et al. reported that mir-
130b increased proliferation and emt-induced metastasis 
through PTEN/p-akt/hif-1 signaling in hepatocellular 
carcinoma (43,44). MiR-7 has been described as an intrinsic 

tumor suppressor gene in many human cancers including 
lung cancer (45). However, many studies suggested miR-
7 as an ontogeny to promote the tumor progression in 
SCLC. Chou and colleagues reported that stimulating the 
expression of mir-7 through the Ras/ERK/Myc pathway 
can play a biological role in promoting the proliferation 
anchoring the growth of unrelated cells and tumor 
formation of lung cancer cells (46). In addition, it has been 
shown that miR-7 enhanced the chemotherapy resistance 
potential of lung cancer cells by repressing MRP1/ABCC1 
and Ras/MAPK pathway (47,48). Our observation that 
the level of miR-7 was up regulated in SCLC support the 
notion that miR-7 expression plays a role in oncogenesis of 
lung cancer.

S i m i l a r l y,  4  d o w n - r e g u l a t e d  m i c r o R N A s  w e 
identified play role of tumor inhibition in a variety of 
tumors. The direction of regulation was as same as our 
research results. Mir-451 was located in the human 
genome 17q11. In hepatocellular carcinoma human 
and colorectal cancer, studies have shown that mir-
451 could directly inhibit cell proliferation by down-
regulating the PI3k/Akt pathway (49,50). In colorectal 
cancer, mir-451 inhibited tumor growth and invasion 
by inhibiting macrophage migration inhibitor (MIF) of 
target gene (51). In addition, Mir-451 could also act as 
a tumor suppressor gene for human non-small cell lung 
cancer (NSCLC) (52). In the study of chemosensitivity, 
up-regulation of mir-451a was associated with a better 
response to cisplatin in patients with lung cancer (53). 
MiR-145 is located within a 4.09 kb region on human 
chromosome 5 (5q32–33). Mir-145 has been reported 
to have a strong inhibitory effect on the proliferation of 
cancer cells in multiple studies, and is involved in the 
inhibition of metastasis of various solid tumors, including 
cervical cancer, colorectal cancer and hepatocellular 
carcinoma (54-57). Moreover, lower miR-145 level was 
observed in NSCLC tissue (58,59). Mechanism study 
have shown that miR-145 functioned as EMT-suppressor 
in NSCLC by targeting MTDH, Yin Q also found that 
the over-expression of mir-145 could inhibit TGF- 
β-induced EMT in non-small cell lung cancer cells (60).  
MiR-126-3p located in the host gene of epidermal growth 
factor domain 7 (EGFL7) of human chromosome 9q34.3, 
was also involved in different rearrangements in various 
cancers (61). One of the most notable targets in lung cancer 
is EGFL7 (62,63). The functions of miR-126-3p ranged 
from angiogenesis to cell proliferation regulation (64). In 
adults, microRNA-126 was highly expressed in vascularized 
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tissues such as the heart and lungs. MicroRNA-126 showed 
low expression in most tumor tissues, such as gastric cancer, 
breast cancer, colon cancer and lung cancer (64,65). MiR-
486-5p mimics inhibited the progression of colorectal 
cancer by inhibiting the activation of AKT signaling 
pathway via targeting PIK3R1 (66). The mechanism of mir-
486-5p in lung cancer has not been extensively studied, but 
study have shown that mir-486-5p could target CD40, the 
cell surface receptor for ductal adenocarcinoma (67).

In conclusion, the present study identified meta-
signature microRNA in SCLC samples compared with 
healthy lung tissues, as comprehensive statistics analysis 
of four microRNA expression data. And the screening of 
meta-signature microRNA target genes was conducted 
using the TargetScan database. Bioinformatics analyses 
were conducted to explore associated functions and 
pathways. Our study used a microarray dataset to predict a 
meta-analysis of SCLC at the microRNA and gene levels. 
Biomarkers that have previously been identified, including 
miR-182-5p, miR-96-5p, and miR-126-3p, hsa-miR-7-5p, 
and several novel biomarkers in SCLC, including hsa-miR-
301b-3p, hsa-miR-130b-3p, hsa-miR-210-3p, hsa-miR-
451a, hsa-miR-145-5p, hsa-miR-486-5p, were identified. So 
far it has been shown to be associated with tumorigenesis, 
However, the specific function of these biomarkers in 
SCLC remains to be elucidated. It needs more research 
and exploration, such as identification of microRNA 
meta-signature with clinical data, such as patient survival, 
chemotherapy resistance, metastasis and results.
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