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Abstract. The pathogenesis of small cell lung cancer (SCLC), 
a highly metastatic malignant tumor, remains unclear. In the 
present study, important genes and pathways that are involved 
in the pathogenesis of SCLC were identified. The following 
four datasets were downloaded from the Gene Expression 
Omnibus: GSE60052, GSE43346, GSE15240 and GSE6044. 
The differentially expressed genes (DEGs) between the 
SCLC samples and the normal samples were analyzed using 
R software. The limma package was used for every dataset. 
The RobustRankAggreg package was used to integrate the 
DEGs from the four datasets. Functional and pathway enrich-
ment analyses were conducted using the Gene Ontology and 
Kyoto Encyclopedia of Genes and Genomes databases with 
FunRich software and R software, respectively. In addition, 
the protein-protein interaction (PPI) network of the DEGs 
was constructed using the STRING database and Cytoscape 
software. Hub genes and significant modules were identified 
using Molecular Complex Detection in Cytoscape software. 
Finally, the expression values of hub genes were determined 
using the Oncomine online database. In total, 412 DEGs were 
identified following the integration of the four datasets, with 
146 upregulated genes and 266 downregulated genes. The 
upregulated DEGs were primarily enriched in the cell cycle, 
cell division and microtubule binding. The downregulated 
DEGs were primarily enriched in the complement and coagu-
lation cascades, the cytokine-mediated signaling pathway and 
protein binding. Eight hub genes and 1 significant module 
correlated to the cell cycle pathway were identified based on a 

subset of the PPI network. Finally, five hub genes were identi-
fied as highly expressed in SCLC tissue compared with normal 
tissue. The cell cycle pathway may be the pathway most closely 
associated with the pathogenesis of SCLC. NDC80, BUB1B, 
PLK1, CDC20 and MAD2L1 should be the focus of follow-up 
studies regarding the diagnosis and treatment of SCLC.

Introduction

Cancer has placed a great burden on human health and the 
economy worldwide. Lung cancer has the highest rate of 
mortality and morbidity among both sexes, making it one 
of the most significant types of cancer, according to a major 
global epidemiological survey in 2018 (1). The financial 
burden of cancer not only takes a toll on an individual's life, 
but it also leads to a further loss of productivity. When adoles-
cents with cancer face unbearable economic costs, their drug 
treatment and subsequent treatment will be affected, forming 
a vicious circle and causing further losses to society (2). Small 
cell lung cancer (SCLC) accounts for approximately 15% of 
the total cases of lung cancer (1). Compared with other types 
of lung cancer, SCLC is usually more sensitive to radiotherapy 
and chemotherapy, but its diagnosis and treatment are more 
difficult (3). Although SCLC is sensitive to chemotherapy, it 
is more likely to develop drug resistance and is highly prone 
to systemic metastasis (4). Patients with late-stage SCLC 
who are treated with standard chemotherapy have a median 
survival time of only 9-10 months from diagnosis (5). Unlike 
non-small cell lung cancer (NSCLC), there are no driver genes 
yet identified that can be used for clinically targeted therapy, 
so the treatment of SCLC primarily relies on radiotherapy and 
chemotherapy.

The etiology of malignant tumors is not yet fully under-
stood. In addition to smoking, environmental exposure (6,7) 
and genetics (8) have been linked to the risk of developing 
cancer. Genetic factors are currently recognized as one of the 
endogenous causes of cancer. In addition, genetic mutations 
in patients with cancer can lead to resistance to cancer drugs. 
As a result, it is very important to investigate the molecular 
mechanisms underlying the occurrence and development of 
SCLC and to identify effective biomarkers.

With the continuous development of microarray and 
high-throughput sequencing technologies, molecular 
biomarkers associated with the occurrence, development, 
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diagnosis and treatment of tumors can be identified (9‑12). 
Compared with research on NSCLC, fewer bioinformatics 
analyses have been conducted in SCLC. However, certain 
studies have revealed potential biomarkers associated with 
SCLC (13,14). To further investigate the crucial biomarkers 
associated with SCLC and to overcome the limitations 
regarding the results that are due to different technology 
platforms or small sample sizes in various studies, integrated 
bioinformatics methods were adopted in the present study in 
order to conduct investigations across multiple platforms with 
larger sample sizes.

Materials and methods

Gene expression profile data. The GEO database was used 
to obtain 4 microarray expression profiles: GSE60052 (15), 
GSE43346 (16), GSE15240 (17) and GSE6044 (18).

The inclusion criteria for the gene expression profiles were 
as follows: i) The tumor tissue samples were from patients with 
SCLC, and the control group was normal tissue; ii) the number 
of samples was >10; iii) all included studies were published in 
the English language; iv) the included studies provided enough 
data or raw data to enable further bioinformatics analysis; and 
v) the research subjects were human. The characteristics of all 
the gene expression profiles are presented in Table I.

Integrated analysis of microarray datasets. R software 
(version 3.5.1; 64-bit; https://www.r‑project.org/) (19) was used 
to identify relevant DEGs. The expression data for each gene 
expression profile were downloaded from the GEO database. 
For values not reported in logarithmic form, log2 conversion 
was performed. If standardized data were not available, the raw 
data were downloaded. For CEL files, the affy package (19) was 
used to read the expression data. If a gene had multiple probes 
in the same chip, the average value of all probes was taken 
as the expression value of the gene. The limma package (20) 
was used to standardize the data for each experiment. Finally, 
the RobustRankAggreg package (21) was used to integrate 
the DEGs identified in the four gene expression profiles. The 
included DEGs conformed to the following criteria: |log2FC| 
>1.5 (where FC means fold change) and adjusted P<0.05.

Functional and pathway enrichment analysis. FunRich 
software (version 3.1.3; 64-bit) (22) was used to perform the 
functional and pathway enrichment analyses. The FunRich 
tool was designed to process a variety of gene and protein 
datasets and to perform powerful functional enrichment anal-
yses (22). The GO database (geneontology.org) was chosen for 
the functional pathway enrichment analysis of downregulated 
and upregulated DEGs in the present study. This database 
contains information associated with biological processes 
(BPs), cellular components (CCs) and molecular functions. 
The DOSE package (23) for R software was selected for the 
KEGG pathway enrichment analysis. P<0.05 was considered 
to indicate a statistically significant result.

PPI network construction and analysis of modules. The 
STRING database (version 10.5; string-db.org/) is an online 
database that facilitates searches for interactions between 
proteins (24). The DEGs with interaction scores >0.9 were 

mapped into PPIs. Then, Cytoscape (version 3.6.1; 64-bit; 
www.cytoscape.org/) (25) was used to identify hub genes. 
Cytoscape is an open-source software platform for visualizing 
complex networks and integrating those networks with any 
type of attributed data (25). The modules with degree cut-off=2, 
node score cut-off=0.2 and K-core value =2 were screened by 
Molecular Complex Detection (MCODE) (26). The modules 
with MCODE scores >10 and >15 nodes were selected as 
notable modules. FunRich software and R software were 
used to perform functional and KEGG pathway enrichment 
analyses, respectively, of the DEGs in these different modules. 
The genes with degrees >20 were considered hub genes.

Expression level analysis of hub genes. Oncomine (oncomine.
org) is currently the largest oncogene chip database and inte-
grated data mining platform in the world; it is intended to be 
used to mine cancer gene information. To date, the database 
has collected data from 729 gene expression datasets and 
>90,000 cancer and normal tissue samples. It can be used 
to analyze the differential expression of individual genes in 
samples of major cancers and their associated normal tissues 
and to visualize the results (27). The expression value data for 
normal and SCLC tissues were downloaded from Oncomine 
(pre-processed expression levels were Log2 normalized and 
median centered), and GraphPad Prism software (version 
7.0; 64-bit; GraphPad Software, Inc.) was used to draw box 
diagrams and identify significant differences using unpaired 
Student's t‑test. P<0.05 was considered to indicate a statisti-
cally significant result.

Results

DEG identification. In all four microarray expression profiles 
(GSE60052, GSE43346, GSE15240 and GSE6044), 412 DEGs 
were identified, which contained 57 normal tissue samples 
and 153 SCLC tissue samples. Compared with normal tissues, 
SCLC tissues had 146 upregulated genes and 266 downregu-
lated genes. To visualize the differential expression levels in 
each microarray expression profile following standardiza-
tion, volcano maps were used for the 4 datasets (Fig. 1). Red 
points represent upregulated genes (log2FC >1.5 and adjusted 
P<0.05), whereas green points represent downregulation genes 
(log2FC <‑1.5 and adjusted P<0.05). The black points represent 
genes with no significant difference (adjusted P≥0.05). Then, 
a cluster heat map was used to present the differences in the 
expression levels of the top 20 DEGs according to adjusted 
P-values integrated from the four different microarray expres-
sion profiles (Fig. 2). The top 20 integrated DEGs presented 
the smallest adjusted P‑values, and were S1PR1, MAD2L1, 
CDKN2A, STIL, NDC80, NCAPG, PAD51AP1, TTK, PRM2, 
EZH2, PRC1, UBE2C, RFC4, CENPF, TCP2A, HMGB3, 
TYMS, SOX4, MCM2 and SMC4.

Enrichment analyses. For the upregulated and downregu-
lated DEGs, GO and KEGG pathway enrichment analyses 
were performed. The top 5 enriched results are presented in 
Figs. 3-5. For upregulated DEGs, the enriched BPs were cell 
division, DNA replication, G1/S transition of the mitotic cell 
cycle, mitotic cell cycle and mitotic sister chromatid segre-
gation. The enriched BPs among the downregulated genes 
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included the cytokine-mediated signaling pathway, positive 
regulation of angiogenesis, the inflammatory response, cell 
adhesion and vasculogenesis. Regarding the enriched CCs, the 
upregulated DEGs were enriched in the nucleoplasm, nucleus, 
spindle, midbody and kinetochore, while the downregulated 
DEGs were enriched in extracellular vesicular exosomes, the 
extracellular space, the cell surface, focal adhesion and the 

extracellular region. In addition, with regard to molecular func-
tion, the upregulated DEGs were associated with microtubule 
binding, ATP binding, microtubule motor activity and protein 
kinase binding, while the downregulated DEGs were associ-
ated with protein binding, protein homodimerization activity, 
integrin binding, β-amyloid binding and tumor necrosis factor 
binding (all adjusted P‑values <0.05).

Table I. Basic characteristics of the gene expression profile data.

Record Tissue Platform Normal Tumor Country Race (Refs.)

GSE60052 SCLC GPL11154 Illumina HiSeq 2000   7 79 USA Asian (15)
  (Homo sapiens)
GSE43346 SCLC GPL570 [HG-U133_Plus_2] Affymetrix 42 23 Japan Asian (16)
  Human Genome U133 Plus 2.0 Array
GSE15240 SCLC GPL570 [HG-U133_Plus_2] Affymetrix   3 42 USA Caucasian (17)
  Human Genome U133 Plus 2.0 Array
GSE6044 SCLC GPL201 [HG-Focus] Affymetrix   5   9 Germany Caucasian (18)
  Human HG-Focus Target Array

SCLC, small cell lung cancer.

Figure 1. Differential expression data between two sets of samples. (A) GSE60052 data. (B) GSE43346 data. (C) GSE15240 data. (D) GSE6044 data. The red 
points represent upregulated genes screened on the basis of | log2FC|>1.5 and an adjusted P<0.05. The green points represent downregulation of the expression 
of genes screened on the basis of |log2FC|>1.5 and an adjusted P<0.05. The black points represent genes with no significant difference. FC, fold change.
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Figure 3. Gene Ontology analysis of the upregulated differentially expressed genes. (A) Biological process. (B) Cellular component. (C) Molecular function.

Figure 2. Heatmap of the top 20 integrated differentially expressed genes screened on the basis of |log2FC|>1.5 and adjusted P<0.05. Red indicates the genes 
that were upregulated, green indicates the genes that were downregulated, and black indicates no significant change in gene expression. GEO, Gene Expression 
Omnibus; SCLC, small cell lung cancer.
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There were 5 KEGG pathways that were significantly 
associated with the upregulated genes (all adjusted P‑values 
<0.05; Fig. 5), including the cell cycle, DNA replication, 
mismatch repair, homologous recombination and oocyte 
meiosis (Fig. 5A). Complement and coagulation cascades, 
fluid shear stress and atherosclerosis, Staphylococcus aureus 
infection, cytokine-cytokine receptor interaction and viral 
myocarditis were primarily associated with downregulated 
DEGs (Fig. 5B).

Construction of PPI network and module identification. 
To predict the interactions between recognized DEGs at 
the protein level, a PPI network was constructed using the 
STRING database. In total, 410 nodes and 852 edges were 
presented in this PPI network (Fig. 6). According to the 
inclusion criteria used within the present study, one signifi-
cant module was identified (Fig. 7). In this module, 8 hub 
genes with degrees >20 were identified: BIRC5, NDC80, 
BUB1B, CENPE, KIF2C, PLK1, CDC20 and MAD2L1 

Figure 4. Gene Ontology analysis of the downregulated differentially expressed genes. (A) Biological process. (B) Cellular component. (C) Molecular function.
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(Table II). The GO pathway enrichment analysis revealed 
that microtubule binding, tubulin binding, microtubule 
motor activity, motor activity, protein C-terminus binding 
and ATPase activity were the primarily enriched pathways. 
Via the KEGG analysis, the following four crucial pathways 
were identified: The cell cycle, oocyte meiosis, human T‑cell 
leukemia virus 1 infection and progesterone-mediated 
oocyte maturation (Fig. 8).

Expression level analysis of hub genes. Using the Ocomine 
database, two important results were obtained from the 
Garber et al (28) and Bhattacharjee et al (29) lung cancer 
gene expression data. From the analysis of their data, it can 
be concluded that when compared with normal tissues, SCLC 
tissues had five highly expressed hub genes. These genes were 
the same as those identified in the bioinformatics investiga-
tion of the present study, except CENPE, PLK1 and BIRC5. 
Three of the identified genes were associated with cell cycle 
pathways and were highly expressed (CDC20, BUB1B and 
MAD2L1) (all P<0.05; Fig. 9).

Figure 5. Kyoto Encyclopedia of Genes and Genomes pathway analysis of DEGs. (A) Upregulated DEGs. (B) Downregulated DEGs. The x-axes represent the 
number of target genes belonging to a pathway; the bigger the number, the higher level of enrichment, and the color of the bar reflects the different P‑value 
range. DEGs, differentially expressed genes.

Figure 6. Protein-protein interaction network. Circles represent genes, lines represent the protein-protein associations of genes, and the results within the circle 
represent the structures of the proteins. Red nodes represent upregulated genes and green nodes represent downregulated genes.

Figure 7. Protein-protein interaction network of differentially expressed 
genes in the significant module. Circles represent genes, lines represent the 
protein-protein associations of genes, and the results within the circle repre-
sent the structures of the proteins. Red nodes represent upregulated genes.
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Discussion

SCLC has been termed a recalcitrant cancer. Despite being 
sensitive to radiotherapy and chemotherapy, the recurrence rate 
is very high. Although there have been breakthroughs in the 
treatment of SCLC, the pathogenesis remains unclear (30-32). 
Therefore, the discovery of potential molecular mechanisms 
underlying SCLC may be very important for the treatment 
and diagnosis of SCLC. In particular, the development of 
high-throughput sequencing facilitates the search for poten-
tially involved genes and tumor mechanisms. Cancer is a 
polygenic genetic disease; with the development of tumors, 
cancer cells are still constantly dividing, multiplying and 
accumulating mutations, and their genomes are unstable. 

Bioinformatics, on the other hand, uses genetic information 
for molecular diagnoses and drug therapies. To the best of 
our knowledge, the present study is currently the first to use 
four gene chips for cross-platform analysis. The sample size 
was increased, the effect of batch difference was eliminated 
using the RobustRankAggreg package, and the results were 
more accurate. The more accurate evaluation of the previously 
discovered genes and pathways will provide a theoretical basis 
for subsequent studies, and also guide future studies.

In the present study, 412 DEGs were identified, including 
146 upregulated genes and 266 downregulated genes. The 
upregulated genes were primarily enriched in the cell cycle, 
DNA replication, mismatch repair, homologous recombination 
and oocyte meiosis. The downregulated genes were primarily 
enriched in cytokine-cytokine receptor interactions. Among 
these DEGs, a crucial module containing 8 hub genes was 
selected from the PPI network. Furthermore, the important 
enriched module pathways containing the 8 hub genes revealed 
that the cell cycle was the most significant pathway. A previous 
study (32) that performed whole genome sequencing on a 
large sample of 152 freshly frozen samples from patients diag-
nosed with stage I-IV SCLC revealed that a loss of the tumor 
suppressors TP53 and retinoblastoma protein 1 promoted the 
development of SCLC. The present study obtained 5 new 
promising hub genes, which were highly expressed in SCLC 
tissues compared with normal tissue, and three of those genes 
were strongly associated with the cell cycle pathway (TP53, 
TP73 and RB1; all P‑values <0.05).

An abnormal cell cycle may lead to the occurrence of a 
variety of different types of tumor, such as hepatocellular 
carcinoma (33,34), breast cancer (35), pancreatic cancer (36), 
ovarian cancer (37) and NSCLC in non-smoking females (38). 
Wang et al (39) used different microarray expression profiles 
in their study of primitive neuro-ectodermal tumors, and 
revealed the same four pathways that were identified in the 
present study, and several of the same genes in the modules 
that they identified as being important. These similarities 
may be the result of both tumors being neuroendocrine 
tumors. These results support the view that disordered cell 
cycle regulation may contribute to the development of SCLC. 
Previous studies (14,40) have also indicated that the cell cycle 
pathway is an important pathway involved in the development 
and progression of SCLC. It has also been demonstrated that 
certain associated drugs can restore the abnormal cell cycle in 
SCLC, thus playing anti-tumor roles (41).

Following the discovery of cell division cycle protein 
20 (CDC20) ~40 years ago, the original researchers 
demonstrated that CDC20 mutations can cause abnormal 
cessation of mitosis, resulting in abnormal chromosome 
separation in anaphase (42). Wan et al (43) revealed that the 
anaphase-promoting complex (APC) CDC20 plays an impor-
tant role in the regulation of the cell cycle and apoptosis, and 
it can also inhibit the apoptosis-induced resistance of cancer 
cells to chemotherapy and radiotherapy. Furthermore, CDC20 
is highly expressed in a number of different types of tumor, 
and is associated with the poor prognosis of patients, such 
as those with colorectal cancer (44), hepatocellular carci-
noma (45), gastric cancer (46), bladder cancer (47) and cervical 
cancer (48). Taniguchi et al (49) discovered that downregula-
tion of CDC20 can increase the sensitivity of pancreatic cancer 

Table II. Hub genes with a high degree of connectivity.

Gene Degree Type MCODE Cluster

MAD2L1 36 Upregulated Cluster 1
CDC20 33 Upregulated Cluster 1
PLK1 29 Upregulated Cluster 1
CENPE 25 Upregulated Cluster 1
KIF2C 25 Upregulated Cluster 1
BUB1B 23 Upregulated Cluster 1
NDC80 22 Upregulated Cluster 1
BIRC5 20 Upregulated Cluster 1

Figure 8. Enrichment analyses of the significant module. (A) Kyoto 
Encyclopedia of Genes and Genomes pathway enrichment analysis. (B) Gene 
Ontology enrichment analysis. The x-axes represent the rich factor, which is 
the ratio of the number of target genes belonging to a pathway to the number 
of all the annotated genes located in the pathway. The higher rich factor 
represents the higher level of enrichment. The size of the dot indicates the 
number of target genes in the pathway, and the color of the dot reflects the 
different P-value range.
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cells to radiotherapy and paclitaxel. In addition, Wan et al (43) 
demonstrated that hyperactive CDC20 plays an important role 
in chemoresistance, and is associated with the human T-cell 
leukemia virus 1 infection pathway. The downregulation of 
CDC20 expression slows the growth of both NSCLC and 
SCLC and the formation rate of lung cancer cell colonies (50). 
In conclusion, CDC20 is expected to be a new target for 
research on SCLC.

The BUB1B gene encodes a kinase involved in the spindle 
assembly checkpoint and chromosome separation (51). 
During the G2 phase of mitosis, BUB1B binds to CDC20 and 
inhibits APC/cyclostome (APC/C) activity, allowing cyclin 
B to accumulate before mitosis begins and slows the cell 
cycle (52). This gene also contributes to the progression of 
certain types of tumor and is associated with the prognosis 
of patients with hepatocellular carcinoma (53) and glioblas-
toma (54). Ma et al (55) revealed that high expression levels 
of BUB1B may promote the tolerance of glioblastoma to 
radiotherapy. Chen et al (56) used gene expression profiling 
of the GSE40791 (57) database to demonstrate that BUB1B 
is a candidate gene associated with the pathogenesis of lung 

adenocarcinoma. Therefore, this gene is a promising candi-
date, and should be the focus of future research on SCLC.

Another gene enriched in cell cycle pathways is mitotic 
arrest deficient 2 like 1 (MAD2L1), which is a component of the 
mitotic spindle assembly checkpoint that ensures that all chro-
mosomes are properly aligned at the metaphase plate (58). The 
destruction of the function of MAD2L1 in mammalian cells can 
affect the function of the spindle, leading to cell aneuploidy or the 
occurrence of tumors. Partial deletion of MAD2L1 (MAD2L1+/- 
cells) accompanied by chromosomal instability can cause lung 
cancer in mice (59). MAD2L1 is highly expressed in patients 
with breast cancer (60) and gastric cancer (61), and its expres-
sion is associated with the tumor stage. A recent study (62) also 
demonstrated that patients with lung adenocarcinoma with high 
expression levels of MAD2L1 have worse prognoses than those 
with low expression levels of MAD2L1.

The kinesin family member 2C (KIF2C) gene encodes 
a protein that is part of the kinase-like protein family. This 
protein plays a role in regulating microtubule dynamics in 
cells, and is important for chromosome separation during 
anaphase (63). The GO analysis in the present study suggests 

Figure 9. (A-H) Analysis of the expression of hub genes in the Oncomine database. The preprocessed expression levels were log2-normalized and 
median-centered. The black dots represent the sample size. BIRC5, baculoviral inhibitor of apoptosis repeat-containing 5; NDC80, kinetochore protein 
NDC80 homolog; BUB1B, BUB1 mitotic checkpoint serine/threonine kinase B; CENPE, centromere-associated protein E; KIF2C, kinesin family member 2C; 
PLK1, polo‑like kinase 1; CDC20, cell division cycle protein 20; MAD2L1, mitotic arrest deficient 2 like 1; SCLC, small cell lung cancer.
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that it has functional enrichment in two aspects: Microtubule 
binding and tubulin binding. Therefore, its abnormal expres-
sion affects mitosis and can lead to cancer. In addition, KIF2C 
has been highly expressed not only in patients with esophageal 
squamous cell carcinoma (64) and glioma (65) with poor 
prognoses, but also in those with adenocarcinoma of the lung, 
as indicated by two different bioinformatics analyses (66,67).

Nuclear division cycle 80 (Ndc80) is an isotetrameric protein 
complex that plays an important role in cell mitosis (68). A liver 
cancer-associated study (69) revealed that liver cancer tumor 
tissue samples from 47 patients had higher Ndc80 mRNA 
expression levels than the adjacent normal tissue samples. 
The virus carrying Ndc80-siRNA silences the Ndc80 gene, 
inhibits the in vitro proliferation of the cultured liver cancer 
SMMC-7721 cell line and induces cell apoptosis, demonstrating 
that Ndc80 primarily acts through its effect on overcoming cell 
cycle arrest and antiapoptosis mechanism-induced liver cancer. 
In a study that focused on osteosarcoma, Ndc80 mRNA expres-
sion was higher in 84.6% of tumor tissues compared with in 
adjacent normal tissues, and the expression level was associ-
ated with the Tumor-Node-Metastasis stage (70) and distant 
metastasis of the tumor. In addition, the level of Ndc80 was 
indicated to have value as an independent prognostic evalua-
tion index (71). Yuan et al (72) screened 13 GSE datasets and 
revealed that NDC80 and 7 other hub genes can interact with 
ZW10-interacting protein and participate in the formation of 
both NSCLC and SCLC.

There were limitations to the present study. First, the 
conclusions were drawn based on data from public databases 
rather than actual experiments, meaning that the quality of 
the data cannot be guaranteed, and that the results may be 
inaccurate. Secondly, the inability to include samples from all 
ethnic groups, such as African-Americans, may have affected 
the levels of gene expression observed. Finally, due to the 
lack of public data on the prognosis of patients with SCLC, 
the impact of the identified genes on survival was not further 
investigated, and factors such as the sex, age and tumor stage 
of patients were not included. All of these factors could affect 
the conclusions of the present study.

In conclusion, the present study has revealed five genes that 
may be associated with the pathogenesis of SCLC: NDC80, 
BUB1B, KIF2C, CDC20 and MAD2L1. The cell cycle may 
play an important role in the development of SCLC; however, 
more well-designed experiments with larger sample sizes need 
to be performed in order to confirm these conclusions. The 
results from the present study will provide new ideas for the 
treatment of SCLC.
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