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Abstract. The diagnosis of small cell lung carcinoma (SCLC) 
remains a great challenge. Changes in chromosome 3p (chr3) 
genes are usually observed in the pathogenesis of lung 
cancer, which suggests that these chr3 genes may be a 
diagnostic marker in the early stage of SCLC. The present 
study explored the diagnostic value of the chr3 gene in 
SCLC using Bioinformatics. Furthermore, reverse tran‑
scription‑quantitative PCR (RT‑qPCR) was used to reveal 
the expression patterns of diagnostic biomarkers in human 
pulmonary alveolar epithelial cells and in the SCLC cell 
line NCI‑H146. A total of 33 differentially expressed (DE) 
chr3 genes and 1,156 module genes associated with clinical 

features of patients with SCLC were identified and func‑
tional enrichment analysis indicated that all these genes were 
significantly enriched in cell cycle terms. The area under the 
receiver operating characteristic curve demonstrated that the 
overlapping genes of the DE‑chr3 and module genes, namely 
cell division cycle 25 A (CDC25A), FYVE and coiled‑coil 
domain autophagy adaptor 1 (FYCO1) and lipid raft linker 1 
(RFTN1), were relatively accurate in distinguishing normal 
from SCLC samples, and may thus be considered diagnostic 
biomarkers. CDC25A was overexpressed in SCLC samples, 
while FYCO1 and RFTN1 were highly expressed in normal 
samples, as evidenced by the RT‑qPCR results. Single‑gene 
gene set enrichment analysis suggested that the diagnostic 
biomarkers were significantly associated with cell cycle, 
ATP‑binding cassette transporter, immune cell differen‑
tiation, immune response and multiple respiratory disease 
pathways. Furthermore, a total of 141 drugs were predicted 
by The Comparative Toxicogenomics Database to be able 
to modulate the expression of the diagnostic biomarkers, of 
which 8 drugs were shared among the three aforementioned 
diagnostic biomarkers. The present study identified three 
novel and powerful diagnostic biomarkers for SCLC based on 
chr3 genes. Suggestions for the development and selection of 
drugs for clinical treatment based on diagnostic biomarkers 
were also provided.

Introduction

Lung cancer accounts for >10% of all cancer cases worldwide 
and is one of the most common types of cancer (1). In 2018, 
781,000 newly confirmed cases of lung cancer and 626,000 
mortalities were reported in China (2). Small cell lung carci‑
noma (SCLC), which is characterized by an unusually high 
proliferation rate, a strong propensity for early metastasis 
and poor prognosis, accounts for ~15% of all lung cancer 
cases. The 5‑year survival rate of patients with SCLC after 
diagnosis is only 2.8%, with a median overall survival (OS) 
of ~10 months (3). In addition, the majority of patients have 
metastatic disease at diagnosis, with only 1/3 of them having 
earlier‑stage disease, which increases the difficulty of clinical 
treatment (4). Therefore, early diagnosis of SCLC is of great 
importance to improve the OS of patients with SCLC.
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At present, early detection of the majority of tumor types, 
including SCLC, mainly depends on the combination of patients' 
timely medical consultation, as well as imaging and other 
examinations. However, due to a variety of factors, including 
patients' delayed medical treatment and doctors' clinical 
experience, numerous patients are diagnosed at an advanced 
tumor stage. Conventional methods, such as image‑guided 
percutaneous transthoracic puncture biopsy and bronchos‑
copy, are able to accurately detect various pathological tumor 
types and have a role in the diagnosis of tumors. However, 
biopsy and bronchoscopy are not appropriate for patients with 
respiratory inadequateness or unclear location of the tumor. 
With the continuous development of molecular biology, serum 
tumor markers, such as neuron‑specific enolase (NSE) and 
progastrin‑releasing peptide (ProGRP), have gradually become 
diagnostic markers for malignant tumors, including SCLC (5). 
However, their specificity is not always satisfactory due to the 
elevated NSE and ProGRP concentration in numerous patients. 
In addition, the concentration of NSE in hemolytic samples is 
also increased (6). Thus, identifying more reliable diagnostic 
markers to compensate for the deficiencies of these traditional 
serum markers is urgently required.

Chromosomal copy number variation is a hallmark of 
cancer (7). Loss of heterozygosity involving several chromo‑
some 3p (chr3) regions accompanied by chr3 deletions is 
detected in almost 100% of SCLC cases. In addition, these 
changes appear early in the pathogenesis of lung cancer. Such 
3p genetic alterations suggest that the short arm of human 
chr3 contains several tumor suppressor genes (8). Deletions 
in chr3 have been identified in lung adenocarcinoma tumors 
via the tumor sequencing project initiative (9). Chr3 common 
eliminated region 1 (C3CER1) on chr3p21.3 is a putative tumor 
suppressor region. C3CER1 loss of heterozygosity exceeds 
90% in lung tumors compared with that of the putative tumor 
suppressor gene fragile histidine triad diadenosine triphospha‑
tase (65%) and the tumor suppressor gene Von Hippel‑Lindau 
(72%) (10). It is known that genetic and epigenetic abnormalities 
of several genes residing in the chr3 region are important for the 
development of SCLC, but it remains elusive how many they are 
and which of the numerous candidate tumor suppressor genes 
are key factors in SCLC pathogenesis. Therefore, exploring the 
diagnostic value of the chr3 gene in SCLC may facilitate the 
clinical diagnosis and prognosis of SCLC.

In the present study, gene expression data obtained from 
Gene Expression Omnibus (GEO) database were integrated 
to perform data mining and analysis of SCLC. Next, a series 
of co‑differentially expressed genes were screened in SCLC. 
Several analyses were carried out based on these genes, including 
functional enrichment analysis, single‑gene Gene Set Enrichment 
Analysis (GSEA) and drug identification. Furthermore, the 
mRNA levels of three diagnostic genes were detected in the 
SCLC cell line NCI‑H146 by reverse transcription‑quantitative 
PCR (RT‑qPCR). The association between the genes in chr3 
deletion regions and disease progression of SCLC was analyzed 
and therapeutic drugs were predicted based on these genes.

Materials and methods

Data source. The GSE40275 and GSE60052 datasets 
used in the present study were downloaded from the GEO 

database. The GSE40275 dataset (https://www.ncbi.nlm.nih.
gov/geo/query/acc.cgi?acc=GSE40275) contained 43 normal 
lung tissue samples (from 14 normal cases) and 21 SCLC 
tissue samples (from 8 cases of SCLC) (Table SI). The mean 
age of the eight patients with SCLC (7 males and 1 female) 
in the GSE40275 dataset was 67.1 years (range 54‑70 years). 
A total of 86 samples were included in the GSE60052 
dataset (https://www.ncbi.nlm.nih.gov/geo/query/acc.
cgi?acc=GSE60052), comprising 7 normal lung tissue (from 7 
normal cases) and 79 tumor samples from patients with SCLC 
(Table SII). The GSE40275 dataset was primarily used for 
screening of differentially expressed genes (DEGs), weighted 
gene co‑expression network analysis (WGCNA), diagnostic 
biomarker assessment and single‑sample GSEA, while the 
GSE60052 dataset was employed for screening of DEGs and 
diagnostic biomarker assessment.

The 505 chr3 genes (Table SIII) were obtained from the 
Human Dec. 2013 (GRCh38/hg38) Assembly in the University 
of California Santa Cruz (UCSC) Genome Browser Database 
(https://genome.ucsc.edu).

Analysis of DEGs. DEGs were identified in the GSE40275 and 
GSE60052 datasets individually using the ‘limma’ package in 
R software. Genes that satisfied |log2 fold change (FC)|>1 and 
P<0.05 between normal and SCLC samples were considered 
as DEGs. The overlapping genes of DEGs (co‑DEGs) in the 
above two datasets were obtained by Venn diagram analysis, 
which was performed on the jvenn online website (http://jvenn.
tou‑louse.inra.fr/app/example.html). DE‑chr3 genes (over‑
lapping genes between co‑DEGs and chr3 genes) were also 
identified. Furthermore, visualization and embellishment 
of the Venn diagrams were achieved using the jvenn online 
website.

Metascape analysis. Metascape (http://metascape.org/) is a 
powerful tool for functional annotation analysis of genes (11) 
and was used in the present study to perform a comprehen‑
sive functional enrichment analysis of the DE‑chr3 genes, 
including Gene Ontology (GO), Kyoto Encyclopedia of Genes 
and Genomes (KEGG) and Reactome analyses. GO analysis 
was performed in three categories: Cellular component 
(CC), molecular function and biological process (BP) (12). 
KEGG (13) and Reactome (14) analyses were used to explore 
the pathways in which genes may be involved. Terms with 
P<0.01 were considered to be significantly enriched.

Ingenuity pathway analysis (IPA). IPA (version 1‑19; Qiagen 
Digital Insights) is a cloud‑based, graphical bioinformatics 
software that mines genomic data for hidden biological signifi‑
cance from a biological pathway perspective. The Ingenuity 
Knowledge Base (IPKB), the core component of IPA, is a 
specialized biological interaction and functional annotation 
database that contains information on interactions between 
proteins, genes, compounds, cells, tissues, drugs and diseases. 
In the present study, the DE‑chr3 genes were uploaded to 
IPKB and subjected to its Disease & Function analysis.

WGCNA. Genes with mean expression values (fragments 
per kilobase of exon per million mapped fragments) >1 
were extracted from all SCLC samples (GSE40275 dataset) 
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to perform WGCNA using clinical and expression data 
from the GSE40275 dataset. Clinical trait‑related modules 
were constructed and module genes were identified in the R 
package WGCNA. In brief, a hierarchical clustering analysis 
was performed on the GSE40275 dataset samples to exclude 
outliers (i.e., the GSM990246 sample was an outlier and was 
excluded; Fig. S1A). The soft‑threshold power was set to 11 
(scale‑free R2=0.85). Modules were segmented by the dynamic 
tree‑cutting algorithm and MEDissThres (the dissimilarity 
threshold of module eigengenes) was set to 0.5 to merge 
similar modules (Fig. S1B‑D). Finally, Pearson correlations 
between module genes and clinical features were calculated. 
The genes in the modules that were most correlated with 
clinical features were considered to be module genes. It should 
be noted that, since the M‑stage information for patients 
in the GSE40275 dataset was recorded as MX for all, the 
M‑stage was not considered. Therefore, clinical characteristics 
included pathological T and N stages (pT, pN), tumor stage 
(stage), sex and age. Detailed functional annotation of module 
genes was performed by GO and KEGG enrichment analysis 
in the clusterProfiler package in R.

Receiver operating characteristic (ROC) curves and area 
under the curve (AUC) estimation based on diagnostic 
biomarkers. The overlapping genes of the module genes and 
DE‑chr3 genes were obtained by Venn diagram analysis 
and subsequently used as candidate biomarkers. Next, ROC 
curves and their corresponding AUCs were established from 
the GSE40275 and GSE60052 datasets to evaluate the ability 
of candidate biomarkers to correctly diagnose disease. Only 
candidate biomarkers with an AUC >0.85 in both datasets were 
identified as diagnostic biomarkers for SCLC. Furthermore, 
expression profiles were extracted from the GSE40275 and 
GSE60052 databases to demonstrate the expression patterns 
of the selected biomarkers.

Cell culture. Human pulmonary alveolar epithelial cells 
(HPAEpiC) and the SCLC cell line NCI‑H146 were purchased 
from the American Type Culture Collection. HPAEpiC cells 
were maintained in DMEM (HyClone; Cytiva) supplemented 
with 10% fetal bovine serum (FBS; Gibco; Thermo Fisher 
Scientific, Inc.) and 1% penicillin‑streptomycin (Lonza Group, 
Ltd.). NCI‑H146 cells were cultured in RPMI‑1640 medium 
(MilliporeSigma) supplemented with 10% FBS and 1% 
penicillin‑streptomycin. The cells were grown at 37˚C in a 
humidified atmosphere of 95% air and 5% CO2. The experi‑
ments were carried out on cells of passage 10‑25.

RNA extraction and RT‑qPCR. Total RNA was extracted 
from HPAEpiC and NCI‑H146 cells using TRIzol® reagent 
(Invitrogen; Thermo Fisher Scientific, Inc.). The concentration 
and quality of RNA were determined by spectrophotometry 
(Jinghua Technology) at 260 and 280 nm. Total RNA was 
reverse transcribed using the SureScript™ First‑Strand cDNA 
Synthesis Kit (Genecopoeia, Inc.) according to the manufac‑
turer's protocol. RT‑qPCR was performed using the CFX96™ 
Real‑Time PCR Detection System (Bio‑Rad Laboratories, 
Inc.) using the BlazeTaq™ SYBR®‑Green qPCR Mix 2.0 kit 
(Genecopoeia, Inc.) according to the manufacturer's instruc‑
tions. The thermocycling conditions were as follows: Initial 
denaturation at 95˚C for 30 sec, followed by 40 cycles that each 
involved incubation at 95˚C for 10 sec, 60˚C for 20 sec and 
72˚C for 30 sec. Relative expression values were calculated 
using the 2‑Δ∆Cq method (15). The primers were synthesized by 
TsingKe Biological Technology and their sequences are listed 
in Table I.

Single‑gene GSEA. Single‑gene GSEA (in the R package 
clusterProfiler) was applied to analyze the pathways enriched 
by each diagnostic biomarker. In brief, samples were divided 
into high‑ and low‑expression groups using the median 
expression of each diagnostic biomarker in the GSE40275 
dataset. Subsequently, log2 FC values were calculated for 
all genes between the high‑ and low‑expression groups for 
each diagnostic biomarker (of note, the DEGs between the 
high‑ and low‑expression groups were not defined; only 
the difference between the two groups was analyzed) and 
were ranked from highest to lowest according to the log2 
FC value. The sorted genes were used as the set of genes to 
be evaluated; simultaneously, the KEGG pathway was used 
as a pre‑defined set of genes. Finally, single‑gene GSEA 
was performed separately for each diagnostic biomarker in 
the clusterProfiler package to detect the enrichment of the 
pre‑defined gene set in the set of genes to be evaluated. An 
adjusted P<0.05 for the pathway was considered to indicate a 
statistically significant difference.

Drug identification by the comparative toxicogenomics 
database (CTD). The CTD (http://ctdbase.org/) is a scientific 
database for describing associations between chemicals, genes 
and human diseases. For a certain gene, the CTD may provide 
the corresponding target compounds in a descending order 
of their interactions. In the present study, CTDs with default 
parameters were used to predict the candidate drugs for the 
selected biomarkers.

Table I. Primer sequences for quantitative PCR.

Gene Forward primer (5'‑3') Reverse primer (5'‑3')

CDC25A TATGAGCAACCACTGGAGGT GTGACTGGGGTGTAAAAAGA
FYCO1 GTGGGGCAGGATTCGGAAAT TGGGGATCAGGCTGTAGGTG
RFTN1 TTCCTCCTTAGACCACCCGA AGTTCTCCACCATCTCCCTC
GAPDH CGCTGAGTACGTCGTGGAGTC GCTGATGATCTTGAGGCTGTTGTC

CDC25A, cell division cycle 25 A; FYCO1, FYVE and coiled‑coil domain autophagy adaptor 1; RFTN1, lipid raft linker 1.
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Statistical analysis. Bioinformatics analysis was performed in 
R software. The complete drug‑diagnostic biomarker network 
was visualized with Cytoscape software (v3.6.1; https://www.
nigms.nih.gov/). For shared drugs, intersection analysis was 
performed on the jvenn online website. Subsequent shared 
drug‑diagnostic biomarker networks were represented in 
the diagrams.net online network (https://app.diagrams.net/). 
Histograms were constructed using GraphPad Prism 8 soft‑
ware (GraphPad Software, Inc.) to indicate the association 
between the tissue type (normal and SCLC) and the mRNA 
levels of diagnostic biomarkers. Unless otherwise stated, 
P<0.05 was considered to indicate a statistically significant 
difference.

Results

Identification of the DE‑chr3 genes associated with SCLC. 
In the GSE40275 dataset, a total of 2,189 DEGs between 21 

SCLC and normal samples were identified, of which 1,115 
were upregulated and 1,074 were downregulated (Fig. 1A; 
Table SIV). In total, 6,290 DEGs were extracted from 
the GSE60052 dataset (79 SCLC vs. 7 normal), including 
2,720 upregulated and 3,572 downregulated genes (Fig. 1B; 
Table SV). Venn diagram analysis indicated that a total of 
1,162 co‑DEGs (407 upregulated and 755 downregulated 
genes) were differentially expressed between SCLC and 
normal samples in the above datasets (Fig. 1C; Table SVI). 
Subsequently, 505 genes located in chr3:1‑90000000 were 
obtained by Human Dec. 2013 (GRCh38/hg38) assembly in 
the UCSC Genome Browser Database and were designated as 
chr3 genes (Table SIII). Fig. 1D revealed that only 33 of these 
505 chr3 genes were co‑DEGs, of which, 5 were upregulated 
and 28 were downregulated (Fig. S2A and B; Table SVII).

Based on Metascape‑GO analysis, the DE‑chr3 genes 
were observed to be closely associated with oxygen metabolic 
process, cell motility and regulation of inflammatory responses. 

Figure 1. Identification of DEGs in SCLC. Volcano plots displaying the DEGs between SCLC and normal samples in the (A) GSE40275 and (B) GSE60052 
datasets. (C) Co‑DEGs of the two datasets. (D) Intersection between co‑DEGs of the above two datasets and chr3 genes. DEGs, differentially expressed genes; 
SCLC, small cell lung carcinoma; FC, fold change; down/DN, downregulated; up, upregulated; no, not significantly changed; chr3, chromosome 3p. 
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Unexpectedly, regulation of supramolecular fiber organiza‑
tion and supramolecular fiber organization were indicated to 
be significantly enriched (Fig. S2C‑F; Table SVIII). Several 
supercoiled supramolecular polymeric fibers of self‑sorted 
donor‑acceptor molecules (supramolecular fibers) have been 
reported as markers of lung cancer (16). IPA's Disease & 
Function analysis revealed that these DE‑chr3 genes were 
involved not only in cellular, tissue and organ development, 
but also in cancer, tumor morphology and respiratory diseases 
(Table SIX) which suggested that the DE‑chr3 genes probably 
have an essential role in the development and progression of 
SCLC.

Search of module genes associated with clinical features of 
SCLC by WGCNA. WGCNA was performed on 20 SCLC 
samples from the GSE40275 dataset. With a soft threshold set 
to 11 (R2=0.85), the gene network infinitely approximated the 
scale‑free distribution (Fig. 2A). A total of 12 co‑expressed 
modules were then identified (Fig. 2B). Correlations between 
modules and clinical characteristics were calculated, including 
age, sex, pT, pN and stage. The dark grey module was strongly 
associated with pT (r=0.59, P=0.006), pN (r=0.59, P=0.006), 
sex (r=0.6, P=0.005) and stage (r=0.75, P=1x10‑4). The dark 
grey module was selected as the hub module and 1,156 genes 
(Table SX) of this module were investigated in the subsequent 
analyses.

The potential functions of these module genes were also 
explored. GO‑BP analysis revealed that these genes were 
significantly enriched in various cell cycle‑related terms 
(Fig. 2C; Table SXI). Similarly, the KEGG pathway analysis 
also demonstrated that the cell cycle pathway was significantly 
enriched (Fig. 2D; Table SXII). These results suggested that 
the variation in cell cycle processes may be associated with 
SCLC progression.

Identification and assessment of diagnostic biomarkers for 
SCLC. To further identify biomarkers for SCLC, three overlap‑
ping genes for the DE‑chr3 genes and the module genes were 
obtained, namely cell division cycle 25 A (CDC25A), FYVE and 
coiled‑coil domain autophagy adaptor 1 (FYCO1) and lipid raft 
linker 1 (RFTN1) (Fig. 3A). The ability of the three overlapping 
genes to discriminate between normal and SCLC samples was 
subsequently assessed by ROC curves (Fig. 3B and C). CD25A 
had an AUC of 0.988 in the GSE40275 dataset and of 0.880 
in the GSE60052 dataset; FYCO1 had AUCs of 1 and 0.944 
in the GSE40275 and GSE60052 datasets, respectively; and 
RFTN1 had AUCs of 0.993 and 0.868 in the above GSE40275 
and GSE60052 datasets, respectively. This suggested that the 
above three overlapping genes possessed a robust capacity to 
differentiate between the SCLC and normal groups and were 
therefore considered as diagnostic biomarkers for SCLC in 
subsequent analyses. CDC25A was upregulated in SCLC, 

Figure 2. Identification of module genes and their functional annotation. (A) Soft threshold of scale independence and mean connectivity by weighted gene 
co‑expression network analysis. (B) Associations between 12 co‑expressed modules and clinical characteristics. (C) GO‑biological process, GO‑cellular 
component and GO molecular function analyses revealed that the aforementioned module genes were significantly enriched in various cell cycle‑related 
terms. (D) Kyoto Encyclopedia of Genes and Genomes pathway analysis indicated that the cell cycle pathway was significantly enriched. GO, Gene Ontology; 
ME, module eigengene. 
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Figure 3. Identification of the three overlapping genes for the DE‑chr3 and module genes in SCLC. (A) Venn diagram displaying the three overlapping genes 
for the DE‑chr3 and module genes. The ability of the three overlapping genes to discriminate between normal and SCLC samples in the (B) GSE40275 and 
(C) GSE60052 datasets was assessed by receiver operating characteristic curves. Expression patterns of these three overlapping genes in the (D) GSE40275 
and (E) GSE60052 datasets. (F) Reverse transcription‑quantitative PCR results provided the relative mRNA levels of these three overlapping genes between 
NCI‑H146 and human pulmonary alveolar epithelial cells. *P<0.05; **P<0.01; ***P<0.001; ****P<0.0001. DE, differentially expressed; chr3, chromosome 3p; 
SCLC, small cell lung carcinoma; DN, downregulated; UP, upregulated; AUC, area under the curve; CDC25A, cell division cycle 25 A; FYCO1, FYVE and 
coiled‑coil domain autophagy adaptor 1; RFTN1, lipid raft linker 1.
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whereas FYCO1 and RFTN1 were overexpressed in normal 
samples and the expression patterns of these genes were consis‑
tent between the GSE40275 (Fig. 3D) and GSE60052 (Fig. 3E) 
datasets. Consistently, the RT‑qPCR results (Fig. 3F) revealed 
that CDC25A exhibited a higher expression level in NCI‑H146 
cells compared with that in HPAEpiC cells (P<0.0001), whereas 
FYCO1 and RFTN1 were significantly decreased in NCI‑H146 
cells (P=0.0421 and P=0.0005, respectively).

In addition, the association between the expression of 
diagnostic biomarkers and the clinical characteristics of 
SCLC were examined in the GSE40275 dataset. The results 
indicated that the three genes were significantly associated 
with pT, stage and sex. Specifically, CDC25A was markedly 
upregulated in pT4, stage IIIB and male patients (Fig. S3A); 
RFTN1 was markedly upregulated in pT4, stage III and 
male patients (Fig. S3B); and FYCO1 was upregulated in 

pT2, stage I and female patients, as well as those with pN0 
(Fig. S3C).

Pathway enrichment analysis of each diagnostic biomarker. 
To reveal the potential pathways the diagnostic biomarkers 
are involved in, single‑gene GSEA was performed for each 
diagnostic biomarker in the GSE40275 dataset. The results 
revealed that CDC25A was enriched in a total of 22 KEGG 
pathways (Fig. 4A; Table SXIII); RFTN1 was significantly 
associated with 52 KEGG pathways (Fig. 4B; Table SXIV); 
and FYCO1 was mainly involved in 8 KEGG pathways 
(Fig. 4C; Table SXV).

Specifically, all three diagnostic biomarkers were involved 
in the KEGG pathways of ‘cell cycle’, ‘DNA replication’ and 
‘homologous recombination’. This suggested that the diag‑
nostic biomarkers may also be involved in the proliferation 

Figure 4. Functional annotation of each diagnostic biomarker. (A) Single‑gene GSEA revealed that cell division cycle 25 A was enriched in 22 KEGG 
pathways. (B) Single‑gene GSEA revealed that lipid raft linker 1 was significantly associated with 52 KEGG pathways. (C) Single‑gene GSEA revealed that 
FYVE and coiled‑coil domain autophagy adaptor 1 was mainly involved in 8 KEGG pathways. A merged enrichment plot from single‑gene GSEA including 
enrichment score and gene sets is presented. GSEA, Gene Set Enrichment Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes. 
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process of tumor cells. Of note, the ATP‑binding cassette 
‘(ABC) transporter’ pathway was significantly enriched by 
CDC25A and FYCO1. The ABC transporter superfamily 
is known to be a family of membrane transporter proteins. 
Increased intracellular drug pumping is considered one of 
the mechanisms of tumor multidrug resistance and numerous 
members of the ABC superfamily have also been indicated to 
be involved in tumor multidrug resistance (17‑19). It was also 
observed that the ‘drug metabolism‑other enzymes’ pathway 
was markedly associated with RFTN1. Such evidence indi‑
cated that diagnostic biomarkers may aid the development 
of novel drugs for SCLC. Of note, it was also observed that 
immune cell [T helper ‘(Th)17 cell differentiation’, ‘Th1 
and Th2 cell differentiation’, ‘natural killer cell‑mediated 
cytotoxicity’, ‘neutrophil extracellular trap formation’] and 
immune response (‘antigen processing and presentation’, ‘cell 
adhesion molecules’, ‘chemokine signaling pathway’, ‘Fc e 
RI signaling pathway’ and ‘Rap1 signaling pathway’)‑related 
pathways were associated with RFTN1. The reason why 
SCLC is reportedly not sensitive to immunotherapy is 
the absence of a surface protein that triggers the immune 
response, and this innate deficiency may also be associated 
with tumor immune escape in SCLC (20). Therefore, it was 
hypothesized that RFTN1 may provide a theoretical basis and 
direction for identifying effective immunotherapeutic targets 
and mechanisms for SCLC. In addition, several respiratory 
diseases were also highlighted, including ‘asthma’ (CDC25A 
and RFTN1), ‘tuberculosis’ (RFTN1), ‘influenza A’ (RFTN1), 
‘coronavirus disease‑COVID‑19’ (RFTN1) and ‘pertussis’ 
(RFTN1).

Pharmaceutical prediction for regulating the expression 
of diagnostic biomarkers. Based on the aforementioned 
results, CTD (21) was employed to predict potential phar‑
maceutical agents that may modulate the expression of 
diagnostic biomarkers. A total of 141 potential drugs were 
identified by CTD (Table SXVI). A complete drug‑diagnostic 
biomarker network was constructed using Cytoscape, which 

contained 144 nodes with 223 edges (Fig. 5A). The regulatory 
associations of 27 shared drugs (drugs shared by two diag‑
nostic biomarkers and drugs shared by all three diagnostic 
biomarkers) with diagnostic biomarkers are presented in 
Fig. 5B. Acetaminophen, cisplatin, coumestrol, estradiol, suni‑
tinib, valproic acid, 2,3‑bis(3'‑hydroxybenzyl) butyrolactone 
and Jinfukang were the shared drugs for the three diagnostic 
biomarkers, which have potential to guide the development of 
novel drugs for SCLC (Table II).

Discussion

SCLC is the most aggressive form of lung cancer. Compared 
with NSCLC, SCLC is characterized by a rapid doubling time 
and early, widespread metastases. The lack of early detection 
modalities is one of the important barriers to progress in the 
diagnosis and treatment of SCLC. Therefore, novel biomarkers 
with high efficiency, sensitivity and specificity are urgently 
required for the diagnosis and prognosis of SCLC. Previous 
studies have indicated that chr3 alterations may be associated 
with the pathogenesis of SCLC (8). Thus, chr3 genes may 
become diagnostic biomarkers of SCLC.

The development of high‑throughput sequencing has facili‑
tated the search for genes and mechanisms potentially involved 
in cancer. Bioinformatics use genetic information to improve 
molecular diagnoses and drug therapies (22). Integrated bioin‑
formatics analysis for the identification of therapeutic targets 
of certain cancers based on transcriptomics, proteomics and 
high‑throughput sequencing may help to obtain novel infor‑
mation and to understand the potential underlying molecular 
mechanisms. In the present study, 33 DE‑chr3 genes were 
identified, which may have an essential role in the develop‑
ment and progression of SCLC, and it was confirmed that 
the variation in cell cycle processes may be associated with 
SCLC progression according to GO‑BP analysis. In addition, 
three overlapping genes were obtained for the DE‑chr3 and 
the module genes (namely CDC25A, FYCO1 and RFTN1) by 
bioinformatics functional assessment.

Figure 5. Pharmaceutical prediction for regulating the expression of diagnostic biomarkers by the Comparative Toxicogenomics Database. (A) A complete 
drug‑diagnostic biomarker network was constructed using Cytoscape. The smaller circles represent the predicted drugs, while the larger circles are diagnostic 
biomarkers. The red, green and grey lines indicate upregulation, downregulation and both up‑ and downregulation, respectively. (B) Regulatory associations of 
27 shared drugs (drugs shared by two diagnostic biomarkers and drugs shared by all three diagnostic biomarkers) with diagnostic biomarkers. Circles represent 
diagnostic biomarkers; rounded rectangles indicate predicted drugs (brown for drugs shared by CDC25A and FYCO1; orange for drugs shared by FYCO1 
and RFTN1; purple for drugs shared by CDC25A and RFTN1; and yellow for drugs shared by all three diagnostic biomarkers); blue straight lines represent 
downregulation, red straight lines represent upregulation and green straight lines represent both up‑ and downregulation. CDC25A, cell division cycle 25 A; 
FYCO1, FYVE and coiled‑coil domain autophagy adaptor 1; RFTN1, lipid raft linker 1.
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CDC25A is one of the cell cycle regulation‑related genes. 
CDC25A is mainly localized in the nucleus and controls 
G1/S progression by dephosphorylation‑dependent inactiva‑
tion of cyclin E/cyclin‑dependent kinase (CDK)2 and cyclin 
D/CDK4‑6; G2 phase progression by dephosphorylation of 
CDK1 and activation of the cyclin B1/CDK1 complex is a 
limiting step (23). A previous study suggested that CDC25A 
controls cell proliferation and tumorigenesis by changing the 
expression of proteins involved in cyclin D1 regulation and 
G1/S transition (24). Maintenance of adequate CDC25A levels 
is important for genomic stability and tumor suppression (25). 
The activity and abundance of CDC25A are intricately regu‑
lated and CDC25A is frequently overexpressed in several 
cancer types (26‑29). Butz et al (30) revealed that overexpres‑
sion of CDK1 and CDC25A may have an important role in 
promoting pituitary tumors in the G2/M transition phase. 
The present study suggested that the expression of CDC25A 
in SCLC was significantly increased and it was speculated 
that high expression of CDC25A in SCLC may also promote 
the occurrence and development of SCLC during the G2/M 
transition phase. However, the specific mechanism requires 
to be further explored. Rao et al (31) observed that aberrant 
expression of the cell cycle regulation‑related genes cyclin 
D1, cyclin E, cyclin A, CDC25A and CDK4 may facilitate 
the transcription and expression of genes associated with cell 
cycle progression. A previous study suggested that the cell 
cycle could be the pathway most closely associated with the 
pathogenesis of SCLC (22). However, the functions of the cell 
cycle and its regulatory proteins in SCLC have not been fully 
clarified thus far.

FYCO1 is a late Rab7 effector of autophagy that is required 
for the maturation of autophagosomes (32). FYCO1 has been 
reported to link autophagosomes to the microtubule plus‑end 
movement motor kinesin, which promotes the maturation of 
autophagosomes and the formation of autophagolysosomes (32). 
Dionne et al (33) noticed that FYCO1 regulated the accu‑
mulation of post‑mitotic midbodies by mediating light chain 
3‑dependent midbody degradation and FYCO1 was reported 
as one of the key genes involved in adenoma‑to‑carcinoma 

Table II. The 8 shared predicted drugs for three diagnostic 
biomarkers and their interactions.

A, CDC25A∩FYCO1

 Interactions
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Predicted drug CDC25A FYCO1 RFTN1

Arsenic trioxide UP UP N/A
Bisphenol A DN UP N/A
Copper sulfate DN UP N/A
Rotenone DN UP N/A

B, CDC25A∩RFTN1   

 Interactions
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Predicted drug CDC25A FYCO1 RFTN1

Aflatoxin B1 UP N/A DN
(+)‑JQ1 compound UP/DN N/A DN
Tetrachlorodi‑ UP/DN N/A UP/DN
benzodioxin
Tobacco smoke UP/DN N/A DN
pollution 
Arsenic UP N/A UP
Sodium arsenate UP N/A UP
Tamoxifen UP N/A DN
Cyclosporine DN N/A DN
Hydrogen peroxide DN N/A UP
Tris(1,3‑dichloro‑ DN N/A DN
2‑propyl)phosphate
Resveratrol UP N/A UP
Copper DN N/A UP

C, FYCO1∩RFTN1   

 Interactions
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Predicted drug CDC25A  FYCO1 RFTN1

Abrine N/A DN UP
Methylmercuric N/A DN UP
chloride
Urethane N/A DN DN

D, CDC25A∩FYCO1∩RFTN1  

 Interactions
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Predicted drug CDC25A FYCO1 RFTN1

Acetaminophen UP DN DN
Cisplatin UP/DN UP DN
Coumestrol UP DN DN
Estradiol UP UP UP

Table II. Continued.

D, CDC25A∩FYCO1∩RFTN1

 Interactions
 ‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑‑
Predicted drug CDC25A FYCO1 RFTN1

Sunitinib DN UP UP
Valproic acid DN UP UP/DN
2,3‑bis
(3'‑hydroxybenzyl) UP DN DN
butyrolactone
Jinfukang DN UP DN

CDC25A, cell division cycle 25 A; FYCO1, FYVE and coiled‑coil 
domain autophagy adaptor 1; RFTN1, lipid raft linker 1; DN, down‑
regulated; UP, upregulated; N/A, not applicable.



MA et al:  CHR3 GENES IN SCLC10

transition in colorectal cancer (34). Another study indicated 
that the expression levels of FYCO1 in paired bladder tissue 
and urine samples were significantly lower in bladder cancer 
than in those in the control group (35). RFTN1 has been studied 
in numerous diseases. Wang et al (36) concluded that RFTN1 
may be involved in the pathogenesis of glaucoma. Another 
study suggested that RFTN1 may participate in smoking 
behavior through modulating immune responses or interactions 
with glucocorticoid receptor α and androgen receptor (37). 
Zhao et al (38) explored molecular subtypes and core genes 
for lung adenocarcinoma and screened out two core genes: 
Contactin 4 (CNTN4) and RFTN1. The authors concluded that 
low expression of CNTN4 and RFTN1 predicted unfavorable 
clinical outcomes in patients with lung adenocarcinoma. The 
aforementioned studies demonstrated that FYCO1 and RFTN1 
were involved in the occurrence and development of a variety 
of tumors and other diseases. However, the specific roles of 
CNTN4 and RFTN1 in the pathogenesis of SCLC have not 
been elucidated to date.

In the present study, it was determined that CDC25A was 
upregulated in SCLC samples, while FYCO1 and RFTN1 
were upregulated in normal vs. SCLC samples. In addition, 
the three genes were significantly associated with pT, stage 
and sex of patients with SCLC. These results indicated that 
these three overlapping genes may have an important role in 
the development of SCLC. The results of single‑gene GSEA 
for each diagnostic biomarker revealed potential pathways the 
diagnostic biomarkers are involved in, including ‘proliferation 
process of tumor cells’, ‘immune cells’ and ‘immune response’. 
The specific roles of different diagnostic biomarkers in 
different pathways require to be further explored. The present 
results may facilitate the identification of novel targeted drugs 
to improve the therapeutic effect and prolong the survival time 
of patients with SCLC.

In the present study, pharmaceutical prediction for regu‑
lating the expression of diagnostic biomarkers was performed 
based on CTD. The results revealed that acetaminophen, 
cisplatin, coumestrol, estradiol, sunitinib, valproic acid, 
2,3‑bis(3'‑hydroxybenzyl) butyrolactone and Jinfukang were 
the shared drugs for the aforementioned three diagnostic 
biomarkers, which may potentially aid the development of 
novel drugs for SCLC. A number of these drugs have been 
studied on lung cancer previously. A large cohort study indi‑
cated that total non‑steroidal anti‑inflammatory drug (NSAID) 
use was associated with a reduced risk of lung cancer, which 
suggested that NSAIDs may be useful for chemopreven‑
tion (39). Cisplatin, a well‑known chemotherapeutic drug, has 
been used for the treatment of numerous human cancer types, 
including bladder, head and neck, lung, ovarian and testicular 
cancer (40). Cisplatin exerts its anticancer activity via multiple 
mechanisms, but the most accepted mechanism involves the 
generation of DNA lesions by interacting with purine bases on 
DNA, followed by the activation of several signal transduction 
pathways, which finally lead to apoptosis (41). Coumestrol is a 
natural compound exhibiting broad anticancer effects against 
skin melanoma, lung cancer and colon cancer cell growth. The 
anticancer effect of coumestrol is due to the direct targeting of 
haspin kinase (42). Que et al (43) confirmed that Jingfukang 
induces anticancer activity through oxidative stress‑mediated 
DNA damage in circulating human lung cancer cells. 

Platta et al (44) observed that the histone deacetylase inhibitor 
valproic acid activates Notch1 signaling in SCLC cells, 
induces changes in cell morphology and suppresses neuroen‑
docrine tumor markers. In addition, valproic acid profoundly 
inhibits SCLC cell growth. Hubaux et al (45) demonstrated 
that valproic acid improved the efficacy of a second‑line 
regimen (vindesine, doxorubicin and cyclophosphamide) in 
SCLC cells and mouse models. The advances during the past 
decades in the genetics and biological pathways driving SCLC 
have allowed the identification of multiple novel therapeutic 
strategies. Current studies are underway to explore combina‑
tions of immunotherapies, small molecules and chemotherapy 
with immunotherapy, as well as biomarkers for the selection of 
immunotherapies.

The present study has certain limitations that may affect its 
conclusions. First, the conclusions were drawn based on data 
from public databases rather than actual experiments, indi‑
cating that the quality of the data cannot be guaranteed, and 
that the results may be inaccurate. Furthermore, the propensity 
of SCLC to metastasize extensively during the early stages of 
the disease (most commonly to the brain, liver and bone) leads 
to a 95% mortality rate. However, the M‑stage was not consid‑
ered in the present study, as the M‑stage information for all 
patients in the GSE40275 dataset was recorded as MX. This 
may affect the accuracy of the present results. Finally, due to a 
lack of public data on the prognosis of patients with SCLC, the 
impact of new drugs on survival was not further investigated 
in the present study.

The present study revealed three novel and powerful diag‑
nostic biomarkers for SCLC based on the chr3 genes CDC25A, 
FYCO1 and RFTN1. These three genes were significantly 
associated with pT, stage and sex. In addition, the present 
study provided suggestions for the development and selection 
of drugs for clinical treatment based on diagnostic biomarkers. 
The three aforementioned diagnostic biomarkers may poten‑
tially guide the development of novel drugs for SCLC. The 
present findings may offer novel perspectives for patients with 
SCLC in future research and clinical applications. However, 
additional experiments with larger sample sizes are required 
in order to confirm these conclusions.
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