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Abstract
Background: Cutaneous squamous cell carcinoma (cSCC) is the leading cause of death in patients with
non-melanoma skin cancers (NMSC). However, unclear pathogenesis of cSCC limits the application of
molecular targeted therapy.

Results: To identify the hub genes in the pathogenesis and progression of cSCC, we downloaded the
microarray data sets GSE2503, GSE45164 and GSE66359 from the Gene Expression Omnibus (GEO)
database, and identi�ed differentially expressed genes (DEGs) between tumor and non-tumor tissues.
Functional enrichment analysis was performed using DAVID. The STRING online website was used to
construct a protein-protein interaction network (PPI), and then Cytoscape performed module analysis and
degree calculation. 146 DEGs were identi�ed with signi�cant differences, including 113 up-regulated
genes and 33 down-regulated genes. The enriched functions and pathways of the DEGs include
microtubule-based movement, ATP binding, cell cycle, p53 signaling pathway, oocyte meiosis and PLK1
signaling events. Nine hub genes were identi�ed, namely CDK1, AURKA, RRM2, CENPE, CCNB1, KIAA0101,
ZWINT, TOP2A, ASPM. The differential expression of these genes has been veri�ed in other data sets. In
addition, the ROC curve also con�rmed their ability to predict disease.

Conclusion: By integrated bioinformatic analysis, the DEGs and hub genes identi�ed in this study
elucidated the molecular mechanism of the pathogenesis and progression of cSCC, and are expected to
become future biomarkers or therapeutic targets.

Background
Cutaneous squamous cell carcinoma (cSCC) is a type of malignant tumor that originates in the epidermis
or appendage keratinocytes, with an incidence only second to basal cell carcinoma (BCC), accounting for
about 20% of all non-melanoma skin cancers (NMSC)[1, 2]. Recent studies have shown that somatic
mutations in cSCC are much more frequent than in other squamous cell carcinomas (head and neck and
lung squamous cell carcinomas)[3], indicating a complex genetic background of cSCC—its pathogenesis
involves multiple genes and pathways. The most common altered tumor suppressor genes in cSCC are
P53, CDKN2A, NOTCH1 and NOTCH2[4, 5]. It has been con�rmed that 54–95% of cSCC contain UV
radiation-induced P53 mutations[6]. The IHC score of P53 protein expression is closely related to the
histological grade and TNM stage of cSCC. Tumors with high P53 protein expression are more aggressive
than tumors with low P53 protein expression[7]. cSCC often �nds heterozygous deletions or point
mutations in the CDKN2A gene locus, and the deletion of p16INK4a is thought to be related to the
progression of AK to cSCC[8]. Notch is a direct target of p53, and more than 75% of cSCCs have NOTCH1
and NOTCH2 mutations[9]. However, driving genes are not yet clear. It is thus signi�cant to understand
the exact molecular mechanisms of cSCC occurrence, proliferation, and recurrence in order to develop
effective diagnostic and therapeutic strategies.
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In recent years, gene expression analysis, such as DNA microarray analysis, has provided an effective
and global way to elucidate gene expression changes in many cancer types, including skin cancer.
However, it is di�cult to obtain reliable results from an independent chip analysis for its false positive
rate is high. In this study, therefore, three mRNA microarray datasets downloaded from the Gene
Expression Omnibus (GEO) were analyzed to obtain differential expression pro�les (DEGs) of cSCC and
normal epidermis. In addition, functional enrichment analysis was performed on these DEGs, and a
protein-protein interaction (PPI) network between them was constructed to reveal the molecular
mechanisms of pathogenesis and progression. In summary, the DEGs and hub genes identi�ed in this
study elucidated the molecular mechanism of the pathogenesis and progression of cSCC, and are
expected to become future biomarkers or therapeutic targets.

Methods
Raw data collection

GEO (http://www.ncbi.nlm.nih.gov/geo)[10] is a public repository containing microarray-based gene
expression pro�les. Three gene expression datasets (GSE2503[11], GSE45164[12] and
GSE66359[13])were downloaded from it. Besides, the gene expression datasets GSE53462[14],
GSE45216[15] and GSE42677[16] were downloaded to verify the data. Table 1 shows the details of the
six datasets. The probes were converted into the corresponding gene symbol according to the annotation
information on the platform. The GSE2503 dataset contains 5 cSCC tissue samples and 6 normal human
epidermis samples. GSE45164 contains 10 cSCC samples and 3 non-cancerous samples. GSE66359
contains 8 cSCC samples and 5 normal human epidermal keratinocytes. The GSE53462 dataset contains
5 cSCC tissue samples and 5 normal human epidermis samples. There are 30 cSCC samples in the
GSE45216 dataset and we selected 10 of them which share the same background and testing platform
with those from the GSE42677 dataset as controls to draw the ROC curve.

Identi�cation of DEGs

The DEGs between cSCC and non-cancerous samples were screened using GEO2R
(http://www.ncbi.nlm.nih.gov/geo/geo2r). GEO2R is an interactive web tool that allows users to compare
two sets of data in the GEO series to determine the DEG between them[17]. The P-values and Benjamini
and Hochberg false discovery rate were adopted to indicate statistical signi�cance while controlling false-
positives. Probe sets without corresponding gene symbols or genes with more than one probe set were
removed or averaged, respectively. logFC (fold change) >1 and P-value < 0.05 were considered
statistically signi�cant.

Enrichment analyses of DEGs

DAVID is an online bioinformatics database that integrates biological data and analysis tools, providing
users with a comprehensive set of gene and protein function annotation information for extracting
biological information (https://david.ncifcrf.gov/, version 6.8)[18]. KEGG is an encyclopedia of genes and
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genomes, used for biological interpretation of genome sequences and other high-throughput data. Gene
Ontology (GO) is a recognized standardized classi�cation system used to de�ne the unique biological
functions of genes and their RNA or protein products obtained from high-throughput genome or
transcriptome analysis. The results of GO and KEGG enrichment analysis of DEGs were obtained through
DAVID. P-value < 0.05 was considered statistically signi�cant.

PPI network construction and module analysis

The STRING (http://string-db.org) (version 10.0) database is a database that calculates physical
interactions and predicts protein (gene) relationships by collecting gene regulation relationships, protein
interaction relationships, protein co-expression, etc[19]. In the present study, PPI network of DEGs was
constructed based on STRING database, and interaction with a combined score > 0.4 was considered
statistically signi�cant. Cytoscape (version 3.6.1) is an open source bioinformatics software platform for
visualizing molecular interaction networks[20]. The plug-in Molecular Complex Detection (MCODE)
(version 1.4.2) of Cytoscape is an APP for clustering a given network based on the topology to �nd
densely connected regions[21]. The PPI networks were drawn using Cytoscape and the most signi�cant
module in the PPI networks was identi�ed using MCODE. The criteria for selection were as follows:
MCODE scores >10, degree cut-off=2, node score cut-off=0.2, Max depth=100 and k-score=2.
Subsequently, FunRich[22], an open-access software enabling functional enrichment analysis and
interaction network analysis of genes and proteins, was used to analyze the biological pathways of the
module.

Hub genes selection and analysis

Hub genes pathway analysis was performed and visualized by ClueGO (version 2.5.4) and CluePedia
(version 1.5.4), the plug‐in of Cytoscape. P-value < 0.05 was considered statistically signi�cant. The hub
genes were selected with degrees ≥ 30. A network of the genes and their co-expression genes was
analyzed using GeneMANIA (http://www.genemania.org/)[23], which is a convenient web portal for
analyzing gene lists and predicting gene function. The Drug-Gene Interaction database (DGIdb) mines
existing resources and generates assumptions about how genes are therapeutically targeted or prioritized
for drug development[24]. In this study, DGIdb 3.0 (http://www.dgidb.org/) was used to predict drugs
based on the hub genes. The parameters were set as: preset �lters: FDA approved; antineoplastic; all the
default. All the drug-gene relationship pairs related to the module genes were predicted, and Cytoscape
was used to construct the network map.

Validation of hub genes in other databases

Finally, Hub genes expression were veri�ed in the dataset GSE53462 by Studen’s t text. P-value < 0.05 was
considered statistically signi�cant. To differentiate hub genes in terms of their abilities in recognizing
cSCC, the ROC curve based on the comparison of GSE45216 and GSE42677 was drawn via the pROC
package[25].
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Results
Identi�cation of DEGs in cSCC

After standardization of the microarray results, DEGs (1860 in GSE2503, 1649 in GSE45164 and 1990 in
GSE66359) were identi�ed. Their volcanic and heat maps are shown in Figure 1. The overlap among the
3 datasets contained 146 genes as shown in the Venn diagram (Fig. 2A), consisting of 113 upregulated
genes and 33 downregulated genes between cSCC tissues and non-cancerous tissues.

Enrichment analyses of DEGs

Use the online tool DAVID for the enrichment analysis of GO and KEGG pathways to classify DEGs and
the pathways involved. Through GO function enrichment analysis, 60 main terms were found enriched.
The most enriched items in biological processes (BP) (31 items) and the least enriched items in
molecular functions (MF) (6 items). GO analysis results show that: For BP, DEGs is signi�cantly enriched
in microtubule-based movement, negative regulation of cell growth and positive regulation of apoptotic
process (Fig. 3A). Regarding the cell composition (CC), DEGs is mainly concentrated on nucleoplasm,
extracellular exosome and cytoplasm (Fig. 3B). In terms of MF, DEGs mainly focuses on ATP binding,
ATPase activity and microtubule motor activity (Fig. 3C). KEGG pathway analysis showed that the
upregulated DEGs was mainly concentrated in cell cycle, p53 signaling pathway, oocyte meiosis and
progesterone-mediated oocyte maturation (Fig. 3D).

PPI network construction and module analysis

The PPI network of DEGs is shown in Figure 2B, consisting of 109 nodes and 617 interaction pairs. The
most signi�cant module (score=28.857) was aggregated from the PPI network (Figure 2C), including 29
nodes and 404 interaction pairs. Then it was put into FunRich for further functional analysis of genes. All
the genes in this module are up-regulated. Funrich analysis of enriched biological pathway for the module
showed that the DEGs were mainly enriched in PLK1 signaling events and polo-like kinase signaling
events in the cell cycle, as shown in Figure 4.

Hub gene selection and analysis

A total of 9 genes with degrees ≥ 30 was identi�ed as hub genes. Names, abbreviations, degree and
functions of these hub genes are listed in Table 1. The ClueGO revealed that the most involved pathways
were p53 signaling pathway, TP53 regulates transcription of cell cycle genes and TP53 regulates
transcription of genes involved in G2 cell cycle arrest (Figure 5A). A network of the hub genes and their
co-expression genes was analyzed using GeneMANIA online platform. Those 9 genes showed the
complex DEGs PPI network with the Co-expression of 72.69%, Predicted of 22.58%, Co-localization of
1.86%, Physical interactions of 1.73%, Pathway of 1.12% and Genetic interactions of 0.02% (Figure 5B).
Based on the DGIdb predictions of the module genes, we obtained 30 drug‐gene interaction pairs,
including four upregulated genes (AURKA, RRM2, CENPE and TOP2A) and 29 drugs (FDA‐listed +
antitumor drugs), as shown in Figure 5C.
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Validation of hub genes in other databases

Finally, the result of independence testing analysis suggested that all hub genes were signi�cantly
increased in cSCC tumor cells compared to normal tissues (Figure 6). ROC curve results indicated that
AURKA, RRM2, CENPE, CCNB1, KIAA0101, ZWINT and TOP2A can identify CSCC with a reasonable degree
of accuracy while CDK1 and ASPM not (Figure 7).

Discussion
The incidence of cSCC is increasing globally. Cutaneous squamous cell carcinoma is the leading cause
of NMSC death, as invasive cSCC shows potential for recurrence and metastasis[26]. The most important
risk factors for cSCC include UV exposure, older age, fair skin, and immunosuppression[27]. Previous
reports have con�rmed that P53 mutations, CDKN2A mutations, RAS mutations in cell signaling, and
tumor suppressor NOTCH1 and NOTCH2 mutations are closely related to cSCC[6–9, 28], failing to fully
unveil the underlying molecular mechanisms behind the aggressive progression of cSCC subpopulations.
This might account for the high mortality rate of cSCC in NMSC[29]. Thus, both potential and e�cient
markers for diagnosis and therapy are in urgent need. Microarray technology, which was proven to be
useful for identifying new biomarkers in other diseases enable us to explore the genetic alterations of
cSCC.

In the current study, through analysis of a large sample of cSCC and corresponding normal tissues, 146
differential genes were identi�ed, including 113 up-regulated gene and 33 down-regulated genes. The up-
regulated DEGs are mainly enriched in the cell cycle, the P53 signaling pathway and oocyte meiosis.
According to previous studies, dysregulation of the cell cycle process plays an important role in
tumorigenesis or development[30] and the p53 signaling pathway is associated with expression pro�ling
of cSCC during the process and epigenetic abnormalities[31, 32]. In addition, biological pathway for the
most signi�cant module showed that the DEGs were mainly enriched in PLK1 signaling events and polo-
like kinase signaling events in the cell cycle. Previous studies have con�rmed that by inhibiting cSCC
keratinocyte PLK1 signaling in vitro, cancer cells can die �rst, emphasizing the importance of PLK1
signaling pathway in the occurrence and development of cSCC[33]. In this regard, our results are in
consistence with all these theories.

A total of 9 genes were identi�ed as hub genes with degrees ≥ 30, namely CDK1, AURKA, RRM2, CENPE,
CCNB1, KIAA0101, ZWINT, TOP2A, ASPM. And these genes have been veri�ed in the dataset GSE53462.
Among these genes, there are 4 druggable genes, including AURKA, RRM2, CENPE and TOP2A. AURKA is
one of three members of the highly conserved mitogen kinase family and plays an important role in
regulating cell division, which is necessary for timely access to mitosis, centrosome maturation, and
assembly of bipolar spindles[34]. Previous studies have found that the expression rates of AURKA in
squamous cell carcinoma and adenocarcinoma are signi�cantly different[35]. In addition, Enrique C et al.
established a mouse model of AURKA overexpression, suggesting that AURKA has a clear role in the
malignant progression of cSCC[36]. RRM2 encodes one of two non-identical subunits for ribonucleotide
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reductase. The overexpression of RRM2 signi�cantly enhances the invasiveness of the cells and plays a
key role in determining the degree of tumor malignancy[37, 38]. However, the role RRM2 plays in the
development of cSCC is unclear. The protein encoded by CENPE is a forward-directed kinesin, belonging
to the kinesin-7 subfamily, which is critical in mitosis[39]. Increasing evidence shows that CENPE may be
a useful drug target for several tumors without targeted therapy[40]. Recent studies have con�rmed that
CENPE is highly expressed in lung adenocarcinoma tissues and promotes lung adenocarcinoma cell
proliferation[41]. TOP2A encodes DNA topoisomerase and is involved in important cellular functions such
as DNA replication, transcription, recombination, and mitosis. It is a sign of cell proliferation in normal
and tumor tissues. High expression of TOP2A occurs most often in breast cancer and affects the
patient's disease-free survival period and total survival period, which is regarded as an important
prognostic molecular index in the development process of breast cancer[42–44]. In addition, the high
expression of TOP2A was related to the cell cycle, and targeting TOP2A was also considered to be an
important method for treating human cancer[45]. We have reason to believe that these genes may have
potential to play an important role in the occurrence and development of cSCC.

CDK1, a serine/threonine kinase, regulates cell cycle progression by binding to cyclin B to form a complex
called cyclin B-CDK1. Studies have shown that CDK1 is overexpressed in breast cancer and liver cancer,
causing tumor cell proliferation and development[46, 47]. Besides, CDK1 is a marker of clinical prognosis
in colon cancer[48]. CCNB1 is a member of the cyclin family. CCNB1 and CDC2 combine to form an M-
phase promoting factor (MPF), which promotes cells from G2 to M phase[49]. Overexpression of CCNB1
damages the cell's G2/M detection point and causes MPF increase. This detection point cannot detect
whether the DNA is damaged, whereas the damaged DNA to continue to undergo mitosis; and it would
also cause the proteasome to break down and recognize all MPF in the middle stage of division, resulting
in continuous proliferation and development of tumor cells[50]. CCNB1 and squamous cells build on each
other, allowing cancer cells to proliferate and differentiate, while new cancer cells promote the expression
of CCNB1 to further increase[51]. Previous studies have reported that KIAA0101 overexpression in
mammalian cells can prevent UV-induced apoptosis, suggesting its essential role in regulating DNA
repair, cell proliferation, apoptosis and cell cycle progression[52]. KIAA0101 is closely related to the
invasion and metastasis of cancer cells[53]. However, there is no direct evidence for a correlation between
this gene and cSCC. ZWINT is a centromere complex component required for mitotic spindle checkpoints
and is involved in centromere function and cell growth[54]. Recently, ZWINT overexpression has been
reported in ovarian cancer and hepatocellular carcinoma, which is intimately linked to tumor progression
and poor prognosis[55, 56]. ASPM, as a cell cycle progression gene, is a key in mitotic spindle
regulation[57]. Previous studies have shown that ASPM is highly expressed in ovarian, pancreatic, and
prostate cancers and is signi�cantly associated with poor prognosis[58–60]. In addition, according to
recent �ndings, knockout of TPX2 in prostate cancer can induce cell cycle quiescence and apoptosis,
reduce the ability of cells to invade, and inhibit cell proliferation[61].

We would like to acknowledge the limitations of this study. First, this is a retrospective study and all the
data of this study were obtained from publicly available databases. Second, further studies, including in
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vivo and in vitro experiments, are required to con�rm these results. Third, the underlying mechanisms of
signaling pathways in cSCC has to be studied further.

In summary, the purpose of this study is to identify DEGs that may be related to the occurrence and
development of cSCC. A total of 9 Hub genes were identi�ed and could be used as diagnostic biomarkers
or drug treatment targets for cSCC. Moreover, the high expression of hub genes in cSCC has been veri�ed
in other data sets, which makes the results more reliable. However, the biological function of these genes
in cSCC needs further research.

Abbreviations
cSCC: Cutaneous squamous cell carcinoma; GEO: Gene Expression Omnibus; DEGs: differentially
expressed genes; PPI: protein-protein interaction network; BCC: basal cell carcinoma; NMSC: non-
melanoma skin cancers; FC: fold change; GO: Gene Ontology; MCODE: Molecular Complex Detection; BP:
biological processes; MF: molecular functions; CC: cell composition; MPF: M-phase promoting factor.
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Table 1.

Details of the GEO datasets. Cutaneous squamous cell carcinoma (cSCC), health control (HC).
Dataset Platform No. of

Samples

(cSCC vs HC)

GSE2503 GPL96[HG-U133A] Affymetrix Human Genome U133A Array 5, 6

GSE45164 GPL571 [HG‐U133A_2] Affymetrix Human Genome U133A 2.0 Array 10, 3

GSE66359 GPL570 [HG‐U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0
Array

8, 5

GSE53462 GPL10558 Illumina HumanHT-12 V4.0 expression beadchip 5, 5

GSE45216 GPL570[HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0
Array

30, 0

GSE42677 GPL571[HG-U133A_2] Affymetrix Human Genome U133A 2.0 Array 0, 10
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Table 2.

Functional roles of 9 hub genes with degree ≥ 30.
Gene
symbol

Degree Full name Function

CDK1 35 cyclin
dependent
kinase 1

CDK1 can regulate the cell cycle progression, apoptosis and
carcinogenesis of tumor cells

AURKA 32 aurora kinase
A

AURKA is one of three members of the highly conserved
mitogen kinase family and plays an important role in
regulating cell division.

RRM2 32 ribonucleotide
reductase
regulatory
subunit M2

RRM2 can enhanced the invasiveness of the cells and
played a key role in determining the degree of tumor
malignancy.

CENPE 31 centromere
protein E

CENPE may be a useful drug target for several tumors
without targeted therapy.

CCNB1 31 cyclin B1 CCNB1 and squamous cells play a complementary role,
allowing cancer cells to further proliferate and differentiate.

KIAA0101 30 KIAA0101 KIAA0101 is closely related to the invasion and metastasis
of cancer cells.

ZWINT 30 ZW10
interacting
kinetochore
protein

ZWINT is a centromere complex component required for
mitotic spindle checkpoints and is involved in centromere
function and cell growth.

TOP2A 30 topoisomerase
(DNA) II alpha

This gene encodes a DNA topoisomerase, an enzyme that
controls and alters the topologic states of DNA during
transcription. TOP2A acts as a target for several anticancer
agents and mutations of this gene have been associated
with drug resistance

ASPM 30 abnormal
spindle
microtubule
assembly

ASPM, as a cell cycle progression gene, plays a critical role
in mitotic spindle regulation.

Figures
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Figure 1

Differentially expressed analysis of GSE2503, GSE45164 and GSE66359 datasets. A-C was the
differentially expressed volcano �gure. D-F were heat maps of DEGs. Among them, red indicates up-
regulated genes and green indicates down-regulated genes. Black indicates no differential expression.
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Figure 2

Venn diagram, PPI network and the most signi�cant module of DEGs. (A) DEGs were selected with a fold
change >1 and P-value < 0.05 among the mRNA expression pro�ling sets GSE2503, GSE45164 and
GSE66359. The 3 datasets showed an overlap of 146 genes. (B) The PPI network of DEGs was
constructed using Cytoscape. (C) The most signi�cant module was obtained from PPI network with 29
nodes and 404 edges. Upregulated genes are marked in light red; downregulated genes are marked in
light green. The node size is based on the degree value.
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Figure 3

GO and KEGG Enrichment Analysis of the DEGs. (A) The top 10 enriched GO categories of biological
process (BP). (B) The top 10 enriched GO categories of cellular component (CC). (C) The top 6 enriched
GO categories of molecular function (MF). (D) A total of 10 signaling pathways in the KEGG enrichment.
The abscissa represents the P-value, and the ordinate represents the terms. The size of the circle
represents the number of genes involved, and the color represents the frequency of the genes involved in
the term total genes.
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Figure 4

The Funrich software drew a bar chart of �ve biological pathways based on the P-value and the
percentage of genes, among which biological pathways with P-value < 0.05 are statistically signi�cant.

Figure 5
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KEGG pathway, co-expression network and drug‐gene interaction analysis of the hub genes. (A) The most
signi�cant pathway and related genes. The results show that these hub genes are mainly involved in p53
signaling pathway, TP53 regulates transcription of cell cycle genes and TP53 regulates transcription of
genes involved in G2 cell cycle arrest. (B) Hub genes and their co-expression genes were analyzed using
Gene MANIA. (C) Drug-gene interaction diagram, yellow circle indicates the differentially expressed gene
and blank square indicates the drug.

Figure 6

Hub genes expression in the GSE53462 dataset. SCC stands for cutaneous squamous cell carcinoma
tumor tissue and Normal represented corresponding normal tissue. P-value < 0.05 was considered
statistically signi�cant.
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Figure 7

ROC curve of hub genes. Area under the curve (AUC) varies from 0.5 to 1.0. AUC of 0.5 is the chance
diagonal, which fails to tell the discrimination between patients with and without the condition. The
closer the AUC gets to 1, the more accurate the diagnostic test is (0.5~0.7: low-moderate accuracy,
0.7~0.9: moderate accuracy, 0.9~1: high accuracy).


