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Seven key hub genes identified by gene
co-expression network in cutaneous
squamous cell carcinoma
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Abstract

Background: Cutaneous squamous cell carcinoma (cSCC) often follows actinic keratosis (AK) and is the second
most common skin cancer worldwide. To reduce metastasis risk, it is important to diagnose and treat cSCC early.
This study aimed to identify hub genes associated with cSCC and AK.

Methods: This study used three datasets GSE45216, GSE98774, and GSE108008. We combined samples from the
GSE45216 and GSE98774 datasets into the new dataset GSE45216–98774. We applied a weighted gene co-
expression network analysis (WGCNA) to investigate key modules and hub genes associated with cSCC and AK. We
considered the hub genes found in both the GSE45216–98774 and GSE108008 datasets as validated hub genes. We
tested whether the expression of hub genes could predict patient survival outcomes in other cancers using TCGA
pan-cancer data.

Results: We identified modules most relevant to cSCC and AK. Additionally, we identified and validated seven hub
genes of cSCC: GATM, ARHGEF26, PTHLH, MMP1, POU2F3, MMP10 and GATA3. We did not find validated hub genes
for AK. Each hub gene was significantly associated with the survival of various cancer types. Only GATA3 was
significantly associated with melanoma survival.

Conclusions: We applied WGCNA to find seven hub genes that play important roles in cSCC tumorigenesis. These
results provide new insights that help explain the pathogenesis of cSCC. These hub genes may become biomarkers
or therapeutic targets for accurate diagnosis and treatment of cSCC in the future.
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Background
Cutaneous squamous cell carcinoma (cSCC) is the sec-
ond most common skin cancer after basal cell carcin-
oma, and in recent years has experienced increased
incidence. cSCC is prone to metastasis. The transition to
invasive cSCC has been reported to occur in 10% of di-
agnosed cases [1]. Frequent moderate chronic ultraviolet

irradiation exposure can cause cSCC. cSCC development
usually follows actinic keratosis (AK), a small, rough
raised area on the skin which is, in most cases, the pre-
cursor lesion of cSCC. To reduce metastasis risk, it is
important to diagnose and treat cSCC early; however,
there are no clinically useful biomarkers for cSCC yet.

The pathogenesis of cSCC involves multiple genetic al-
terations that may dysregulate cell function. Recent
genome-wide association studies from patients identified
several loci associated with cSCC, including
pigmentation-related loci [2, 3]. Many studies have
attempted to understand the mechanism of cSCC by

© The Author(s). 2021 Open Access This article is licensed under a Creative Commons Attribution 4.0 International License,
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if
changes were made. The images or other third party material in this article are included in the article's Creative Commons
licence, unless indicated otherwise in a credit line to the material. If material is not included in the article's Creative Commons
licence and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.
The Creative Commons Public Domain Dedication waiver (http://creativecommons.org/publicdomain/zero/1.0/) applies to the
data made available in this article, unless otherwise stated in a credit line to the data.

* Correspondence: jkyang1984@126.com; wuwj1021@126.com
1School of Basic Medical Sciences, Dali University, Dali, Yunnan 671000,
People’s Republic of China
3Department of Dermatology, First Affiliated Hospital of Kunming Medical
University, Kunming, Yunnan 650000, People’s Republic of China
Full list of author information is available at the end of the article

Chen et al. BMC Cancer         (2021) 21:852 
https://doi.org/10.1186/s12885-021-08604-y

http://crossmark.crossref.org/dialog/?doi=10.1186/s12885-021-08604-y&domain=pdf
http://orcid.org/0000-0001-5224-7951
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
mailto:jkyang1984@126.com
mailto:wuwj1021@126.com


comparing cSCC and normal samples through differen-
tial gene expression analysis. These studies found differ-
entially expressed genes (DEGs) involved mainly in cell
division, cell cycle, apoptosis, inflammation, and epider-
mal differentiation [4–6].

Weighted gene co-expression network analysis
(WGCNA) consists of constructing weighted correlation
networks to identify high correlations between key mod-
ules and clinical traits. Also, WGCNA can measure rela-
tionships between modules and genes, even ranking
genes within modules. It is, therefore, a useful tool to
perform association analyses of gene sets with diseases
and identify candidate hub genes [7, 8]. Cancer research
has extensively used WGCNA [9]. A study on pancreatic
ductal adenocarcinoma using WGCNA identified 5
modules and found 10 hub genes that may indicate a
poor prognosis [10].

In this study, we applied this method to identify key
modules and hub genes associated with cSCC and AK.
We also tested whether the expression of hub genes
could predict survival outcomes in other cancers using
TCGA pan-cancer data.

Methods
Data collection
The flow chart in Fig. 1 illustrates the procedures used
in our study. We obtained the normalized, scaled, and
pre-processed array data for cSCC from the GEO data-
base (https://www.ncbi.nlm.nih.gov/geo/). The
GSE45216 dataset has 30 cSCC samples and 10 AK sam-
ples. The GSE98774 dataset has 18 AK samples and 36
normal samples. We pooled samples from the GSE45216
and GSE98774 datasets. We applied Combat over
GSE45216 and GSE98774 to correct for batch effects
[11]. The combined dataset, named GSE45216–98774,
contained 30 cSCC samples, 28 AK samples, and 36 nor-
mal samples. The GSE108008 dataset consists of 10
cSCC samples, 10 AK samples, and 10 normal samples.
These two datasets, GSE45216–98774 and GSE108008,
would be used for the subsequent analysis, respectively.
The results of the analysis were mutually verified.

Weighted gene co-expression network analysis
We constructed gene co-expression networks using the
WGCNA package of R [12]. First, we removed unex-
pressed genes based on the expression profile and calcu-
lated the variance for each gene. We selected the genes
with standard deviations in the top 50% for further ana-
lysis. Some samples were distant, and we excluded out-
liers based on cluster distance. To construct a weighted
gene network, we set the soft threshold power � to five
for GSE45216–98774 and six for GSE108008, which
were the lowest power based on a scale-free topology
[13]. After constructing a scale-free network, we

transformed the expression matrix into an adjacency
matrix and a topological matrix. On the basis of the
topological overlap measure, we used the average-
linkage hierarchical clustering method to cluster genes
and set the minimum number of genes per module to
30. We set the threshold for similar module combina-
tions to 0.25. After identifying gene modules using dy-
namic shear, we calculated module eigengenes (MEs, the
first principal component of one module), and then clus-
tered modules and merged closer modules into new
modules based on height = 0.25. To identify associations
between modules and clinical characteristics, we plotted
a heat map of modules-characteristics relationship. We
selected genes in the most significant module for subse-
quent analysis.

Functional enrichment analysis of network module genes
To analyze the genes in modules at the functional level,
we performed Gene Ontology (GO) [14] and Kyoto
Encyclopedia Gene and Genomes (KEGG pathway) [15]
enrichment analyses using the cluster-Profiler package
[16]. We identified overrepresented GO terms and
KEGG pathways. We chose 0.05 as the threshold for the
false discovery rate (FDR) adjusted q-value.

Analyses of DEGs
We identified the DEGs using the limma package [17].
We fitted a linear model to each gene and assessed the
expression differences using empirical Bayes moderated
t-statistics. We estimated the FDR adjusted q-value. Stat-
istical significance for differential expression was set to
q-value < 0.05, coupled with a |log2 fold change
(log2FC)| > 1.

Identification of hub gene and validation
We used the intersecting genes between the most
relevant module and DEGs for hub gene analysis.
Hub genes are a class of highly connected genes
within a module and are significantly associated with
biological function [18]. In this study, we defined
genes with high module membership (MM) (|cor.-
weighted| > 0.8) as hub genes. We considered hub
genes present in both GSE45216–98774 and
GSE108008 as validated hub genes.

Hub gene expression in pan-cancer
TCGA pan-cancer data, including RNA-Seq (RNAseq-
FPKM) and clinical data, were downloaded from xena
browser (https://xenabrowser.net/datapages/) [19]. The
TCGA pan-cancer data include 33 cancer types, and
they are adrenocortical carcinoma (ACC), bladder
Urothelial Carcinoma (BLCA), breast invasive carcin-
oma (BRCA), cervical squamous cell carcinoma and
endocervical adenocarcinoma (CESC), cholangio
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Fig. 1 Flow diagram of the whole analysis procedure
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carcinoma (CHOL), colon adenocarcinoma (COAD),
lymphoid neoplasm diffuse large B-cell lymphoma
(DLBC), esophageal carcinoma (ESCA), glioblastoma
multiforme (GBM), head and neck squamous cell car-
cinoma (HNSC), kidney chromophobe (KICH), kidney
renal clear cell carcinoma (KIRC), kidney renal papil-
lary cell carcinoma (KIRP), acute myeloid leukemia
(LAML), brain lower grade glioma (LGG), liver hepa-
tocellular carcinoma (LIHC), lung adenocarcinoma
(LUAD), lung squamous cell carcinoma (LUSC),
mesothelioma (MESO), ovarian serous cystadenocarci-
noma (OV), pancreatic adenocarcinoma (PAAD),
pheochromocytoma and paraganglioma (PCPG), pros-
tate adenocarcinoma (PRAD), rectum adenocarcinoma
(READ), sarcoma (SARC), skin cutaneous melanoma
(SKCM), stomach adenocarcinoma (STAD), testicular
germ cell Tumors (TGCT), thyroid carcinoma
(THCA), thymoma (THYM), uterine corpus endomet-
rial carcinoma (UCEC), uterine carcinosarcoma
(UCS), and uveal melanoma (UVM). Comparison of
gene expression between the normal samples and tu-
mors was performed in 21 cancer types which had
more than three associated adjacent normal samples
using Wilcox statistical test. Statistical significance for
differential expression was set to P< 0.05, coupled
with a |(log2FC)| > 1.

Association of hub gene with patient overall survival in
pan-cancer
To investigate the association between hub genes and
patient overall survival, all patient tumor samples were
used in a survival analysis. Patients were stratified into a
high-level group or a low-level group according to the
median expression level, and the Kaplan–Meier method
was used to analyze survival. P< 0.05 indicates signifi-
cant differences.

Results
A weighted gene co-expression network
We identified a total of 26 modules in the GSE45216–
98774 dataset and highlighted these separately with dif-
ferent colors. We calculated correlations between mod-
ules and clinical characteristics, as shown in Fig. 2a.
According to the correlation between MEs and charac-
teristics, module 5 was the most relevant for cSCC. This
module contained 1742 genes (Supplementary Table 1).
Module 23 was the most relevant for AK and included
31 genes (Supplementary Table 2). Module 9 was the
most relevant for normal samples and included 352
genes (Supplementary Table 3).

We identified a total of 12 modules in the GSE108008
dataset and highlighted them separately with different
colors. We calculated the correlations between modules

Fig. 2 Identification of modules associated with cSCC, AK and normal samples. a Heatmap of the correlations between relevant modules and
clinical characteristics for the GSE45216–98774 dataset. b Heatmap of the correlations between relevant modules and clinical characteristics for
the GSE108008 dataset
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and clinical characteristics, as shown in Fig. 2b. Module
5 was the most relevant for cSCC and had 249 genes
(Supplementary Table 4). Module 10 was the most cor-
related module for AK and contained 324 genes (Supple-
mentary Table 5). Module 7 was the most correlated
module for normal samples and included 525 genes
(Supplementary Table 6). Next, these modules would be
further analyzed.

Gene ontology and pathway enrichment analyses
GO and KEGG pathway enrichment analyses were per-
formed for genes in the module 5 (relevant for cSCC) of
the GSE45216–98774 dataset. The most overrepresented
GO terms are listed in Fig. 3a and Supplementary Table
7. They were associated with glutathione, collagen,
extracellular matrix and cytokine, among others. Ac-
cording to the KEGG database, the genes in module 5
were mainly enriched in the TNF signaling pathway,
glutathione metabolism, cytokine-cytokine receptor
interaction, hepatocellular carcinoma, colorectal cancer
and focal adhesion, among others (Fig. 3b and Supple-
mentary Table 8). GO and KEGG pathway enrichment
analyses were performed for genes in module 23 (rele-
vant for AK). No overrepresented GO term with an ad-
justed q < 0.05 was found. According to the KEGG
database, genes in the module 23 were mainly enriched

in one pathway of mineral absorption (Supplementary
Table 9). GO and KEGG pathway enrichment analyses
were also performed for genes in module 9 (relevant for
normal samples). Overrepresented GO terms were asso-
ciated with scavenger receptor activity, among others
(Supplementary Table 10). According to the KEGG data-
base, genes in module 9 were mainly enriched in Wnt
signaling pathway and complement and coagulation cas-
cades (Supplementary Table 11).

GO and KEGG pathway enrichment analyses were
performed for genes in module 5 (relevant for cSCC) of
the GSE108008 dataset. Figure 3c and Supplementary
Table 12 list the top overrepresented GO terms. Not-
ably, they were associated with collagen and extracellular
matrix, among others. According to the KEGG database,
genes in module 5 were mainly enriched in one pathway
of focal adhesion (Supplementary Table 13). We per-
formed GO and KEGG pathway enrichment analyses for
genes in module 10 (related to AK). The most overrep-
resented GO terms were associated with key enzymes in
controlling the synthesis of fatty acid and triglycerides,
among others (Fig. 3d and Supplementary Table 14). Ac-
cording to the KEGG database, genes in the module 10
were mainly enriched for fatty acid metabolism, steroid
biosynthesis and terpenoid backbone biosynthesis,
among others (Fig. 3e and Supplementary Table 15). We

Fig. 3 Functional enrichment for modules most associated with cSCC and AK. a Most overrepresented GO terms in module 5 (relevant for cSCC)
for the GSE45216–98774 dataset. b KEGG functional enrichment of genes in module 5 (relevant for cSCC) for the GSE45216–98774 dataset. c GO
functional enrichment of genes in module 5 (relevant for cSCC) for the GSE108008 dataset. d Most overrepresented GO terms in module 10
(relevant for AK) for the GSE108008 dataset. e KEGG functional enrichment of genes in module 10 (relevant for AK) for the GSE108008 dataset
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