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A B S T R A C T   

Nicotinic acetylcholine receptors (CHRNs) expression and their critical role in various types of cancer have been 
reported. However, it is still unclear which CHRNs and their associated genes play essential roles in metastasis in 
melanoma patients. Here, we performed bioinformatics analyses on publicly available bulk RNA sequencing 
(RNA-seq) data of patients with melanoma to identify the CHRNs highly expressed in metastatic melanoma. We 
found that CHRNA1 was highly expressed in metastatic melanoma samples compared to primary melanoma 
samples and was strongly associated with CHRNB1 and CHRNG. These muscle-type CHRNs (CHRNA1, CHRNB1, 
and CHRNG) were correlated with the ZEB1 and Rho/ROCK pathway-related genes in metastatic melanoma 
samples. Pairwise correlations and enrichment analyses revealed that CHRNA1 was significantly associated with 
myogenesis/muscle contraction and cell cycle genes. Kaplan-Meier curves illustrated the involvement of 
CHRNA1, four of its correlated genes (DES, FLNC, CDK1, and CDC20), and the myogenesis gene signature in the 
prognosis of melanoma patients. Following the bulk RNA-seq analysis, single-cell RNA-seq (scRNA-seq) analysis 
showed that the CHRNA1-expressing melanoma cells are primarily metastatic and had high expression levels of 
CHRNB1, CHRNG, and myogenesis/cell cycle-related genes. Our bioinformatics analyses of the bulk RNA-seq and 
scRNA-seq data of patients with melanoma revealed that CHRNA1 and its correlated myogenesis/cell-related 
cycle genes are critical prognosis-related markers of metastatic melanoma.   

1. Introduction 

Melanoma, caused by the malignant transformation of melanocytes, 
is a well-known severe type of skin cancer because it is highly invasive 
and metastatic [1,2]. Although melanoma is not an epithelial tumor, in 
the early stage of invasion, melanoma cells have been reported to un
dergo epithelial-mesenchymal transition (EMT)-like phenotype switch
ing, which is orchestrated by EMT-inducing transcription factors 
(EMT-TFs), such as ZEB, TWIST, and SNAIL family proteins [3,4]. 
Melanoma phenotype switching by the transition to a dedifferentiated 
state has been thought to rarely cause various divergent differentiations, 
including rhabdomyosarcomatous differentiation, which expresses stri
ated muscle genes at the metastatic sites [5]. After breaking the base
ment membrane, melanoma cells change their morphology and adopt 

three different migration modes (single cell, streaming, and collective 
modes) according to the surrounding environment [6,7]. The invasive 
front of melanoma is characterized by amoeboid movement, which is 
dependent on the contractility of actomyosin maintained by the Ras 
homolog gene family (RHO)/Rho-associated kinase (ROCK) and JAK/
STAT3 signaling pathways [6,7]. Many signaling pathways, such as 
TGF-β, Wnt, MAPK, and PI3K-AKT, have been reported to regulate 
tumor invasion and metastasis, including melanoma [1,8]. 

Acetylcholine (ACh), the first identified neurotransmitter, is known 
to regulate essential cell functions, such as cell differentiation, prolif
eration, and migration, as a signaling molecule in non-neuronal cells 
[9]. ACh signaling is transmitted through two types of ACh receptors: 
cholinergic receptor nicotinic α, β, γ, δ, and ε subunits (CHRNs), which 
are ligand-gated cation channels [10], and cholinergic receptor 
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muscarinic M (1–5) (CHRMs), which are G protein-coupled receptors 
[11]. Functional analysis of CHRMs in melanoma progression is limited 
to M3 [12], whereas the expression and detailed functional analysis of 
α5 and α9 CHRNs in melanoma cell lines have been reported [13]. 
CHRNs are classified into neuronal (α2 to α10 and β2 to β4) and 
muscular (α1, β1, γ, δ, and ε) receptors expressed in humans except for 
α8 [14,15]. Previously, CHRNs were thought to function only in the 
nervous system and at the neuromuscular junction; however, recent 
studies have reported that CHRNs and ACh are expressed in almost all 
types of cells, including cancer cells [9,10,15]. Since their first detection 
in lung cancer cells, CHRNs have been proven to be involved in tumor 
growth, metastasis, angiogenesis, and EMT [10,15]. Overexpression of 
CHRNA9 induces breast cancer growth and metastasis through EMT 
[16]. CHRNA7 stimulates lung cancer cell proliferation and invasion 
through the Ras/ERK/MAPK and JAK2/STAT/PI3K pathways [17], and 
the knockdown of CHRNA5 inhibits the proliferation and invasion of the 
lung [18] and prostate cancers [19]. In melanoma cells, overexpression 
of CHRNA5 promotes melanoma progression via Notch1, whereas 
knockdown of this receptor inhibits melanoma cell proliferation and 
invasion, as does inhibition of the PI3K/AKT and ERK1/2 signaling 
pathways [20]. CHRNA9 stimulates melanoma cell proliferation and 
migration through the AKT and ERK signaling pathways [21]. While 
previous studies using cell culture systems have shown that specific 
CHRNs are crucial for the process of metastasis, a comprehensive bio
informatics analysis of which types of CHRNs play essential roles in 
metastatic melanoma has not yet been performed. 

Rapid progress in sequencing technology has made it possible to 
analyze gene expression at the whole cancer cell or the single-cell level 
by using gene expression information from individual patients [22]. The 
Cancer Genome Atlas (TCGA), the world’s largest publicly available 
database, provides genomic information, RNA sequencing (RNA-seq) 
data, and various clinical outcomes for over 30 human cancers 
(https://portal.gdc.cancer.gov/). In addition, recent studies using 
single-cell RNA sequencing (scRNA-seq) have demonstrated tumor 
heterogeneity, therapy resistance, and tumor and immune ecosystems in 
human patients [23–27]. Therefore, data-driven analyses that integrate 
bulk RNA-seq and scRNA-seq data are expected to discover new mech
anisms in cancer. In this study, we performed combinational bioinfor
matics analyses for bulk RNA-seq and scRNA-seq data of patients with 
melanoma. We identified CHRNA1 as the highest differentially 
expressed CHRNs in metastatic compared to primary melanoma patients 
obtained from the TCGA and GSE65904 datasets. In patients with met
astatic melanoma, CHRNA1 was significantly correlated to ZEB1 
EMT-TF, RHO/ROCK genes, and myogenesis/cell cycle-related genes. 
Survival analysis proved CHRNA1 and its correlated genes as 
prognosis-related markers of metastatic melanoma. Additionally, single 
melanoma cells expressing CHRNA1 were derived from metastatic sites 
and were enriched with myogenesis and cell cycle-related gene 
signatures. 

2. Material and methods 

2.1. Data collection 

We used the R software (4.1.2) to perform all the bioinformatics 
analyses in this study. We retrieved the RNA-seq data and clinical 
characteristics of skin cutaneous melanoma (SKCM) patients from the 
TCGA database using the TCGABiolinks package (2.22.2) [28]. 
TCGA-SKCM samples included 103 primary melanoma and 367 meta
static melanoma samples. Another bulk RNA-seq dataset of patients with 
melanoma was obtained from the Gene Expression Omnibus (GEO) 
database (GSE65904) using the GEOquery package (2.62.2) [29]. There 
were 16 primary and 188 metastatic melanoma samples in the 
GSE65904 dataset. Furthermore, we used two melanoma scRNA-seq 
datasets (GSE115978 and GSE116237) to assign the characteristics of 
melanoma cells that expressed CHRNA1. Transcriptomic data of four 

samples of rhabdomyosarcomatous melanoma were collected from a 
previous study [5]. 

2.2. Determination of the differentially expressed genes (DEGs) 

TCGA-SKCM RNA-seq data in HTSeq-Counts format were used for 
the DEG analysis. DEGs between the metastatic and the primary TCGA- 
SKCM samples were identified using the edgeR package (3.36.0) [30]. 
The trimmed mean of M-values (TMM) method was used to normalize 
the HTSeq-count matrix. We considered log2FC > 1.5 and false dis
covery rate (FDR) < 0.05, to obtain significant DEGs. The ENSEMBL 
gene names were converted into gene symbols using the biomaRt 
package (v 2.50.2) [31]. 

2.3. Pairwise correlations 

Pearson’s r correlation test was performed to evaluate the correla
tions between the expression levels of the different CHRNs in TCGA- 
SKCM and GSE65904 datasets. Correlation matrices were visualized 
using the psych package (2.1.9) (https://cran.r-project.org/web/packag 
es/psych/index.html). Additionally, pairwise correlations between 
muscle-type CHRNs expressions and ZEB1 EMT-TF and Rho/ROCK 
pathway-related genes (RHOA, RHOB, RHOC, ROCK1, and ROCK2) ex
pressions in metastatic melanoma samples were analyzed. We consid
ered p-value <0.05 and (r ≤ − 0.1 |r ≥ 0.1) for significant correlations. 
We identified the genes correlated with CHRNA1 in TCGA-SKCM pa
tients under p-value <0.05 and r ≥ 0.3. 

2.4. Enrichment analysis 

Genes significantly correlated with CHRNA1 (p-value <0.05 and r ≥
0.3) were used for enrichment analysis. Gene Ontology (GO) enrichment 
analysis (Biological process) was performed using the enrichR (3.0) 
interface of the Enrichr database [32]. To perform gene set enrichment 
analysis (GSEA) of cancer hallmarks, we used the fgsea package (1.20.0) 
[33]. A line enrichment plot for the HALLMARK_MYOGENESIS pathway 
was visualized using the plotEnrichment function. 

For protein-protein interaction (PPI) analysis, CHRNA1-correlated 
genes were analyzed using Cytoscape software (v 3.9.1) [34]. We used 
the built-in StringApp [35] to construct a PPI network and reclaim the 
functional enrichment of the CHRNA1-correlated genes. The densely 
interconnected regions within our PPI network were clustered using the 
molecular complex detection (MCODE) algorithm [36], and four PPI 
subnetworks (node >3) were identified. 

2.5. Survival analysis 

We employed the R2: Genomics Analysis and Visualization Platform 
(http://r2.amc.nl) to investigate the correlation of CHRNA1 to the sur
vival of patients with metastatic melanoma using the GSE19234 dataset 
and scan cutoff mode. Genes included in the MCODE PPI subnetworks 
were explored for their relationships with survival in melanoma pa
tients. Overall survival analyses based on the median expression cutoff 
were performed using the Gene Expression Profiling Interactive Analysis 
(GEPIA) tool [37]. Kaplan-Meier survival curves were constructed for 
the chosen genes, and hazard ratios (HRs) based on the Cox 
proportional-hazards (PH) model and log-rank p-values were calculated. 
A p-value <0.05 was considered significant. TCGA-SKCM samples were 
classified into five groups based on the stage of the melanoma (Stages 0, 
I, II, III, and IV). To create a survival object, we used the Surv function 
from the Survival package (3.2–13) (https://cran.r-project.org/web/ 
packages/survival/index.html). Then, the survival curve was fitted 
separately by melanoma stages using the survfit function. The log-rank 
test was used to examine the survival distribution of the melanoma stage 
groups, and a p-value <0.05 was considered significant. Finally, the 
Kaplan-Meier curve was visualized using the ggsurvplot function from 
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the Survminer package (0.4.9) (https://cran.r-project.org/web/packa 
ges/survminer/index.html). 

2.6. The scRNA-seq analysis 

The GSE115978 scRNA-seq dataset contained 2018 malignant cells 
out of 7186 cells from 31 patients with melanoma [27]. Only the count 
matrices of melanoma cells expressing CHRNA1 were isolated and 
analyzed using the Seurat package (4.0.4) [38]. We filtered cells with 
fewer than 200 genes and mitochondrial counts >5%. Cells of different 
patients were integrated using canonical correlation analysis, normal
ized using the LogNormalize method, and scaled. Principal component 
analysis (PCA) was performed using ten ncps and cells clustered with 0.4 
resolution. Two clusters were recognized and represented using UMAP 
(dims = 1:10). We used the Wilcoxon rank-sum test to identify marker 
genes of the two recognized scRNA clusters. To perform the GSEA of 
cancer hallmarks, we used the GSVA package (1.42.0) [39], and the 
pheatmap package (1.0.12) (https://cran.r-project.org/web/packages/ 
pheatmap/index.html) was used to visualize the results. The cell cycle 
phases of each cluster’s cells were addressed based on G2/M and S 
markers expressions using the CellCycleScoring function [25]. For 
validation, an extra scRNA-seq dataset (GSE116237) was analyzed. The 
GSE116237 dataset comprised 674 cells from patient-derived xenograft 
(PDX) models [26]. We followed the default protocol of the Seurat 
package, and cells with fewer than 200 genes and mitochondrial counts 
>5% were excluded. We identified six clusters of melanoma cells at 0.3 
resolution. The cell clusters were visualized using UMAP (dims = 1:10). 

2.7. Profiling of the muscle-related genes in rhabdomyosarcomatous 
melanoma and TCGA-SKCM samples 

We merged the HTSeq-FPKM expressions of the TCGA-SKCM samples 
and the transcripts per kilobase million (TPM) expressions of the rhab
domyosarcomatous melanoma samples into one matrix after trimming 
the unshared genes. High and low CHRNA1-expressing TCGA samples 
were identified based on the median expression cutoff value of the 
CHRNA1. The log2 values were calculated to unify the scale of the 
merged expression matrix. Then the expressions of the muscle-related 
genes were compared and visualized using the ComplexHeatmap pack
age (2.10.0) [40]. 

3. Results 

3.1. CHRNA1 showed higher expression levels in metastatic than primary 
melanomas 

To investigate the expression of CHRNs and their roles in melanoma 
metastasis, we performed comprehensive computational analyses on 
human melanoma samples obtained from publicly available databases. 
Differential gene expression analysis between 367 metastatic and 103 
primary melanoma samples obtained from the TCGA-SKCM database 
identified 1382 DEGs with log2FC > 1.5 and FDR <0.05. We detected 12 
of the 16 CHRNs among the DEGs (Table 1). Interestingly, CHRNA1 
showed the highest difference in expression between metastatic and 
primary melanomas with log2FC > 1.5 (p-value = 1.07 × 10− 5) (Table 1 
and Fig. 1A). We further found in another independent dataset 
(GSE65904) that CHRNA1 expression in metastatic melanoma was 
significantly higher than that in primary melanoma (p-value = 0.0065) 
(Fig. 1B). In addition, melanoma patients with high CHRNA1 expression 
were significantly correlated with late melanoma stages (stages III and 
IV) (p-value = 0.024) (Fig. 1C) and with a high rate of spread to lymph 
nodes (N3) (p-value = 0.038) (Fig. 1D). Altogether, our results reveal 
that muscle-type CHRNA1 is associated with metastasis of human 
melanoma. 

3.2. Correlations of muscle-type CHRNs with EMT-TFs- and Rho/ROCK 
pathway-related genes in melanoma patients 

To determine which CHRNs are associated with CHRNA1 in mela
noma patients, Pearson’s correlation test was applied to TCGA-SKCM 
and GSE65904 samples (Fig. 2). We found that both CHRNB1 and 
CHRNG were significantly correlated with CHRNA1 (p-value <0.001) in 
metastatic melanoma samples (Fig. 2A and B). To further investigate the 
involvement of these muscle-type CHRNs (CHRNA1, CHRNB1, and 
CHRNG) in human melanoma metastasis, we analyzed the pairwise 
correlations between these CHRNs and EMT-TFs expressions in patients 
with metastatic melanoma. We found that the expressions of the three 
CHRNs were positively correlated with ZEB1 expression in both TCGA- 
SKCM and GSE65904 samples (Fig. 2C). Besides, we examined the cor
relation between the three CHRNs and the Rho GTPase (RHOA, RHOB, 
and RHOC)/ROCK (ROCK1 and ROCK2) genes in metastatic melanoma 
samples to determine their involvement in melanoma movement. Re
sults showed that some RHO/ROCK genes were correlated with indi
vidual CHRNs (CHRNA1, CHRNB1, and CHRNG were correlated with 
RHOA/RHOC, RHOB/ROCK1/ROCK2, and ROCK2, respectively) 
(Fig. 2D). These findings explain the crucial role of CHRNA1, CHRNB1, 
and CHRNG in melanoma movement metastasis. 

3.3. GO, GSEA, and PPI analyses of CHRNA1-correlated genes in 
melanoma 

Genes positively correlated with CHRNA1 were identified under r ≥
0.3 and p-value <0.05. The identified CHRNA1-correlated genes were 
presented for enrichment analyses to investigate their biological func
tions (Fig. 3). GO enrichment (Biological process) analysis showed that 
genes correlated with CHRNA1 were mainly associated with muscle and 
heart contraction (p-value <0.05) (Fig. 3A). Furthermore, the GSEA of 
cancer hallmarks confirmed the association with myogenesis (p-value 
<0.05) (Fig. 3B). Next, we performed PPI analysis for CHRNA1-corre
lated genes to explore their functional interactions. Further, we applied 
the MCODE algorithm to determine the highly connected PPIs (Fig. 3C). 
Consistent with GO enrichment and GSEA results, the top four MCODE 
PPI networks were muscle contraction/development, muscle develop
ment, cytoskeleton/sarcolemma, and cell cycle-related networks 
(Fig. 3C). These results revealed that the expression of CHRNA1 in 
melanoma patients is correlated with genes related to myogenesis, 
muscle contraction, and cell cycle. 

3.4. CHRNA1, its correlated genes, and myogenesis signature were 
correlated to melanoma prognosis 

Kaplan-Meier analysis for patients with metastatic melanoma using 
the R2 online platform revealed that patients with high expression of 
CHRNA1 had a poorer prognosis than patients with low CHRNA1 
expression (p-value = 0.036) (Fig. 4A). Additionally, Among the 
CHRNA1-correlated genes in the MCODE PPI networks, we found that 

Table 1 
Differentially expressed CHRNs in metastatic vs. primary TCGA-SKCM samples.  

CHRNs log2FC logCPM p-value 

CHRNA1 1.557 3.299 E+00 1.070E-05 
CHRNA3 0.867 − 2.122E-01 3.380E-04 
CHRNA5 0.133 1.719 E+00 2.771E-01 
CHRNA6 1.033 1.865 E+00 1.495E-03 
CHRNA7 0.126 − 1.026 E+00 6.064E-01 
CHRNA9 0.422 − 3.998E-02 2.948E-01 
CHRNA10 − 0.653 − 5.548E-01 3.360E-08 
CHRNB1 − 0.229 3.180 E+00 9.781E-03 
CHRNB2 − 0.615 2.237 E+00 1.982E-02 
CHRNB4 0.271 − 5.207E-01 3.054E-01 
CHRND 1.189 − 1.708 E+00 5.634E-04 
CHRNE − 0.187 1.199 E+00 3.396E-01  
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DES, CDK1, CDC20, and FLNC were prognosis-related genes (log-rank p- 
value <0.05) (Fig. 4B). Since patients with high CHRNA1 expression 
were associated with late-stage melanoma (Fig. 1C), we investigated the 
correlation between melanoma stage and patient survival. Patients with 
melanoma stages III and IV had a poorer prognosis than patients with 
melanoma at the early stages (0, I, and II) (log-rank p-value = 0.0008) 
(Fig. 4C). By comparing the gene signature of every melanoma stage, we 
found that late-stage (III and IV) melanomas were enriched with myo
genesis, angiogenesis, and EMT characteristics (Fig. 4D). 

3.5. Analysis of CHRNA1-expressing melanoma cells using scRNA-seq 

Using bulk RNA-seq data, CHRNA1 expression was shown to be 
correlated with the expressions of myogenesis- and cell cycle-related 
genes. We next investigated the characteristics of melanoma cells 
expressing CHRNA1 at the single-cell level. We re-analyzed the publicly 
available scRNA-seq dataset (GSE115978) of patients with melanoma 
(Fig. 5 and Fig. S1). First, we isolated 138 melanoma cells that expressed 
CHRNA1. The CHRNA1-expressing melanoma cells were represented in 
two clusters (clusters 0 and 1) (Fig. 5A). These cells were derived from 
12 melanoma patients (Fig. S1A) and were mainly metastatic cells 
(Fig. S1B). The expressions of the top 10 marker genes of each scRNA 
cluster confirmed that these two clusters (clusters 0 and 1) had different 
gene expression profiles (Fig. S1C). The muscle-type CHRNs (CHRNA1, 
CHRNB1, and CHRNG) showed higher expressions in cluster 1 than in 
cluster 0 (Fig. 5B). Additionally, GSEA of cancer hallmarks revealed that 
cluster 1 cells were highly enriched with myogenesis, G2M checkpoint, 

and mitotic spindle (Fig. 5C). In line with these results, 56% of cluster 1 
cells were in the G2M cell cycle phase (Fig. 5D). These results suggest 
that CHRNA1 expression correlates with the expression of myogenesis- 
and cell cycle-related genes. Similar results were obtained by analyzing 
another scRNA-seq dataset (GSE116237) (Fig. S2). One cluster of mel
anoma cells (cluster 5) showed the highest expression level of CHRNA1 
(Fig. S2B), and this cluster was enriched with myogenesis, EMT, and 
angiogenesis signatures (Fig. S2C). 

3.6. Comparison of muscle-related gene expression between CHRNA1- 
expressing melanoma and rhabdomyosarcomatous melanoma 

Previous studies have revealed that melanoma can change into 
various differentiation states, owing to its high cellular plasticity. One of 
these differentiated states has been reported to be rhabdomyosarcom
atous melanoma, which has been shown to express many muscle-related 
genes. To determine whether melanomas with high expression of 
CHRNA1 have similar gene expression profiles to rhabdomyosarcoma
tous melanoma, we compared the expressions of the identified muscle- 
related genes that correlate with CHRNA1 in both TCGA-SKCM sam
ples and rhabdomyosarcomatous melanoma samples (Fig. 6). 27 and 12 
muscle-related genes were identified from TCGA-SKCM and scRNA-seq 
data as CHRNA1-correlated genes, respectively, of which only five 
genes were overlapped (Fig. 6A). We compared the expression of the 34 
muscle-related genes between rhabdomyosarcomatous melanoma and 
high and low CHRNA1-expressing TCGA-SKCM samples (Fig. 6B). We 
found that the expression levels of almost all the muscle CHRNA1- 

Fig. 1. CHRNA1 expression level is higher in meta
static versus primary melanomas. (A, B) Box plots for 
the CHRNA1 differential expression between meta
static and primary melanomas from TCGA-SKCM (A) 
and GSE65904 datasets (B). (C, D) Box plots for 
TCGA-SKCM patients with high CHRNA1 expression 
levels (expression > median value) grouped by 
pathological stages (C) and N classification (D). * p- 
value <0.05, ** p-value <0.01, and *** p-val
ue <0.001 according to Student t-Tests. N = tumor 
spread degree to lymph nodes.   
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correlated genes were lower in melanoma than that in rhabdomyo
sarcomatous melanoma samples (Fig. 6B). Moreover, some muscle 
CHRNA1-correlated genes (DES, SLN, TNNI2, and TNNC1) showed 
higher expression in the high CHRNA1-expressing TCGA-SKCM samples 
than in the samples with low expression of CHRNA1 (Fig. 6B). These 
results indicate that CHRNA1, together with the following genes (DES, 
SLN, TNNI2, and TNNC1), may function in the melanoma differentiation 
process to the rhabdomyosarcomatous melanoma state. 

4. Discussion 

Nicotine, the primary component in tobacco, causes health problems 

and is well known for its malignant effects on various cancers [10]. 
Nicotine has been reported to act on cancer cells mainly through CHRNs. 
Previous studies using cancer cell lines have shown that nicotine treat
ment promotes the malignant transformation of tumors while blocking 
the expression of CHRNs or antagonist treatment results in the inhibition 
of tumor progression [10,17–21]. Recently, CHRNA5 [20] and CHRNA9 
[21] were implicated in melanoma progression and migration in mela
noma cell lines. In this study, to analyze the type and role of CHRNs in 
melanoma metastasis, we used in silico analysis of human melanoma 
samples obtained from TCGA-SKCM and GSE65904 datasets. By 
analyzing these samples, we found that among the 16 CHRNs expressed 
in humans, CHRNA1, but not CHRNA5 and CHRNA9, showed the 

Fig. 2. CHRNA1 highly correlates to CHRNB1 and CHRNG, and these muscle-type CHRNs correlate with ZEB1 EMT-TF and Rho/ROCK pathway-related genes in 
metastatic melanoma patients. (A, B) Correlation matrices (Pearson’s correlation test r ≤ − 0.1 |r ≥ 0.1) for CHRNs mRNA expressions in metastatic and primary 
TCGA-SKCM samples (A) and GSE65904 samples (B). * p-value <0.05, ** p-value <0.01, and *** p-value <0.001 according to Student t-Tests. (C, D) Pairwise scatter 
plots for the correlation between the expressions of muscle-type CHRNs and ZEB1 (C) and RHO/ROCK genes expressions (D). Significant correlation based on p-value 
<0.05 and Pearson’s correlation test (r ≤ − 0.1 |r ≥ 0.1). A blue-colored line representing the linear regression for best curve fitting was drawn. (For interpretation of 
the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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highest differential expression in metastatic melanoma samples. 
Although overexpression of CHRNA1 has been reported in early-stage 
lung adenocarcinoma [41,42], head and neck squamous cell carci
noma (SCC) [43], and glioblastoma multiforme (GBM) tumors [44], our 
study is the first to confirm its high expression in metastatic melanoma. 

Phenotype switching, an EMT-like process, has been described in 
melanoma, driven by EMT-TFs [3,4]. In the current study, CHRNA1 was 
significantly correlated with CHRNB1 and CHRNG in metastatic mela
noma samples. Furthermore, we found that the expressions of CHRNA1, 
CHRNB1, and CHRNG were significantly correlated with the expression 
of ZEB1 EMT-TF. ZEB1 has been reported to be a critical regulator for 

melanoma phenotype switching [3,45]. ZEB1 showed increased 
expression during melanoma progression, and its overexpression was 
correlated with poor prognosis and therapy resistance in melanoma 
patients [45–48]. On the other hand, the knockdown of ZEB1 decreased 
the invasiveness and inhibited the growth of melanoma cells [45,46]. 
Another interesting observation in our research was the significant 
correlation between the expressions of these muscle-type CHRNs and 
Rho/ROCK pathway-related genes, which play a crucial role in tumor 
migration [6]. Previous studies have revealed that CHRNA9 and mouse 
chrna7 regulate TWIST1 in breast cancer cell lines and RhoA activation 
in neural cell lines, respectively [16,49]. Our results suggest that 

Fig. 3. Enrichment analysis for genes significantly correlated to CHRNA1 in metastatic TCGA-SKCM patients. (A) Bar plot showing GO enrichment (Biological 
Process) analyses for CHRNA1-correlated genes (r ≥ 0.3 and p-value <0.05). (B) Line enrichment plot for the GSEA of HALLMARK_MYOGENESIS. (C) MCODE 
densely connected PPI clusters with enrichment retrieved by StringApp. 
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Fig. 4. CHRNA1 and its correlated genes are linked to prognosis in melanoma. (A) Kaplan-Meier survival curve for CHRNA1 in metastatic melanoma patients based 
on the R2 platform (http://r2.amc.nl) analysis. (B) Kaplan-Meier survival curves for genes derived from the highly interconnected (CHRNA1-correlated genes) 
MCODE PPIs. (C) Kaplan-Meier survival curve for TCGA-SKCM patients within different melanoma stage groups. (D) Heatmap showing the GSEA of cancer hallmarks 
among the different melanoma stage groups. Yellow arrow pointing to the hallmark myogenesis enrichment. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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muscle-type CHRNs may be directly involved in melanoma metastasis 
via regulation of ZEB1 EMT-TF expression and Rho/ROCK pathway 
activation. 

Enrichment and pathway analyses of genes correlated with CHRNA1 
showed that these genes are involved in myogenesis, muscle contrac
tion, and cell proliferation. CHRNA1 and four correlated genes (DES, 
CDK1, CDC20, and FLNC) were associated with poor prognosis in met
astatic melanoma patients. Recurrence-free and overall survival ana
lyses revealed that high expression of CHRNA1 was correlated with 
reduced survival in patients with lung adenocarcinoma [41] and glio
blastoma [44]. DES gene encodes Desmin, an intermediate filament 
muscle-specific protein functioning in several types of cancer [5,50–53]. 
High Desmin expression has been reported in rhabdomyosarcomatous 

melanoma [5] and colorectal tumors [51,53]. In contrast, patients with 
gallbladder cancer have lower expression levels of Desmin in cancerous 
tissues compared to non-tumor tissues owing to epigenetic dysregula
tion [52]. Consistent with our findings, overexpression of Desmin was 
associated with poor prognosis [51] and advanced stages [53] in pa
tients with colorectal cancer. Upregulation of CDK1 [54] and CDC20 
[55] genes has been reported in various cancers and linked to poor 
prognosis [56]. FLNC gene encodes Filamin-C, an actin-binding protein 
involved in the metastasis cancer cells [57]. Overexpression of FLNC was 
associated with progression, metastasis, and poor prognosis in hepato
cellular carcinoma [58], esophageal squamous cell carcinoma [59], and 
glioblastoma [57]. Consistent with the bulk RNA-seq outputs, using 
scRNA-seq analysis, we found that myogenesis and cell proliferation 

Fig. 5. Melanoma cells expressing CHRNA1 at the scRNA-seq level had a myogenesis gene signature. (A) UMAP plot representing clusters (0 and 1) of single cells 
from the GSE115978 scRNA-seq dataset. (B) Violin plots for CHRNA1, CHRNB1, and CHRNG expressions in the scRNA clusters. (C) Heatmap demonstrates the 
characteristic GSEA of cancer hallmarks for each scRNA cluster. Yellow arrow pointing to the hallmark myogenesis enrichment. (D) UMAP plot (upper) of the cell 
cycle phases (S, G2M, and G1) and their percentages (lower bar plot) across the scRNA clusters. (For interpretation of the references to color in this figure legend, the 
reader is referred to the Web version of this article.) 
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gene signatures were enriched in cells expressing CHRNA1. 
Accumulating evidence from recent experiments has shown 

increased expression of sarcomeric proteins, such as Myosin, Titin, 
MyBP-C, Obscurin, ACTN, Nebulin, Synemin, Desmin, Plectin, Nesprin, 
and Vimentin, in various cancers, and their overexpression has been 
reported to be associated with the malignant transformation of cancer 
[50]. In normal cells of the body, these proteins function in skeletal and 
cardiac muscles to contract using sarcomere structures, whereas, in 
cancer cells, they are thought to be involved in invasion and migration 
for metastasis. In our study, the CHRNA1-correlated myogene
sis/sarcomere genes, including MYOG, MYH8, and DES, were highly 
expressed in metastatic melanoma, similar to rhabdomyosarcomatous 
melanoma. These results suggested that their expression may be 
involved in melanoma malignancy. In the future, the significance of 
CHRNA1 and sarcomeric gene expression in the malignant trans
formation of melanoma should be further investigated. Our analysis 
demonstrated the involvement of the CHRNA1 and its correlated myo
genesis/cell cycle-related genes in melanoma metastasis and prognosis. 
However, further experimental confirmation of the role of CHRNA1 
expression in melanoma progression should be carried out. For instance, 
CHRNA1 knockout or knockdown experiments in vivo or in vitro could be 
conducted. Immunostaining of clinical tissue samples and real-time PCR 
(RT-qPCR) studies would be advantageous to confirm both the CHRNA1 
expression as well as the association between CHRNA1 and identified 
correlated genes in patients with melanoma. 

5. Conclusion 

In conclusion, our bioinformatics analysis of melanoma patients 
revealed that CHRNA1 was highly expressed in metastatic melanoma 
and was correlated with CHRNB1 and CHRNG. Moreover, the expression 
of muscle-type CHRNs (CHRNA1, CHRNB1, and CHRNG) was signifi
cantly correlated with ZEB1 EMT-TF and Rho/ROCK pathway-related 
genes. The gene profile of CHRNA1-expressing metastatic melanoma 
patients and single melanoma cells showed a high enrichment of myo
genesis/cell cycle-related genes. CHRNA1, its correlated genes, and 

myogenesis signature correlated with prognosis in melanoma patients. 
Our results reveal that CHRNA1 may function in melanoma metastasis 
and, together with its correlated myogenesis/cell cycle genes, are crit
ical prognosis-related markers of metastatic melanoma. 
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