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Abstract 

Backgrounds: Skin cancer (SC) and skin aging (SA) are polygenic phenotypes posing significant health risks. While 

molecular biomarkers and related pathways for each have been studied separately, shared mechanisms remain 

unclear. This study aimed to identify shared biomarkers and mechanisms between SC and SA using gene expression 

profiling, offering new insights for future research. This study identified shared differentially expressed genes 

(DEGs) of the two phenotypes, their related important pathways, and interactions between significant functional 

proteins. 

Method: DEGs of SA and SC were identified via LIMMA analysis based on mRNA datasets from the Gene Expression 

Omnibus and ArrayExpress databases. Pathway enrichment analysis was conducted using the overrepresentation 

method to identify shared DEGs-associated KEGG pathways and GO terms. Using Cytoscape, protein-protein 

interaction (PPI) networks were constructed based on the STRING database. Core networks and top functional 

genes were identified using the MCODE plugin and CytoHubba plugin. 

Results: Results showed SPRR1A and S100A2 as significant shared DEGs (GSE85358: PSPRR1A=0.0028, logFCSPRR1A 

=-0.93; P S100A2=0.0086, logFCS100A2=-0.60; GSE2503: PSPRR1A=0.0089, logFCSPRR1A=2.5; P S100A2=1.5, 

logFCS100A2=0.0095; GSE3189：PSPRR1A =1.7E-07, logFCSPRR1A =-3.4; P S100A2=1.0E-14, logFCS100A2=-4.5). Those shared 

genes enriched in immune response, endothelial cell migration, cellular process, and peptide cross-linking. In PPI 

analysis, top hub genes of networks were PIK3R1, NANOG, VAV3, SMTN, SPRR1B, MET, MYLK, EPCAM, SPRR1A, 

and GATA3. 

Conclusions: Our  findings  elucidate  shared  genetic architectures between SC and SA. The identification of 

shared genes and protein-protein interaction networks associated with both SA and SC suggests an underlying 

molecular genetic mechanism, offering opportunities to develop therapeutic strategies against SA and SC 

comorbidity. 

https://doi.org/10.36502/2025/hcr.6249
https://www.rdfz.cn/en/
https://english.pku.edu.cn/
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    NMSC:  Nonmelanoma   Skin  Cancer;   Including  Squamous  Cell   Carcinoma;  MSC:  Melanoma  Skin   Cancer; 

GPL17077: Agilent-039494 Sureprint G3 Human GE V2 8x60k Microarray 039381; GPL96: Affymetrix Human 

Genome U133A Ar-Ray 

 

Introduction 

    Skin cancer (SC), also referred to as cutaneous 

cancer, remains a growing global burden, accounting 

for around 30% of all cancer diagnoses worldwide in 

recent years [1]. SC is divided into melanoma (MSC) and 

non-melanoma (NMSC) skin cancer, with NMSC 

predominating; the most common types are basal cell 

carcinoma (BCC) and squamous cell carcinoma (SCC) 

[2]. Incidence, prevalence, and the types of SC vary 

greatly among populations and geographical locations. 

For instance, newly diagnosed MSC had a higher 

incidence among non-Hispanic White patients (26 per 

100,000 individuals) compared to Native 

Americans/Alaskan Natives (7.4), Hispanics (4.6), 

Asians (1.3), and non-Hispanic Blacks (1.0). Some 

subtypes of NMSC, including Merkel cell carcinoma, 

occur more commonly in White patients compared with 

all non-White patients, making up about 4% of cases 

[3,4]. MSC is more invasive and aggressive than NMSC, 

accounting for about 80% of overall SC deaths [5]. 

Surgery, chemotherapy, and radiation therapy are the 

primary treatments for SC so far, but none of them can 

completely cure this disease and all have several 

negative consequences [6]. Due to cancer tolerance, 

poor bioavailability, and toxicity, these treatments 

cannot ensure that cancer cells are thoroughly 

eliminated and may even cause harsh side effects by 

damaging healthy cells [6-8]. Immunotherapy and 

targeted therapy, including immune checkpoint 

inhibitors and inhibitors targeting driver gene 

mutations, have significantly decreased recurrence and 

prolonged survival for some individuals with SC 

[7,9,10]. However, intrinsic and acquired resistance 

persist during SC therapy, underscoring the necessity 

for more robust diagnostic and predictive biomarkers, 

which would benefit the development of innovative 

therapeutic strategies. 

 

    Aging is an important risk factor for SC. According to 

the World Health Organization, the number and 

proportion of people aged 60 years and older in the 

population are constantly increasing [11]. MSC 

incidence markedly increased in persons aged 40 years 

  

and older from 2006 to 2015, in contrast to the reported 

observations in young adult populations in the United 

States [12]. Skin aging (SA) is characterized by age-

related changes in the epidermis, dermis, and dermo-

epidermal junction, and it can be classified into intrinsic 

aging and extrinsic aging [13]. Intrinsic skin aging 

occurs naturally via reductions in dermal mast cells, 

fibroblasts, and collagen production, while extrinsic 

skin aging mainly results from UV exposure, 

contributing to “photoaging” [13,14]. Since most 

functions in the human body are conducted by proteins, 

it has been hypothesized that SA might be associated 

with dysregulation of proteostasis or age-associated 

DNA damage, leading to the accumulation of unreplaced 

proteins [15,16]. 

 

    Previous research suggests shared biological 

mechanisms between SC and SA. Firstly, UV irradiation, 

both natural and artificial, is considered the main 

driving factor in both photoaging and SC [17]. Sunburn 

and sun protection have been associated with the 

development of both MSC and NMSC [18,19], while 

lifetime sun exposure is considered the most important 

causative factor for actinic keratosis and lentigo maligna 

melanoma [18]. The oxidative stress pathway in the 

skin, resulting from UV light exposure, leads to 

abnormal reactive oxygen species accumulation, which 

may contribute to SA and SC occurrence [17,20,21]. In 

addition, aging can cause immune deficiency in the skin 

due to functional aging of the immune system, a process 

known as ‘immunosenescence’, and chronic low-grade 

inflammation, termed ‘inflammaging’, a continuous 

non-resolving immune response [22-24]. In cancer 

cases, mechanisms such as the age-induced increase in 

Treg (immunosuppressive T regulatory cells) may 

facilitate immune surveillance escape, contributing to 

the further development of SC; individuals taking 

immunosuppressive drugs are more susceptible to SC 

[24-26]. The mechanisms of SC or SA have been 

studied; however, the shared mechanisms between the 

two phenotypes remain to be elucidated. Understanding 

the shared pathogenic processes and the hub genes that 

control or regulate SC and SA may have far-reaching 

utility.   It   could   facilitate   efforts   to   identify   novel  



 

Manuscript no: 2582-8967-6-55     Volume: 6      Issue: 3      57 

J Health Care and Research 

 

Original Article 

Citation: Chen X, Li X. Identification of Shared Genes and Functional Pathways Between Skin Cancer and Skin Aging 

Based on Integrated Bioinformatic Analyses. J Health Care and Research. 2025 Oct 09;6(3):55-68. 

 

biomarkers for targeted therapy strategies, potentially 

delaying or halting the progression of both phenotypes 

simultaneously. 

 

    In the present study, an integrated bioinformatics 

analysis was performed to identify differentially 

expressed genes (DEGs) and hub genes and to examine 

their protein–protein interaction (PPI) networks and 

functional annotations. Briefly, the Gene Expression 

Omnibus (GEO) and ArrayExpress databases were used 

to obtain raw mRNA datasets. Through gene expression 

analysis, we identified DEGs shared between SC and 

skin aging. Gene Ontology (GO) and Kyoto Encyclopedia 

of Genes and Genomes (KEGG) pathway analyses were 

then conducted to determine the relevant pathways for 

these shared genes [27,28]. Further, tissue-specific 

gene enrichment analyses were performed to explore 

the association between DEGs and skin-specific 

biological functions, providing further evidence of their 

potential as biomarkers for both SA and SC. Using the 

database tool for the Retrieval of Interacting 

Genes/Proteins (STRING), PPI networks were 

constructed to identify hub genes and elucidate the 

interplay among the DEGs. This study provides better 

insight into the potential molecular mechanisms 

underlying SC and SA and explores novel preventive 

and therapeutic strategies. 

 

Materials and Methods 

Data Acquisition: 

    The gene expression profiles related to SC and SA 

were obtained from the Gene Expression Omnibus 

(GEO) database of the National Center for 

Biotechnology Information (NCBI) 

(https://www.ncbi.nlm.nih.gov/geo/). The retrieval 

formula was as follows: (non-melanoma [All Fields] OR 

melanoma  [All Fields])  AND  “Homo sapiens”  [porgn]  

 

AND (“Expression profiling by array” [Filter] AND 

(“0001/01/01” [PDAT]: “2024/09/10” [PDAT])). All 

data collected were from the Caucasian population. 

Details of these datasets and their processing were 

provided in previous publications, as summarized in 

Table-1. 

 

Quality Control for Gene Expression Data: 

    Quality control (QC) was performed on read count 

data. Prior to formal analysis, low-expression genes 

were filtered using the edgeR (v3.40.2) filterByExpr 

function, retaining genes with counts per million (CPM) 

≥10 in at least 50% of individuals [29]. Normalization 

of count data was performed using the trimmed mean 

of M-values (TMM) method to correct for compositional 

biases. The limma-voom function was then applied: the 

voom transformation converted count data into log2 

counts per million (log2-CPM) with precision weights, 

addressing heteroscedasticity and enabling linear 

modeling [30]. 

 

Identification of Shared DEGs: 

    Differential gene expression analysis was conducted 

using R software (v4.3.1) and the limma package 

(v3.58.1) to identify DEGs associated with SC or SA. 

LIMMA (Linear Models for Microarray) employs an 

empirical Bayes framework to enhance the statistical 

power of differential expression analysis by borrowing 

information across genes and using moderated t-tests 

and F-tests, where gene-specific variances are shrunk 

toward a common prior distribution [31]. The method 

constructs a linear model for each gene, incorporating 

experimental design factors (e.g., case-control group) 

through a design matrix, while empirical Bayes 

moderation adjusts the variance components in high-

dimensional genomic data [31]. DEGs are displayed as 

volcano plots. 

 

Table-1: Description of Gene Expression datasets(mRNA) 

Phenotype Source ID Platform Population Tissue Case Controls 

Skin Aging (SA) GSE85358 [70] GPL17077 European Epidermis 24 Old  24 Young 

Skin Cancer(SC) 
GSE2503 [71] GPL96 European Skin 5 NMSC 6 Normal 

GSE3189 [72] GPL96 America Skin 45 MSC 18 Nevi + 7 Normal 

    Note: This table shows the source and the detailed information of every data sets. The source population, the sample tissue 

selec-tion, and the specific settings of its experimental groups and control groups are shown. The following experimental data are 

all based on Discovery groups. 

 

https://www.ncbi.nlm.nih.gov/geo/
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    The false positive rate was controlled by utilizing the 

Benjamini-Hochberg false discovery rate method to 

adjust the P values. An adjusted P value <0.01 and log2-

fold change (logFC) ≥ 0.5 were set as cutoff criteria 

when the study used a case-control design. If logFC ≥ 

0.5, the genes were considered upregulated in the 

disease group, and if logFC ≤ −0.5 (equivalent to |Fold 

Change| > 1.4), the genes were considered 

downregulated. Shared DEGs were defined as those 

significant in both SA and SC (MSC and NMSC). A Venn 

diagram was constructed using the ggvenn R package 

(v0.1.10) to compare and analyze the gene expression 

results, showing the number of DEGs shared between 

the two phenotypes and those associated with only one 

[32]. 

 

Functions and Pathways of Shared DEGs: 

    To distinguish and enrich the biological attributes—

such as biological processes, cellular components, 

molecular functions, and pathways—of DEGs shared 

between SA and SC, as well as those associated with 

only one phenotype, functional enrichment analyses 

through GO and KEGG pathway analysis were carried 

out [27,28,33]. Utilizing the R package clusterProfiler 

(v4.4), enriched pathways and GO terms were tested for 

overrepresentation using the hypergeometric 

distribution. 

 

    Tissue-specific gene enrichment analyses were 

performed using the R package TissueEnrich (version 

1.22.0) to investigate whether any DEGs showed 

significant enrichment in skin tissue (tissue-specific 

genes), providing further evidence of their potential as 

biomarkers for both SA and SC [34]. During the tissue-

specific enrichment analysis, mRNA expression data 

from the Genotype-Tissue Expression (GTEx) database 

across 29 tissue types, including skin tissue, were used 

for evaluation [35]. For GO terms, KEGG pathways, and 

tissue enrichment, the Benjamini-Hochberg method 

was applied to adjust the p-values, with an adjusted p-

value < 0.05 considered statistically significant [36,37]. 

 

PPI Network Construction and Screening of Hub 

Proteins: 

    The functional associations between gene-encoding 

proteins can provide insights into the potential 

functions of DEGs. The STRING (v12.0) biological 

database (https://string-db.org/, accessed on 2 Aug 

2025) predicts the functional interactions of proteins by 

providing an association score, also called a combined 

score, based on seven distinct evidence channels 

[38,39]. Node pairs with an association score ≥ 0.4 

(combined score) were selected for further analysis. 

 

    General PPI networks were then constructed using 

Cytoscape (version 3.10.1), with unconnected proteins 

hidden [40]. Key functional modules of proteins in the 

networks were identified using the molecular complex 

detection (MCODE) plugin of Cytoscape [41]. The 

parameters for MCODE analysis were set as follows: 

degree cutoff = 2, node score cutoff = 0.2, k-score = 2, 

and max depth = 100. 

 

    In addition, the CytoHubba plugin of Cytoscape was 

used to assess the top 10 DEGs using multiple 

algorithms: Maximal Clique Centrality (MCC), Density 

of Maximum Neighborhood Component (DMNC), 

Maximum Neighborhood Component (MNC), Degree, 

Edge Percolated Component (EPC), Bottleneck, 

Eccentricity, Closeness, and Radiality [42]. 

 

Results 

Differential Expression Analysis Suggests 

Substantial Genes as Shared Signal Mediators in 

Both SA and SC: 

    Based on these mapped reads, we quantified the 

expression levels of 16000～25000 genes. To identify 

shared signatures between SA and SC across different 

populations or different skin tissues, differential 

expression analyses were performed in 1 SA mRNA-

level gene expression dataset and 2 SC mRNA-level gene 

expression datasets previously collected from the GEO 

database, respectively. We found substantial differences 

between old and middle-aged or young samples (Fig-

1A). The limma analyses of the mRNA expression 

signatures from GSE85358 revealed 669 differentially 

expressed genes (DEGs) (p value <0.01 and 

|logFC| ≥ 0.5) in epidermal tissue between old and 

young individuals, 418 of them remain after Benjamini–

Hochberg correction (adjusted p value <0.01). GSE2503 

and GSE3189, which represent the different types of SC, 

were also used to perform limma analyses. Using linear 

regression models, 26 showed significant differences 

between   NMSC   and   normal   tissue   (944  when   in  

https://string-db.org/
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unadjusted condition) in GSE2503, while GSE3189 

contained 4303 DEGs (4473 when in unadjusted 

condition). 

 

    Among these DEGs, 2 and 98 overlapped in 

GSE85358 and GSE2503 or GSE3189 respectively 

(Supplementary material description: Suppl. Table-S1 

and Suppl. Table-S2). Among these overlapping DEGs, 

SPRR1A and S100A2 which are well recognized as 

shared genes both in two pairs of SA and SC, were 

shown in the center of the Venn plot (Fig-1B). The 

expression of SPRR1A and S100A2 of samples across 

different phenotypes was detected and plotted with a 

box diagram (Fig-1C). The result of genes SPRR1A and 

S100A2 expression can contribute to differentiating the 

properties of SA and SC. Interestingly, the directions of 

correlation between SA and NMSC or MSC are visually 

different,   suggesting   the   distinct   pathophysiological 

 

mechanisms in the two types of SC. 

 

    As Fig-1A shows, three sets of volcano plots are 

roughly symmetrical, thus it can be inferred that there 

is no significant difference in the absolute value of effect 

size, the significance of gene expression, and the 

quantity of up-regulated and down-regulated genes in 

either SA or SC groups. Besides, both two SC groups 

have a wider range of effect size, forming an obvious 

contrast with the SA group. The effect size of SC groups 

is located between -6 and 6 in general, but in the SA 

group, this value is only between -1.5 and 1.5, which 

means more SC DEGs are relatively effective. Focusing 

on the comparison of the significance level of DEGs, it is 

clear that MSC and SA have higher expression 

significance and the expression difference compared 

NMSC and normal tissue is not marked. 

   

 

     

Fig-1: Differential Expression Analysis Suggests Substantial Genes 

    A: Volcano Plot: The horizontal axis value LogFC is used to express the effect value of a gene for a disease, i.e., its risk coefficient, 

and the vertical axis value adjust P value is used to express the significance of gene. The critical criteria for determining whether 

a gene is significant or not are indicated by the dotted line, with gray points being ineligible genes and points with color indicating 

significant genes. Blue dots are down-regulated expressed significant genes and red dots are up-regulated expressed significant 

genes;  

    B: Venn Plot: Summarizing the intersecting significant DEGs for MSC, NMSC, and SA (shared DEG) 

    C: Box Plot: Showing the expression distribution of two intersecting significant DEGs that result from Venn plot in the three 

disease datasets. 
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    Despite NMSC and MSC both belonging to SC, there 

are several differences between their results—

remarkable discrepancy in the number of DEGs, DEG 

quantity difference between the unadjusted and 

adjusted condition, and the number of shared DEGs 

with the SA group. MSC has a much larger number than 

NMSC in both DEG number and SA shared DEG 

number, and most DEGs of NMSC are excluded after the 

Benjamini–Hochberg (BH) correction. 

 

    According to the pie graph (Fig-1B), 98 DEGs are 

shared by MSC and SA, far more than the number of 

DEGs shared by NMSC and MSC or SA. Interestingly, 

this could imply that the molecular mechanism between 

MSC and SA seems to be closely related, and even have 

 

a tighter connection than the two subtypes of SC. 

 

Functional Enrichment and Tissue-Specific 

Enrichment Analysis of the DEGs Shared with SA 

and SC: 

    To gain a more comprehensive understanding  of  the 

selected DEGs, GO function and KEGG pathway 

enrichment analyses were performed. For the shared 

genes identified in the SA and NMSC pair, GO analysis 

identified 14 enriched GO terms, indicating that the 

DEGs were predominantly associated with the following 

functions: cell differentiation, epithelial cell and tissue 

migration, peptide cross-linking, calcium-dependent 

protein binding, and skin development. No KEGG 

pathway was identified (Table-2). 

Table-2: GO and KEGG results of shared gene sets between SA and SC 

Trait 
Pair 

ID Description GR P P.adj Gene name 

SA and 
NMSC 

GO:0018149 peptide cross-linking 01-Feb 2.97E-03 3.26E-02 SPRR1A 

GO:0031424 Keratinization 01-Feb 8.78E-03 4.44E-02 SPRR1A 

GO:0030216 keratinocyte differentiation 01-Feb 1.87E-02 4.44E-02 SPRR1A 

GO:0009913 epidermal cell differentiation 01-Feb 2.58E-02 4.44E-02 SPRR1A 

GO:0043542 endothelial cell migration 01-Feb 2.99E-02 4.44E-02 S100A2 

GO:0043588 skin development 01-Feb 3.33E-02 4.44E-02 SPRR1A 

GO:0010631 epithelial cell migration 01-Feb 3.90E-02 4.44E-02 S100A2 

GO:0090132 epithelium migration 01-Feb 3.94E-02 4.44E-02 S100A2 

GO:0090130 tissue migration 01-Feb 3.99E-02 4.44E-02 S100A2 

GO:0008544 epidermis development 01-Feb 4.04E-02 4.44E-02 SPRR1A 

GO:0001667 ameboidal-type cell migration 01-Feb 4.99E-02 4.99E-02 S100A2 

GO:0001533 cornified envelope 01-Feb 6.03E-03 6.03E-03 SPRR1A 

GO:0030280 
structural constituent of skin 

epidermis 
01-Feb 3.89E-03 7.78E-03 SPRR1A 

GO:0048306 
calcium-dependent protein 

binding 
01-Feb 8.52E-03 8.52E-03 S100A2 

SA and 
MSC 

GO:0002429 
Immune response-activating cell 

surface receptor signaling 
pathway 

Sep-96 3.51E-05 4.12E-02 
NINJ1/BLNK/RFTN1/GATA3/VA

V3/SHB/PIK3R1/GPLD1/TLR5 

GO:0010595 
positive regulation of endothelial 

cell migration 
Jun-96 5.32E-05 4.12E-02 

ANXA3/MET/RIN2/GATA3/EDN
1/GPLD1 

GO:0002768 
immune response-regulating cell 

surface receptor signaling 
pathway 

Sep-96 6.74E-05 4.12E-02 
NINJ1/BLNK/RFTN1/GATA3/VA

V3/SHB/PIK3R1/GPLD1/TLR5 

GO:0043542 endothelial cell migration Aug-96 1.01E-04 4.61E-02 
ANXA3/ID1/MET/RIN2/GATA3/

EDN1/S100A2/GPLD1 

GO:0003779 actin binding Sep-96 4.53E-04 4.67E-02 
MYLK/ACTN1/CNN1/SMTN/MY

O10/DST/TPM4/PHACTR4/ALKB
H4 

GO:0048306 
calcium-dependent protein 

binding 
Apr-96 7.60E-04 4.79E-02 S100A6/ANXA3/RAC3/S100A2 

GO:0070851 growth factor receptor binding May-96 7.63E-04 4.99E-02 GATA3/VAV3/IL6R/FLRT3/TLR5 

hsa04510 Cellular Processes Jul-45 6.56E-05 0.012 
MYLK/ACTN1/COL9A1/MET/VA

V3/RAC3/PIK3R1 

    Note: GR: Gene Ratio, genes of interest in the gene set / total genes of interest; P.adj: the adjusted P value according to the 

Benjamini and Hochberg correction. 
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    For the shared genes identified in the SA and MSC 

pair, DEGs were significantly concentrated in specific 

functions according to GO analysis, including immune 

response–activating cell surface receptor signalling 

pathway, positive regulation of endothelial cell 

migration, immune response–regulating cell surface 

receptor signalling pathway, and endothelial cell 

migration (Table-2). KEGG analysis identified only one 

pathway as significantly enriched: Cellular Processes. 

These results suggest that the majority of the 

overlapping DEGs are related to cancer. 

 

 
Fig-2: Tissue Enrichment Analysis Suggests Tissue-

Specific Enriched Genes 

    A: Box plot of P values for identified DEGs in 29 tissues. Red 

line represents the threshold value of P value. 

    B: Box plot of fold changes for the identified DEGs in 29 

tissues. Fold changes represent the ratio of the proportion of 

tissue-specific genes in the target gene set to the proportion of 

the same tissue-specific genes in the background genome, 

indicating the degree of enrichment of that tissue within the 

gene set. 

    C: Heatmap for 6 tissue-specific enriched genes identified in 

skin tissue. 

    Finally, tissue-specific enrichment analysis was 

performed for the shared DEGs (Fig-2). The results 

showed that skin tissue exhibited a 3.04-fold 

enrichment in our gene set compared to the background 

genome, indicating a suggestive association between the 

DEGs and skin-specific biological functions (Fold 

change = 3.04, P = 0.011, PBH = 0.10; Fig-2a and Fig-

2b). In addition, six genes were identified with 

expression levels in 1 to 7 tissues that were at least five-

fold higher than in all other tissues, specifically in skin 

tissue. 

 

From Shared DEGs to PPI Network: Identification 

of Hub Genes:  

 
Fig-3: Network of SA and MSC pair 

    The thickness of gene connection lines indicates the degree 

of correlation of gene co-expression. The linked genes are 

related in expression and may belong to the same functional 

group. Apart from the light pink (which means not belonging 

to any network), different colors represent different functional 

subnetworks. Two individually paired genes are identified as 

highly related subnetworks. 

    The network of the shared DESs between SA and SC, 

obtained by analyzing our data, was primarily 

constructed based on the combined scores collected 

from the STRING database. We filtered the nodes and 

their edges with moderate confidence (combined score 

≤ 0.4). For the SA and NMSC pair, no network and sub-

network were identified, which may be because of not 

enough input genes (2 shared DEGs). For the SA and 

MSC pair, the final general network contains 40 

nodes(genes) and 44 edges (combined score) (Fig-3), 

and 2 sub-networks scoring among 3 were identified. of 

40 genes,  some  of  the  genes  such  as  SPRR1A,   MET, 
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VAV3, and BLNK are the core nodes of the subnetworks, 

suggesting the potential genetic factor of SA and MSC. 

Moreover, 9 methods including MCC, MCN, and degree 

were used to select the hub genes from the PPI network 

using the CytoHubba plugin with default parameters in 

Cytoscape. This process revealed top 10 hub genes, 

which are PIK3R1, NANOG, VAV3, SMTN, SPRR1B, 

MET, MYLK, EPCAM, SPRR1A, RAC3 (Table-3). 

 

Discussion 

    This    study    unveiled     several    genes    that    are 

  

significantly associated with both SC and SA, such as 

SPRR1A and S100A2. In functional enrichment analysis, 

the identified DEGs were significantly enriched in GO 

terms and pathways related to cell growth and 

development, cell/tissue migration, and immunity. 

Furthermore, the PPI network revealed co-expression 

relationships among the gene sets and highlighted the 

important roles of DEGs such as PIK3R1 and MET 

within their subnetworks. These results provide a 

theoretical basis for identifying the shared biological 

mechanisms of SA and SC. 

 

Table-3: Top 10 genes in the network of shared DEGs between Skin Aging and MSC 

Node Name MCC DMNC MNC Degree EPC BottleNeck EcCentricity Closeness Radiality 

PIK3R1 8 0.31 3 7 10.97 25 0.16 14.33 4.68 

MET 5 0.31 2 5 9.95 7 0.13 12.95 4.52 

SPRR1B 5 0.31 3 4 3.83 3 0.08 4.5 0.54 

SMTN 5 0.31 2 5 8.48 5 0.11 11.38 4.11 

VAV3 5 0.31 3 4 9.59 3 0.13 11.28 4.29 

NANOG 5 0.31 2 5 9.34 4 0.11 11.93 4.24 

SPRR1A 4 0.31 3 3 3.7 1 0.08 4 0.51 

EPCAM 4 0.31 2 4 8.14 3 0.11 11.1 4.16 

MYLK 4 0.31 2 4 8.05 1 0.11 10.47 4 

RAC3 3 0.31 2 3 9.37 6 0.13 11.53 4.39 

 

Potential Shared Biomarkers for Both Skin Aging 

and Skin Cancer: 

    SPRR1A and S100A2, shared DEGs of SA and both 

subtypes of SC, were downregulated in SA and MSC and 

upregulated in NMSC. SPRR1A, a human protein-coding 

gene, produces small proline-rich protein 1A, a 

structural component of the epidermis involved in 

keratinocyte differentiation and peptide cross-linking 

[43]. Previous studies have shown that SPRR1A is 

expressed at high basal levels in advanced stages of SC 

and is considered a marker of squamous epithelial 

differentiation and metastatic transformation of 

melanoma [44-46]. Conversely, other studies indicated 

that downregulated SPRR1A expression correlates with 

later cancer stages and decreased survival rates [47]. In 

this study, SPRR1A showed differential regulation, 

providing new evidence for understanding its role in 

MSC and NMSC. 

 

    The S100A2 gene encodes S100 Calcium Binding 

Protein A2, a protein localized to the cytoplasm and/     

or   nucleus  that  regulates   several  cellular   processes, 

including cell cycle progression and differentiation [48]. 

S100A2 has been considered a tumor suppressor gene 

in some studies, as it can enhance the transcriptional 

activity of p53 family members, and p53 mutation or 

degradation increases susceptibility to NMSC [49-51]. 

However, these findings do not fully align with our 

results, highlighting the complexity of S100A2-related 

mechanisms in SC. 

 

Shared Mechanisms Between Skin Aging and 

Melanoma: 

    For SA and MSC, immune response–

activating/regulating cell surface receptor signaling 

pathways were identified as relevant. The immune 

response–activating pathway involves the binding of 

extracellular ligands to cell surface receptors, triggering 

or sustaining an immune response [52]. The immune 

response–regulating pathway involves similar 

molecular interactions that modulate immune 

responses [53]. NINJ1 and BLNK are highly associated 

with these pathways. NINJ1 encodes a 16-kDa cell-

surface   protein   with   two   transmembrane   regions, 
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involved in inflammation, tumor suppression, and 

necrotic/apoptotic cell death [54]. BLNK encodes an 

adaptor molecule expressed in B cells [55]. Previous 

research shows that melanomas insufficiently 

responsive to immune checkpoint blockade often have 

gene losses linked to senescence and amplification of 

senescence inhibitors. Melanoma-associated fibroblasts 

can create an immunosuppressed microenvironment by 

upregulating inflammatory and immune-inhibitory 

factors [56], altering extracellular metabolites like 

lactate, glucose, and arginine to suppress immune cells 

or polarize them toward a pro-tumor phenotype. There 

are no existing studies discussing the role of these two 

immune response pathways and their most related 

DEGs in both SA and SC, suggesting that our results 

provide novel insight into their shared mechanisms. 

 

    Positive regulation of endothelial cell migration was 

also highly enriched in both SA and MSC. Chemotactic 

and mechanotactic signals guide endothelial cell 

migration, involving extracellular matrix degradation to 

support cell mobility [57]. Silencing ANXA3 inhibits 

growth and migration in certain cancer cells, 

highlighting its role in cellular growth regulation and 

signaling [58]. MET, a proto-oncogene, encodes a 

receptor tyrosine kinase linked to cell survival, 

embryonic development, and cell movement. Studies 

suggest aged skin may have a predisposition for tumor 

cell migration [59]. Senescent dermal fibroblasts 

release chemerin, which enhances squamous cell 

carcinoma migration via the MAPK pathway [60]. While 

prior studies on SC metastasis describe several 

pathways, regulation of endothelial cell migration has 

not been emphasized, nor have key functional genes 

overlapped with our findings. No SA study has 

specifically focused on endothelial cell migration. 

 

    KEGG analysis of SA and MSC revealed enrichment in 

cellular processes, including DEGs such as MYLK and 

ACTN1. MYLK encodes smooth muscle and non-muscle 

myosin light chain kinase isoforms, enzymes reliant on 

calcium and calmodulin that regulate contractility and 

telokin function, respectively [61]. ACTN1 encodes an F-

actin cross-linking protein anchoring actin to 

intracellular structures [62]. Other reported SC 

biomarkers include PDGFR α/β, αSMA, fibronectin, 

COL11A1, FAP, tenascin-C, vimentin, FSP-1, and GFPT2 

[63]. 

 

    In the PPI network of shared DEGs for the SA–MSC 

pair, PIK3R1 and RAC3 were the top DEGs, suggesting 

potential biomarkers for both SA and MSC. PIK3R1 

encodes the phosphoinositide-3-kinase regulatory 

subunit 1 [64], part of the PI3K–Akt–mTOR signaling 

pathway, which regulates senescence and self-renewal 

of skin cells, such as skin-derived precursors [65]. 

Activation of this pathway protects melanocytes from 

excessive oxidative stress, a key risk factor for SA and 

SC [66]. RAC3, a member of the RAS superfamily, 

encodes a GTPase that regulates cell growth, 

cytoskeleton remodeling, and protein kinase activity 

[67]. 

 

Shared Mechanisms Between Skin Aging and Non-

Melanoma Skin Cancer: 

    For DEGs in SA and NMSC, peptide cross-linking was 

the most significantly enriched function. Peptide cross-

linking involves covalent bond formation within or 

between peptide chains [68]. The associated DEG 

SPRR1A, a top gene shared between SC and SA, encodes 

a small proline-rich protein precursor of the 

keratinocyte cornified envelope, involved in peptide 

cross-linking, keratinocyte differentiation, and cross-

bridging in stratified squamous epithelia [2,47,48]. 

DNA–protein cross-linking, a chemical bonding process 

between DNA and proteins, may affect peptide cross-

linking and contributes to cancer and aging. This occurs 

when cellular DNA is exposed to agents such as reactive 

oxygen species, transition metals, and UV light, many of 

which are carcinogenic [69]. Studies on peptide cross-

linking in SC and SA are limited; few bioinformatics 

studies mention it, and none have explored its 

significance in SA. This pathway may represent a novel 

shared functional mechanism of SA and NMSC. 

 

Limitations 

    To our knowledge, this is the first study to explore 

shared genes and functional pathways in SC and SA. 

However, there are limitations. First, the sample size of 

mRNA data is relatively small, especially for NMSC, 

resulting in low statistical power. Second, the study is 

based on publicly available GEO data, which requires 

further experimental validation. Wet-lab studies (e.g., 

cell-based assays and transgenic mouse models) are 

needed to confirm the functional effects of the identified 

DEGs. Additionally, there is a lack of SA and SC data for
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non-Caucasian populations. Differences in shared 

mechanisms across ethnic groups need further 

investigation, possibly limited by the small NMSC 

sample size used in this study. 

 

Conclusions 

    This research used mRNA datasets from Caucasian 

populations to investigate shared biomarkers and 

mechanisms of SA and SC. Shared DEGs were identified, 

functional enrichment analyses were conducted, and 

biological protein–protein interaction (PPI) networks 

were constructed using STRING. This study identified 

SPRR1A and S100A2 as key genes, which may serve as 

potential shared biomarkers for SC and SA. Immune 

response and peptide cross-linking pathways were 

shown to play important roles in SC and SA, particularly 

in MSC. The pathways discovered in this study (immune 

response, endothelial cell migration, cellular processes, 

peptide cross-linking) have not been well explored in 

the SA and SC fields, indicating that our findings may 

provide new evidence for mechanistic research. 

 

    Significant differences between MSC and NMSC were 

observed, such as opposite directions of DEG regulation. 

These results highlight the complexity of SC 

mechanisms and the pleiotropic roles of significant 

DEGs. Overall, this study reveals a shared molecular 

framework between SC and SA, offering new insights 

for understanding the underlying molecular genetic 

mechanisms. However, further molecular 

epidemiological studies with larger sample sizes and 

experimental validations are needed to confirm the 

shared genes identified in this study. 
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