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Background: The aging of skin is a diversified biological phenomenon, influenced by a combination of genetic and environmental 
factors. However, the specific mechanism of skin photoaging is not yet completely elucidated.
Methods: Gene expression profiles for photoaging patients were obtained from the Gene Expression Omnibus (GEO) collection. We 
conducted single-cell and intercellular communication investigations to identify potential gene sets. Predictive models were created 
using LASSO regression. The relationships between genes and immune cells were investigated using single sample gene set 
enrichment analysis (ssGSEA) and gene set variance analysis (GSVA). The molecular processes of important genes were studied 
using gene enrichment analysis. A miRNA network was created to look for target miRNAs connected with important genes, and 
transcriptional regulation analysis was used to identify related transcription factors. Finally, merging gene co-expression networks with 
drug prediction shows molecular pathways of photoaging and potential treatment targets. Furthermore, we validated the role of key 
genes, immune cell infiltration, and the Adenosine 5‘-monophosphate (AMP)-activated protein kinase (AMPK) pathway in photoa-
ging, which were identified through bioinformatics analysis, using in vivo reverse transcription quantitative PCR (RT-qPCR), 
immunofluorescence labeling, and Western blotting.
Results: This study discovered three key genes, including Atp2b1, Plekho2, and Tspan13, which perform crucial functions in the 
photoaging process. Immune cell infiltration analysis showed increased M1 macrophages and CD4 memory T cells in the photoaging 
group. Further signaling pathway analysis indicated that these key genes are enriched in multiple immune and metabolic pathways. 
The significant roles of Atp2b1, Plekho2, Tspan13, M1 macrophages infiltration, CD4 memory T cells infiltration and the AMPK 
pathway in photoaging was validated in vivo.
Conclusion: This research revealed the underlying molecular mechanisms of photoaging, indicating that key genes such as Atp2b1 
and Tspan13 play crucial roles in the regulation of immune cell infiltration and metabolic pathways. These findings provide a new 
theory for the treatment of photoaging and provide prospective targets for the advancement of relevant drugs.
Keywords: skin photoaging, Atp2b1, Tspan13, Plekho2, immune cell infiltration, AMPK pathway

Introduction
The skin is a crucial barrier protecting the body from external threats. Skin aging leads to a decline in structure and 
function and can be sorted into endogenous and exogenous aging.1 Endogenous aging, or chronological aging, occurs 
naturally over time. Exogenous aging, primarily photoaging, as a result of prolonged exposure to ultraviolet (UV) 
radiation, resulting in skin roughness, laxity, sagging, wrinkles, capillary dilation, and pigmentation. Severe cases can 
lead to skin tumors like melanoma and squamous cell carcinoma.2
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The mechanisms associated with photoaging have not been fully clarified. It is discovered that photoaged skin is linked to 
cellular and extracellular alterations. These changes comprise increased epidermal thickness, disorganized collagen fibers, 
accumulation of dystrophic elastin fibers, instability of the cellular genome, reduced viability, as well as morphological 
modifications in keratinocytes and human dermal fibroblasts.2 The molecular process preponderantly contains DNA damage, 
oxidation stress, inflammatory reaction, alterations in collagen architecture, and cell apoptosis.3 Nucleus kappa-B (NF-κB) 
signaling pathway, mitogen-activated protein kinase (MAPK) signaling pathway, nuclear factor erythroid 2-related factor 2 
(Nrf2) / antioxidant-response element (ARE) signaling pathway, and transforming growth factor-β (TGF-β) signaling pathway 
are the main pathways associated with skin photoaging. These pathways are interconnected and related to each other.2 The 
pathogenesis of photoaging remains incompletely understood, making it challenging to recognize patients at high risk for 
photoaging and related tumors and to develop precise treatments. Dermatologists currently rely on complementary strategies 
to manage existing photoaging. These strategies are often aggressive, have significant side effects, and are expensive. They 
include topical treatments with retinoids, laser therapy, fillers, botulinum toxin, and chemical peels.4 Therefore, understanding 
the genes and mechanisms involved in skin photoaging is crucial for the precise prevention and treatment of photoaging and 
related tumors, holding significant clinical importance. Bioinformatics analysis is an emerging research method that emerged 
with the launch of the Human Genome Project and has strong advantages in exploring core genes and biological pathways. In 
recent years, breakthroughs in histological technologies, such as high-throughput sequencing and microarray technology, have 
allowed us to explore and identify disease features in depth. In the field of dermatology, it is now becoming an effective 
method to explore disease pathogenesis.5

In recent years, studies have indicated that certain Chinese herbal medicine compounds or monomers can alleviate 
photoaging by modulating autophagy. We identified Vicenin-2 (6-C-glucose-8-C-xyloconitin), a flavonoid derived from 
natural plants and Chinese herbs, as having significant anti-UVB toxicity and radical scavenging effects in human dermal 
fibroblast experiments. Additionally, Vicenin-2 counteract skin photoaging in mice through antioxidant and anti- 
inflammatory effects.6

In this study, we used single-cell transcriptomics and bioinformatics methods to deeply analyze gene expression 
profiles associated with photoaging and validated them through in vivo experiments. First, GSE58915 and GSE173385 
data were acquired from public databases, and the single-cell expression profiles were preprocessed and analyzed using 
the Seurat package. Next, the CellChat package was used to analyze the intercellular communication network and 
identify key cell subtypes. Characterized genes for photoaging were determined by Lasso regression and random forest 
algorithm. Immune cell infiltration was further analyzed by the CIBERSORT algorithm, and enrichment pathways were 
analyzed by GSEA and GSVA. Finally, the molecular mechanism of photoaging and possible therapeutic targets were 
revealed by combining gene co-expression network and drug prediction. We also established mouse photoaging models 
to validate the key genes, M1 macrophages infiltration, CD4 memory T cells infiltration and signaling pathways, 
providing important evidence to further clarify the pathogenesis of skin photoaging.

Methods
In brief, this research began with single-cell analysis. A disease prediction model was developed by using LASSO 
regression to identify important genes. Following that, immune infiltration and functional enrichment analysis were 
carried out, a miRNA network was built, major gene regulatory networks were analyzed, and drug-gene interactions were 
investigated (Figure 1).

Data Acquisition
The GEO database (https://www.ncbi.nlm.nih.gov/geo/info/datasets.html) is a gene expression database created and 
maintained by the National Center for Biotechnology Information (NCBI), and its full name is GENE EXPRESSION 
OMNIBUS. The Series Matrix File data file for GSE58915 was downloaded from the NCBI GEO public database. The 
annotation file is named GPL1261. In total, expression profile data from 21 patients were used, including 6 in the normal 
group and 15 in the illness group. The single cell data file for GSE173385 was retrieved from the NCBI GEO public 
database. Additionally, sample data from two patients with complete single cell expression profiles were obtained for 
single cell analysis.

https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2024:17 11138

Hu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.ncbi.nlm.nih.gov/geo/info/datasets.html
https://www.dovepress.com
https://www.dovepress.com


Single Cell Analysis
First, the expression profile is read through the Seurat software package and low-expression genes are filtered out 
(nFeature_RNA > 500 and percent.mt < 3*MAD & nFeature_RNA < 3*MAD & nCount_RNA < 3*MAD), where 
outliers are defined as the same as the median. The three median absolute deviations (MAD) of the package annotates the 
cluster and is tagged to some cells that are significant in the appearance of the disorder.

Cell Communication
With single-cell data, CellChat is a gadget that can quantitatively infer and analyze intercellular communication networks. To 
predict the primary signal inputs and outputs of cells as well as how these cells and signals harmonize functions, it uses 
network analysis and pattern recognition techniques. The standardized single-cell expression profile was utilized as the input 
data in this work, and the cell information came from the cell subtypes discovered by single-cell research. The activity and 
impact of each type of cell in the disease was then seen when we examined the cell-related interactions and used the interaction 
strengths (weights) and counts to determine the degree of closeness of the relationship.

Machine Learning
We employ Lasso logistic regression and random forest algorithms to pick characteristic diagnostic markers of disease. The 
Lasso algorithm utilizes the “glmnet” package. Random forest is an ensemble learning algorithm with decision trees as its 

Figure 1 Workflow of the study.
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core. It uses the sampling and replacement method to select multiple samples from the sample set as the training set. The 
sample set obtained through sampling is used to create a decision tree. On each generated node, non-repeating features are 
randomly selected, and these features are used to divide the sample set respectively. Find the best dividing features and 
determine the prediction results. This study uses the random forest algorithm to evaluate the importance of features based on % 
IncMSE, and selects the top 15 features for the following analysis.

Immune Infiltration Analysis
The CIBERSORT method is a widely used method to assess immune cell types in the microenvironment. This technique 
uses support vector regression to deconvolve expression matrices of immune cell subtypes. It contains 547 biomarkers 
that distinguish 25 mouse immune cell phenotypes, including T-cell, B-cell, plasma cell, and myeloid cell subsets. This 
study used the CIBERSORT method to analyze patient data, determine the relative proportions of 25 different types of 
immune invading cells, and conduct correlation analysis between gene expression and immune cell content.

GSVA Analysis (Gene Set Variation Analysis)
Gene set variation analysis (GSVA) is a non-parametric, unmonitored method for determining the enrichment of gene 
sets in transcriptomes. GSVA translates gene-level changes into pathway-level changes by exhaustively identifying gene 
sets of interest and establishing the biological function of the sample. In this study, we will download gene sets from the 
Molecular Characteristics Database (version 7.0) and apply the GSVA algorithm to fully score each gene set to analyze 
possible biological function changes in various samples.

GSEA Analysis
Patients were divided into two groups based on gene expression levels: high group and low group. GSEA was then used 
to investigate differences in signaling pathways between the two groups. The background gene set is a well-known gene 
set obtained from the MsigDB database for labeling subtype pathways. We continue to investigate differential expression 
of pathways across subtypes. Significantly enriched gene sets were identified using a concordance score (adjusted p value 
less than 0.05). Sort. GSEA analysis is often used in studies that combine disease classification with biological 
significance.

Construction of Key Gene Non-Coding RNA Network
MiRNAs (MicroRNAs) are short non-coding RNAs that have been found to influence gene expression by aiding mRNA 
degradation or inhibiting mRNA translation. Thus, we investigated if certain miRNAs in essential genes affect transcription or 
degradation of some hazardous genes. The TargetScanMouse 8.0 (https://www.targetscan.org/mmu_80/) database provided us 
with miRNAs associated with important genes, which we then visualized using Cytoscape software.

Transcriptional Regulatory Network
This study used the R package “RcisTarget” to predict transcription factors. All calculations performed by RcisTarget 
are motif-based. The Normalized Motif Enrichment Score (NES) is determined by the total number of motifs in the 
database. In addition to the motifs identified from the source data, this study inferred additional annotation files based 
on motif and gene sequence similarity. The first step in determining the overexpression of each motif in a gene set is to 
calculate the area under the curve (AUC) for each motif-motif pair. This was achieved by calculating a gene set 
recovery curve with respect to motif order. The NES of each motif is calculated based on the AUC distribution of all 
motifs in the gene set.

Differential Expression Analysis
The Limma package is an R package for differential expression analysis of expression profiles to identify genes with 
significantly differential expression between group comparisons. Use the R package “Limma” to analyze differences in 
the molecular mechanisms of disease data, identifying differentially expressed genes between control and disease 
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samples. Gene differentiation screening conditions were P.Value < 0.05 and |logFC| > 0.585 and draw differentiating gene 
volcanoes Graphs and heat maps.

CMap Drug Prediction
Connectivity Map (CMap) is an interventional gene expression profile database developed by the Broad Institute; it is 
mainly used to reveal functional connections between small molecule compounds, genes and disease states. Contains 
microarray data of 1309 small molecule drugs before and after treatment of 5 human cell lines. There are different 
treatment conditions, including different drugs, different concentrations, different treatment times, etc. This study 
predicts targeted therapeutic drugs for diseases based on differentially expressed disease genes.

Animal Experiment
Female BALB/c hairless mice (Sibeifu Beijing) pondering 18–25g were used in this research. All animal experiments were 
sanctioned by the Animal Care and Use Committee of North Sichuan Medical College and follow the guidance of the Medical 
and Ethics Committee of North Sichuan Medical College (Sichuan) (NSMC2024-DW-034). All the mice were randomly 
sorted into the following 3 sets (5 mice per group): (1) control group, (2) model group (UVB+UVA irradiation), (3) Vicenin-2 
(6-C-glucose-8-C-xyloconitin) group (UVA+UVB+Vicenin-2), We use UVB and UVA to induce photoaging, using the 
method described before.7 The dorsal skin of BALB/c hairless mice was exposed to a UVB+UVA lamp six per week for 
8 weeks to induce photoaging of the skin. The minimal erythema dose (MED) was set at 150 mJ/cm2. The UVA dose was ten 
times that of UVB. During this 8-week period, apply 0.1mg 0.05% Vicenin-2 ointment topically to the back of the mice 
30 minutes after each irradiation. At the end of eight weeks, the photo area of each group was imaged using a digital camera. 
The cervical dislocation method was employed to sacrifice the mice. Skin tissues were quickly separated from the mice and put 
in a 4% paraformaldehyde solution or stored at −80 °C for further experiments.

RNA Extraction and Gene Expression Analysis
Total RNA extracted from the skin were evaluated by RT-qPCR. TRIzol was used to extract RNA from the skin. The 
gene expression level was normalized, and the relative quantification of gene expression was determined using the 2^ (− 
ΔΔCt) method.

Western Blot Analysis
Skin tissues were placed in lysis buffer and homogenized.The suspension was gathered and subjected to sonication for 
1.5 minutes on ice. Left the lysate on ice for 10 minutes. Pre-cooled the centrifuge at 4°C, and centrifuge the lysate for 
15 min. Use a BCA protein quantification kit to determine protein concentration. Proteins were separated using SDS- 
PAGE gels and then transferred onto nitrocellulose membranes. Subsequently, the membranes were incubated in TBST 
along with 5% skim milk powder at 25°C for 1 hour. Next, the membranes were placed in a solution with the indicated 
primary antibodies and incubated at 4°C. After that, the membranes were rinsed three times with TBST and then 
inoculated with a secondary antibody. Use the Bio-Rad Chemi DocXRS+ imaging system to visualize protein bands. 
Image J (NIH, Bethesda, MD) software was used to quantify band intensities. All assays were performed in five times.

Immunofluorescence Labeling
The protein expression of macrophage CD68 was identified by immunofluorescence single label. The protein expressions of 
CD68 and CD86 in M1 macrophages, CD68 and CD206 in M2 macrophages, CD4 and CD62L in CD4 memory T cells were 
detected by double immunofluorescence labeling. The tissue was mixed in 10% neutral buffered formalin. Then it was placed 
in paraffin and sectioned into slices with a thickness of 5 µm. Once deparaffinized and rehydrated through a series of alcohols, 
the skin sections were placed in sodium citrate solution and heated in microwave oven to 95 °C for 20 minutes. Subsequently, 
they were incubated with primary antibody CD68 at a 1:100 dilution (Proteintech, 28058-1-AP) at 4 °C overnight. The slides 
were then incubated in the same solution for one hour at room temperature on the following day. After removing the primary 
antibody solution through repeated washes with PBST, the sections were incubated with a Goat Anti-Rabbit IgG (H+L) 
Secondary Antibody, Cy3 Conjugate (BOSTER, BA1032) and Goat Anti-Rabbit IgG (H+L) Secondary Antibody, FITC 
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Conjugated (BOSTER, BA1032) at a 1:100 dilution at room temperature for one hour. After repeated washes in PBST to 
eliminate residual antibodies, the nuclei were stained with DAPI at a 1:100 dilution (Biyuntian, C1002).

Double-immunofluorescence labeling was also carried out. Sections were processed as previously described. 
Subsequently, the sections were incubated with a mixture of two primary antibodies (CD68 and CD86, CD68 and 
CD206, CD4 and CD62L) at 4 °C overnight at the following dilutions: rabbit anti-CD68 (Proteintech, 28058-1-AP), 
mouse anti-CD86 (Santa, sc-58986), and mouse anti-CD206 (novus, NBP2-25208), mouse anti-CD4 (Proteintech, 
67786-1-Ig), mouse anti-CD206L (Proteintech, 26477-1-AP). Then the sections were incubated with the mixtures of 
two secondary antibodies (Goat Anti-Mouse IgG (H+L) Secondary Antibody, Cy3 Conjugated (BOSTER, BA1031) and 
anti-rabbit Alexa Fluor 488 (Invitrogen, A11008) for 2 h at 37 °C at a 1:100 dilution. Nuclei were stained.

Statistical Analysis
In this analysis, R language (version 4.3.0) was used. The results were showing as the mean ± standard deviation (Mean ± SD) 
by using (ANOVA) one-way analysis of variance software tools. Values of P < 0.05 were indicative of significant differences.

Results
● After processing the expression profiles with the Seurat package, we identified a total of 12,328 cells, filtered violin 

plots, scatter plots (Supplementary Figure 2A and B), and the 10 genes with the highest standard deviations are 
shown (Supplementary Figure 1C). Data were sequentially subjected to normalization, normalization, PCA and 
concordance analysis (Supplementary Figure 2D–F). The positional relationship between each cluster was obtained 
through UMAP analysis, and there were a total of 15 cell clusters (Figure 2A). Each subtype was further annotated 
in this study, with all clusters annotated into 7 cell categories: DiffKera cells, BasalKera cells, macrophages, 
fibroblasts, NKT cells, endothelial cells, and melanocytes (Figure 2B). Bubble plot of classical markers for 7 cells 
(Figure 2C) and histogram of cell proportions corresponding to groups (Figure 2D).

● We used the software package cellchat to examine ligand-receptor relationships characterized in single-cell 
expression profiles. We found complex interactions between these cell subtypes (Figure 3A and B). Finally, we 
statistically found potential interactions between macrophages and other cells to be closer (Figure 3C). Therefore, 
we selected macrophage marker genes as a candidate gene set (Findall.markers.cellType_1.csv).

● Based on the candidate gene set obtained in the previous step, we used lasso regression and RF algorithms to screen 
out photoaging characteristic genes. The results showed that Lasso regression identified a total of 12 genes as 
characteristic genes of photoaging (Figure 4A and B). On the other hand, we evaluated the characteristic genes of 
photoaging through the RF algorithm (Importance of Variables.txt). The results showed that by screening the top 15 
characteristic genes with the highest accuracy in the photoaging data set (Figure 4C), and crossing them with the 
characteristic genes screened by the Lasso regression algorithm, a total of 3 crossover genes were screened out 
(Figure 4C and D). Three genes will serve as key genes for our subsequent research: Atp2b1, Plekho2 and Tspan13.

● The immune microenvironment is predominantly constituted by immune cells, extracellular matrix, a variety of 
growth factors, inflammatory factors, and specific physicochemical characteristics. Significantly, it exerts 
a profound influence on disease diagnosis and the sensitivity of clinical treatment. We further explored the possible 
molecular mechanisms by which key genes affect the progression of photoaging by analyzing the relationship 
between key genes and immune infiltration in the photoaging data set. The proportion of immune cell content in 
each patient and the correlation between immune cells are shown in the figure (Figure 5A and B). In addition, the 
results showed that compared with patients in the control group, patients in the disease group had M1 Macrophage, 
T Cells CD4 Memory was significantly higher than that of patients in the control group (Figure 5C). We further 
investigated the connection between key genes and immune cells. The findings indicated that Atp2b1 had a sig-
nificantly positive correlation with Gamma delta T cells and a significantly negative correlation with M1 
Macrophage. (Figure 5D); Plekho2 was markedly positively correlated with T Cells CD4 Memory, and was 
significantly negatively correlated with Mast There was a markedly negative correlation between T cells and 
Th17 cells (Figure 5E); there was a markedly positive correlation between Tspan13 and Th17 cells, and 
a significant negative correlation with T Cells CD4 Memory (Figure 5F). We retrieved the correlation between 
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Figure 2 Annotation of cells (A) UMAP showing cell clustering results (based on RNA expression, resolution 0.2). Each dot represents a cell, and the color distinguishes 
different clustering groups. The X-axis and Y-axis are UMAP dimensionality reduction coordinates, indicating the heterogeneity between cells (B) UMAP showing cell type 
annotation results. Based on the clustering results, the cells are further annotated into different cell types, such as Stem cells, Differentiated cells, Immune cells, etc. Different 
colors and labels indicate the distribution of different cell types. (C) Bubble maps show the expression patterns of specific genes in various cell types. The X-axis represents 
genes and the Y-axis represents cell types. The size of the bubble indicates the percentage of cells expressed that the gene was detected in the corresponding cell type, and 
the color indicates the average amount of gene expression (red for high expression, blue for low expression). (D) Histogram of cell type distribution under different sample 
conditions. Each column represents a sample, and the color inside the column distinguishes the composition ratio of cell types. The X-axis is the sample condition, the Y-axis 
is the cell composition ratio, and the numerical value shows the percentage of each cell type. The bar chart shows the P-value of significance, which is used to compare 
changes in cell type distribution under different conditions.
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Figure 3 Cell communication (A) cell-to-cell interaction network analysis. Left: The Number of interactions between cell types. The nodes represent cell types, the 
thickness of the lines indicates the number of interactions, and the colors label different cell types. Right: Interaction weights/strength between cell types. The thickness of 
the line indicates the intensity of the interaction, and the depth of the color indicates the intensity. The analysis demonstrated the centrality and critical role of different cell 
types in cell communication. (B) Heat maps of cell-cell interactions. The x and y axes represent different cell types. The color of each square indicates the intensity of the 
interaction between the two cell types (the darker the color, the higher the intensity). This diagram shows the communication characteristics and possible biological 
connections between specific cell types. (C) Histogram of cell type distribution. The x axis represents the different cell types and the y axis represents the number or 
proportion of cells. Different colors indicate different cell states or conditions. The graph shows the abundance distribution of various cell types and their differences under 
a particular sample or condition.

https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2024:17 11144

Hu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


these key genes and diverse immune factors from the TISIDB database, which encompassed immunosuppressive 
factors, immunostimulatory factors, chemokines, and receptors. These analyses implied that key genes are closely 
associated with the degree of immune cell infiltration and play a crucial role in the immune microenvironment 
(Figure 6A–E). The results are consistent with expectations.

Figure 4 Construction of LASSO and random forest models (A) Variable screening path graph of LASSO regression model. The X-axis represents the logarithmic values of 
the regularized parameters (Log Lambda), and the Y-axis represents the regression Coefficients (Coefficients). Each color curve represents the variation trend of the 
regression coefficient of different variables. As the regularization intensity increases (Lambda increases), some variables are gradually shrunk to zero. The dashed line 
represents the best Lambda value for the cross-validation selection. (B) Cross-validated Mean Squared Error (MSE) curve of LASSO regression model. The X-axis 
represents the logarithm value of the regularized parameter (Log Lambda), and the Y-axis represents the mean square error of cross-validation. The red dot represents the 
MSE corresponding to each Lambda value, and the error bar is the standard deviation. The dashed line represents the optimal Lambda value chosen, corresponding to 
a model with minimal bias or superior complexity. (C) Ranking charts of important characteristic variables. Left: Variable Importance based on random forest algorithm with 
importance scores on the X-axis and feature names on the Y-axis. Right: Absolute ranking of the variables screened based on LASSO algorithm and their regression 
coefficients, X-axis is regression coefficient, Y-axis is feature name. The two methods show the sorting results of key variables under different algorithms. (D) Wayne 
diagrams of important features screened by random forest and LASSO regression. The yellow area represents the features independently screened by the random forest 
model, the blue area represents the features independently screened by the LASSO model, and the overlapping part is the feature variables jointly screened by the two 
methods. The diagram shows the similarities and differences between the two approaches to important features.
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Figure 5 Immune infiltration (A) Accumulation histogram of major gene expression levels in different groups. The figure shows the relative expression distribution of major 
genes in each group (Control, Disease), classified by genotype. (B) Heat maps of inter-gene correlation. The chart shows the correlation between major gene expression, 
showing the strength of the positive correlation (red) versus the negative correlation (blue) in color and correlation coefficient values. (C) Boxmaps of the distribution of 
gene expression levels in different groups. The X axis of gene name and Y axis of gene expression were compared between Control group and Disease group.(*p<0.05, 
**p<0.01, **p<0.01). (D–F) Expression significance of three key genes Atp2b1, Plekh02 and Tspan13 in different cell populations. The figure shows statistical significance 
(P-value) and gene expression trends in different cells, with the size and color of the dots indicating the level of significance and the amount of expression.
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● Next, we studied the specific signaling pathways enriched in three key genes to explore the possible molecular 
mechanisms by which the key genes affect the photoaging process. GSEA results showed that Atp2b1-enriched 
pathways include AMPK signaling pathway, Hippo signaling pathway and other pathways (Figure 7A); Plekho2- 

Figure 6 Relationship between key genes and immune factors (A–E) Bubble map of correlation between key genes and chemokine, Immunoinhibitor, Immunostimulator, 
MHC and receptor. Each subgraph shows Pearson correlation coefficient and significance level between different types of genes and key genes. Blue indicates a negative 
correlation and red indicates a positive correlation.
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enriched pathways include peroxisomes, steroid biosynthesis and other pathways (Figure 7B). Tspan13-enriched 
pathways included ECM-receptor interactions, lipoic acid metabolism, and other pathways (Figure 7C).

● In addition, GSVA results show that highly expressed Atp2b1 is enriched in signaling pathways such as 
TNFA_SIGNALING_VIA_NFKB and UV_RESPONSE_DN (Figure 7A); highly expressed Plekho2 is enriched 
in signaling pathways such as BILE_ACID_METABOLISM and INTERFERON_ALPHA_RESPONSE 
(Figure 7B); highly expressed Tspan13 is enriched in HEDGEHOG_SIGNALING, TGF_BETA_SIGNALING 
and other signaling pathways (Figure 8C). This indicates that key genes might affect the progression of photoaging 
via these pathways.

● We used these three key genes as the gene set for this analysis and found that they are controlled by common mechanisms 
such as multiple transcription factors. Therefore, enrichment analysis of these transcription factors was performed using 
cumulative recovery curves. Motif-TF annotation and selection analysis results of important genes revealed the motifs 
with the highest normalized enrichment scores. (NES:5.8) is dbcorrdb__STAT1__ENCSR000DZM_1__m6. We then 
display all enriched motifs of key genes and corresponding transcription factors (Figure 8A and B). In addition, we 
performed reverse prediction on 3 key genes through the TargetScanMouse database and obtained 51 miRNAs, with 
a total of 57 pairs of mRNA-miRNA relationships. We then visualized them using Cytoscape. (Figure 9C).

● We obtained photoaging-related disease regulatory genes through the GeneCards database (https://www.genecards.org/). 
We analyzed the expression levels of the 20 genes with the highest Relevance score and found that the expression of 
Fbn1, Il1r1, Jun, Ptgs2, Rara, Tgfbr2, Trpv1, and Vcan was different between the two groups of patients (Figure 10A). 
Moreover, we performed correlation analysis on key genes and disease-regulated genes. The expression levels of key 
genes were significantly correlated with the expression levels of disease-regulated genes. Among them, Tspan13 and 

Figure 7 GSEA analysis of key genes (A–C) Combined results of gene set enrichment analysis (GSEA) and interaction network analysis for three key genes, Atp2b1, 
Plekh02, and Tspan13. The above section shows GSEA results based on correlated signaling pathways: different curves in each subgraph represent enrichment scores (ES) 
for correlated signaling pathways (eg Wnt, Hippo, Notch, etc.). The horizontal axis shows the ranking of the gene in the expression data, and the vertical axis shows the 
cumulative enrichment score. The degree of enrichment of the signaling pathway reveals the biological processes that the target gene may regulate. The lower part is divided 
into the network diagram of the target gene and other genes: the circular network diagram shows the relationship between the target gene and its significantly related genes 
and signaling pathways. The color represents the direction of gene expression (red is up-regulated, blue is down-regulated), and the width of the connecting lines reflects the 
strength of the correlation.

https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2024:17 11148

Hu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.genecards.org/
https://www.dovepress.com
https://www.dovepress.com


Ptgs2 were significantly positively correlated (r= 0.768), and Plekho2 and Ptgs2 were significantly negatively correlated 
(r =−0.717) (Figure 10B).

● We then used the limma package to calculate differential genes between disease controls and two groups of patients. 
The differential gene screening conditions are: P.Value<0.05 and |logFC| > 0.585. Finally, a total of 591 differential 
genes were screened out, including 130 up-regulated genes. 461 down-regulated genes. Then, the TOP50 genes that 
were differentially up-regulated and down-regulated in photoaging diseases were divided into two groups, and drug 
targets were predicted for the differential genes through the Connectivity Map database. The results showed that the 
expression profiles of drugs such as zebularine, temozolomide, valproic-acid, 9-methyl-5H-6-thia-4, 5-diaza- 
chrysene-6,6-dioxide were negatively correlated with the expression profiles. Plagued by disease, drugs may be 
able to alleviate or even reverse the disease state (Figure 11A–D).

● In addition, we also analyzed the expression of key genes in DiffKera cell, BasalKera cell, Macrophage cell, 
Fibroblast cell, NKT cell, Endothelial cell, and Melanocyte cell in single cells (Figure 12A and B). Next, we 

Figure 8 GSVA analysis of key genes (A–C) Gene Set Enrichment analysis (GSVA) of Atp2b1, Plekh02, and Tspan13 genes. Each subgraph shows the sequencing results of 
functional pathways (up-regulated and down-regulated) that are significantly associated with the target gene, with blue representing up-regulated pathways in which the gene 
is significantly involved, green representing down-regulated pathways, and gray representing non-significant pathways with low NES.
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visualized the gene co-expression of photoaging-related disease regulatory genes (Eln, Fbn1, Jun) and 3 key genes 
in 7 types of cells (Supplementary Figure 2). Next, we used AUCell to quantify immune and metabolic pathways, 
and analyzed and displayed the correlation between key genes and immune and metabolic pathways (Figure 12C).

● To verify the above results, we conducted animal experiments. In the photoaging mice models, the irradiated skin 
showed thickening, deeper wrinkles, dryness, and scaling, indicating successful establishment of the photoaging 

Figure 9 Key gene-related transcriptional regulation and miRNA network (A) Transcriptional regulatory network of key genes. Green represents key genes and red 
represents transcription factors. (B) All enriched motifs and corresponding transcription factors of key genes are displayed. (C) miRNA network of key genes, triangles 
represent mRNA and circles represent miRNA.

https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2024:17 11150

Hu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=496328.docx
https://www.dovepress.com
https://www.dovepress.com


Figure 10 Correlation between key genes and disease progression genes (A) Box chart of differential expression analysis: showing the expression distribution of genes in 
the Control group and the Disease group: The horizontal axis is the gene name and the vertical axis is the expression quantity. The blue box diagram represents the Control 
group, and the pink box diagram represents the Disease group. “ns” means that the difference is not significant, and an asterisk indicates the level of significance (*p<0.05, 
***p<0.001). The results showed that several genes were significantly upregulated or downregulated in the Disease group, suggesting a possible disease correlation. 
(B) Gene correlation: In the middle is the correlation bubble map between genes, the horizontal axis is the target gene, and the vertical axis is its potential regulatory 
factors; Bubble color represents Pearson correlation coefficient (red is positive correlation, blue is negative correlation), and bubble size represents significance level. The 
scatterplots of linear correlations of two genes (eg Timp1 and Tspan13) are shown on the left and right sides, respectively. The lines are fitted curves with correlation 
coefficients and significance P-values.
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model. After topical application of Vicenin-2, the skin became thinner, smoother, and more refined. (Figure 13A). 
The qPCR results showed that Atp2b1 and Tspan13 were significantly different in mRNA expression levels and 
were consistent with the bioinformatics analysis. However, the Plekho2 did not show any heterogeneity 
(Figure 13B). Among numerous signaling pathways that are involved in the regulation of autophagy, the AMPK/ 
mTOR (mammalian target of rapamycin) pathway is regarded as important. Therefore, the expression level of the 
AMPK/mTOR pathway was determined by Western blotting. As the data showed, UV increased the expression of 
phosphorylated ULK1 but reduced that of AMPK and mTOR.Vicenin-2 enhanced the trends of AMPK/mTOR 
pathway in photoaging under UVR exposure (Figure 13C–F). The protein expression of macrophage CD68 was 

Figure 11 Potential therapeutic drugs for diseases (A) 9-methyl-5H-quinolino[8,7-c][1,2]benzothiazine 6.6-dioxide: (A) complex heterocyclic compound containing 
a quinoline and benzothiazine core structure with a dioxide modification. Its structural characteristics suggest possible pharmacological activity, especially in the field of anti- 
infection. (B) Temozolomide: a broad class of alkylating agent chemotherapy drugs. Its purine skeleton and carbonyl functional group enable it to cause methylation damage 
in DNA and play an anti-disease role. (C) Valproic Acid: a drug with a short chain fatty acid structure and a carboxylic acid group. It exerts its therapeutic effects by 
regulating the release of neurotransmitters and epigenetic mechanisms. (D) Zebularine: a nucleoside analogue with a pyrimidine and ribose structure. It is widely studied as 
an inhibitor of DNA methyltransferase and plays an important role in epigenetic research.
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Figure 12 Expression profile of single cells (A) UMAP showed the expression distribution of Atp2b1, Plekh02 and Tspan13 genes in single-cell transcriptome data. The 
color depth of the dots represents the level of gene expression, and UMAP_1 and UMAP_2 represent the two principal components after dimensionality reduction. The 
expression location and intensity distribution of different genes in the cell population reveal their possible cell-specific functions. (B) The bubble map shows the expression 
of Atp2b1, Plekh02, and Tspan13 genes in major cell types (such as macrophages, endothelial cells, NK cells, etc.): genes on the horizontal axis and cell types on the vertical 
axis; The bubble size represents the proportion of genes expressed, and the color indicates the average expression level (dark blue is high expression). The results showed 
that these three genes had an expression advantage in specific cell types. (C) Bubble map of pathway enrichment analysis: It shows the significant enrichment results of 
Atp2b1, Plekh02 and Tspan13 genes in different functional pathways: the horizontal axis is the functional pathway, and the vertical axis is the gene; The bubble size represents 
the enrichment significance level (FDR value), and the color represents the enrichment effect direction (red is up-regulated, blue is down-regulated). The classification labels 
below further group pathways (eg, metabolism, immunity, signaling, etc).

Journal of Inflammation Research 2024:17                                                                                          https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                       

DovePress                                                                                                                      
11153

Dovepress                                                                                                                                                               Hu et al

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
https://www.dovepress.com


measured by immunofluorescence single labeling, The protein expressions of CD68 and CD86 in M1 macrophages, 
CD68 and CD206 in M2 macrophages, CD4 and CD62L in CD4 memory T cells were detected by double 
immunofluorescence labeling. The results found that CD4 memory T cells were significantly increased in the 
photoaging group. The treatment with Vicenin-2 reverses this phenomenon (Figure 13G–H). The expression of 
CD68 protein was comparable between the model and treatment groups, the expression of CD86 increased in the 
model group, the expression of CD206 increased in the Vicenin-2 treated group, and the ratio of CD86 / CD206 
decreased in the Vicenin-2 treated group. It preliminarily showed that the pro-inflammatory M1 macrophages were 
more polarized in the skin after irradiation, and the M1 macrophages changed to anti-inflammatory M2 macro-
phages after Vicenin-2 treatment, and the total number of macrophages was basically unchanged (Figure 13I–N).

Figure 13 Experimental validation. (A) The treatment effect of Vicenin-2 in photoaging mice model; (B) Relative mRNA expression levels of Atp2b1, Plekho2, 
Tspan13 in controls, UVR and Vicenin-2 mice (n = 5); (C) Photoaging model was induced UVA and UVB, pre-treated with Vicenin-2 and the expression levels of 
protein were determined by Western blot; (D) Relative expression levels of p-ULK1/ULK1 (n = 5); (E) Relative expression levels of p-AMPK/AMPK, (n = 5); 
(F) Relative expression levels of P-MTOR/MTOR (n = 5); (G and H) Immunofluorescence double labeling results of CD4+CD62L+ cells in different groups (n = 5, 
scale bar =20 μm); (I–N) Immunofluorescence single labeling of CD68 and immunofluorescence double labeling of CD68/CD86 and CD68/CD206 in different groups 
(n = 3, scale bar =20μm). Data represent mean ± SD, *P < 0.05, **P < 0.01, ***P < 0.001 ****P < 0.0001 ns: no significance.
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Discussion
Investigating the genes associated with skin photoaging is of significant importance. For example, understanding the 
functions and interactions of genes abnormally expressed during the photoaging process can shed light on the underlying 
molecular mechanisms. Potential biomarkers related to photoaging may be identified, which could be utilized for early 
diagnosis and therapeutic monitoring. Uncovering genetic differences among individuals can aid in developing perso-
nalized prevention and treatment strategies. Moreover, inhibitors or activators targeting specific genes may become 
potential therapeutic options in the future. In the past few decades, researchers have found some genes associated with 
photoaging.7 For example, miRNA-22-5p can directly act on growth differentiation factor 11 (GDF11), which is closely 
related to skin aging. Downregulation of miRNA-22-5p in HDF-EVs can treat skin photoaging by targeting GDF11.8 

Wenyi Ho et al discovered that LncSPRY4-IT1–targeting protein were primarily abundant in metabolic pathways, 
pathways in cancer, endocytosis, human papillomavirus infection and Phosphoinositide 3-kinase (PI3K)/protein kinase 
B (AKT) signaling pathway which were of great importance in skin photoaging process.9 In our study, using Single-Cell 
Sequencing Combined with Transcriptome Sequencing, we screened three signature genes Atp2b1, Plekho2 and 
Tspan13, which are strongly associated with photoaging.

Plekho2 belongs to the superfamily of proteins containing PH domains. Mice lacking Plekho2 show an obvious 
reduction in the macrophage population. Deficiency of Plekho2 in macrophages leads to increased apoptotic cell death 
and elevated activity of caspase-3.10 It may participate in the signaling pathways associated with cellular stress, 
inflammatory response, and indirectly affect the progression of photoaging. Tspan13 is a member of the Tetraspanin 
family and is involved in various biological processes such as differentiation, cell development, activation, growth factor, 
motility, proliferation, and metastasis.11 Atp2b1 is among the SERCA Ca2+-ATPases. Currently, its role in the skin is 
reported to be upregulated along with three other calcium signaling pathway genes in microcystic adnexal carcinoma.12 

During photoaging, UV radiation may interfere with the normal transport and balance of Ca+ ions, and this imbalance 
state can be further exacerbated by changes in Atp2b1 gene expression and function.12 This may lead to a range of 
cellular stress responses, increased oxidative damage as well as abnormal cell signaling, which accelerating the skin 
aging process.13 The generation of ROS induced by UVB irradiation is also sensitive to Ca2+. Apoptosis induced by 
UVB irradiation is caused by increased ROS. Atp2b1 involves many signaling pathways, such as calcium ion signaling 
pathway, and its abnormal function may trigger a series of downstream signaling pathways related to cell proliferation, 
differentiation and apoptosis, which can directly affect the development of photoaging.14 These genes not only help us 
better understand the molecular mechanisms of photoaging but also may provide new biomarkers and targets for the early 
diagnosis and personalized treatment of photoaging. By further studying the functions and regulatory networks of these 
genes, we can develop more effective strategies for the prevention and treatment of photoaging. Specifically, Atp2b1, 
Tspan13, and Plekho2 genes may play a significant role in the pathogenesis of photoaging by regulating key biological 
processes such as intracellular calcium ion concentration, transmembrane signaling molecule transport, cell-to-cell 
interactions, and cell apoptosis. Although we found three genes associated with photoaging in our biogenic analysis, 
Atp2b1 and Tspan13 were confirmed to be associated with photoaging in vivo, which may require larger sample 
experiments to further clarify this result. Next, we investigated the specific signaling pathways related to the three key 
genes to uncover the underlying biological mechanisms of photoaging. The main pathways identified through single-gene 
GSEA of the three characteristic genes were the Hippo signaling pathway, ECM-receptor interaction, and lipid 
metabolism. The enrichment of these pathways is in line with the clinical fact that photoaged skin is more likely to 
develop tumors.15–17 This indicates that the three crucial genes may determine the process of cellular photoaging and 
tumorigenesis by regulating cell growth, intercellular adhesion, and substance metabolism. GSEA pathway enrichment 
analysis revealed that Plekho2 was enriched in the peroxisome and steroid biosynthesis signaling pathway, which has 
important roles in lipid metabolism, adipogenesis, and maintaining metabolism. Tspan13 is enriched in the ECM-receptor 
interaction and lipoic acid metabolism signaling pathway, which is involved in many significant biological processes 
such as antioxidant defense, differentiation, and apoptosis. Atp2b1 is enriched in the AMPK signaling pathway and 
Hippo signaling pathway, which is associated with cellular energy balance, metabolic regulation, apoptosis, cell 
proliferation, and stem cell self-renewal.18 Autophagy is an important cellular recycling system that mediates the 
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turnover of dysfunctional organelles and aggregated or damaged proteins to maintain cellular homeostatic.19,20 Upstream 
pathways of autophagy include AMPK /mTOR signaling.21 Autophagy regulates DNA damage and inflammatory caused 
by UVB irradiation, thereby reducing UVB-induced photodamage.22 However, UVB irradiation can also regulate 
autophagy in skin cells. A previous study showed that autophagy is inhibited in skin keratinocytes irradiated by UVB, 
suggesting that autophagy induction may be a potential intervention target for anti-photodamage therapy.22 Indeed, 
autophagy activation is critical for reducing keratinocyte UVB-induced cell death.23,24 We choose and confirmed that 
AMPK /mTOR pathway is associated with skin photoaging in vivo.

Non-coding RNAs (ncRNAs) are functional RNA molecules that do not translate into proteins. Abnormal expression 
of ncRNAs is closely associated with the onset and progression of various diseases.25 It has been reported that repeated 
UVA and UVB irradiation can alter ncRNA expression profiles in human primary skin fibroblasts, keratinocytes, and 
primary melanocytes, impacting collagen metabolism, extracellular signaling pathways, apoptosis, and inflammatory 
responses.26,27 Kimball et al conducted transcriptome sequencing on exposed and non-exposed skin in Caucasian women 
of different ages, identifying mRNA changes related to oxidative stress, energy metabolism, and aging.28 Wang et al 
found that miR-4732-5p suppresses Tspan13 expression at both mRNA and protein levels, identifying Tspan13 as a direct 
target of miR-4732-5p.29 Additionally, research has shown that the downregulated genes in the high miR-4469 expres-
sion group are mainly involved in inflammatory cell activation, suggesting key targets in miR-4469 target genes, with 
Plekho2 being a specific target.30 Furthermore, miR-330-5p has been identified as a regulator of Atp2b, affecting cell 
viability, apoptosis, and cytokine production.31 These findings offer new insights into photoaging treatment.

The skin’s immune system, including mast cells, dendritic cells, lymphocytes and macrophages, is essential for 
defense beyond the physical barrier.32 These cells maintain skin homeostasis and respond to injury or infection. 
Macrophages, prevalent in the skin, are classified into M1 and M2 subtypes, influenced by stimuli and environment. 
The balance of M1 and M2 is crucial for tissue repair and regeneration.33,34

Zhang et al found that aging affects the balance of M1/M2, leading to a significant increase in the pro-inflammatory 
M1 phenotype in elderly skin, which further leads to chronic skin inflammation.35 It has been showed that M1 
macrophages not only have the ability to reduce the expression of type I collagen, but also induce the fragmentation 
of type I collagen in dermal fibroblast.35 In addition, M1 can also induce the expression of matrix metalloproteinases to 
accelerate collagen degradation.36 Instead, M2 macrophages promote the expression of collagen and proteins in dermal 
fibroblasts, thereby inducing the formation of collagen fibers.37 In addition, the significant increase in the M1/M2 ratio is 
closely related to ultraviolet light-induced skin photoaging.38 Disruption of the balance between M1/M2 macrophages 
induced by ultraviolet radiation can lead to chronic inflammation, accelerate the aging of dermal fibroblasts, and damage 
the collagen homeostasis function, thereby promoting skin aging.36 Meanwhile, recent studies have shown that regulating 
M1/M2 polarization can promote the increase of collagen and elastin fibers.39 After the biogenic analysis found that M1 
macrophages increased in patients with skin photoaging, we conducted in vivo to further verify this result and further 
clarify the M1/M2 relationship. It was found that the polarization of M1 macrophages in the skin of photoaged mice 
increased, M1 macrophages transformed into anti-inflammatory M2 macrophages after treatment, and the total number of 
macrophages remained basically unchanged. Therefore, reversing the trend of transformation from M1 to M2 may be the 
key to improving skin photoaging. In addition, We further explored the relationship between key genes and M1 
Macrophage, and the result showed that Atp2b1 was significantly negatively correlated with M1 Macrophage. Atp2b1 
may be a potential therapeutic target to control the activity and function of M1 macrophages by regulating calcium ion 
balance.

We found another type of cell- CD4 memory T cells, increased in skin photoaging. Actually, normal skin harbors 
recirculating CD4+memory T cells located around superficial dermal blood vessels.40 Studies have found that photoaged 
and acutely UV-damaged skin is infiltrated with more CD4+ memory T cells, while circulating CD4+ memory T cells are 
significantly reduced.41,42 This phenomenon of infiltration of memory T cells may be related to the activation of 
endothelial cells, which express E-selectin, which is a migration medium for lymphocytes to infiltrate skin tissue.43 In 
addition, after UV irradiation, fibroblasts secrete a large number of senescence-associated secretory phenotype(SASP) 
factors, including pro-inflammatory cytokines, chemokines, matrix metalloproteinases (MMPs) and growth factors.44 

SASP may affect the localization and residence time of CD4 memory T cells in skin by inducing the expression of 
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intercellular adhesion molecules.45 We found that Plekho2 was positively correlated with CD4 memory T cells, and 
Tspan13 was negatively correlated with CD4 memory T cells. The correlations suggest that they may play an important 
role in regulating immune memory and T cell function. In the future, investigating the roles of Plekho2 and Tspan13 in 
endothelial cell activation and fibroblast secretion of SASP, and their effects on T cell infiltration, may enhance our 
understanding of photoaging development. In drug targeting prediction studies, zebularine, temozolomide, valproic acid 
and 9-methyl-5H-6-thia-4,5-diaza-chrysene-6,6-dioxide have been found to potentially improve skin photoaging. 
Zebularine is a DNA methyltransferase inhibitor that may influence the behavior of skin cells by altering gene 
expression.46 Temozolomide and valproic acid are known for their anti-inflammatory and anti-tumor properties,47 

which may help reduce inflammation and regulate cell growth to slow skin aging. Additionally, the specific mechanism 
of 9-methyl-5H-6-thia-4,5-diaza-chrysene-6,6-dioxide requires further investigation, but its structural features suggest it 
may have unique bioactivity. Although these findings are promising, more clinical research are needed to confirm their 
actual efficacy in the treatment of skin photoaging. In our previous research, it has been discovered that Vicenin-2 had 
significant anti-UVB toxicity and radical scavenging effects in human dermal fibroblast experiments.6 Thus, we selected 
this compound to validate the results of our bioinformatics analysis. Our experiment confirmed that Vicenin-2 alleviates 
photoaging by regulating the AMPK pathway and influencing the infiltration of M1 macrophages and CD4 memory 
T cells.

Conclusions
In conclusion, we combine Single-cell sequencing and transcriptome sequencing to reveal the molecular mechanism of 
photoaging and possible therapeutic targets. Moreover, a mouse photoaging model was established to verify key genes 
and signaling pathways, which provided important evidence for further clarifying the pathogenesis of skin photoaging. 
Our research ultimately identified three characteristic genes, namely Atp2b1, Plekho2, and Tspan13 respectively. 
Subsequently, these signature genes were highly correlated with immune cell infiltration and immunological response 
and were consistently associated with multiple immunoinflammatory pathways. This research will be conducive to the 
development of early preventive indicators and immunotherapy methods for skin photoaging.

Abbreviations
AMPK, Adenosine 5‘-monophosphate (AMP)-activated protein kinase; COX, cyclooxygenase; MAPK, mitogen- 
activated protein kinase; MDA, malondialdehyde; mTOR, mammalian target of rapamycin; NF-κB, nuclear factor kappa- 
B; Nrf2, nuclear factor erythroid 2-related factor 2; PI3K, phosphatidylinositol 3- kinase; ROS, reactive oxygen species; 
TGF-β, transforming growth factor-β; TNF-α, tumor necrosis factor-α; UVR, Ultraviolet radiation; Smad, drosophila 
mothers against decapentaplegic; ssGSEA, single sample gene set enrichment analysis; GSVA analysis, gene set variance 
analysis; RT-qPCR, reverse transcription quantitative PCR; MAD, median absolute deviations; NES, normalized enrich-
ment score AUC, area under the curve; CMap, Connectivity Map; MED, minimal erythema dose; ncRNAs, Non-coding 
RNAs; SASP, senescence-associated secretory phenotype; MMPs, matrix metalloproteinases.

Data Sharing Statement
All data needed to evaluate the conclusions in the paper are present in the paper and/or the Supplementary Materials. 
Sequence data are available from the GENE EXPRESSION OMNIBUS (GEO) database, Genome Sequence Archive 
(GSA) database under the accession numbers GSE58915 and GSE173385.

Ethics Approval and Consent to Participate
The Gene Expression Omnibus (GEO) is public databases that allow unlimited reuse under open licenses. Ethics 
approval had been obtained prior to the conduction of the study involving patients included in these databases. Users 
can freely download relevant data in these databases for conducting research, based on which users can also draft related 
articles for publication. Our research is based on open-source data from these datasets and follows the data access 
policies and publication guidelines of these datasets, with no ethical concerns or any conflicts of interest. Therefore, this 
study was exempted from obtaining approval from the local ethics committee as per the committee’s guidelines (Medical 

Journal of Inflammation Research 2024:17                                                                                          https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                       

DovePress                                                                                                                      
11157

Dovepress                                                                                                                                                               Hu et al

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=496328.docx
https://www.dovepress.com
https://www.dovepress.com


and Ethics Committee of North Sichuan Medical College). We have included the relevant legislation details in the revised 
manuscript.

Animal experiments were approved by the Animal Care and Use Committee of North Sichuan Medical College and meet 
the guidance of the Medical and Ethics Committee of North Sichuan Medical College (Sichuan) (NSMC2024-DW-034).

Consent for Publication
All authors approved the manuscript and gave their consent for submission and publication.

Author Contributions
All authors made a significant contribution to the work reported, whether that is in the conception, study design, 
execution, acquisition of data, analysis and interpretation, or in all these areas; XRH and SD designed the study. 
XRH, MC, BWT, WLS and JH performed the RT-qPCR, WB, Immunofluorescence labeling. XRH, SD, MC and SD 
took part in drafting, LZ and SD revised the manuscript, figures. TW guided the bioinformatics analysis. XD and HY 
revising or critically reviewing the article; XD gave final approval of the version to be published; XD have agreed on the 
journal to which the article has been submitted; and agree to be accountable for all aspects of the work.

Funding
This work was supported by Young Scientists Fund of the National Natural Science Foundation of China (82404172), 
Sichuan Medical Youth Innovation Research Project of Sichuan Medical Association (Q23001), and PhD Start-up Fund 
Project of North Sichuan Medical College (CBY23-QDA17).

Disclosure
The authors declare that they have no competing interests.

References
1. Kammeyer A, Luiten RM. Oxidation events and skin aging. Ageing Res Rev. 2015;21:16–29. doi:10.1016/j.arr.2015.01.001
2. Tanveer MA, Rashid H, Tasduq SA. Molecular basis of skin photoaging and therapeutic interventions by plant-derived natural product ingredients: 

a comprehensive review. Heliyon. 2023;9(3):e13580. doi:10.1016/j.heliyon.2023.e13580
3. He X, Wan F, Su W, Xie W. Research Progress on Skin Aging and Active Ingredients. Molecules. 2023;28(14). doi:10.3390/molecules28145556
4. Han HJ, Kim JC, Park YJ, Kang HY. Targeting the dermis for melasma maintenance treatment. Sci Rep. 2024;14(1):949. doi:10.1038/s41598-023- 

51133-w
5. Weng T, Zhang X, He J, Yang Y, Li C. Bioinformatics-based analysis of the relationship between plasminogen regulatory genes and photoaging. 

J Cosmet Dermatol. 2024;23(6):2270–2278. doi:10.1111/jocd.16266
6. Duan X, Wu T, Liu T, et al. Vicenin-2 ameliorates oxidative damage and photoaging via modulation of MAPKs and MMPs signaling in UVB 

radiation exposed human skin cells. J Photochem Photobiol B. 2019;190:76–85. doi:10.1016/j.jphotobiol.2018.11.018
7. Sun JM, Liu YX, Liu YD, et al. Salvianolic acid B protects against UVB-induced skin aging via activation of NRF2. Phytomedicine. 

2024;130:155676. doi:10.1016/j.phymed.2024.155676
8. Wu H, Wang J, Zhao Y, et al. Extracellular vesicles derived from human dermal fibroblast effectively ameliorate skin photoaging via miRNA-22- 

5p-GDF11 axis. Chem Eng J. 2023;452:139553. doi:10.1016/j.cej.2022.139553
9. Hou W, Lin Y, Xu W, et al. Identification and biological analysis of LncSPRY4-IT1-targeted functional proteins in photoaging skin. Photod 

Photoimmunol Phot. 2021;37(6):530–538. doi:10.1111/phpp.12705
10. Zhang P, Zhou C, Lu C, et al. PLEKHO2 is essential for M-CSF-dependent macrophage survival. Cell Signal. 2017;37:115–122. doi:10.1016/j. 

cellsig.2017.06.006
11. Umene R, Nakamura Y, Wu CH, Muta K, Nishino T, Inoue T. Induction of tetraspanin 13 contributes to the synergistic anti-inflammatory effects of 

parasympathetic and sympathetic stimulation in macrophages. Biochem Biophys Res Commun. 2023;665:187–194. doi:10.1016/j.bbrc.2023.04.118
12. Yap P, Riley LG, Kakadia PM, et al. Biallelic ATP2B1 variants as a likely cause of a novel neurodevelopmental malformation syndrome with 

primary hypoparathyroidism. Eur J Hum Genet. 2024;32(1):125–129. doi:10.1038/s41431-023-01484-9
13. Schieber M, Chandel NS. ROS function in redox signaling and oxidative stress. Curr Biol. 2014;24(10):R453–62. doi:10.1016/j.cub.2014.03.034
14. Huang KF, Ma KH, Chang YJ, et al. Baicalein inhibits matrix metalloproteinase 1 expression via activation of TRPV1-Ca-ERK pathway in 

ultraviolet B-irradiated human dermal fibroblasts. Exp Dermatol. 2019;28(5):568–575. doi:10.1111/exd.13912
15. Kazimierczak U, Przybyla A, Smielowska M, Kolenda T, Mackiewicz A. Targeting the Hippo Pathway in Cutaneous Melanoma. Cells. 2024;13 

(12). doi:10.3390/cells13121062
16. Zhang C, Tian Y, Yang A, Tan W, Liu X, Yang W. Antitumor Effect of Poplar Propolis on Human Cutaneous Squamous Cell Carcinoma A431 

Cells. Int J Mol Sci. 2023;24(23). doi:10.3390/ijms242316753
17. Zhao J, Zhang X, Zhang D, et al. Critical genes in human photoaged skin identified using weighted gene co-expression network analysis. Genomics. 

2023;115(5):110682. doi:10.1016/j.ygeno.2023.110682

https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                                    

DovePress                                                                                                                                                 

Journal of Inflammation Research 2024:17 11158

Hu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://doi.org/10.1016/j.arr.2015.01.001
https://doi.org/10.1016/j.heliyon.2023.e13580
https://doi.org/10.3390/molecules28145556
https://doi.org/10.1038/s41598-023-51133-w
https://doi.org/10.1038/s41598-023-51133-w
https://doi.org/10.1111/jocd.16266
https://doi.org/10.1016/j.jphotobiol.2018.11.018
https://doi.org/10.1016/j.phymed.2024.155676
https://doi.org/10.1016/j.cej.2022.139553
https://doi.org/10.1111/phpp.12705
https://doi.org/10.1016/j.cellsig.2017.06.006
https://doi.org/10.1016/j.cellsig.2017.06.006
https://doi.org/10.1016/j.bbrc.2023.04.118
https://doi.org/10.1038/s41431-023-01484-9
https://doi.org/10.1016/j.cub.2014.03.034
https://doi.org/10.1111/exd.13912
https://doi.org/10.3390/cells13121062
https://doi.org/10.3390/ijms242316753
https://doi.org/10.1016/j.ygeno.2023.110682
https://www.dovepress.com
https://www.dovepress.com


18. Yu J, Li X, Matei N, et al. Ezetimibe, a NPC1L1 inhibitor, attenuates neuronal apoptosis through AMPK dependent autophagy activation after 
MCAO in rats. Exp Neurol. 2018;307:12–23. doi:10.1016/j.expneurol.2018.05.022

19. Das LM, Binko AM, Traylor ZP, Peng H, Lu KQ. Vitamin D improves sunburns by increasing autophagy in M2 macrophages. Autophagy. 2019;15 
(5):813–826. doi:10.1080/15548627.2019.1569298

20. Sen MG, Sanislav O, Fisher PR, Annesley SJ. The Multifaceted Interactions of Dictyostelium Atg1 with Mitochondrial Function, Endocytosis, 
Growth, and Development. Cells. 2024;13(14). doi:10.3390/cells13141191

21. Zhang X, Wang Q, Wang X, et al. Tanshinone IIA protects against heart failure post-myocardial infarction via AMPKs/mTOR-dependent 
autophagy pathway. Biomed Pharmacother Apr. 2019;112:108599. doi:10.1016/j.biopha.2019.108599

22. Qiang L, Sample A, Shea CR, Soltani K, Macleod KF, He YY. Autophagy gene ATG7 regulates ultraviolet radiation-induced inflammation and skin 
tumorigenesis. Autophagy. 2017;13(12):2086–2103. doi:10.1080/15548627.2017.1380757

23. Lin S, Li L, Li M, Gu H, Chen X. Raffinose increases autophagy and reduces cell death in UVB-irradiated keratinocytes. J Photochem Photobiol B. 
2019;201:111653. doi:10.1016/j.jphotobiol.2019.111653

24. Wei Q, He F, Rao J, Xiang X, Li L, Qi H. Targeting non-classical autophagy-dependent ferroptosis and the subsequent HMGB1/TfR1 feedback 
loop accounts for alleviating solar dermatitis by senkyunolide I. Free Radic Biol Med. 2024;223:263–280. doi:10.1016/j. 
freeradbiomed.2024.08.004

25. Wapinski O, Chang HY. Long noncoding RNAs and human disease. Trends Cell Biol. 2011;21(6):354–361. doi:10.1016/j.tcb.2011.04.001
26. Harries LW. Long non-coding RNAs and human disease. Biochem Soc Trans. 2012;40(4):902–906. doi:10.1042/bst20120020
27. Yang H, Zhang X, Wang W, Ge Y, Yang Y, Lin T. miR-25-5p in exosomes derived from UVB-induced fibroblasts regulates melanogenesis via 

TSC2-dominated cellular organelle dysfunction. J Dermatol Sci. 2024;115(2):75–84. doi:10.1016/j.jdermsci.2024.06.001
28. Kimball AB, Alora-Palli MB, Tamura M, et al. Age-induced and photoinduced changes in gene expression profiles in facial skin of Caucasian 

females across 6 decades of age. J Am Acad Dermatol. 2018;78(1):29–39.e7. doi:10.1016/j.jaad.2017.09.012
29. Wang YW, Zhao S, Yuan XY, et al. miR-4732-5p promotes breast cancer progression by targeting TSPAN13. J Cell Mol Med Apr. 2019;23 

(4):2549–2557. doi:10.1111/jcmm.14145
30. Qi L, Wang L, Song F, Ding Z, Zhang Y. The role of miR-4469 as a tumor suppressor regulating inflammatory cell infiltration in colorectal cancer. 

Comput Struct Biotechnol J. 2022;20:3755–3763. doi:10.1016/j.csbj.2022.07.021
31. Liu N, Chen X, Ran J, et al. Investigating the change in gene expression profile of blood mononuclear cells post-laparoscopic sleeve gastrectomy in 

Chinese obese patients. Front Endocrinol. 2023;14:1049484. doi:10.3389/fendo.2023.1049484
32. Bos JD, Luiten RM. Skin immune system. Cancer Treat Res. 2009;146:45–62. doi:10.1007/978-0-387-78574-5_5
33. Zhu J, Yuan J, Arya S, Du Z, Liu X, Jia J. Exploring the immune microenvironment of osteosarcoma through T cell exhaustion-associated gene 

expression: a study on prognosis prediction. Front Immunol. 2023;14:1265098. doi:10.3389/fimmu.2023.1265098
34. Yan Y, Yan G, Cao Z, et al. Single cell transcriptome profiling reveals cutaneous immune microenvironment remodeling by photodynamic therapy 

in photoaged skin. Front Immunol. 2023;14:1183709. doi:10.3389/fimmu.2023.1183709
35. Zhang Y, Yu Z, Lei L, et al. Secreted PEDF modulates fibroblast collagen synthesis through M1 macrophage polarization under expanded 

condition. Biomed Pharmacother. 2021;142:111951. doi:10.1016/j.biopha.2021.111951
36. Horiba S, Kawamoto M, Tobita R, Kami R, Ogura Y, Hosoi J. M1/M2 Macrophage Skewing is Related to Reduction in Types I, V, and VI 

Collagens with Aging in Sun-Exposed Human Skin. JID Innov. 2023;3(6):100222. doi:10.1016/j.xjidi.2023.100222
37. Oh S, Lee JH, Kim HM, et al. Poly-L-Lactic Acid Fillers Improved Dermal Collagen Synthesis by Modulating M2 Macrophage Polarization in 

Aged Animal Skin. Cells. 2023;12(9). doi:10.3390/cells12091320
38. Gather L, Nath N, Falckenhayn C, et al. Macrophages Are Polarized toward an Inflammatory Phenotype by their Aged Microenvironment in the 

Human Skin. J Invest Dermatol. 2022;142(12):3136–3145.e11. doi:10.1016/j.jid.2022.06.023
39. Oh S, Rho NK, Byun KA, et al. Combined Treatment of Monopolar and Bipolar Radiofrequency Increases Skin Elasticity by Decreasing the 

Accumulation of Advanced Glycated End Products in Aged Animal Skin. Int J Mol Sci. 2022;23(6). doi:10.3390/ijms23062993
40. Bos JD, Zonneveld I, Das PK, Krieg SR, van der Loos CM, Kapsenberg ML. The skin immune system (SIS): distribution and immunophenotype of 

lymphocyte subpopulations in normal human skin. J Invest Dermatol. 1987;88(5):569–573. doi:10.1111/1523-1747.ep12470172
41. Weill FS, Cela EM, Ferrari A, Paz ML, Leoni J, Gonzalez Maglio DH. Skin exposure to chronic but not acute UV radiation affects peripheral T-cell 

function. J Toxicol Environ Health A. 2011;74(13):838–847. doi:10.1080/15287394.2011.570228
42. Rana S, Byrne SN, MacDonald LJ, Chan CY, Halliday GM. Ultraviolet B suppresses immunity by inhibiting effector and memory T cells. Am 

J Pathol Apr. 2008;172(4):993–1004. doi:10.2353/ajpath.2008.070517
43. Bosset S, Bonnet-Duquennoy M, Barré P, et al. Photoageing shows histological features of chronic skin inflammation without clinical and 

molecular abnormalities. Br J Dermatol. 2003;149(4):826–835. doi:10.1046/j.1365-2133.2003.05456.x
44. Kim H, Jang J, Song MJ, et al. Inhibition of matrix metalloproteinase expression by selective clearing of senescent dermal fibroblasts attenuates 

ultraviolet-induced photoaging. Biomed Pharmacother. 2022;150:113034. doi:10.1016/j.biopha.2022.113034
45. Salminen A, Kaarniranta K, Kauppinen AP. UV radiation-induced inflammation and immunosuppression accelerate the aging process in the skin. 

Inflamm Res. 2022;71(7–8):817–831. doi:10.1007/s00011-022-01598-8
46. Cheng JC, Matsen CB, Gonzales FA, et al. Inhibition of DNA methylation and reactivation of silenced genes by zebularine. J Natl Cancer Inst. 

2003;95(5):399–409. doi:10.1093/jnci/95.5.399
47. Hosein AN, Lim YC, Day B, et al. The effect of valproic acid in combination with irradiation and temozolomide on primary human glioblastoma 

cells. J Neurooncol Apr. 2015;122(2):263–271. doi:10.1007/s11060-014-1713-x

Journal of Inflammation Research 2024:17                                                                                          https://doi.org/10.2147/JIR.S496328                                                                                                                                                                                                                       

DovePress                                                                                                                      
11159

Dovepress                                                                                                                                                               Hu et al

Powered by TCPDF (www.tcpdf.org)

https://doi.org/10.1016/j.expneurol.2018.05.022
https://doi.org/10.1080/15548627.2019.1569298
https://doi.org/10.3390/cells13141191
https://doi.org/10.1016/j.biopha.2019.108599
https://doi.org/10.1080/15548627.2017.1380757
https://doi.org/10.1016/j.jphotobiol.2019.111653
https://doi.org/10.1016/j.freeradbiomed.2024.08.004
https://doi.org/10.1016/j.freeradbiomed.2024.08.004
https://doi.org/10.1016/j.tcb.2011.04.001
https://doi.org/10.1042/bst20120020
https://doi.org/10.1016/j.jdermsci.2024.06.001
https://doi.org/10.1016/j.jaad.2017.09.012
https://doi.org/10.1111/jcmm.14145
https://doi.org/10.1016/j.csbj.2022.07.021
https://doi.org/10.3389/fendo.2023.1049484
https://doi.org/10.1007/978-0-387-78574-5_5
https://doi.org/10.3389/fimmu.2023.1265098
https://doi.org/10.3389/fimmu.2023.1183709
https://doi.org/10.1016/j.biopha.2021.111951
https://doi.org/10.1016/j.xjidi.2023.100222
https://doi.org/10.3390/cells12091320
https://doi.org/10.1016/j.jid.2022.06.023
https://doi.org/10.3390/ijms23062993
https://doi.org/10.1111/1523-1747.ep12470172
https://doi.org/10.1080/15287394.2011.570228
https://doi.org/10.2353/ajpath.2008.070517
https://doi.org/10.1046/j.1365-2133.2003.05456.x
https://doi.org/10.1016/j.biopha.2022.113034
https://doi.org/10.1007/s00011-022-01598-8
https://doi.org/10.1093/jnci/95.5.399
https://doi.org/10.1007/s11060-014-1713-x
https://www.dovepress.com
https://www.dovepress.com


Journal of Inflammation Research                                                                                                     Dovepress 

Publish your work in this journal 
The Journal of Inflammation Research is an international, peer-reviewed open-access journal that welcomes laboratory and clinical findings on 
the molecular basis, cell biology and pharmacology of inflammation including original research, reviews, symposium reports, hypothesis 
formation and commentaries on: acute/chronic inflammation; mediators of inflammation; cellular processes; molecular mechanisms; pharmacology 
and novel anti-inflammatory drugs; clinical conditions involving inflammation. The manuscript management system is completely online and 
includes a very quick and fair peer-review system. Visit http://www.dovepress.com/testimonials.php to read real quotes from published authors.  

Submit your manuscript here: https://www.dovepress.com/journal-of-inflammation-research-journal

DovePress                                                                                                               Journal of Inflammation Research 2024:17 11160

Hu et al                                                                                                                                                               Dovepress

Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com
http://www.dovepress.com/testimonials.php
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress
https://www.dovepress.com
https://www.dovepress.com

	Introduction
	Methods
	Data Acquisition
	Single Cell Analysis
	Cell Communication

	Machine Learning
	Immune Infiltration Analysis
	GSVA Analysis (Gene Set Variation Analysis)
	GSEA Analysis
	Construction of Key Gene Non-Coding RNA Network
	Transcriptional Regulatory Network
	Differential Expression Analysis
	CMap Drug Prediction
	Animal Experiment
	RNA Extraction and Gene Expression Analysis
	Western Blot Analysis
	Immunofluorescence Labeling

	Statistical Analysis

	Results
	Discussion
	Conclusions
	Abbreviations
	Data Sharing Statement
	Ethics Approval and Consent to Participate
	Consent for Publication
	Author Contributions
	Funding
	Disclosure

