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Background: The aging of skin has important impact on various systems, and certain skin aging (SG) markers can not only help with
early diagnosis, but also provide new ideas for pathophysiological research and treatment strategies.

Objective: To identify target genes related to SG through bioinformatics technology and provide ideas for skin anti-aging.
Methods: Differential expression genes (DEGs) related to SG were screened through transcriptome information from GEO datasets
(GSES85358 and GSE670988). Based on eQTL and GWAS datasets, Mendelian Randomization (MR) analysis was applied to identify
associations between gene expression and SG. Then, aging skin related important genes (AS-IGs) were obtained based on above two
steps, and functional and pathway analyses were performed to explore the potential mechanisms AS-IGs in SG. Finally, the
CIBERSORT evaluation was used to assess the infiltration of immune cells related to SG.

Results: Seven AS-IGs were selected through intersection from 612 DEGs and 399 eQTL genes. Then, enrichment analysis results
showed there were 60 GO terms may involved in the process of SG, like fatty-acyl-CoA metabolic process, while KEGG enrichment
pathways identified mainly involved in mechanisms related to fatty acid metabolism, energy generation, and inflammation regulation.
The CIBERSORT evaluation showed that NK cells resting were the main infiltrating cells.

Conclusion: AS-IGs may play important roles in the process of SG in the body. These molecules involve multiple systems and
mechanisms in the body, such as immune function, metabolic function, and neuroendocrine function.
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Introduction

With the extension of life expectancy, skin aging (SG) is no longer limited to purely cosmetic dimensions, but gradually
presents functional dimensions beyond cosmetics and appearance, becoming a hot topic for discussion." As the largest
organ in the human body, it is also associated with multiple different systems of the organism, including the nervous,
immune, circulatory, and endocrine systems. Anti-skin-aging treatment can not only improve skin appearance, but also
achieve the ultimate goal of improving physical health. Understanding the promotion mechanisms of SG on systemic
aging may facilitate the development of technology to alleviate systemic aging and age-related diseases through skin
prevention or treatment methods.? Various anti-aging methods, including local treatments, energy-based dermal rejuve-
nation procedures, and skin fillers, all aim to achieve anti-aging effects by restoring the molecular characteristics of SG.’
Therefore, understanding the specific molecular markers or mechanisms involved in the process of SG is of great
significance for anti-aging treatment.

The role of genomic mutations in SG researches has been a focal point in recent years. As the largest organ in the
human body, the skin is continuously exposed to environmental factors such as ultraviolet radiation, pollutants, and
oxidative stress, which can cause genomic damage and accelerate the aging process. At the same time, cellular decline
occurs under many different internal triggering factors, including DNA damage, telomere dysfunction, oncogene
activation, and organelle pressure. It is also been related to processes such as tumor suppression, tissue repair,
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embryogenesis, and biological aging, all of which are inseparable from genetic changes and their related mechanisms in
the body.* Understanding the genomic changes that occur during SG may provide new treatment options for degenerative
skin diseases and prolonged skin and systemic health. For example, after downregulating the mTORC1 pathway with
melatonin, collagen expression in “systemic™ skin significantly increased.” However, more work needs to be done to
understand the mechanisms behind these benefits and their impact on SG. The study of genetic variations in SG can not
only be used to evaluate the efficacy of intervention measures, but also to further develop effective skin “rejuvenation”
technologies. Developing genetic biomarker models is an important task that cannot be abandoned in today’s multi
omics era.

Expression quantitative trait loci (eQTL) studies measure the expression levels of all genes in the genome,
providing a fair perspective on the regulation of gene expression. © The eQTL catalog is a resource developed by
reprocessing data from dozens of studies involving over 30000 samples, ' These studies and the resulting resources
demonstrate the value of eQTL information in inferring pathogenic genes and variations at GWAS loci. ¢ The
combination of eQTL database and GWAS database will provide more accurate perspectives on human diseases and
pathological conditions. There was an analytical framework that integrates cis eQTL or cis DNA methylation QTL
with GWAS data through the MR method had successfully identified gene expression or DNA methylation loci
associated with various phenotypic pleiotropy or potential causality, such as cardiovascular disease, systemic lupus
erythematosus, inflammatory bowel disease, and education level, indicating that it is a promising tool for exploring
genes associated with complex trait pleiotropy. *

Our study used Mendelian Randomization (MR) analysis to integrate and utilize data from the eQTL database and
GWAS database to analyze genes that are causally associated with SG. Then, by combining the differential expressed
gene analysis between SG and control group samples based on the GEO database, and integrating the results of both
analyses, aging skin related important genes (SA-IGs) were obtained.

Materials and Methods

Gene Expression Matrix from GEO Database

“Skin aging” was entered as the search object into the GEO database search box, the gene expression microarray datasets
GSES85358 and GSE67098 were selected and downloaded. The criteria for selecting the dataset are as follows: aged skin
samples with detailed gene expression information and control skin samples. The GSE85358 dataset is based on the
GPL17077 platform and includes 24 aging skin tissue samples and 24 control skin tissue samples. The GSE67098dataset
is based on the GPL570 platform and includes 9 aged skin tissue samples and 7 control skin tissue samples.

Differential Expressed Genes Screening Through GEO Database

All differential analyses were performed on merged dataset using the “Limma” package in R software. Compared with
the control group, genes in aging-skin tissue samples were upregulated or downregulated, with P-values less than 0.05
and |log, fold changes (FC)| greater than 0.585 considered statistically significant in the difference analysis of above two
datasets. Principal Component Analysis (PCA) is a commonly used data dimensionality reduction technique that can help
researchers discover multidimensional pattern datasets, reduce data complexity, and reveal potential relationship vari-
ables between data,” which was used to remove batch effects from different dataset from different platforms, in order to
integrated the gene expression matrix data from the GSE85358 dataset and merged the GSE67098 dataset into one
merged matrix.

Exposure and Outcome Data

eQTLs data was obtained from the eQTLGen Consortium (https://eqtlgen.org/), which contains 16987 genes and 31684
cis eQTLs (FDR < 0.05) from blood samples of most healthy European individuals.'® The genetic data for SG was
obtained from the latest GWAS database, with GWAS ID ukb-b-2148, which includes 423999 participants of European
descent with whole genome genotypes, including 9851867 single nucleotide polymorphisms (SNPs).
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Mendelian Randomization

Before MR analysis, strict quality control was carried out on the instrument variables (IVs). The selection criteria of Vs
are based on following key points: SNPs (P < 5x10®) significantly correlated with exposure or outcome factors as the
threshold; F-statistic > 10 (F-statistic = (beta/SE) ?)."" Then, based on each Genomes population panels, carefully select
variants with low linkage disequilibrium (LD: r’<0.1, and distance > 10000kb).'* Finally, genes with SNPs accounting
for a percentage of variance greater than the exposure percentage were filtered out by Steiger.'> Exposure and outcome
data were cross-checked and palindromic SNPs were removed prior to analysis, while the palindromic SNPs are SNPs
with A/T or G/C alleles.

Functional Analysis

SA-IGs are defined as cross genes between differentially expressed genes in GEO database and causal associated genes
in eQTL analysis. We used the R software package “Clusterprofiler” to perform Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analysis on SA-IGs, with a screening criterion of q value
<0.05, to explore their biological functions, signaling pathway enrichment, and disease similarity.

Immunotherapy Response Prediction

The correlation between SA-IGs expression and immune cell infiltration can provide important information for under-
standing the mechanisms of immune cell influence in the aging microenvironment.'*'> After the source gene expression
data downloaded from the GEO database were standardize, the CIBERSOR algorithm'® was used to analyze the
infiltration of 22 immune cells in each sample, which can transform the standardized gene expression matrix into the
composition of infiltrating immune cells. The results of CIBERSORT are visualized using the R package “corplot”,

CEINT3

“vioplot”, “ggplot2”, and “glment”.

Statistical Analysis
All analyses were conducted using R (version 4.4.1). Multiple comparisons were made, and FDR correction was used to
control the false positive rate.

The MR analysis was conducted using the “TwoSampleMR” R software package (version 4.3.3). The inverse
variance weighted (IVW) method is a fundamental MR analysis method. When the P-value of IVW results is less
than 0.05 and the direction of IVW is consistent with that of MR Egger, weighted median, simple mode, and weighted
mode, then the results have statistical significance. MR results are represented by odds ratios (ORs) and corresponding
95% confidence intervals (CI).'”"'®

Cochran Q test'” was conducted to evaluate the heterogeneity of each SNP, and scatter plots of SNPs-exposure
association and SNPs-outcome association were generated to visualize the test results. “Leave one out” analysis was
performed to evaluate whether each SNP will affect the results (by sequentially excluding each SNP and performing
IVW on the remaining SNPs to assess the potential impact of specific variants on the estimated values).”® Furthermore,
we used MR Egger regression to test and correct for potential horizontal pleiotropy.

Results

Differential Expression Analysis Through Comprehensive Transcriptome

Prior to downstream analysis, a new gene expression matrix was obtained by combining all samples from GSE85358 and
GSE67098, and the combined batch effects were evaluated using two principal component analyses (PCA). The results
show that the distributions of the two datasets are fused with each other and can be used for subsequent data analysis
(Figure 1A). Subsequently, based on the significance level of P-value < 0.05, we obtained 612 differential expressed
genes (Figure 1B) Then, the hierarchical heatmap showed that these 67 DEGs could be clustered into two different
groups, with one group consisting of 297 genes upregulated in the experimental group and 315 genes down regulated in
the other group (Figure 1C).
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Figure | The GSE85358 and GSE67098 datasets were merged for differential expression analysis. (A) Two dimensional principal component analysis of the merged
GSE85358 and GSE67098 datasets; Red, GSE67098; Blue, GSE85358. (B) Volcano chart, displaying the data set and the differential expression analysis results between the
control group and the experimental group. (C) A heatmap of differential expressed genes expressed between the control group and the experimental group.

MR Analysis Between eQTL and SG
As Supplementary Tables 1 and 2 showed the SNPs considered in the regional target analysis of eQTL and ficial aging

expectively. According to the above screening threshold, the F-statistic of all SNPs obtained is greater than 10, reducing
potential weak tool bias. After removing palindromic SNPs, a total of 26152 SNPs of eQTL and 17232 SNPs of ficial
aging were used as I'Vs expectively. Next, we used these SNPs as I'Vs to replace eQTL for “exposure”, SG for “outcome”
to conduct MR analysis. IVW was used as our main method, and MR Egger, weighted median, simple mode, and
weighted mode served as auxiliary judgment methods. The IVW results showed that were 399 eQTL genes significantly
correlated with ficial aging (Supplementary Table 3).

SA-IGs Selection and Casual Relations with SG

The intersection genes of differentially expressed genes and eQTL genes correlated with ficial aging were identified as
SA-IGs (USP53, IFRD1, IGF2BP2, CDV3, SCRN1, ACSBGI, RIN1). USP53, IFRDI, IGF2BP2, CDV3 and SCRNI
are downregulated genes (Figures 2A and 3), ACSBG1 and RINI are upregulated genes (Figures 2B and 3).
Furthermore, we explored the casual relations between these 7 SA-IGs and SG based on MR analysis. Through MR

DEG_down MR or<l DEG_up MR _or>1

Figure 2 Intersection of potential casual eQTL genes and DEGs from merged GEO datasets. (A) Down-regulated genes. (B) Up-regulated genes.
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Figure 3 Differential expression of SA-IGs between the control group and the experimental group. The data are expressed as the mean + SEM, **P <0.01, **P <0.001.

analysis, it was found that the risk of SG was increased when ACSBG1 and RIN1 expression increased (ACSBG1:0R
=1.007, 95% CI: 1.002-1.012, RIN1: OR = 1.007, 95% CI: 1.001-1.014, both P < 0.005), while the risk of SG was
decreased when USP53 (OR = 0.996, 95% CI: 0.992-0.999, and P = 0.020), IFRD1 (OR = 0.995, 95% CI: 0.991-1.000,
and P = 0.047), IGF2BP2 (OR = 0.988, 95% CI: 0.977-0.999, and P = 0.033), CDV3 (OR = 0.993, 95% CIL:
0.986-0.999, and P=0.027), and SCRN1 (OR = 0.994, 95% CI: 0.989-0.999, and P = 0.022) expression decreased
(Figure 4A). In this MR analysis, the Cochran Q test results showed no heterogeneity of IVs, no significant intercept was
observed in the MR Egger's test results, confirming the absence of pleiotropy bias in IVs in MR analysis. In addition, the
“leave one out” method demonstrated the robustness and reliability of our research results, as no single SNP had
a significant impact on the results, see. Supplementary Figures 1-7 While as Figure 4B shows the positions of 7 SA-IGs
on chromosomes. ACSBGI1 is located in Chromosome chr 15, RIN1 is located in chr 11, USP53 is located in
Chromosome chr 4, IGF2BP2 and CDV3 both located in chr3., while IFRD1 and SCRN1 both located in chr7.

GO and KEGG Functional or Pathway Enrichment Analysis of SA-IGs

GO and KEGG functional or pathway enrichment analysis was performed on SA-IGs using the R software package.
Through GO enrichment analysis, 43 biological processes (BP), 5 cellular components (CC), and 12 molecular functions
(MF) based on 315 differentially expressed genes were obtained (Figure SA and B). The GO terms indicated that the
molecular composition, biosynthesis, and regulatory processes related to fatty-acyl-CoA are crucial for SG, like long-
chain fatty-acyl-CoA biosynthetic process, long-chain fatty-acyl-CoA metabolic process, fatty-acyl-CoA biosynthetic
process, acyl-CoA biosynthetic process, very long-chain fatty acid-CoA ligase activity and long-chain fatty acid-CoA
ligase activity, etc. While nerve fibers and nerve signal transduction also played important roles in the results, as shown in
the Figure 5B, negative regulation of collateral sprouting, collateral sprouting and Collateral sprouting, etc.

The results of KEGG pathway enrichment analysis (Figure 5C) show that these biological processes and signaling
pathways are mainly related to fatty acid metabolism, energy generation, and inflammation regulation, which are crucial

in the process of SG.>'%*
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Figure 4 Association Between skin aging and SA-IGs Estimated by the MR. (A) Forest plot of SA-IGs for each | SD increase of aging risk. (B) chromosome mapping of 7 SA-
IGs. (OR=o0dds ratio).

Immunotherapy Response Prediction of SA-IGs

As the largest immune barrier in the human body, the physiological and pathological processes of the skin cannot be
separated from the role of immune function. The immune components of the skin will change with the changes of
Langerhans cells, antigen-specific immunity, and regulatory cell populations.®® Therefore, we analyzed the infiltration of
22 immune cells in each sample based on the CIBERSORT algorithm, and proposed further insights into SG from the
perspective of immune function. The results showed that NK cells may be the main immune cells associated with SA-
IGs. NK cells resting is apparently decreased in SG group compared with control group (Figure 6A and B). In addition,
the correlation between the expression of 7 SA-IGs and the proportion of differentially infiltrating immune cell types was
further explored. As shown in Figure 6C, ACSBGI, RIN1, USP53, IFRDI1, IGF2BP2, CDV3 and SCRNI1 were
significantly positively correlated with NK cells monocytes, neutrophils, dendritic cells activated and mast cells
activated, and significantly negatively correlated with MO macrophages, M1 macrophages, dendritic cells resting and

mast cells resting.
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Figure 6 Immune infiltration. (A) The proportions of immune cells in each sample. (B) The infiltration degree of each type of immune cell between the control group and
experimental group. (C) Correlation analysis between 7 SA-IGs and various types of infiltrating immune cells. The data are expressed as the mean + SEM, *P <0.05.

Discussion

The process of biological aging is very complex and is believed to be driven by the interaction of multiple dysregulated
cells and biochemical processes, almost every biological process is affected by aging, and countless biomarkers have
been proposed to attempt measuring it.”® In the past decade, omics revolution has made it possible for the field to address
the full molecular complexity of aging biology.”’* High throughput genomics, proteomics, and metabolomics methods
can characterize and quantify thousands of epigenetic markers, transcripts, proteins, and metabolites, and were used to
reveal the potential mechanism of aging at the molecular level.***® However, the availability of large-scale omics data
poses new challenges for the analysis and interpretation of molecular mechanisms.

Applying MR analysis to GWAS and eQTL research data to identify associations between gene expression and
complex traits is an effective and emerging method.?' In our study, we screened SA-IGs by integrating eQTL and GWAS
data. Enrichment analysis of GO and KEGG pathways showed that SA-IGs are closely related to functions such as fatty
acid metabolism, protein metabolism, RNA regulation, energy generation, and inflammation regulation in skin cells.
Based on the currently retrieved evidence, fatty acid metabolism is an important process in the skin niche and for skin
tissue repair function, which is closely related to SG.** That is same for the metabolism of other substances such as
energy metabolism and protein metabolism.>*

At present, research on biomarkers related to skin cell aging mainly includes changes in cell ultrastructure (particle
size, lysosome mass, etc)., changes in cell cycle-dependent kinase inhibitors (CDKIs), changes in apoptosis-related
proteins (PI3K, p21CIP/WAF-1, etc), and expression of aging related secretory phenotypes.** However, our research
mainly focuses on the relationship between genomic changes and SG, and attempts to find possible therapeutic targets for
SG-related diseases. Through literature research, we have found that our research results, SA-IGs, are a newly discovered
biomarker model.

Although there is currently limited research on the relationship between SA-IGs and SG, the biological role of SA-
IGs is not simple. Of these SA-IGs, ACSBGI can regulate mitochondrial metabolic pathways and have a significant
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impact on the immune system of the body;3 5> RIN1 has close interactions with cells, such as cell adhesion;*® SCRN1 and
USP53 are both related to nerve fibers and nerve signal transduction;”’38 IFRDI1, IGF2BP2, and CDV3 are widely
involved in substance metabolism.***' So, it is required further exploration and validation on the SA-IGs, which will
introduce a direction for SG research.

Conclusion
This study is mainly based on Mendelian analysis using eQTL and GWAS databases. Due to limitations from data
sources, the results of this study may have certain regional biases. In the future, multi-center research can be considered
to enhance the generalization of results, and multi-omics analyses or more advanced machine learning methods can be
combined to improve predictive ability or interpretability of results. The research results are influenced by certain
experimental conditions, so further experimental verification is needed to verify their applicability in different back-
grounds. Although this study has certain limitations, it still provides useful references for skin aging research, and we
look forward to further optimizing research methods in the future to improve the robustness of the results.

In summary, our analytical method provides an additional research avenue for the discovery of SG biomarkers, and
the research results offer a new perspective for skin anti-aging research.
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