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Background: Atopic dermatitis (AD) is a chronic inflammatory skin condition characterized by itching and rashes, influenced by
genetic, environmental, and immune factors. Despite significant research, the molecular mechanisms underlying AD are not fully
understood. This study aims to integrate single-cell RNA sequencing (scRNA-seq) with Mendelian Randomization (MR) to uncover
genetic and metabolic pathways contributing to AD.

Materials and Methods: Data from scRNA-seq and bulk RNA sequencing datasets were analyzed to identify differentially
expressed genes. The edgeR package was used for differential expression analysis, and candidate genes were explored using MR,
employing eQTL data to determine causal relationships with AD. The inverse variance weighted method facilitated MR analysis,
while gene set enrichment analysis (GSEA) was used to identify pathways associated with AD. Single-cell analysis was performed
with the Seurat package to explore cellular heterogeneity, and pseudotime and cellular communication analyses were conducted to
understand cell differentiation and interactions in AD.

Results: The study identified key genes—PCLAF, MICB, CHAD, and CA4—Ilinked to AD, with PCLAF notably acting as a risk
factor. These genes are involved in cell cycle regulation, immune evasion, cell adhesion, and metabolic processes. The MR analysis
highlighted lipid, amino acid, and energy metabolism as critical pathways in AD. Single-cell analysis revealed increased cellular
communication in AD, especially in Langerhans cells, keratinocytes, and T cells, signifying dysregulated immune responses and
inflammatory pathways. Pseudotime analysis indicated abnormal differentiation trajectories in these cell types.

Conclusion: Our study highlights the importance of PCLAF in the pathogenesis of AD, indicating it as a potential target for future
therapeutic strategies aimed at alleviating the disease by addressing genetic and metabolic disruptions.
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Introduction

Atopic dermatitis (AD) is a common chronic inflammatory skin disease characterized by severe itching, rashes, and dry
skin." The pathogenesis of AD involves a complex interplay of genetic, environmental, and immune system factors.>
Patients with AD often exhibit a range of immune system dysregulation features, including significantly elevated serum
immunoglobulin E (IgE) levels, a predominance of Th2 cytokines, and an increased number of T cells expressing
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cutaneous lymphocyte-associated antigens.> Abnormal metabolism of skin lipids and proteins may disrupt the skin
barrier function, making the skin more susceptible to external irritants and allergen penetration, thereby triggering and
exacerbating AD.* AD affects all age groups, is common in both children and adults, and significantly impairs the quality
of daily life.” Despite extensive research, the precise molecular mechanisms underlying AD remain elusive, necessitating
further exploration into the genetic and metabolic pathways involved in its pathogenesis.®

Mendelian Randomization (MR) is an analytical method that uses genetic variations as instrumental variables (IVs) to
infer causal relationships between exposures and outcomes.” Compared to randomized controlled trials, MR can reduce
the interference of confounding factors, avoid reverse causality, and minimize the impact of omitted variable bias.® In
dermatological research, Gao et al used MR to assess the potential causal relationship between psoriasis and cardiovas-
cular diseases.” The findings demonstrated that increased genetic susceptibility to psoriasis is associated with a higher
risk of heart failure, atrial fibrillation, myocardial infarction, vascular diseases, and peripheral artery disease. Therefore,
by utilizing expression quantitative trait loci (eQTL) data, MR can also be used to identify genetic factors that may
contribute to the development of AD, providing a robust framework for elucidating the genetic architecture of AD.'°

Single-cell RNA sequencing (scRNA-seq) has revolutionized our understanding of cellular heterogeneity and gene
expression dynamics at a granular level. The technology enables the profiling of individual cells within a tissue, revealing
distinct cellular subpopulations and their specific gene expression patterns.''"'* With the reduction in sequencing costs
and the continuous improvement of analytical tools, sScRNA-seq has expanded from its initial focus on transcriptome
analysis to a multi-omics level, involving multidimensional integrated analyses such as single-cell proteomics, single-cell
metabolomics, and spatial transcriptomics.'*'* For example, the latest single-cell multi-omics technologies can simulta-
neously detect gene expression, chromatin states, and protein expression within individual cells, providing a more
comprehensive perspective for uncovering the molecular characteristics of cells.'”” In dermatological research, the
application of single-cell sequencing technologies has been continuously expanding, offering new insights into under-
standing the pathogenesis of skin diseases. For example, Liu et al analyzed CD45 immune cells in skin samples from 31
patients using scRNA-seq technology.'® The study revealed significant transcriptional dysregulation in skin-resident
memory T cells in both AD and psoriasis. Alkon et al utilized scRNA-seq and T-cell receptor sequencing technologies to
perform a comparative analysis of skin samples from patients with chronic nodular prurigo (CNPG), patients with AD,
and healthy controls.'” The study discovered that both CNPG and AD exhibited characteristics of type 2 immune
responses. However, CNPG lacked the strong immune activation pathways commonly observed in AD and was instead
characterized by an upregulation of stromal remodeling mechanisms. Therefore, in the context of AD, scRNA-seq allows
for the identification of key immune and skin cell types involved in the disease process, providing a detailed map of
cellular interactions and gene regulatory networks.'®

Therefore, this study is aimed at integrating scRNA-seq and MR analyses to uncover the molecular mechanisms
driving AD. By combining differential gene expression analysis with eQTL data and conducting MR and gene set
enrichment analysis (GSEA), we seek to identify causal genes and metabolic pathways associated with AD. This
comprehensive approach not only highlights potential biomarkers and therapeutic targets but also enhances our under-
standing of AD’s complex etiology.

Materials and Methods

Data Source

The scRNA-seq dataset GSE153760 and the bulk datasets GSE193309 and GSES667 were downloaded from the GEO
database (https://www.ncbi.nlm.nih.gov/geo/). GSE153760 included 8 AD cases and 7 controls. GSE193309 included
116 AD cases, 111 adjacent normal skin cases, and 112 healthy controls. GSE5667 included 12 AD cases, 12 adjacent
normal skin cases, and 10 healthy controls. The eQTL data was obtained from the SMR website (https://yanglab.
westlake.edu.cn/software/smr/#O0verview) and downloaded as skin tissue eQTL data (GTEx Analysis 2017-06-
05_v8 WholeGenomeSeq 838Indiv_Analysis_Freeze.lookup tabletxt.gz). The blood metabolite data was downloaded
from the GWAS Catalog (https://www.ebi.ac.uk/gwas/), consisting of GWAS data for 1400 circulating metabolites from
European populations (GCST90199621-GCST90201020). The AD GWAS datasets, ebi-a-GCST90027161 and ebi-
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a-GCST90018784, were downloaded from the IEU database (https://gwas.mrcieu.ac.uk/). The ebi-a-GCST90027161
dataset included 796,661 samples of European ancestry and 16,121,213 SNPs, while the ebi-a-GCST90018784 dataset
included 481,299 samples and 24,185,642 SNPs. The data were analyzed in accordance with the study design (Figure 1).

Differential Gene Analysis

The edgeR package (v.4.0.16) was used to normalize and perform differential expression analysis on the microarray
dataset GSE153760. The criteria for selecting differentially expressed genes were set as follows: a. p-value < 0.05;
b. |FoldChange| > 0.58.

Mediator Mendelian Randomization Analysis
The eQTLs of differentially expressed genes from the GSE153760 dataset were utilized as the exposure, and AD was the
outcome (using two datasets: ebi-a-GCsT90027161and ebi-a-GCsT90018784). The extract instruments() function from
the TwoSampleMR R package (v.0.5.8) was employed to select [Vs for the exposure. The selection criteria were set as
follows: a. p-value < 5x107% b. R2 < 0.001, kb > 1000. The harmonise data() function from the TwoSampleMR
R package (version 0.5.8) was used to align the SNPs of the exposure and outcome. The mr() function, combined with
the inverse variance weighted (IVW) method, was employed to conduct MR analysis. A p-value threshold of < 0.05 was
used to identify genes that demonstrate a causal relationship with AD. The IVW algorithm provided more precise causal
estimates. The random effects model of the IVW method could be used to estimate MR results for exposures with
heterogeneity and was sensitive to horizontal pleiotropy. The odds ratio (OR) values of genes obtained through MR from
the dataset ebi-a-GCsT90018784 were compared with the up- or down-regulation trends observed in differential analysis.
Genes exhibiting consistent trends were retained as candidate genes. Additionally, MR was conducted using the dataset
ebi-a-GCST90027161 to validate the reliability of the candidate genes.

Using blood metabolite data (GCST90199621-GCST90201020) as exposure factors and AD as the outcome, IVs were
selected based on the following criteria: a. p-value < 5x10°%; b. R2 < 0.001, kb > 1000. The harmonise_data function
from the TwoSampleMR R package (v.0.5.8) was employed to align the SNPs of the exposure and outcome. MR analysis
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Figure | Flowchart of the study.
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was conducted using the mr() function combined with the IVW method. Metabolites demonstrating a causal relationship
with AD were identified based on a p-value < 0.05.

The eQTL data of candidate genes obtained from the aforementioned screening were utilized as the exposure, while
the metabolites demonstrating a causal relationship with AD served as the outcome. IVs were selected based on the
following criteria: a. p-value < 5x10°%; b. R2 < 0.001, kb > 1000. The harmonise_data function from the TwoSampleMR
R package (v.0.5.8) was employed to align the SNPs of the exposure and outcome. MR analysis was conducted using the
mr() function combined with the IVW method. Genes exhibiting a causal relationship with metabolites were identified
based on a p-value < 0.05.

In the sensitivity analysis, heterogeneity testing was performed using the mr_heterogeneity() function and horizontal
pleiotropy testing was performed using the mr_pleiotropy test() function. All analysis parameters were set to default
configurations. In the heterogeneity test results, heterogeneity was considered absent if the Q pval exceeded 0.05. For
exposures exhibiting heterogeneity, the MR effect size was estimated by the random-effects model of the IVW. In the
horizontal pleiotropy test, a P-value greater than 0.05 indicated the absence of horizontal pleiotropy. If horizontal
pleiotropy was present, the exposure was excluded from subsequent analyses.

To ensure the positive results of the MR analysis were not confounded by reverse causality, the mr_steiger() function
was used to conduct the Steiger test. A P-value less than 0.05 indicated the absence of reverse causality between the
exposure and the outcome.

GSEA

GSEA was conducted on differential analysis data from GSE193309 utilizing the clusterProfiler package (v.4.10.1) and
data sets from the GO and KEGG databases. Pathways containing genes with a causal relationship to AD were identified
to explore functions.

Validation of Transcriptional Expression Trends of Key Genes

Conducted differential analysis on genes with a causal relationship to AD by using the external dataset GSE5667. The
results were displayed with box plots to examine whether similar trends appeared in other datasets and to evaluate
whether the findings were coincidental.

Single-Cell Analysis and Differential Expression of Key Genes Across Various Cell
Subpopulations

The Seurat package (version 5.1.0) was employed for quality control and efficient cell screening. The screening criteria
for dataset GSE153760 involved filtering out low-quality cells with fewer than 200 or more than 6000 measured genes,
and cells with a mitochondrial gene percentage exceeding 15%. Subsequently, the FindVariableFeatures function was
utilized to identify the top 2000 highly variable genes within the GSE153760 dataset. Next, the ScaleData and RunPCA
functions were used to determine the number of principal components (PCs) based on the Seurat object. The number of
PCs was set to 30 to generate cell clusters, and the results were visualized by using a UMAP plot. To annotate the cell
clusters, unsupervised clustering was performed by using the FindClusters and FindNeighbors functions. The clearest
clustering results were obtained when the resolution was set to 0.8. Cell types were annotated based on marker genes as
follows: macrophages were marked with the gene CD14, Langerhans cells (LCs) with the gene D207, T cells with the
gene FOXP3, keratinocytes (KCs) with the genes KRT5 and KRT1, melanocytes with the gene PMEL, mast cells with
the gene TPSABI, fibroblasts with the gene COL1A1, endothelial cells with the genes PECAM1 and CD31, plasma-
cytoid dendritic cells with the gene LILRA4, lymphatic endothelial cells with the genes CCL21 and LYVE]1, dendritic
cells with the genes CD1A and CD1C, and NK T cells with the genes GZMB and NKG7. These markers were referenced
from Rindler et al (Spontaneously Resolved Atopic Dermatitis Shows Melanocyte and Immune Cell Activation Distinct
From Healthy Control Skin)."

The DotPlot function was used to display the distribution and expression of selected genes across cells. Differential
genes in the GSE153760 dataset were identified by using the FindMarkers function from the Seurat package, with an
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adjusted p-value threshold of less than 0.05 for selection. Violin plots were used to display the expression and differential
of key genes in cells as identified by the mediation MR analysis.

Pseudotemporal Analysis

To identify distinct trajectories representing cellular pseudotime pathways, the Monocle2 R package (v.2.30.1) was used
to extract T cells, LCs, and KCs. Subsequently, a Monocle object was created using the newCellDataSet function.
Differentially expressed genes were identified by using the differentialGeneTest function and the setOrderingFilter
function. Finally, the reduceDimension function and the orderCells function were utilized to perform dimensionality

reduction on the data and to order the cells based on pseudotime.

Cellular Communication Analysis

Cellular communication analysis was conducted on single-cell subpopulations derived from pseudotime using the
CellChat package (version 2.1.2). The scRNA-seq dataset GSE153760 was divided into AD and normal groups based
on sample information, and cellular communication analysis was performed separately for each group. Utilizing the
human cell communication database CellChatDB.human and removing non-protein signals from the database, the study
calculated intercellular communication probabilities and networks using the triMean method within the
computeCommunProb function of the CellChat package. Intercellular communications involving fewer than 10 cells
were filtered out, and only ligand-receptor interactions with a p-value less than 0.05 were considered to predict

intercellular interactions among various cell types.

Results

Differentially Expressed Genes

Differential analysis of the dataset GSE193309 was conducted using the edgeR package, with genes selected based
on |log2FC| greater than 0.58 and a p-value less than 0.05. The analysis identified 1826 upregulated and 1603
downregulated genes (Table S1). The results were visually represented using volcano plots and heat maps (Figure 2).
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Figure 2 Differential expression between AD and Normal in the GSEI93309 dataset. (A) Volcano plot. (B) Heat map.
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Mediation Mendelian Randomization Analysis

By integrating differentially expressed genes with eQTL data, the study identified 1874 candidate genes. A two-sample
MR analysis using eQTLs of candidate genes as genetic IVs and AD as the outcome identified 136 genes with a causal
relationship to AD in the dataset ebi-a-GCST90018784. The ORs of the MR-identified genes were compared with trends
from differential expression analysis, and genes with consistent trends were retained. Ultimately, 4 differentially
expressed genes (CA4, MICB, CHAD, PCLAF) were identified as candidate genes causally associated with AD
(Figure 3A, Table S2). To ensure the reliability of the candidate genes, another MR analysis was conducted using
the AD dataset ebi-a-GCST90027161. The results demonstrated that the causal relationships for the 4 candidate genes
remained significant and aligned with the causal directions observed in the previous MR analysis (Figure 3B).

A two-sample MR analysis was conducted using blood metabolite data (GCST90199621-GCST90201020) as
exposures and AD datasets (ebi-a-GCST90027161, ebi-a-GCST90018784) as outcomes. The MR results identified
2952 metabolites in dataset ebi-a-GCST90018784 and 3046 metabolites in dataset ebi-a-GCST90027161 with causal
relationships to AD. After intersecting the metabolites from both analyses and screening based on OR value direction, 99
circulating metabolites with causal relationships to AD were identified (Tables S3 and S4).

Finally, a two-sample MR analysis was conducted on the 4 differentially expressed genes and 99 metabolites,
identifying 29 metabolites with causal relationships to the 4 genes (Table S5). Based on the genes and metabolites
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PCLAF ebi-a-GCST90018784 3 Inverse variance weighted 0.001 L — 1.607 (1.206 to 2.143)
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[ I
1 2
C
exposure outcome nsnp method pval OR(95% CI)
Oxalate (ethanedioate) levels ebi-a-GCST90018784 54 Inverse variance weighted  <0.001 = 0.887 (0.844 to 0.934)
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Figure 3 Results of the MR analysis between gene eQTL and AD (ebi-a-GCST90018784) (A), gene eQTL and AD (ebi-a-GCST90027161) (B), circulating metabolites with
mediating effects and AD (ebi-a-GCST90018784) (C), circulating metabolites with mediating effects and AD (ebi-a- GCST90027161) (D), and 4 genes and 7 circulating
metabolites with mediating effects (E).
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obtained from multiple MR analyses, mediation causal relationships were constructed. Ultimately, 7 definitive mediation
causal relationships were identified, involving 4 genes and 7 metabolites.

The gene CHAD served as a protective factor for AD, whereas the genes CA4, PCLAF, and MICB were identified as
risk factors for AD (Figure 3A and B). Among the 7 metabolites, the levels of 1-(1-enyl-palmitoyl)-2-oleoyl-GPE,
docosahexaenoylcarnitine, and 4-hydroxyphenylpyruvate were identified as risk factors for AD (OR > 1), whereas the
levels of tetrahydrocortisol glucuronide, oxalate, the serine to alpha-ketobutyrate ratio, and the Adenosine 5’-diphosphate
(ADP) to glycine ratio were found to be protective factors for AD (Figure 3C and D). The gene PCLAF was a risk factor
for the metabolites 1-(1-enyl-palmitoyl)-2-oleoyl-GPE and 4-hydroxyphenylpyruvate, but a protective factor for the ADP
to glycine ratio and the serine to alpha-ketobutyrate ratio. The gene MICB was a risk factor for docosahexaenoylcarnitine
levels, while the gene CA4 was protective for Oxalate levels. Additionally, the gene CHAD was a risk factor for
tetrahydrocortisol glucuronide levels (Figure 3E).

Sensitivity tests for key genes and key metabolites did not reveal heterogeneity or horizontal pleiotropy (Tables S6-
S15). Reverse causality tests indicated that there was no reverse causal relationship between exposure and outcome in all
MR analyses (Tables S16-S20).

Exploration of Causal Metabolites

According to the original studies of the metabolites, the levels of metabolites such as 1-(1-enyl-palmitoyl)-2-oleoyl-GPE,
docosahexaenoylcarnitine, and tetrahydrocortisol glucuronide can influence lipid metabolism.”® Oxalate levels impact
cofactor and vitamin metabolism, while 4-hydroxyphenylpyruvate levels affect amino acid metabolism. The shared
enzymes or transport proteins between ADP and glycine include trifunctional purine biosynthesis protein adenosine-3
and glutathione synthetase, both involved in energy metabolism.?'-** Similarly, the shared enzymes or transport proteins
between serine and alpha-ketobutyrate include L-serine dehydratase, L-threonine deaminase, both involved in amino acid
metabolism.”*>** Based on the results of the mediation MR analysis, we found that PCLAF influenced the risk of AD
development by affecting various metabolites involved in lipid, amino acid, and energy metabolism. The genes MICB
and CHAD influenced AD by impacting lipid metabolism, while the gene CA4 played a role in the pathogenesis of AD
by interfering with cofactor and vitamin metabolism.

GSEA

Key genes (CA4, MICB, CHAD, PCLAF) were primarily enriched in 62 GO pathways, including defense response to
symbiont, negative regulation of response to biotic stimulus, response to virus, and T cell activation, as well as in 2
KEGG pathways: Natural killer cell mediated cytotoxicity and Kaposi sarcoma-associated herpesvirus infection
(Figure 4A and B, Table S21). The study found that key genes were highly associated with pro-inflammatory and
immune pathways, potentially causing inflammation and immune response disorders by affecting related pathways,
thereby contributing to the progression of AD.

Analysis of the Transcriptome Expression Trends of Key Genes

The external validation dataset GSE5667 was used to verify the transcriptome expression trends of the key genes CA4,
MICB, CHAD, and PCLAF. Notably, PCLAF was significantly upregulated in AD, consistent with the differential results
observed in dataset GSE193309 (Figure 4C and D). Thus, subsequent research focused on exploring the functions of
PCLAF. The PCLAF participated in various cellular processes, including cell cycle regulation, DNA replication, DNA
repair, and cell survival.”> PCLAF could promote the G1/S cell cycle progression in neuroblastoma through the E2F1/
PTTG]1 axis.*® Additionally, knocking down PCLAF inhibited glioma progression and glycolysis by inactivating the
PI3K/AKT/mTOR pathway.?’ These findings were consistent with the results of our MR analysis, which indicated that
PCLAF was associated with inflammatory response and energy metabolism.

Single-Cell Annotation
The scRNA-seq data from 8 AD patients and 7 normal controls in the GSE153760 dataset were utilized to reveal the
intrinsic cellular heterogeneity within skin tissues. After excluding low-quality cells with fewer than 200 measured genes,
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more than 6000 measured genes, or over 15% mitochondrial genes, 44,070 cells were selected for further analysis. By
applying PCA dimensionality reduction with the top 30 PCs and setting the resolution to 0.8 for unsupervised clustering,
26 cell clusters were identified (Figure 5A). Based on marker genes identified in previous studies, detailed cell types were
determined and annotated, including 13 types: smooth muscle cells (ACTA2), macrophages (CD14), LCs (D207), T cells
(FOXP3), KCs (KRTS5, KRT1), melanocytes (PMEL), mast cells (TPSAB1), fibroblasts (COL1A1), endothelial cells
(PECAMI, CD31), plasmacytoid dendritic cells (LILRA4), lymphatic endothelial cells (CCL21, LYVE]), dendritic cells
(CD1A, CD1C), and NK T cells (GZMB, NKG7) (Figure 5B). Based on the distribution of cell subpopulations in disease
and control samples, LCs and KCs exhibited a significant increase in the disease samples. Additionally, T cells, dendritic
cells, macrophages, and other immune cells also showed an increase (Figure 5C).

In patients with AD, LCs proliferate faster and KCs secrete more chemokines, impacting the Th2 cell-dominated
immune response.zg’29 Keratinocyte-derived cytokine thymic stromal lymphopoietin (TSLP) promotes T cell
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differentiation, with the production of follicular helper T cells (TFH) closely linked to humoral immunity and the severity
of AD.*° Regulating the proliferation of LCs and KCs may be effective in treating AD, but the mechanisms of LCs and
KCs proliferation in AD remain unclear.’’

The study examined the differences in key genes across various cell types. The PCLAF gene was widely expressed,
with the highest expression in KCs. The CHAD gene exhibited high expression and significant differences in LCs
(Figures 5D, E and S1). Considering the importance of LCs, KCs, and T cells in the pathogenesis of AD, as well as the
differential expression of PCLAF and CHAD in various cell subpopulations, LCs, KCs, and T cells were selected as key

cells for subsequent analysis.

Pseudotime Analysis

Pseudotime analysis was conducted on LCs, KCs, and T cells (Figure 6). The pseudotime analysis results indicated that
the differentiation trajectories of both LCs and KCs exhibited a trend from right to left and bottom to top, whereas the
differentiation trajectory of T cells showed a trend from right to left and top to bottom. Additionally, compared to normal
samples, LCs, KCs, and T cells demonstrated an elevated level of differentiation in disease specimens. Notably, the
differentiation of T cells into Tth cells is closely associated with humoral immunity and the severity of AD disease.**>
The process is significantly influenced by the interaction with KCs and LCs.>* The regulation of cell proliferation and
cell cycle is closely related to cell differentiation.>>>® Therefore, we hypothesize that PCLAF may influence the

differentiation of LCs, KCs, and T cells by regulating the cell cycle and cell proliferation.

Single-Cell Communication

In AD, the cell communication of endothelial cells (AD: 564, HC: 485), dendritic cells (AD: 352, HC: 281), fibroblasts
(AD: 292, HC: 163), KCs (AD: 292, HC: 163), LCs (AD: 316, HC: 240), lymphatic endothelial cells (AD: 277, HC:
203), macrophages (AD: 344, HC: 207), mast cells (AD: 62, HC: 44), melanocytes (AD: 255, HC: 148), NK T cells (AD:
257, HC: 248), plasmacytoid dendritic cells (AD: 247, HC: 223), smooth muscle cells (AD: 280, HC: 148), and T cells
(AD: 394, HC: 350) was significantly higher than that of normal controls (Tables S22 and S23). LCs are bone marrow-
derived antigen-processing and presenting cells primarily located in the basal layer of the epidermis.’’” LCs exhibit
increased communication with other cells in AD patients. The results indicated that AD patients exhibited immune
dysregulation, characterized by reduced immune-related and increased inflammation-related communication between
LCs and other cells compared to normal controls. CTLA4 is a protein that transmits inhibitory signals to T cells.*® The
occurrence of CD86-CTLA4 interactions between LCs and T cells in patients with AD suggested that the condition might
have disrupted the epidermal immune response (Figure 7A and B).

KCs not only resist damage caused by environmental factors but also participate in the innate immune response and skin
inflammatory reactions.*® The results showed increased communication between KCs and other cells compared to normal
controls. LAMB3-CD44 channels increased significantly. The LAMB3 gene encodes the laminin 33 subunit, a member of the
laminin family closely associated with skin structural integrity.*® Alterations in the LAMB3 gene can result in blistering skin
lesions, affecting the skin barrier function.*' Metabolic pathways associated with ITGA and ITGB are increased in AD
patients. Due to the association of the ITGA and ITGB families with the PI3K/Akt pathway, where AKT signaling primarily
acts as an inhibitor of apoptosis, KCs in AD patients may exhibit excessive proliferation** (Figure 7C and D).

Communication between T cells and other cells was increased in AD patients. Compared to normal controls, T cell
immune and inflammation-related communications were elevated, indicating dysregulated T cell metabolism and immune
imbalance (Figure 7E and F).

Discussion

As a common inflammatory skin disease, AD currently has an incompletely understood etiology.*> The application of
MR enables researchers to integrate eQTL and GWAS, providing a more scientific and precise method for identifying
genes associated with disease risk.** The scRNA-seq technology, capable of revealing cellular heterogeneity, develop-
mental trajectories, and complex intercellular interactions, offers new perspectives for exploring disease mechanisms.*
This study employed a comprehensive approach integrating scRNA-seq, MR, and GSEA to decipher the molecular
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Figure 7 Cellular communication analysis. Bubble chart of cellular communication in LCs of the AD group (A), in LCs of the HC group (B), in KCs of the AD group (C), in
KCs of the HC group (D), in T cells of the AD group (E), and in T cells of the HC group (F).

mechanisms underlying AD condition. By combining differential gene expression analysis with eQTL data, we identified
potential causal relationships between specific genes and AD, further reinforced by mediation MR analysis linking key
genes to relevant metabolic pathways. This study emphasizes the intricate interaction between genetic variations and
metabolic pathways in AD, revealing that specific genes, such as PCLAF, MICB, CHAD, and CA4, significantly

878 https: Clinical, Cosmetic and Investigational Dermatology 2025:18



Tao et al

influence disease pathogenesis through distinct metabolic alterations and immune responses. These results offer novel
molecular biomarkers for therapeutic intervention in AD management.

Firstly, our findings revealed the significant role of the PCLAF, MICB, CHAD, and CA4 genes in the pathogenesis
of AD. The MR analysis highlighted CA4, PCLAF, and MICB as risk factors, while CHAD emerged as a protective
factor, aligning with their respective expression trends in AD and control samples. The protein encoded by the PCLAF
gene is associated with cell cycle regulation.*® Through bioinformatics analysis, PCLAF has been identified as a potential
regulator of the pathological processes in heart failure, glioblastoma, and prostate cancer, highlighting the potential of
PCLAF as a therapeutic target.*’ ** The protein encoded by the MICB gene is instrumental in facilitating immune
evasion.’® Some studies have found that MICB may play a protective role in the development of childhood asthma.>'
Higher MICB levels are associated with a lower risk of childhood asthma, but they may also increase the risk of
gastrointestinal diseases and endocrine-metabolic disorders. Moreover, the MICB gene has been identified as
a susceptibility locus for cutaneous lupus erythematosus and is frequently overexpressed in patients with systemic
lupus erythematosus (SLE).”*>* MICB can promote an excessive immune response by binding to the NKG2D receptor,
thereby exacerbating the inflammatory process in SLE. The chondroadherin encoded by the CHAD gene participates in
cell adhesion and migration.”* The CA4 gene encodes an enzyme called carbonic anhydrase IV, which is involved in pH
regulation, ion transport, gas exchange, and other related processes.> In inflammatory bowel disease (IBD) models, the
expression and enzymatic activity of CA4 are elevated, and inhibition of CA4 can alleviate the persistent pain associated
with IBD.>®> The association between these genes and specific metabolites, such as Docosahexaenoylcarnitine and
Tetrahydrocortisol glucuronide, offers new insights into the metabolic dysregulations in AD, suggesting that lipid and
energy metabolism disorders may be pivotal in disease progression.

The single-cell analysis revealed altered cellular compositions and enhanced cellular communications in AD, particu-
larly among LCs, KCs, and T cells. These findings are crucial as they highlight the dysregulated immune landscape and the
exacerbated inflammatory responses in AD. Additionally, the GSEA results linked the identified genes to immune and
inflammatory pathways, reinforcing the notion that immune dysregulation is a hallmark of AD pathophysiology.

The use of MR provided a robust framework for inferring causality from observational data, minimizing confounding
biases typically present in epidemiological studies. However, the reliance on publicly available eQTL datasets and
predefined statistical thresholds might limit the discovery of novel genetic associations. Moreover, while scRNA
sequencing offers detailed insights into cellular heterogeneity, the interpretation of such complex data requires careful
consideration of technical and biological noise. This study integrated multi-omic data layers and advanced analytical
techniques, representing a significant advancement in understanding the complex biology of AD. The utilization of MR
to validate causal relationships between genes, metabolites, and disease phenotypes ensures a higher confidence in the
results, potentially guiding targeted therapeutic strategies. Furthermore, the extensive dataset comprising both single-cell
and bulk RNA sequences provides a comprehensive view of the molecular alterations in AD.

Lastly, while this study provides valuable insights, it still faces some obstacles worth further consideration. First, the
datasets used in this study were all derived from specific public databases. Since the sample sources of these datasets may
have certain regional and population limitations, particularly with GWAS data predominantly based on European popula-
tions, the use of such data may introduce selection bias and fail to fully represent the genetic characteristics and disease
associations of other populations. Future studies should consider incorporating data from diverse regions and ethnic groups
to enhance the generalizability and applicability of the findings. Secondly, although single-cell analysis technology
provides us with a detailed perspective on cellular heterogeneity, data analysis is hindered by various technical and
biological biases, adding complexity and uncertainty. Finally, this study primarily focused on the association between
specific genes and the onset of AD, without delving into the relationship between these genes and the severity of AD or their
interactions with other comorbid conditions. Furthermore, the functional roles of the identified genes and metabolites in the
pathogenesis of AD require further experimental validation in future studies. Prospective studies should also explore the

therapeutic potential targeting these metabolic pathways, providing new targets for AD treatment.
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Conclusion

Through MR combined with single-cell transcriptome analysis, we identified a key gene, PCLAF, that is highly associated
with AD. The primary function of PCLAF is to regulate the cell cycle and cell proliferation. The study identified PCLAF as
a risk factor for AD. PCLAF interfered with lipid, amino acid, and energy metabolism by affecting various metabolites,
thereby increasing the risk of AD. Based on the MR results from this study, the pseudotemporal analysis of LCs, KCs, and
T cells in AD patients, and cell communication findings, we hypothesized that PCLAF promoted cell proliferation and
interfered with cell differentiation through its intrinsic functions. Additionally, PCLAF may have further disrupted key
biological processes in AD patients, such as immune response, inflammation, and cell proliferation, by affecting metabolites
in various metabolic pathways. The disruption of these biological processes might have been related to the pathogenesis
of AD. In summary, our study highlights the importance of PCLAF in the pathogenesis of AD, indicating it as a potential
target for future therapeutic strategies aimed at alleviating the disease by addressing genetic and metabolic disruptions.
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