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Background: Atopic dermatitis (AD) is a chronic skin disorder that impacts patients’ physical and mental health. Diagnosing AD
mainly depends on evaluating medical history and symptoms, as there are no universally accepted biomarkers for it. Identifying novel,
reliable biomarkers is crucial to enhance diagnostic accuracy, reduce healthcare costs, and aid in developing new treatments.
Methods: Data from the Gene Expression Omnibus database were used to identify potential AD biomarkers through Weighted Gene
Co-expression Network Analysis and machine-learning. External datasets confirmed these biomarkers’ diagnostic utility and their
effectiveness in assessing clinical treatment. We also gathered peripheral blood mononuclear cells from healthy individuals and AD
patients to validate these biomarkers’ diagnostic capability for AD. Correlation analyses linked these biomarkers to AD severity
indicators. Euclidean distance clustering was employed to assess the ability of these biomarkers to distinguish between healthy
individuals and AD patients. The study also examined their relationships with major inflammatory pathways in AD to understand their
mechanisms.

Results: The study identified Ribonucleotide Reductase Regulatory Subunit M2 (RRM2), Late Cornified Envelope 3D (LCE3D),
Cornifelin (CNFN), and Small Proline Rich Protein 2G (SPRR2G) as biomarkers with greater diagnostic value for AD than traditional
biomarkers like eosinophil count and IgE levels. Treatment led to decreased expression of RRM2, LCE3D, and CNFN in AD patients’
skin, indicating their potential as markers for evaluating treatment efficacy. LCE3D, CNFN, and SPRR2G correlated with AD severity
indicators such as the SCORAD score and serum IgE levels. Additionally, the overexpression of these biomarkers was linked to the
activation of inflammatory pathways, suggesting their role in AD pathogenesis and progression.

Conclusion: Our study identifies RRM2, LCE3D, CNFN, and SPRR2G as novel biomarkers for diagnosing AD in peripheral blood
and lesional tissues, with potential for assessing disease severity, evaluating treatment efficacy, and serving as targets for diagnosis and
treatment.
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Introduction

Atopic Dermatitis (AD) is characterized as an inflammatory skin disorder resulting from a complex interplay of genetic,
immune, and environmental factors, manifesting as chronic recurrent eczema accompanied by pruritus.' Its clinical
symptoms are similar to those of skin diseases such as Allergic Contact Dermatitis (ACD), resulting in difficult correct
diagnosis in some cases.* In addition, the complex clinical manifestations of AD significantly diminish the quality of life
for both patients and their families.® Therefore, enhancing the diagnostic capabilities for AD and implementing

effective clinical management strategies are of paramount importance.
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The diagnosis of disease typically necessitates the identification of reliable biomarkers. In contrast to numerous other
chronic diseases, the diagnosis of AD predominantly depends on clinical assessments rather than biochemical markers.’
Consequently, the establishment of a reliable biomarker could mitigate the subjectivity inherent in clinical evaluations. In the
lesional skin or peripheral blood of AD patients, numerous genes exhibit abnormal expression, and these aberrantly
expressed genes may serve as potential biomarkers for AD. Identifying and assessing Differentially Expressed Genes
(DEGs) with diagnostic relevance could yield reliable biomarkers for AD diagnosis. The integration of these biomarkers
into existing clinical diagnostic frameworks has the potential to enhance the diagnostic accuracy of AD. Recent studies have
investigated the development of novel diagnostic biomarkers for AD. Blood eosinophils and serum Immunoglobulin E (IgE)
are the most commonly utilized biomarkers for AD diagnosis, as they are elevated in the blood of AD patients.® Additionally,
NOS2/iNOS, hBD-2, and MMPS8/9 are highly expressed in the lesional skin of AD patients, suggesting their potential as
candidate biomarkers for AD diagnosis.® Furthermore, certain biomarkers have the dual capability of diagnosing the onset
of AD and monitoring its severity. EDN has been shown to correlate with AD severity, making it a potential candidate
biomarker for predicting disease severity.”'® SCCA2 is associated with the Scoring Atopic Dermatitis (SCORAD) score, and
its expression decreases as AD improves, thus establishing it as a biomarker for reflecting AD severity.'""'* Serum TARC/
CCL17 serves as a significant T cell chemoattractant and is recognized as a biomarker for monitoring AD severity.'* !> In
summary, analyzing differences in gene expression patterns in the skin or peripheral blood of AD patients compared to
healthy individuals, not only facilitates the discovery of novel diagnostic markers for AD but is also crucial for elucidating
the role of these molecules in AD pathogenesis and identifying potential therapeutic targets.

High-throughput sequencing represents a powerful technique for investigating alterations in gene expression
profiles associated with diseases, facilitating the screening of pivotal genes and the identification of novel
diagnostic biomarkers.'® Analyzing variations in gene expression levels can provide significant insights into the
potential pathogenesis of diseases. The application of machine learning algorithms to the analysis of DEGs
pertinent to diseases can efficiently identify genes of substantial biological significance, ascertain innovative
diagnostic biomarkers for diseases, enable earlier and more precise diagnosis of AD, and consequently promote
timely intervention and enhance patient prognosis.'” '’ Importantly, these methods have been widely used to
identify innovative biomarkers of skin diseases, such as ACD, psoriasis and keloids.?% %2

In this study, transcriptome sequencing and single-cell sequencing datasets related to AD were sourced from the
Gene Expression Omnibus (GEO) database. DEGs in AD were analyzed, and comprehensive bioinformatics
analyses were conducted to identify Ribonucleotide Reductase Regulatory Subunit M2 (RRM2), Late Cornified
Envelope 3D (LCE3D), Cornifelin (CNFN), and Small Proline Rich Protein 2G (SPRR2G) as potential diagnostic
biomarkers for AD. Our experimental findings indicated that the expression levels of RRM2, LCE3D, CNFN, and
SPRR2G in the peripheral blood of AD patients were significantly elevated compared to those in healthy indivi-
duals. The diagnostic efficacy of these biomarkers was found to be comparable to traditional markers for AD
diagnosis, such as peripheral blood eosinophil count and serum IgE levels. Furthermore, we observed that the
expression of RRM2, LCE3D, and CNFN in the lesional skin tissue of AD patients treated with crisaborole or
dupilumab were reduced. Receiver Operating Characteristic (ROC) analysis demonstrated that these biomarkers
could serve as valuable indicators for assessing the clinical efficacy of AD treatment. Finally, the innovative
biomarkers identified in this study were significantly associated with the severity of AD. Correlation analysis
demonstrated a strong relationship between these biomarkers and SCORAD scores, serum IgE levels, as well as
various effector T cell subtypes indicative of AD severity. These findings underscore the substantial utility of
RRM2, LCE3D, CNFN, and SPRR2G in evaluating disease severity in AD patients. Subsequent analysis revealed
that the overexpression of these four biomarkers is implicated in the activation of multiple inflammatory pathways.
Collectively, our research emphasizes the potential of RRM2, LCE3D, CNFN, and SPRR2G as biomarkers for AD
and investigates their functional roles in the disease. These biomarkers hold promise for enhancing clinical diagnosis
and treatment strategies for AD.
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Methods

Human Samples

This study was conducted in accordance with the protocol approved by the Ethics Committee of Jiangnan University
Medical Center (approval number: 2024-Y-205), with the informed consent of all subjects. Furthermore, we proved that
this research was conducted in accordance with the ethical standards stipulated in the Declaration of Helsinki. The
patients were recruited through the outpatient clinic of Jiangnan University Medical Center. Patients with AD were
diagnosed according to Guideline for diagnosis and treatment of atopic dermatitis in China (2020).%* All patients were in
the acute stage of AD and had not yet used therapeutic drugs. Blood samples were collected and Peripheral Blood
Mononuclear Cells (PBMCs) were isolated using lymphocyte isolation medium (Da you, DAKEWE) according to
manufacturer’s instructions.

Datasets

In this study, we obtained several high-throughput sequencing datasets for AD from the GEO database. These datasets
included lesional skin tissue and peripheral blood from patients with AD. The GSE121212 dataset contains 21 AD
lesional samples, 27 AD non-lesional samples, and 38 healthy samples. GSE197023 dataset contains 7 AD lesional
samples and 6 healthy samples. GSE182740 dataset contains 10 AD lesional samples and 6 healthy samples. GSE237920
dataset contains 4 AD lesional samples and 4 healthy samples. GSE36842 dataset contains 16 AD lesional samples and
8 AD non-lesional samples. GSE168694 dataset contains PBMCs samples from 4 patients with AD or 4 healthy
individuals. The GSE133477 dataset included 40 patients with AD who were treated with Crisaborole twice daily for
14 days. The gene expression array was detected on the 8th and 15th day of treatment, respectively. Twenty-two patient
skin samples were collected on day 8, and 40 patient skin samples were collected on day 15. The GSE130588 dataset
included 51 AD lesional samples and 20 healthy samples. Detailed information about these datasets is provided in
Table S1.

Analysis of Differentially Expressed Genes

The “DESeq2” package was used to screen DEGs between AD and Healthy Control (HC) skin specimens. DEGs were
screened according to “adjusted P<0.05” and “|log2FoldChange|>1.5". Volcano points or heat maps were generated to
visualize DEGs.

Functional Correlation Analysis

The Kyoto Encyclopedia of Genes and Genomes (KEGG) is a widely used database that quickly targets the signaling
pathways that play a dominant role in a disease. Gene Ontology (GO) analysis is a common technique used to conduct
large-scale functional enrichment studies, which has great advantages in resolving the Biological Process (BP), Cellular
Component (CC), and Molecular Function (MF) of DEGs in a disease. The “org.Hs.eg.db” and “clusterProfiler” packages
were used for KEGG and GO enrichment analysis, and the screening criteria were P(adj)<0.05. Then the “GOplot” and
“ggplot2” packages were used to visualize the analysis results. In addition, the Gene Set Enrichment Analysis (GSEA) of
the gene expression matrix was performed using the “clusterProfiler” software package. Maximum gene module 1000
and Minimum gene module 20. P(adj) < 0.05 were considered statistically significant.

scRNA-Seq Data Processing

We utilized the “Seurat” R package for processing SCRNA-seq data. In brief, cells with gene expression levels below 300
genes or above 7000 genes, as well as those exhibiting mitochondrial gene expression exceeding 10%, were excluded
from the analysis. Subsequently, we applied the ‘“NormalizeData”, “FindVariableFeatures”, “ScaleData” function to
normalize and scale the raw counts, followed by Principal Component Analysis (PCA). The “Harmony” R package was
employed to eliminate of batch effects in the original scRNA-seq data. Visualization of the resulting units was achieved
using the Uniform Manifold Approximation and Projection (UMAP) algorithm. Seurat’s “FindMarkers” functionality
was used to identify DEGs within each cell cluster. This was followed by annotation of each cell cluster using classical
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cell type marker genes. Finally, we visualized specific expression patterns of identified genes at single-cell resolution
using the “scRNAtoolVis” package.

Weighted Gene Co-Expression Network Analysis

Weighted Gene Co-expression Network Analysis (WGCNA) could construct disease-related modules based on gene
expression profiles. In our study, we calculated the Pearson correlation coefficient and constructed a similarity matrix.
Then, select the soft threshold =5, convert the similarity matrix into an adjacency matrix, and then convert the adjacency
matrix into a Topological Overlap Matrix (TOM). Using TOM average linkage hierarchical clustering to classify gene
modules. After merging similar gene modules, 10 different modules were obtained, among which the greenyellow
module containing 4601 genes is considered the core module of AD.

High Dimensional Weighted Gene Co-Expression Network Analysis
High dimensional Weighted Gene Co-expression Network Analysis (hdWGCNA) builds scale-free networks at the
single-cell level. After the scale-free topology model fitting threshold is set to >0.85, the soft threshold is selected to 7

to obtain the best connectivity. Then run the hdAWGCNA analysis with the default parameters.?**>

|dentification of AD Biomarkers by Machine Learning

Three machine-learning algorithms, Least Absolute Shrinkage and Selection Operator (LASSO), Random Forests (RF)
and Boruta (Boruta), were used to screen AD biomarkers. The “glmnet” package was used for LASSO regression
analysis, 10-fold cross-validation was adopted, and the minimum lambda value was used as the optimal solution. RF
analysis was performed using the “randomForest” package. Boruta analysis using the “Boruta” package.

Correlations Between Potential Biomarkers and Inflammatory Pathways in AD
Using “Mantel test” and “Pearson correlation coefficient”, the correlation between RRM2, LCE3D, CNFN, SPRR2G and
multiple core genes of the inflammatory pathway was calculated using the R software package “linkET”.

Consensus Clustering Analysis

Based on the relative expression levels of RRM2, LCE3D, CNFN, and SPRR2G, the samples contained in datasets
GSE121212 and GSE130588 were grouped. The R package “ConsensusClusterPlus” was used in combination with
consensus clustering methods, employing the k-nearest neighbor algorithm and Euclidean distance, repeated 1000 times
to ensure the stability of the analysis results. The optimal number of clusters was determined based on the CDF curve.
Finally, visualization was performed using the “pheamap” package.

RNA Isolation and Real-Time PCR
Total RNAs were extracted from cells with TRIzol reagent (Vazyme, R401-01). cDNA was produced by HiScript III
reverse transcriptase (Vazyme, R312). Then quantitative PCR(Q-PCR) analysis was performed using Gata3, Foxp3,
RRM2, LCE3D, CNFN, and SPRR2G specific primers and SYBR Green mix (Vazyme, Q411-02). The primer sequence
is as follows:

Rrm2, 5'-ctggctcaagaaacgaggactg-3' and 5'-ctctcctcegatggtttgtgtac-3';

Lce3d, 5'-agtacagtgtctgectecaget-3' and 5'-tgtcacaggagttgggcctetg-3';

Cnfn, 5'-tcagtgactggcacacaggtct-3’ and 5'-cggtgcggatggagtgcagg-3';

Sprr2g, 5'-acgccaaagtgeccagag-3' and 5'-gcacaggagggcatttatec-3';

Gata3, 5'-accacaaccacactctggagga-3' and 5'-tcggtttctggtctggatgecet-3';

Foxp3, 5'-ggcacaatgtctectccagaga-3' and 5'-cagatgaagccttggtcagtge-3';

Serum Biochemical Test
Serum IgE levels were measured by Maglumi4000 automatic chemiluminescence analyzer.
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Blood Count
The number of Eosinophils in the peripheral blood of AD patients was analyzed by Mindray CAL8000 blood analyzer.

Statistical Analysis

Data analysis was performed using GraphPad Prism 9.0 software. Different groups were compared by a two-tailed
Student’s 7-test, one-way analysis of variance, or two-way analysis of variance. All differences were regarded as
statistically significant when *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.

Results

Screening of DEGs in AD Transcriptome Dataset

The research methodology of this study is depicted in Figure S1. To identify DEGs associated with AD, an mRNA
expression microarray dataset (GSE121212) was retrieved from the GEO database. The “DESeq2” package was
employed to analyze the DEGs between the AD and HC groups. A total of 1371 DEGs were identified, comprising
828 upregulated and 543 downregulated genes in the AD group relative to the HC group. A volcano plot was utilized to
visually represent genes with significant differential expression between the AD and HC groups (Figure 1A). To further
elucidate the biological functions of these DEGs, KEGG and GO enrichment analyses were conducted. The KEGG
enrichment analysis indicated that the DEGs were predominantly associated with pathways such as the Chemokine
signaling pathway, IL-17 signaling pathway, JAK-STAT signaling pathway, Lipid and atherosclerosis, Neuroactive
ligand-receptor interaction, NF-kappa B signaling pathway, PPAR signaling pathway, Retinol metabolism, Thl and
Th2 cell differentiation, Th17 cell differentiation, and TNF signaling pathway (Figure 1B). The results of the GO analysis
indicated that these DEGs were associated with a variety of biological processes, including the regulation of cytokine
production, leukocyte cell-cell adhesion, leukocyte-mediated immunity, mononuclear cell differentiation, regulation of
T cell activation, leukocyte migration, lymphocyte differentiation, positive regulation of the MAPK cascade, regulation
of inflammatory response, and cell killing (Figure 1C and D). We observed that several inflammatory signaling pathways
were significantly linked to AD. Consequently, we conducted a further analysis of the activation of these signaling
pathways in AD. GSEA analysis revealed that the NF-«xB, IL-17, TNF-0, MAPK, Chemokine, and JAK-STAT signaling
pathways were upregulated in the AD group compared to the HC group (Figure 1E).

Identification of Co-Expression Gene Modules in AD Transcriptome Dataset

The WGCNA analysis begins with the construction of a gene co-expression network, followed by the identification of
gene modules that exhibit significant correlations with AD within this network. To assign co-expressed genes, the
“average correlation degree” and “pearson correlation coefficient” are computed to cluster the samples in the dataset,
with outliers being excluded (Figure S2A). Based on a scale independence criterion of greater than 0.8, a “soft threshold
power B” of 5 was selected to ensure the formation of biologically meaningful scale-free networks (Figure 2A).
Seventeen modules were identified through hierarchical clustering analysis and the dynamic TreeCut method (Figure
S2B and Figure 2B). The results of the module-trait correlation analysis revealed a significant positive association
(Correlation = 0.81) between the greenyellow module and AD, prompting its selection for further investigation
(Figure 2C). In the greenyellow module, a total of 4,601 genes were identified. The scatter plot demonstrated
a positive correlation between Module Membership (MM) and Gene Significance (GS), suggesting that these genes,
which are highly associated with AD, play a significant role within the greenyellow module (Figure 2D). A Venn diagram
was employed to assess the overlap between DEGs and the genes of the greenyellow module within the GSE121212
dataset, identifying 938 common genes (Figure 2E). These 938 genes have been designated as “GSE121212-Hub Genes”.

Identification of Hub Genes in AD Single-Cell Sequencing Dataset

Subsequently, we utilized a single-cell RNA sequencing (scRNA-seq) dataset from AD patients to conduct an in-depth
analysis of key genes associated with AD. The scRNA-seq dataset (GSE197023) was sourced from the GEO database,
allowing us to compare lesional AD skin (LS) with HC skin. The volcano plot (Figure 3A) illustrates that, in comparison
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Figure | Identified the DEGs in AD and conducted functional enrichment analyses. (A) The volcano plot revealed 1371 DEGs in skin tissues from AD patients compared to
healthy individuals in the GSE121212 dataset. (B) KEGG enrichment analysis indicated that DEGs were associated with multiple inflammatory signaling pathways. (C and D)
GO analysis was performed to explore the biological processes (BP), cellular components (CC), and molecular functions (MF) of the DEGs. (E) Gene Set Enrichment

Analysis (GSEA) was conducted to assess the enrichment of DEGs in AD and HC groups.

https:

7956

Journal of Inflammation Research 2025:18



Chen et al

Gene dendrogram and module colors
o
Scale independence Mean connectivity o
o
SN 6 7 8 0101121314156 7181920 1 = |~
<, ®J ) 7
g% ° 28 % -
> ) e °
g. g I s 'S,
o P o 2
=2 9 o L g
o @ € 9 LS
O = T c S
—ir © o 2 © |
w . o =
29 o | c o
38 < g7 % 2
5 o
n = 7 = o 4 ° 678 91011121314151617181920
T T T T T T T

T
5 0 15 20 5 10 15 20
Soft Threshold (power) Soft Threshold (power) mergedc°'°'slmll|l]| [H[Il-

C D E

Module-trait relationships Module men::t;?;sor.\ég’v§é1g:_nzeoglgmf|cance GSE121212-Hub genes

MEcyan
MEgreenyellow
MEblue
MEmidnightblue
MElightcyan
MEpink

0.5

MEpurple
MEdarkred

-0.5

MEroyalblue

&8

0
Gene significance for AD

GSE121212-WG GSE121212-DEGs

2 %
-1
0

MEgrey

's'o B8
R

00 02 04 06 08 10
Module Membership in greenyellow module
Figure 2 Identification of gene co-expression network modules associated with AD through WGCNA analysis. (A) Optimal soft threshold selection. (B) Dynamic shearing

tree merging similar module genes. (C) Module-trait relationships. (D) The correlation between module membership and genetic significance in the greenyellow module. (E)
Venn diagram of greenyellow module genes versus GSE121212-DEGs.

to the HC group, a total of 592 DEGs were identified in the AD group, comprising 331 upregulated and 261 down-
regulated genes. UMAP analyses revealed nine distinct cell clusters. However, upon classification using canonical
marker genes, three cell populations, designated as clusters 2, 3, and 5, could not be reliably identified (Figure S3A
and B). Consequently, these three cell populations were excluded, and the UMAP analysis was repeated, resulting in the
identification of nine cell clusters (Figure 3B). Among all cells, six types were annotated as the main labels of the
clusters. Utilizing canonical marker genes, we labeled cell clusters 0, 4, and 5 as upper epidermis cells; clusters 1 and 2
as leukocytes; cluster 6 as smooth muscle cells; cluster 3 as ECM/fibroblasts; cluster 7 as sweat glands; and cluster 8 as
lower epidermis cells (Figure 3C-E). To more accurately delineate the distinct patterns of DEG signatures across these
six cell subtypes, we ranked each gene based on its relative expression in individual cells. The top ten DEGs for each cell
subtype were selected, and their associated biological functions were investigated (Figure 3F).

hdWGCNA is frequently employed to identify co-expressed gene modules in single-cell sequencing datasets and to
further analyze the key members of these modules.* Subsequently, we utilized hdWGCNA to elucidate the primary
molecular characteristics of AD. By applying a soft threshold of 7, we constructed a scale-free network for AD,
identifying a total of five distinct gene co-expression modules (Figure 4A—C). Our analysis revealed that these five
modules were activated in different cell populations: the blue module was predominantly activated in upper and lower
epidermis cells; the turquoise module was primarily activated in smooth muscle cells, ECM/fibroblasts, and sweat gland
cells; the brown module was chiefly activated in leukocytes; the yellow module was mainly activated in epidermis cells
and leukocytes; and the green module was primarily activated in epidermis cells (Figure 4D).
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Figure 4 Identification of potential AD-related genes by hdWGCNA. (A) Optimal soft threshold selection. (B) The dendrogram illustrated the five modules (turquoise,
green, blue, brown, and yellow) in the scale-free network. (C) The hdWGCNA algorithm was employed to assess module activity in both AD and HC groups. (D) t-SNE
points revealed the expression distribution of each module hub genes in 6 different cell populations. (E) The bar chart revealed the number of genes contained in each
module. (F) The protein-protein interaction (PPl) network of the top 20 identified hub genes in each module. (G) The top 10 hub genes in each module were ranked by
kME. (H) The matrix plot visually showed the correlation between the different modules. (I) Venn diagram of hdWGCNA genes versus sc-DEGs.
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Among the five modules analyzed, the turquoise module exhibited the highest gene count, comprising a total of 1,216
genes. In contrast, the green module contained the fewest genes, with only 197. The blue, brown, and yellow modules
comprised 647, 519, and 393 genes, respectively (Figure 4E). Furthermore, Protein-Protein Interaction (PPI) networks
were constructed for the top 20 feature genes within each module (Figure 4F). According to eigengene-based con-
nectivity (KME), the top 10 characteristic genes for each module were ranked (Figure 4G). Additionally, an analysis of
pairwise correlations between the modules was conducted (Figure 4H). To identify hub genes within the AD single-cell
RNA sequencing dataset, a Venn diagram was employed to assess the overlap between DEGs and the five co-expression
modules genes, identifying 168 shared genes (Figure 4I). These genes were designated as “sc-Hub genes”.

Screening and Validation of Diagnostic Markers

By employing a venn diagram to examine the overlapping regions between GSE121212-Hub Genes and sc-Hub genes,
we identified 57 common genes (Figure 5A), whose expression patterns were subsequently visualized using heatmaps
(Figure S4). Subsequently, three distinct machine learning algorithms—LASSO, RF, and Boruta—were employed to
identify potential diagnostic biomarkers for AD. The LASSO regression algorithm facilitated the construction of
a diagnostic model, leading to the selection of seven genes (Figure 5B). Similarly, the RF algorithm was applied to
develop a diagnostic model, resulting in the selection of 52 genes when the Mean Decrease Accuracy>0 (Figure 5C).
Additionally, the Boruta algorithm was employed to construct a diagnostic model, culminating in the selection of 42
genes (Figure 5D and E). Ultimately, the integration of these three algorithms led to the identification of five novel
biomarkers for AD: RRM2, LCE3D, CNFN, SPRR2G, and COMP (Figure 5F).

Subsequently, we employed ROC analysis to assess the diagnostic efficacy of these five genes in AD. Initially, we
examined multiple datasets comprising lesional skin from AD patients and healthy skin from healthy subjects. In dataset
GSE121212, the area under the curve (AUC) values for all five genes exceeded 0.8 (Figure 6A). In dataset GSE182740,
the AUC values for RRM2, LCE3D, CNFN, and SPRR2G were greater than 0.8, whereas the AUC for COMP was 0.667
(Figure 6A). Similarly, in dataset GSE237920, the AUC values for RRM2, LCE3D, CNFN, and SPRR2G exceeded 0.8,
while the AUC for COMP was only 0.562 (Figure 6A). Subsequently, we analyzed two datasets containing lesional and
non-lesional skin from AD patients. In dataset GSE121212, the AUC values for RRM2, LCE3D, CNFN, and SPRR2G
were above 0.7, but the AUC for COMP was 0.555 (Figure 6B). In dataset GSE36842, the AUC values for RRM2,
LCE3D, CNFN, and SPRR2G exceeded 0.7, with the AUC for COMP at 0.586 (Figure 6B). Finally, we evaluated
a dataset (GSE168694) comprising PBMCs from healthy individuals and AD patients. In this dataset, the AUC values for
LCE3D, CNFN, SPRR2G, and COMP were greater than 0.9, while the AUC for RRM2 was 0.688 (Figure 6C). Given
that the AUC for COMP is consistently below 0.6 across multiple datasets, we conclude that it is not a viable candidate
for an innovative diagnostic marker for AD.

To further investigate the potential diagnostic and therapeutic value of the genes RRM2, LCE3D, CNFN, and
SPRR2G in AD, we conducted an analysis of the GSE133477 dataset. This dataset comprises 40 AD patients who
underwent treatment with Crisaborole, administered twice daily over a 14-day period. Gene expression array was
performed on the 8th and 15th days of treatment. Our findings revealed that in patients with mild to moderate AD
treated with Crisaborole, there was a significant reduction in the expression levels of RRM2, LCE3D, and CNFN in
lesional skin (Figure 6D), indicating their diagnostic potential (Figure S5A). Similarly, in patients with severe AD treated
with Dupilumab, a decrease in the expression of these genes was observed (Figure S5B). Collectively, our study
demonstrates that RRM2, LCE3D, and CNFN consistently exhibit high diagnostic value across various datasets and
can effectively reflect the therapeutic impact of treatments in AD patients ranging from mild to severe. These findings
suggest that these genes hold promise as potential biomarkers for the diagnosis and management of AD.

RRM2, LCE3D, CNFN and SPRR2G Were up-Regulated in Peripheral Blood of AD

Patients and Had Diagnostic Value
Next, we analyzed the expression patterns of RRM2, LCE3D, CNFN, and SPRR2G using GSE197023 dataset. These
four genes were predominantly expressed in upper epidermis cells and leukocytes (Figure 7A). Additionally, their
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Figure 5 The identification of innovative biomarkers for AD was achieved via three machine learning algorithms. (A) Venn diagram of transcriptome data hub genes versus
single-cell sequencing hub genes. (B) Seven hub genes were identified using the Lasso regression algorithm. (C) The Random Forest algorithm ranked all genes to determine
their significance in the model. (D and E) The Boruta algorithm was used to screen for 42 hub genes. (F) A total of five genes were identified by the three machine learning

algorithms and were considered as potential biomarkers for AD.
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Figure 6 RRM2, LCE3D, CNFN, and SPRR2G serve as diagnostic biomarkers for both skin lesions and peripheral blood in AD. (A) ROC analysis was performed for RRM2, LCE3D,
CNFN, SPRR2G, and COMP to evaluate their diagnostic performance in distinguishing between AD lesions and healthy individuals skin tissue in the datasets GSE121212, GSE 182740,
and GSE237920. (B) ROC analysis was performed for RRM2, LCE3D, CNFN, SPRR2G, and COMP to evaluate their diagnostic performance in distinguishing between AD lesional and
non-lesional skin tissue in the datasets GSE121212 and GSE36842. (C) ROC analysis was performed for RRM2, LCE3D, CNFN, SPRR2G, and COMP to evaluate their diagnostic
performance in distinguishing PBMCs from AD patients and healthy individuals in the GSE 68694 dataset. (D) The expression levels of RRM2, LCE3D, CNFN, and SPRR2G in the skin
lesion sites of patients with mild-to-moderate AD treated with continuous Crisaborole for 14 days were analyzed using the GSE133477 dataset (two-way analysis of variance). ns: not
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expression was notably elevated in the lesional skin tissue of patients with AD (Figure 7B). We further investigated the
expression levels of RRM2, LCE3D, CNFN, and SPRR2G across various cell populations in both AD and HC groups.
LCE3D, CNFN, and SPRR2G were upregulated in the upper epidermis cells, leukocytes, smooth muscle cells, ECM/
fibroblasts, and sweat gland cells of AD patients. RRM2 was upregulated only in the upper epidermis cells, leukocytes,
and ECM/fibroblasts of AD patients (Figure 7C). We also assessed the expression levels of RRM2, LCE3D, CNFN, and
SPRR2G in PBMCs of AD patients using RT-qPCR. Notably, the mRNA levels of these genes were significantly
increased in non-medicated AD patients compared to age- and sex-matched healthy controls (Figure 7D, F, H and J).
ROC analysis indicated that the AUC was 0.755 for RRM2, 0.768 for LCE3D, 0.730 for CNFN, and 0.730 for SPRR2G
(Figure 7E, G, I and K). These findings indicate that RRM2, LCE3D, CNFN, and SPRR2G exhibit significant diagnostic
potential for AD. To further explore this potential, we collected serum samples from 112 AD patients and peripheral
blood cell data from 181 patients, who treated at Jiangnan University Medical Center between February 1, 2024, and
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Figure 7 RRM2, LCE3D, CNFN and SPRR2G were highly expressed in multiple cell populations in AD patients. (A) Expression levels of RRM2, LCE3D, CNFN, and SPRR2G
in different cell populations. (B) RRM2, LCE3D, CNFN and SPRR2G were highly expressed at the lesion site of AD patients. (C) High expression of RRM2, LCE3D, CNFN,
and SPRR2G was observed in various cell populations at the lesion site of patients with AD. (D) RT-qPCR analysis was performed to measure RRM2 mRNA levels in human
PBMCs from AD patients (n = 48) and healthy controls (n = 48). The relative expression of the RRM2 was normalized to GAPDH mRNA (two-tailed unpaired Student’s
t-test). (E) ROC analysis was conducted to evaluate the diagnostic performance of RRM2 expression in PBMCs from AD patients and the healthy control group. (F) RT-qPCR
analysis was performed to measure LCE3D mRNA levels in human PBMCs from AD patients (n = 48) and healthy controls (n = 48). The relative expression of the LCE3D
was normalized to GAPDH mRNA (two-tailed unpaired Student’s t-test). (G) ROC analysis was conducted to evaluate the diagnostic performance of LCE3D expression in
PBMCs from AD patients and the healthy control group. (H) RT-qPCR analysis was performed to measure CNFN mRNA levels in human PBMCs from AD patients (n = 48)
and healthy controls (n = 48). The relative expression of the CNFN was normalized to GAPDH mRNA (two-tailed unpaired Student’s t-test). (I) ROC analysis was
conducted to evaluate the diagnostic performance of CNFN expression in PBMCs from AD patients and the healthy control group. (J) RT-qPCR analysis was performed to
measure SPRR2G mRNA levels in human PBMCs from AD patients (n = 47) and healthy controls (n = 46). The relative expression of the SPRR2G was normalized to
GAPDH mRNA (two-tailed unpaired Student’s t-test). (K) ROC analysis was conducted to evaluate the diagnostic performance of SPRR2G expression in PBMCs from AD
patients and the healthy control group. (L) The Mindray CAL8000 blood analyzer was used to measure the number of eosinophils in patients with AD (n = 181) and healthy
controls (n = 172) (two-tailed unpaired Student’s t-test). (M) ROC analysis was conducted to evaluate the diagnostic performance of the number of eosinophils from AD
patients and the healthy control group. (N) The Maglumi4000 automatic chemiluminescence analyzer was used to measure the serum IgE levels in patients with AD (n = |12)
and healthy controls (n = 47) (two-tailed unpaired Student’s t-test). (O) ROC analysis was conducted to evaluate the diagnostic performance of the serum IgE levels from AD
patients and the healthy control group. **¥p < 0.0001.

May 30, 2024. We assessed the levels of serum IgE and peripheral blood eosinophils, as these biomarkers are commonly
utilized in the diagnosis of AD. Our analysis demonstrated that both serum IgE and peripheral blood eosinophil levels
were markedly elevated in AD patients (Figure 7L and N). ROC curve analysis yielded AUC values of 0.696 and 0.703
for serum IgE and eosinophils, respectively, which were lower than the AUC values obtained for RRM2, LCE3D, CNFN,
and SPRR2G (Figure 7M and O).

Utilizing the relative expression levels of the genes RRM2, LCE3D, CNFN, and SPRR2G, we performed a euclidean
distance clustering analysis on 59 samples (healthy skin from healthy individuals and diseased skin from AD patients)
from the GSE121212 dataset, categorizing them into two optimally distinct groups, labeled as Group 1 and Group 2
(Figure 8A—C). Group 1 was characterized by uniformly low expression levels of RRM2, LCE3D, CNFN, and SPRR2G,
whereas Group 2 was defined by high expression levels of these genes. Notably, Group 1 mainly comprised skin samples
from healthy individuals, while all samples from AD lesions were allocated to Group 2 (Figure 8D). To corroborate these
findings, we conducted a validation study using an independent dataset, GSE130588. Consistent with our initial results,
the validation revealed that skin samples from healthy individuals were predominantly clustered in Group 1, which
exhibited low gene expression, whereas AD lesion samples were mainly associated with Group 2, characterized by
elevated gene expression (Figure 8E—H). In summary, the high expression of RRM2, LCE3D, CNFN, and SPRR2G in
PBMC:s and lesional skin tissue of AD patients underscores their potential utility as diagnostic biomarkers, effectively
distinguishing between healthy individuals and AD patients.

RRM2, LCE3D, CNFN and SPRR2G Were Correlated with AD Severity

In the aforementioned study, we observed an upregulation of RRM2, LCE3D, CNFN, and SPRR2G expression in both
PBMCs and lesional skin of AD patients, thereby affirming their potential diagnostic and therapeutic relevance.
Subsequently, we undertook a series of investigations to explore the association between the expression levels of these
four genes and the severity of AD. The SCORAD score, a widely utilized metric in clinical research and practice, was
employed to assess AD severity.”® In the GSE182740 dataset, SCORAD scores for each patient were meticulously
documented. We conducted an analysis to determine the correlation between the expression levels of these four genes and
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Figure 9 RRM2, LCE3D, CNFN and SPRR2G were correlated with AD severity. (A) The correlation between the expression levels of RRM2, LCE3D, CNFN, and SPRR2G
in lesional skin tissues and SCORAD scores in patients with AD was analyzed using the GSE182740 dataset. (B) The correlation between the expression levels of RRM2,
LCE3D, CNFN, and SPRR2G in PBMCs and serum IgE levels in patients with AD was analyzed. (C) An examination of the correlation between the expression levels of
RRM2, LCE3D, CNFN, and SPRR2G in PBMCs of patients with AD and the expression level of Gata3 in these cells. (D) An examination of the correlation between the
expression levels of RRM2, LCE3D, CNFN, and SPRR2G in PBMCs of patients with AD and the expression level of Foxp3 in these cells.

the patients’ SCORAD scores. Our results indicated a statistically significant positive correlation between the expression
of CNFN, LCE3D and the SCORAD scores of patients (P<0.05) (Figure 9A). Although the expression of RRM2 and
SPRR2G also exhibited a positive correlation with SCORAD scores, this was not statistically significant. We speculate
that the lack of statistical significance may be attributed to the limited sample size.

Serum IgE is a well-established serological biomarker indicative of AD severity. In this study, we investigated the
correlation between the expression levels of RRM2, LCE3D, CNFN, and SPRR2G in PBMCs of AD patients and their
serum IgE levels. Our findings demonstrated that LCE3D, CNFN, and SPRR2G were significantly positively correlated
with serum IgE levels, whereas RRM2 exhibited a weak correlation (Figure 9B). T cells play a critical role in the
pathogenesis and progression of AD. Specifically, activated Th2 cells secrete cytokines such as IL-4, IL-5, IL-13, and IL-
31, which enhance B cell-mediated IgE production, thereby contributing to the pathological mechanisms
underlying AD.?” In contrast, regulatory T (Treg) cells are essential for modulating inflammation resulting from skin
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Figure 10 The expression of RRM2, LCE3D, CNFN, and SPRR2G was positively associated with the activation of multiple inflammatory pathways. (A) RRM2, LCE3D,
CNFN and SPRR2G were positively correlated with most genes in the IL-17 signaling pathway, JAK-STAT signaling pathway, NF-kB signaling pathway, TNF-a signaling
pathway, Chemokine signaling pathway and MAPK signaling pathway. (B—E) Overexpression of RRM2, LCE3D, CNFN or SPRR2G were involved in the activation of IL-17
signaling pathway, JAK-STAT signaling pathway, NF-kB signaling pathway, TNF-a signaling pathway, Chemokine signaling pathway and MAPK signaling pathway.
Abbreviations: HE, high expression; LE, low expression.
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lesions and allergen-specific immune responses, serving as critical inhibitors of skin inflammation in AD patients.”® The
expression of GATA3, a pivotal transcription factor that facilitates Th2 cell differentiation, is increased in PBMCs of AD
patients (Figure S6). Foxp3, which is integral to the differentiation of Treg cells, and its expression is decreased in
PBMCs in AD patients (Figure S6). We investigated the correlation between the expression levels of RRM2, LCE3D,
CNFN, and SPRR2G in PBMCs of AD patients and these key T cell transcription factors. Our analysis revealed that the
expression levels of RRM2, LCE3D, CNFN, and SPRR2G were significantly positively correlated with GATA3, and
significantly negatively correlated with Foxp3 (Figure 9C and D). In conclusion, our study indicates that LCE3D, CNFN,
and SPRR2G are associated with multiple indicators of AD severity, suggesting their potential utility as biomarkers for
assessing the severity of AD.

Four Potential AD Biomarkers are Closely Related to the Activation of Inflammatory
Pathways

Inflammatory cytokines and chemokines play a crucial role in the pathogenesis and progression of AD.? As previously
discussed, we identified the enrichment of several inflammatory pathways through KEGG and GO analyses.
Subsequently, we investigated the association between four potential AD biomarkers and these enriched pathways.
Our findings indicate that these biomarkers exhibit a positive correlation with the majority of genes within the IL-17,
JAK-STAT, NF-kB, TNF-a, Chemokine, and MAPK signaling pathways (Figure 10A). Furthermore, we also revealed
that the overexpression of RRM2, LCE3D, CNFN, and SPRR2G is implicated in the activation of these pathways
(Figure 10B-E).

Discussion

AD is a chronic, recurrent inflammatory dermatosis characterized by pruritus and pleomorphic lesions with a propensity
for exudation.*® Approximately 50% of individuals with AD manifest the condition during infancy, with some patients
experiencing recurrent episodes in adulthood.’! The diagnosis of AD is primarily based on medical history, clinical
manifestations, and histopathological examination through skin biopsy. In recent years, as research has advanced,
numerous biomarkers have been identified as instrumental in the diagnosis of AD and the evaluation of disease activity.
Serum IgE levels are typically elevated in individuals with AD; however, this marker lacks specificity due to its also
elevation in other allergic conditions. Eosinophil counts are increased in both the skin and peripheral blood of patients
with AD. Furthermore, certain cytokines and chemokines, including IL-4, IL-5, IL-13, TNF-a, and CXCL10, are
upregulated in the skin and blood of these patients, thereby facilitating clinical diagnosis.** Additionally, abnormalities
in the expression of skin barrier proteins such as filaggrin, involucrin, and loricrin are implicated in the pathogenesis
of AD.**° Despite the utility of these biomarkers in facilitating the diagnosis or assessment of disease activity in AD,
there remains an absence of widely adopted AD-specific biomarkers in clinical practice. The current clinical diagnosis
of AD necessitates a comprehensive evaluation of the patient’s medical history and clinical manifestations.***’
Consequently, the development of reliable indicators for AD is essential for enhancing the accuracy of clinical diagnoses,
reducing healthcare costs, and providing critical targets and evaluation metrics for novel drug development. In our study,
we identified RRM2, LCE3D, CNFN, and SPRR2G as potential diagnostic biomarkers for AD. Notably, these biomar-
kers effectively differentiate between skin tissues and peripheral blood samples from AD patients and healthy indivi-
duals, as well as between lesional and non-lesional tissues in AD patients. Furthermore, we observed that LCE3D,
CNFN, and SPRR2G exhibit strong correlations with various indicators reflecting the severity of AD, indicating their
potential utility in assessing AD severity and evaluating the efficacy of therapeutic interventions.

Bioinformatics represents an interdisciplinary domain that integrates computer science, mathematics, statistics,
biology, and other related fields. Its primary objective is to address biological challenges through the application of
computational technology and algorithmic strategies.”® The high-throughput data processing capabilities inherent in
bioinformatic analysis facilitate the discovery of potential factors associated with disease onset and progression.
Consequently, bioinformatics has become an essential tool in contemporary life science research. In this study, we
employed a comprehensive array of bioinformatic analytical techniques to identify novel biomarkers for AD and to
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explore their potential biological functions. Analysis of the AD transcriptome dataset, sourced from the GEO database,
revealed 1371 DEGs between the skin tissues of AD patients and healthy controls, with 828 genes exhibiting upregula-
tion in the AD group. Enrichment analyses, including GO, KEGG, and GSEA, indicated the activation of numerous
inflammatory signaling pathways and aberrant T cell differentiation within the skin tissues of AD patients. We conducted
an analysis of a single-cell sequencing dataset from patients with AD and identified 592 DEGs. Utilizing WGCNA and
hdWGCNA, we identified co-expression gene modules associated with AD, ultimately pinpointing 57 DEGs with strong
associations to the condition. The application of machine learning algorithms in the analysis of high-throughput data
enhances both the efficiency and accuracy of data interpretation, serving as a robust tool for uncovering novel biological
processes and protein functions. We employed three machine learning algorithms—LASSO, RF, and Boruta—to identify
RRM2, LCE3D, CNFN, and SPRR2G as potential biomarkers for AD. By integrating multiple transcriptome datasets, we
conclusively identified RRM2, LCE3D, CNFN, and SPRR2G as AD biomarkers with diagnostic potential.

T cells are pivotal in the pathogenesis of AD. Activated Th2 cells secrete interleukins IL-4, IL-5, IL-13, and IL-31,
which facilitate IgE production by B cells, thereby exacerbating the pathological progression of AD.?” Conversely, Treg
cells are crucial in modulating inflammation resulting from skin injury and allergen-specific immune responses, serving
as significant inhibitors of skin inflammation in AD patients.”® The abundance of these cell types is often associated
with AD severity; an increase in Th2 cells correlates with heightened disease severity, whereas an increase in Treg cells
is typically indicative of symptom amelioration. In our study, we observed that the expression levels of RRM2, LCE3D,
CNFN, and SPRR2G were positively associated with GATA3 (a Th2 cell transcription factor) and negatively associated
with Foxp3 (a Treg cell transcription factor) in the PBMCs of AD patients. The SCORAD score is a clinical tool
employed to assess AD severity, recognized as the most effective clinical measure for reflecting AD severity, and is
extensively utilized in both clinical evaluations and scientific research pertaining to AD. Our study demonstrated
a significant positive correlation between the relative expression levels of LCE3D and CNFN in the lesional skin tissue
of AD patients and their SCORAD scores. The elevation of serum IgE levels serves as a crucial diagnostic marker
for AD and is positively associated with the disease’s severity. Furthermore, we observed that the relative expression
levels of LCE3D, CNFN, and SPRR2G in PBMCs of AD patients were significantly positively correlated with serum IgE
levels. These findings suggest that LCE3D, CNFN, and SPRR2G may serve as biomarkers indicative of AD severity.

Inflammatory signaling pathways are markedly activated in AD, leading to an upregulation in the expression of
cytokines, including IL-4, IL-5, IL-13, and IL-22, as well as chemokines such as CCL2, CCL17, and CCL22. This
upregulation facilitates the activation and migration of inflammatory cells, thereby exacerbating the inflammatory
response in the skin. Correlation analysis and GSEA analysis have identified that RRM2, LCE3D, CNFN, SPRR2G
were significantly positively correlated with key genes in several inflammatory signaling pathways, such as IL-17, JAK-
STAT, NF-«B, TNF-a, Chemokine, and MAPK signaling pathways. The overexpression of these four genes is implicated
in the activation of these signaling pathways. These findings suggest that RRM2, LCE3D, CNFN, and SPRR2G may play
a critical role in the pathogenesis and progression of AD, highlighting their potential as therapeutic targets for the
treatment of this condition.

RRM?2 is a subunit of ribonucleotide reductase (RNR), it is involved in the generation of deoxynucleotides during
DNA synthesis and repair. It is integral to cellular growth, proliferation, and DNA repair mechanisms. Notably, RRM?2 is
overexpressed in various cancers, facilitating tumor cell proliferation, invasion, and resistance to chemotherapy.
Consequently, RRM2 is considered a potential biomarker for liver cancer, lung adenocarcinoma, breast cancer, and
other malignancies.®” Recent research has demonstrated elevated RRM2 expression in PBMCs of patients with rheuma-
toid arthritis, suggesting its potential diagnostic utility in this condition.*® Furthermore, serum RRM2 levels may serve as
a biomarker for diagnosing and monitoring liver fibrosis in chronic hepatitis B.*' In this study, we report that RRM2 is
significantly overexpressed in the skin tissue and PBMCs of patients with AD, indicating its diagnostic value.
Additionally, GSEA revealed a positive correlation between RRM2 overexpression and the activation of multiple
inflammatory pathways. Thus, RRM2 may play a crucial role in the pathogenesis and progression of AD and represents
a potential therapeutic target for this condition.

LCE3D, a constituent of the Late Cornified Envelope (LCE) family, encodes structural proteins in keratinocytes and
is predominantly expressed in the epithelial cells of the skin and mucous membranes. Peng et al demonstrated that
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LCE3D is significantly upregulated in the lesional skin tissue of patients with AD, suggesting its utility as a potential
diagnostic biomarker for AD skin tissue.** Building on this foundation, our research identified elevated expression levels
of LCE3D in the PBMCs of AD patients, proposing its potential as a diagnostic biomarker for AD in peripheral blood.
Furthermore, LCE3D expression is strongly associated with various clinical indicators reflecting AD severity, indicating
its prospective value as a biomarker for assessing disease severity. Collectively, these findings underscore the potential
diagnostic significance of LCE3D in AD.

CNFN and SPRR2G are predominantly expressed in human skin, yet their biological functions remain underexplored.
Some studies have indicated that CNFN and SPRR2G are highly expressed in the lesional skin of psoriasis patients.***
However, to date, no investigations have been conducted on the association between CNFN, SPRR2G, and AD. Our
research identified an upregulation of CNFN and SPRR2G in AD skin tissues and PBMCs. This upregulation may
contribute to the chronic inflammation characteristic of AD, as the overexpression of CNFN and SPRR2G is linked to the
activation of multiple inflammatory pathways. Nonetheless, this hypothesis requires validation through further research.

This study has elucidated the potential biological functions of RRM2, LCE3D, CNFN, and SPRR2G in AD.
Nonetheless, due to inherent limitations, our sample size of AD patients was restricted. Future research should focus
on conducting larger-scale, multicenter studies to comprehensively assess the diagnostic potential of RRM2, LCE3D,
CNFN, and SPRR2G within the context of AD. Furthermore, while our findings underscore the diagnostic significance
and suggest potential biological mechanisms involving these biomarkers in AD, their specific roles in the pathogenesis
and progression of the disease warrant further investigation.

Conclusion

In this study, we conducted an analysis of AD transcriptomes and single-cell sequencing datasets. Through an integrated
bioinformatics approach, we identified RRM2, LCE3D, CNFN and SPRR2G as potential diagnostic indicators for AD
patients and validated their diagnostic efficacy using multiple external datasets. In addition, we found that the expression
of RRM2, LCE3D, and CNFN in the lesional skin of AD patients after treatment was significantly decreased, which is of
diagnostic value. Subsequent analyses revealed correlations between LCE3D, CNFN, and SPRR2G with several
indicators that directly reflect AD severity. Collectively, these findings demonstrate that LCE3D and CNFN possess
not only diagnostic value for AD but also the capacity to indicate disease severity and reflect clinical therapeutic
outcomes. Additionally, we discovered that the overexpression of RRM2, LCE3D, CNFN, and SPRR2G is positively
associated with the activation of multiple inflammatory pathways. In conclusion, our research identifies novel diagnostic
markers in peripheral blood and lesional skin tissue for AD, elucidates the potential of these biomarkers in assessing AD
severity, and proposes innovative targets for the diagnosis and treatment of AD.
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