Journal of Inflammation Research Dovepress
Taylor & Francis Group

ORIGINAL RESEARCH
PI3 as a Common Hub Gene Linking Atopic
Dermatitis and Ulcerative Colitis Through
Immune Cell Recruitment Mechanisms

Dan Jian, Jian Chen, Jinping Yuan, Kunwar Namrata, Dan Su, Bingxue Bai

Department of Dermatology, The Second Affiliated Hospital of Harbin Medical University, Harbin, 150000, People’s Republic of China

Correspondence: Bingxue Bai, Department of Dermatology, The Second Affiliated Hospital of Harbin Medical University, 246 Xuefu Road, Nangang,
Harbin, 150000, People’s Republic of China, Tel +86-15114517408, Email baibingxue@hrbmu.edu.cn

Background: Atopic dermatitis (AD) and ulcerative colitis (UC) are increasingly prevalent, and growing evidence suggests
a potential link between them. However, the shared pathogenesis remains unclear. This study aims to identify the hub genes and
immunological features underlying the connection between AD and UC.

Methods: In this study, we downloaded the GSE121212 and GSE75214 datasets from the GEO database. Differentially expressed
genes (DEGs) were identified through DESeq2 and limma R packages, revealing enrichment in immune-related pathways such as
neutrophil migration and chemokine signaling. Subsequently, weighted gene co-expression network analysis (WGCNA) and protein-
protein interaction (PPI) network analysis were performed to identify common candidate genes. Three machine learning algorithms
were employed to select the hub gene, and single-cell RNA sequencing was used to validate the findings.

Results: Seven common candidate genes (CXCLI1, CCL20, CXCL2, ZC3H12A, PI3, CXCL3, LCN2) were identified, showing
significant expression differences in both diseases and associations with immune cell infiltration. Among them, P13 emerged as the hub
gene with strong diagnostic potential (AUC > 0.95) based on three machine learning models. Single-cell RNA sequencing supported
high PI3 expression in UC intestinal epithelial cells and AD keratinocytes, with correlations to certain CCL and CXCL chemokines.
These chemokines play overlapping roles in recruiting M1 macrophages, CD4 T cells, and neutrophils, thereby regulating inflamma-
tion in both AD and UC.

Conclusion: Our study uncovers shared immune cell recruitment mechanisms in both diseases, suggesting that CCR1 may serve as
a potential common target. Additionally, PI3 is identified as a potential biomarker for both AD and UC, providing new insights into the
mechanisms and potential connections between these diseases.
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Introduction
Atopic dermatitis (AD) is a prevalent inflammatory skin disorder characterized by eczema-like lesions, intense pruritus,
and a recurrent course.' Its prevalence has increased in recent years, affecting approximately 20% of children and 7-14%
of adults, leading to substantial socio-economic burdens.” Emerging evidence suggests that AD may be a systemic
inflammatory disease associated with inflammatory comorbidities, including inflammatory bowel disease (IBD).?
Ulcerative colitis (UC), a subtype of IBD, is distinguished by chronic intestinal inflammation, presenting with
symptoms such as bloody diarrhea, abdominal pain, and tenesmus.* Over the past decade, UC has emerged as
a global public health imperative.” Notably, UC extends beyond the digestive system, affecting cutaneous tissues and
showing a strong correlation with AD.°
Recent investigations have revealed a bidirectional association between AD and UC.”® In particular, adult patients
with AD show a significantly increased risk of developing UC.%'° It has been documented that both AD and UC are

ailments that involve a compromised superficial barrier. Barrier defects may result in a pathological condition
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characterized by the colonization of opportunistic bacteria and migration of immune cells, thereby instigating enhanced
local inflammation and disruption of the barrier at distant sites.'"'

Indeed, AD and UC share common immunological features, including Th2 cell dominance during the acute phase of AD
and the involvement of Thl, Th17, and Th22 cells during the chronic phase. Similarly, UC is primarily driven by Th2-type
inflammation but also involves Th1 and Th17 responses.'>** In addition, AD and UC share multiple susceptibility loci that
encompass genes pertinent to adaptive immunity, including STAT3, CCL17, CCR4, and IL2/IL2.*"® Despite advancements
in the field, the specific immune cells and associated cytokines engaged in this mechanism remain unclear, and there is
a deficiency of reliable biomarkers capable of prognosticating the concurrent manifestation of AD and UC.

To date, there is a lack of systematic studies integrating bulk and single-cell transcriptomic analyses to explore the shared
pathogenic mechanisms between AD and UC. This study aims to predict potential biomarkers and common pathways of AD

and UC by integrating both data types, thereby elucidating their pathogenesis from an immunological perspective.

Methods

Data Preprocessing and Differential Expression
Samples were acquired from the gene expression omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/). The

series matrix files of GSE121212 and GSE75214 were subjected to be data preprocessed separately. Subsequently, we
employed [FC>2 and p-adjust<0.05 as the filtration conditions using the “DESeq2” R package and “limma” R package to
isolate the differentially expressed genes (DEGs) in the two datasets independently.'® The R package “ggplot” was
deployed to map the differentially expressed genes of DEGs procured from the two datasets.

Enrichment Analysis Analysis

The enrichment analyses of DEGs were executed by the clusterProfiler package.'” Gene ontology (GO) is primarily
concerned with specific functional classifications of genes,'® and encyclopedia of genes and genomes (KEGG) is chiefly
engaged in the gene-associated signaling pathways.' ' The regulation and function of genes across various biological
conditions were evaluated using Gene Set Enrichment Analysis (GSEA).

Weighted Gene Co-Expression Network Analysis (WGCNA)

WGCNA is a computational methodology to explore the associations between co-expressed genes and disease
phenotypes.*? Initially, the co-expression matrix for top 75% of genes filtered by median absolute deviation (MAD)
screened was determined by calculating the Pearson correlation coefficients. Based on the calculated soft threshold f, the
topology matrix TOM, the hierarchical clustering tree and gene modules are successively generated. Modules were
selected based on their clinical characteristics demonstrating highest correlation coefficients, and p-values of <0.05 were
considered. The genes in these modules and up-DEGs were intersected by constructing Venn diagrams through the online
jvenn website (http://jvenn.toulouse.inra.fr/app/example.html), which served as the subsequent step in the analysis.

PPl (Protein-Protein Interaction) Network and Expression Validation
The STRING database (https://string-db.org/) and cytoscape software was utilized for PPI network fabrication.”> The
CytoHubba plugin in Cytoscape was utilized to quantify the magnitude of protein nodes, and edge penetration component

(EPC) algorithms were selected to identify candidate genes.”* Subsequently, the receiver operator characteristic (ROC)
curve was plotted, and the diagnostic utility of reliable candidate genes was evaluated by calculating the area under the
ROC (AUC). An AUC>0.8 was considered indicative of ideal diagnostic value. Moreover, GSE16161 and GSE87466, as
external validation cohorts, were employed for verification of candidate gene expression levels.

Immune Analysis Algorithm
CIBERSORT is a prevailing method for calculating immune cell infiltration, which employs the principle of linear
support vector regression to deconvolve the expression matrix of 22 immune cell subtypes to estimate the abundance of
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immune cells.”® In R software, the correlation between candidate biomarkers and immune-infiltrated cells was deter-
mined by Spearman rank correlation analysis, and the result visualization was rendered by the “ggplot2” package.

Machine Learning Analysis

To further screen for diagnostic hub genes, three machine learning algorithms were applied. The least absolute
shrinkage and selection operator (LASSO) is a regression analysis algorithm that discards genes with minimal
contribution to the disease via the “glmnet” package, thereby isolating those of greater significance.”® The Random
Forest method, utilizing the “randomforest” package, was applied to assess and rank the relative importance of each
gene.”” Additionally, support vector machine - recursive feature elimination (SVM-RFE) is an embedded-based
machine analysis algorithm that sieves the optimal features of the data.”® The “e1071 R” package is employed to
execute the SVM classifier model.

miRNA-TF-mRNA Network Construction

The human microRNA disease database (HMDD) was utilized to identify common miRNAs associated with both AD
and UC diseases.”’ Subsequently, the TransmiR database was employed to procure the TFs of these miRNAs.>
Concomitantly, TFs targeting the hub genes were predicted using the PROMO database, and the resulting regulatory
network was visualized using Cytoscape.>' Promoter sequences of these hub genes were retrieved from the NCBI
database. Ultimately, the shared miRNAs, hub genes, and transcription factors were integrated to construct a miRNA—

TF-mRNA regulatory network using Origin software.

Immunohistochemistry (IHC)

IHC was utilized to assess the relative protein expression levels of pivotal markers in patients with AD and UC, respectively.
The samples required for this study were obtained from May 2023 to December 2023 at the Department of Dermatology of
the Second Affiliated Hospital of Harbin Medical University and the Department of Pathology of the Second Affiliated
Hospital of Harbin Medical University. The sample consisted of 12 lesional skin tissues from patients with moderate-to-
severe AD and 5 normal human skin tissues, and 8 active UC intestinal lesions and 5 normal human intestinal tissues. All

samples were confirmed by pathologists and dermatologists to be AD, UC and normal human tissues.

Single-Cell RNA Sequencing (scRNA-Seq) Analysis

ScRNA-seq data were obtained from GSE214695 (6 UC and 6 HC biopsy samples), GSE197023 (3 AD and 2 HC
suction blister samples) and GSE153760 (3 AD and 4 HC biopsy samples), which were processed utilizing the
“Seurat” package in R. To ensure data quality, we removed doublets, filtered out cells with more than 10%
mitochondrial gene content, and corrected for batch effects using the “harmony” package. The Uniform Manifold
Approximation and Projection (UMAP) algorithm was employed for cell clustering, with each cluster being
annotated through a combination of literature review and the “SingleR” package. Finally, we utilized the
“CellChat” package to calculate ligand-receptor interactions and construct the cell communication network.

Results

The Data Information and Expression of Differential Gene

The data sets for the AD dataset GSE121212 and the UC dataset GSE75214 were incorporated into this study (Table 1).
Through difference analysis, the AD dataset comprised 1751 up-regulated expression of differential genes (DEGs) and
1500 down-regulated DEGs. The UC dataset encompassed 660 up-regulated DEGs and 494 down-regulated DEGs.
A total of 136 genes manifested overlap in the up-regulated genes of AD and UC, while 43 genes were found to be co-
down-regulated (Figure 1A).
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Table | Summary of Those Four GEO Datasets Involving AD and UC Patients

Data Set Samples Tissue Disease | Group
GSE140684 | 21 from lesions skin and 38 from healthy skin | Skin AD Discovery cohort
GSE75214 97 form UC and 22 from controls Colon and ileum | UC Discovery cohort
GSEl6161 9 from lesional skin and 9 from healthy skin Skin AD Validation cohort
GSE87466 87 form UC and 21 from controls Colon ucC Validation cohort
GSE214695 | 6 UC and 6 HC biopsy samples Colon ucC ScRNA-seq
GSE197023 | 3 AD and 2 HC samples Skin AD ScRNA-seq
GSEI53760 | 3 AD and 4 HC biopsy samples Skin AD ScRNA-seq

Abbreviations: AD, atopic dermatitis; UC, ulcerative colitis; scRNA-seq, single-cell RNA sequencing.

Functional Enrichment Analysis

For co-up-regulated genes, KEGG pathway was enriched in cytokine-cytokine receptor interactions, JAK-STAT signaling
pathways and other immune and inflammation-associated pathways, whereas the co-down-regulated genes were primar-
ily associated with metabolic pathways (Figure 1B). The peaks plot of GSEA indicated that the genes were upregulated
in monocytes or dendritic cells within specific immune-related gene sets (Figure 1C). According to the chord plot, GO
enrichment was predominantly enriched in leukocyte migration, response to lipopolysaccharide, and neutrophil migration
(Figure 1D).

|dentification of Disease-Related Key Modules

In the UC dataset, one outlier was eliminated, and the optimal soft threshold was ascertained to be 16 by the “WGCNA”
package. Parameters such as minModuleSize=100, deepSplit=2, and MEDissThres=0.25 were established as the cluster-
ing conditions, and 15 modules were identified. The magenta module (R=0.64 and P<0.05), comprising 555 genes, had
the highest correlation with AD (Figure 2A—C). With the same methodology, 10 modules were again discerned in the AD
dataset, applying a soft threshold of 16. The tan module (R=0.85 and P<0.05) was selected as having the highest
correlation with AD, comprising 2019 genes (Figure 2D-F).

|dentification and Validation of Candidate Genes

By intersecting the up-regulated genes and positively correlated modules of AD and UC, we obtained a more central set
of 26 genes (Figure 3A). Subsequently, we undertook PPI network analyses to quantify and rank the core importance of
the genes (Figure 3B). Ultimately, 7 common candidate genes were ascertained, comprising CXCL1, CCL20, CXCL2,
ZC3HI12A, P13, CXCL3, and LCN2 (Figure 3C). Concomitantly, the AUC values of exceeded 0.8, thereby supporting
that they possess favorable diagnostic properties for AD (Figure 3D) and UC (Figure 3E). In external datasets, violin
plots demonstrated a significantly elevated expression of candidate genes in AD lesions compared to healthy controls
(Figure 3F), as well as in UC tissues relative to healthy controls (Figure 3G). To further elucidate the role of the
candidate genes in immune infiltration, we conducted a correlation analysis between the candidate genes and the
abundance of immune cells. As anticipated, the seven candidate genes exhibited a strong correlation with immune cell.

Machine Algorithms for Screening Hub Biomarkers

Genes with importance scores exceeding 2 were selected using the random forest algorithm, resulting in four genes
for AD (Figure 4A and B). The LASSO algorithm, when minimizing the mean squared error (MSE), identified
ZC3HI12A and PI3 as being more prominently characterized in AD (Figure 4C). SVM-RFE analysis further confirmed
that ZC3H12A and PI3 had the greatest impact on AD (Figure 4D). For UC, the random forest algorithm identified six
relevant genes (Figure 4E and F). LASSO regression analysis showed that PI3 and CXCL3 had the strongest predictive
power (Figure 4G), while SVM-RFE analysis indicated that all seven candidate genes had significant effects on UC
(Figure 4H). Consequently, we identified PI3, a co-overlapping feature gene, as an optimal diagnostic biomarker for
both AD and UC (Figure 4I).

11856 ‘= Journal of Inflammation Research 2025:18



Jian et al

A B

KEGG Enriched pathways
lati . . o .
SLC6A14 reguation Cytokine—cytokine receptor interaction
e AD_down and UC_down i .
MMP3 AD_down and UC_up g IL-17 signaling pathway
N 510048 AD_up and UC_down & |TNF signaling pathway
@0 of ynp1 e AD_upand UC_up =] . - )
IGKV2-24 Chemokine signaling pathway
-log10(FDR_UC) NOD-like receptor signaling pathway
8, o 10 - NF-kappa B signaling pathway
Q o7 ° 20 JAK=STAT signaling pathway
[ o 30 n T
° o - - Metabolism of xenobiotics by cytochrome P450
-‘ ; . .
BMR;P‘.!.: A ~log10(FDR_AD) 3 Retinol .meta.bollsm
N ”‘PRKG . o 10 L |PPAR signaling pathway
.2:MTTP O 20 _§ Arachidonic acid metabolism
XPRPER2 8 jg Fat digestion and absorption
O 50 0 5 10 15
pe 5 : -log10(Pvalue)
logFC_AD

GSE29618_ MONOCYTE_VS_MDC_UPA

GSE37605 TREG_VS_ | '°9“1";
TCONV_NOD_FOXP3_FUSION_GFP_UP :

13

GSE29617_CTRL_VS._| 11
DAY7_TIV_FLU_VACCINE_PBMC_2008_UP :

0.9

GSE22886_NAIVE_CD4_TCELL VS_|
NEUTROPHIL_DN

GSE43955_THO_VS_|
TGFB_IL6_TH17_ACT_CD4_TCELL_42H_DN

0 2 4 6

@ OO
# Ilu % ID Description

fv
é’q? %,
S % S
S ﬂ. . *‘ o) G0:0050900 leukocyte migration
© ‘ GO:0006935

chemotaxis

@
o
'g G0:0032496 response to lipopolysaccharide
.. g G0:0002237 response to molecule of bacterial origin
o

’ G0:1990266 neutrophil migration
q. . ‘ & ~.°0 G0:0006631 fatty acid metabolic process
2,

. G0:0044282
0@6 m
¢
(]

A ,e?é G0:0006066 alcohol metabolic process
'bo > v G0:0044282 small molecule catabolic process
+9909, gg.,,geﬁ""o G0:0008202 steroid metabolic process
G0:0016042 lipid catabolic process
z-score logFC
- - ® downregulated @ upregulated
decreasing increasing

Figure | Enrichment analysis results of DEGs. (A) Overlapping shared genes between the AD and UC. (B) The KEGG analysis of DEGs. (C) GSEA analysis of DEGs. (D)
The GO analysis of DEGs.

Abbreviations: DEGs, differentially expressed genes; GO, gene ontology; KEGG, kyoto encyclopedia of genes and genomes; GSEA, gene set enrichment analysis.
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Figure 2 The results from WGCNA. (A) The cluster dendrogram of co-expression genes in UC. (B) Module—trait relationships in UC, each module contains the
corresponding correlation and p-value. (C) Scaleless index and average connectivity of individual soft thresholds for UC. (D)The cluster dendrogram of co-expression genes
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Abbreviation: WGCNA, weighted gene co-expression network analysis.
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Figure 3 Protein interaction network construction and visualization. (A) The Venn diagram showed the intersecting gene between up-DEGs and positively correlated
modules. (B) PPl network construction. (C)Top 7 genes in Cytohubba software by EPC algorithm. (D) AUC of the candidate genes in GSE121212. (E) AUC of the candidate
genes in GSE75214. (F and G) The expression levels of the candidate genes between disease group(yellow) and normal control group(blue) in the validation cohort
(GSEI6161 and GSE87466). (H and 1) Correlation matrix of candidate genes and cells calculated by CIBERSORT in AD and UC. *P<0.05, **P<0.01, ***P<0.001.
Abbreviations: EPC, edge penetration component; ROC, receiver operator characteristic; AUC, area under the curve of ROC; PP, protein—protein interaction.

Construction of miRNA-TF-mRNA Network

Predicated upon the evidence accrued from the HMDD database, 58 miRNAs were isolated in AD, and 35 miRNAs in
UC; 16 miRNAs (has-miR-155, has-miR-21, has-miR-223, etc) were ascertained as common miRNAs intersecting
both AD and IBD. Thenceforth, interactions between target genes and TFs were prognosticated by PROMO, and 17
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TFs were uncovered. The interactional network was architected via Cytoscape software, wherein FOXP3 and YY1 could
engage with above miRNAs. A visualized alluvial diagram elucidates key mRNA-TF-miRNA molecular regulatory axes
(Figure 4J), encompassing has-miR-155/ YY 1/PI3, has-miR-142/FOXP3/PI3 etc.

Relative Protein Expression Levels of the Hub Marker

Positive expression of PI3 was predominantly observed within the keratin-forming cells of the epidermal epithelium
in AD, accompanied by a minor extracellular expression. The expression of PI3 in AD exhibited a statistically significant
disparity when compared to normal skin tissue (p value < 0.0001) (Figure 5A). To assess the diagnostic efficacy of the
screened gene, we employed ROC curve analysis. The AUC values of PI3 exceeded 0.95 in AD (Figure 5B). Similarly, in
UC, PI3 was detected on the surface of the intestinal mucosa and within the epithelial cells, displaying a significant
deviation from normal intestinal tissue (p value < 0.01) (Figure 5C). The AUC value of PI3 also exceeded 0.95 in UC
(Figure 5D), supporting its favorable diagnostic potential for both AD and UC.

Single-Cell Characterization and Cellular Communication in UC

To further substantiate the expression patterns of candidate genes, we conducted an analysis of single-cell data from AD
and UC samples. Our analysis identified 19,244 cells in AD tissue and 17,219 cells in UC tissue. In the UC dataset, all
cells were categorized into six distinct clusters (Figure 6A). Compared to the healthy population, UC patients exhibited
an increase in immune cells and a decrease in intestinal epithelial cells (Figure 6B). Subsequently, we evaluated the
expression levels of the candidate core genes across different cell clusters (Figure 6C). We further isolated T cells and
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discovery cohort. ¥*¥P<0.01, ****P<0.0001, Scale bar = 50 pum.
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Figure 6 ScRNA-seq analysis of UC and healthy samples. (A) UMAP clustering was performed on cells integrated from 6 UC and 6 HC biopsy samples. (B) Cell scale graph
showing proportional changes in cell populations between HC and UC. (C) UMAP diagram showing gene expression patterns in different cell types. (D) UMAP Clustering of
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Abbreviations: UMAP, manifold approximation and projection; HC, healthy control; DCs, dendritic cells; M, Macrophages.
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myeloid cells, subdividing them into six and three clusters, respectively. PI3 showed high levels of expression in UC
intestinal epithelial cells and neutrophils. CCL20 was predominantly expressed in memory-activated CD4" T cells.
CXCL2 and CXCL3 were mainly expressed in M1/M2 macrophages, while CXCL1 was highly expressed in M1
macrophages and neutrophils. ZC3H12A was widely distributed among various cell types (Figure 6D-G).
Furthermore, PI3 exhibits significant positive correlations with multiple chemokines, suggesting that it is likely involved
in the regulatory network of these chemokines (P < 0.05) (Figure 6H).

To elucidate the role of various immune cells in signaling, we conducted an analysis of intercellular communication.
Our findings indicate that Memory Activated CD4 T cells, Eosinophils, and NK T cells assume a pivotal regulatory
function in signaling within UC (Figure 6I). These cells are capable of both sending and receiving signals within the CCL
and CXCL signaling pathways (Figure 6J). The top five contributors to receptor-ligand interactions within the CCL and
CXCL signaling pathways, which facilitate information transmission and immune cell activation, included CCL3-CCR1,
CXCL13-CCR1, CCL20-CCR6, among others (Figure 6K).

Single-Cell Characterization and Cellular Communication in AD

The AD dataset was systematically categorized into 16 distinct cellular clusters (Figure 7A). Analysis revealed that
patients with AD exhibited an increase in immune cell populations and a decrease in epidermal cells relative to healthy
individuals (Figure 7B). Notably, the expression levels of PI3 were predominantly elevated in keratinocytes, particularly
within the suprabasal layer. The expression levels of CXCL1, CXCL2, CXCL3, and CCL20 were found to be elevated in
immune cells, mirroring the expression patterns observed in UC (Figure 7C). Additionally, correlation heatmaps
demonstrated significant associations between PI3 and CXCL1, CXCL3, and CCL20 (P < 0.05) (Figure 7D). The
cellular communication results showed that basal keratinocytes (Basal KC), proliferating keratinocytes (Proliferating
KC), plasmacytoid dendritic cells (pDC), and M2 macrophages demonstrated higher intensities of both sending and
receiving signals in AD, suggesting their pivotal role in the signaling network (Figure 7E). Based on the transcriptome
results, we focused on the chemokine signaling pathway and found that supraspinous KC and proliferating KC exhibited
significant sensitivity to CXCL signaling and were identified as principal sources of such signals (Figure 7F). In contrast,
T cells and conventional dendritic cells type 1 (cDC1) predominantly acted as the signal recipients, highlighting their
crucial role in responding to chemotactic signals. The ligand CCL13 and the receptor CCL3, which significantly
contribute to the CCL and CXCL signaling pathways, establish strong interactions with CCR1 and CCR6. The results
suggest that AD and UC share similar immune activation profiles, especially involving the recruitment of immune cells
such as macrophages, T cells, and neutrophils.

Discussion
In this study, we combined transcriptome sequencing data and single-cell expression profiling to elucidate the shared
immunological mechanisms underlying AD and UC and to identify potential biomarkers. Firstly, we isolated 26 common
DEGs by difference analysis and WGCNA using datasets from the GEO database. The enrichment analyse results
suggested abnormal migration of neutrophils, cytokine-cytokine receptor interactions, and JAK-STAT signaling pathways
may be implicated in both diseases. Subsequently, we constructed a PPI network to screen seven candidate genes
(CXCL1, CCL20, CXCL2, ZC3HI12A, PI3, CXCL3, LCN2) and verified their high expression levels and diagnostic
utility using external datasets. In addition, three machine learning algorithms were used to apply the identification of
a hub gene (PI3), and external datasets supported its strong diagnostic performance (ROC>0.95). Immunohistochemical
(IHC) validation confirmed its high level of expression in both AD and UC. Notably, we employed single-cell RNA
sequencing (scRNA-seq) to assess the expression of key genes in cells and further investigated chemokine interactions
between these cells. Our findings indicate that PI3 has the potential to serve as a diagnostic biomarker for AD and UC, as
well as that CCL and CXCL signaling molecules emerge as potential targets for modulating immune responses in both
diseases.

PI3, also known as SKALP or elafin, is a specific protease inhibitor that functions to inhibit tissue protein degradation
and inflammation induced by neutrophil elastase and elastase 2a (ELA2A). Our analysis revealed elevated expression of
PI3 in both adult AD lesional skin and UC intestinal epithelium. Notably, it was learned that increased PI3 expression

Journal of Inflammation Research 2025:18 hetps: 11863



Jian et al

A

® Basal KC
® Proliferating KC Basal KC
® Spinous KC Proliferating KC
T cell HC T cell
e LC LC
Main DC Main DC
° M2 m%
& M1 mDC
® mDC AD pDC
e pDC cDC1
Mast cell
cDC1 4
M " Fibroblast
S Melanocyte
Tcell Mast cell ® Fibroblast 0.00 0.25 050 0.75 1.00 [l Endotheiial cell
o ® Melanocyte
o ® Endothelial cell
i)
g Melaﬂy\e
umap_1
C PI3 cxeLs cxeL cxcL2
10 10 10 10
5 ) 6 5 5 5 4 5 5
3 o W iy b ;
g 0 L, E0 ;80 280 2
5 : 5 P 15 1
-5 o s 0 o s 0
-10 -10 -10 -10
-0 -5 0 5 10 -0 -5 0 5 10 -0 -5 0 5 10 -0 -5 0 5 1
umap_1 umap_1 umap_1 umap_1
LCN2 ZC3H12A ccL20 D © w -
o o - =
T 33 3 3 2 2
10 10 10 8 88385 8 35 &
1
5 . @@
(l g ‘l !g CCL20 o,:w‘ D @ < flos
N B 0.4
g 0 f g 0 f CCL3 0.6 0,19. ”
. M . o CXCL1 o035 o4s 0.45. D O @ . ;
CXCL16 0.28 043 0.10 0.49. - 02
-10 -10 -10 CXCL2 034 0.41 027 041 u.ls.. 04
-0 -5 0 5 10 -0 -5 0 5 10 -0 -5 0 5 10 CXCL3 033 032 027 040 0.37 oAss. - 06
umap_1 L umap 1 PI3 -0.16 0.40 -0.21 0.63 0.23 -0.01 o8
=0. .40 0. X » .01 0.41
E F oo | ® -
6 M2e_ @
T cell SPinous KC £
£ o ® &€ 20.04
S '51 Supraspinous KC %
% c Count Is)
s Count 20.03 ) %
'-34 ® 200 ] ®2 %
8 ® 250 5 @4 3
s Prolfegating KC s £002 ®c
== ® 400 =3 ®s &
2 Majn DC pDCe F "0
§ 5 ke § 0.01 ’an:praspinous KC CxCL\G
c S as n A
= | goc & pDC M2Spinous KO cell Main C CxcL1e ( sl
1 o\1 0.00{ #efizaikerdlifefiffig KC |lcxcLte
2 3 4 5 0.000 0.005 0.010 0.015 [\
Outgoing interaction strength Outgoing interaction strength CXC\_\B | /
G H R .\ %y,
Outgoing signaling patterns s Incoming signaling patterns 0\:\ n?\ ~ - % ”O ¢
KoE °;]777 o i Sy S == Q
oozl Il mm omm W e © o o o
5 © o] ((% Cell State
MR -
cxcL cxcL I 5 g © 7 B et G
R &) fe
H ' I Main DC
H | 1V
2 o oM
ccL coL I e
cDC1
=S oo —oo =%
ELLLBIRBESEES
TOR A~ £aq
£33 ©
8= 29
o S E.E =
LSF
5°8
a g
@D

Figure 7 ScCRNA-seq analysis of AD and healthy samples. (A) UMAP clustering was performed on cells integrated from healthy skin (n = 4), AD lesion skin (n = 3), and AD
(n = 3) suction blister and HC (n = 2) suction blister samples. (B) Proportional changes in cell populations between HC and AD. (C) Expression patterns of candidate genes
across different cell populations. (D) Spearman correlation matrix showing the relationships between PI3 and chemokines. (E) Global signaling interaction strengths among
different cell types. (F) CXCL and CCL signaling interaction strengths. (G) Outgoing signaling patterns of CXCL and CCL chemokine families. (H) Incoming signaling
patterns of CXCL and CCL chemokine families. (I) A circle plot illustrated the top five ligand-receptor interactions related to CXCL and CCL. *P<0.05, **P<0.01.
Abbreviations: KC, keratinocyte; LC, langerhans cell; mDC, myeloid dendritic cell; pDC, plasmacytoid dendritic cell; cDCI, conventional dendritic cell |.
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found exclusively in UC among the two subtypes of IBD, highlighting its specificity in UC and suggesting its potential as
a diagnostic marker to differentiate between CD and UC phenotypes.> Some researchers have found that serum PI3
levels correlate with AD severity, and that there was a significant positive correlation between lesional/non-lesional skin
and blood expression of PI3.>* This correlation revealed a possible inflammatory amplification of AD.

Significantly, through single-cell mapping and IHC, we determined that PI3 exhibited heightened expression in
keratinocytes of AD skin lesions and epithelial cells of UC. This elevated expression may be attributed to PI3’s known
role in enhancing the epithelial barrier and its antimicrobial properties.** The aforementioned findings suggest that
PI3 has the potential to serve as a common biomarker for AD and UC.

Our study further highlights that CCL and CXCL signaling molecules have common targets of action in both AD and
UC. CCL20, CCL3 chemokines play a crucial role in the recruitment of macrophages, dendritic cells, CD4 T cells, and
eosinophils, which primarily regulate chronic inflammation, while CXCL1/2/3 chemokines mainly regulate neutrophil
migration. These findings align with our results. Specifically, CCL3/CCL3L1-CCR1 and CXCL13/CXCL16-CCR1 were
found to have pro-inflammatory roles in both UC and AD immune environments. This suggests that AD and UC may
share similar immune activation patterns, which may influence disease progression or even contribute to the development
of comorbidities.

On the basis of the immunoassay results, the upregulation of PI3 was found to be associated with increased
abundance of memory activated CD4 T, plasma cells, and neutrophils. This may be attributed to two factors: on the
one hand, PI3 likely plays a role in the activation or proliferation of these immune cells, and on the other hand, PI3 was
positively correlated with the expression of chemokines such as CXCL1, CXCL3, and CCL20, whose elevated levels
may promote the recruitment of various inflammatory cells, thereby potentially exacerbating inflammation. Additionally,
the negative correlation with CCL3 and CCLS5 suggests that P13 may possess bidirectional immunoregulatory properties.

Our enrichment analysis suggests that the pathogenesis of both AD and UC may involve the JAK-STAT inflammatory
pathway. Currently, upadacitinib, a JAK1 inhibitor, is approved for the treatment of moderate-to-severe AD and UC.*>°
Recent studies have demonstrated that the JAK inhibitor ASN002 can reduce PI3 expression.>’ A previous study
observing colitis mice treated with a PI3 transgenic drug found that increasing PI3 expression normalized the tight
junction protein ZO-1 and modulated the intestinal flora.*® In addition, PI3 promotes wound tissue repair and healing by
inhibiting proteases and preventing extracellular matrix degradation.*® Given its role in barrier repair and modulation of
immune recruitment, PI3 may serve not only as a shared diagnostic biomarker for AD and UC but also as a potential
therapeutic target—particularly for patients with poor responses to JAK inhibitors or severely compromised barriers.

Apart from this, our research revealed that 17 miRNAs (including has-miR-155, has-miR-21, and has-miR-223) and 2
transcription factors (YY1 and FOXP3) may be involved in the shared mechanisms of AD and UC. The role of FOXP3 in
regulating the differentiation and function of CD4+ regulatory T cells (Tregs) to prevent immune hyperactivation and
mediate immune suppression is well-established.*™*' MiR-155 has been shown to play a crucial role in inflammation by
targeting various genes that modulate Treg/Th17 immune balance, influencing both Foxp3 and RORyt expression.** The
interaction between has-miR-155, FOXP3, and PI3 may represent a novel mechanism linking these two diseases.
However, further studies are needed to validate the specific epigenetic mechanisms involved.

Nevertheless, there were some limitations to this study: Firstly, the primary aim of this study was to explore the
association between AD and UC. However, both UC and CD were recognized as subtypes of IBD, and while they
exhibited differing specificities, existing literature suggested that both conditions were linked to AD to varying extents.
Additional scrutiny was warranted to elucidate these discrepancies. Secondly, in spite of a predicted epigenetic network
of hub genes, more comprehensive empirical studies were required to investigate the downstream mechanisms of these
genes.

Conclusion

In conclusion, our study provides a novel immunological perspective on the shared immune mechanisms of AD and UC.
The high expression of PI3 in lesional tissues and its associations with immune cells and chemokines suggest that PI3
may serve as a common biomarker and potential therapeutic target for both diseases. The shared CCL and CXCL
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signaling pathways indicate a common immune recruitment mechanism in AD and UC, offering a theoretical basis for
developing dual-disease targeted therapeutic strategies.
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