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Abstract

Hidradenitis suppurativa (HS) is a chronic inflammatory skin disorder, affecting the
pilosebaceous unit in apocrine gland-rich areas, characterized by painful nodules,
abscesses and draining tunnels. The underlying molecular and immunological mech-
anisms remain poorly understood. This study aimed to identify key gene expression
patterns, hub genes, and analyze the potential role of the CCL19/CCL21-CCR7

axis in HS lesions and peripheral blood using bulk and single-cell RNA sequencing
analyses. By employing an integrative approach that included three machine learn-
ing methods and subsequent validation on an independent dataset, we successfully
identified AKR1B10, IGFL2, WNK2, SLAMF7, and CCR7 as potential hub genes and
therapeutic targets for HS treatment. Furthermore, our study found that CCL19 and
CCL21 may originate from various cells such as fibroblasts and dendritic cells, play-
ing a crucial role in recruiting CCR7-associated immune cells, particularly Treg cells.
The involvement of the CCL19/CCL21-CCR7 axis in HS pathogenesis suggests that
other CCR7-expressing cells may also be recruited, contributing to disease progres-
sion. These findings significantly advance our understanding of HS pathogenesis
offer promising avenues for future CCR7-targeted therapeutic interventions.

Introduction

Hidradenitis Suppurativa (HS) is a chronic inflammatory skin disease characterized
by nodules, abscesses and tunnels [1]. It affects approximately 0.4% of the Western
population [2]. The etiology of HS is multifactorial, involving immune dysfunction,
genetic predisposition, and alterations in the microbiome, although the precise mech-
anisms remain incompletely understood [3,4]. HS considerably diminishes quality
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of life, leading to physical and psychological challenges including severe pain, the
inability to work, sexual dysfunction, social withdrawal, and depression [5].

Treating HS is challenging due to its recurring nature and our limited understand-
ing of its pathogenesis [6,7]. Therefore, it is crucial to identify new candidate genes
and potential therapeutic targets to improve the prognosis of patients with HS.
Previous transcriptomic studies have analyzed a substantial amount of data related
to HS [8—11], but these studies are still somewhat limited in terms of sample size and
scope. Our study further integrates multiple datasets and employs machine learning
algorithms, providing a more robust approach to identify key pathogenic genes.

In this study, we identified differentially expressed genes (DEGs) and performed
DEGs enrichment analysis between HS and healthy samples. Three machine
learning algorithms were screened for potential biomarkers associated with HS. In
addition, we explored the relationship between immune cell infiltration and potential
biomarkers in HS. This characterization was further validated using an additional
validation cohort and single-cell transcriptome data. In conclusion, our investigation
revealed that AKR1B10, IGFL2, WNK2, SLAMF7, and CCRY likely play a role in var-
ious pathological processes associated with HS. Furthermore, we propose that the
CCL19/CCL21-CCRY7 axis is crucial to the pathogenesis and progression of HS.

Materials and methods
Bulk RNA-seq data analysis

The bulk RNA sequencing data of hidradenitis suppurativa and healthy control sam-
ples were downloaded from four Gene Expression Omnibus (GEO) datasets, with
additional details provided in Table 1. Gene expression values were normalized using
the Transcripts per Million (TPM) method. Differentially expressed genes (DEGs)
between the HS and healthy control groups were identified using three methods:
limma, DESeq2, and edgeR, based on read count values. The screening criteria
were set as |log2FC| =1 and adjusted p-value<0.05.

ScRNA-seq data analysis

The single-cell RNA sequencing data of hidradenitis suppurativa and healthy control
skin tissue from three publicly available datasets (GSE220116, GSE175990, and
GSE154775) from the GEO database were incorporated by Seurat package [12].
Cells with less than 200 genes, mitochondrial counts greater than 25%, and genes
expressed in less than three cells were filtered out for quality control. The data was
first normalized by functions NormalizeData and ScaleData functions. Then, the
FindVariable function was applied to select the top 3000 variable genes. We con-
ducted principal component analysis (PCA) using the top 3000 variable genes. We
selected the top 30 principal components (PCs) for sub-clustering and set the reso-
lution parameter to 0.1. To mitigate batch effects and nonbiological technical biases,
we employed the Harmony package in Seurat [13]. Default parameter values were
utilized for Harmony settings. The expression of known marker genes was used as a
reference for annotation of different cell types. The results were visualized by Uniform
Manifold Approximation and Projection (UMAP).
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Table 1. Details of GEO datasets used in the study.

GEO Series Type Sample Detailed information R
GSE154773 RNA-seq blood blood : 21 HS patients and 10 healthy controls [44]
skin skin : 22 HS lesions and 10 healthy controls
GSE155176 RNA-seq skin 26 HS lesions and 16 healthy controls [71
GSE213761 RNA-seq skin 16 HS lesions and clinical data UP
GSE128637 Microarray skin 10 HS lesions and 11 healthy controls (validation cohort) [45]
GSE220116 ScRNA-seq skin 5 HS lesions and 10 healthy controls [46]
GSE175990 ScRNA-seq skin 3 HS lesions and 1 healthy controls [30]
GSE154775 ScRNA-seq skin 5 HS lesions [44]

GEO: Gene Expression Omnibus; HS: hidradenitis suppurativa; R: reference; UP: unpublished.

https://doi.org/10.1371/journal.pone.0322565.t001

Functional enrichment analysis

Gene ontology (GO) annotation and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis
were performed using the R package clusterProfiler [14]. An adjusted p-value <0.05 was set as the threshold for the iden-
tification of related GO functions and KEGG pathways.

Machine learning algorithms to screen hub gene

To identify key biomarkers, we conducted further screening using three widely recognized machine learning algorithms:
LASSO (Least Absolute Shrinkage and Selection Operator), SVM-RFE (Support Vector Machine- Recursive Feature
Elimination), and RF (Random Forest). To enhance stability and reliability, all machine learning algorithms were subjected
to tenfold cross-validation.

We utilized the gimnet R package with tenfold cross-validation [15]. The cv. gimnet function was employed to majorize
lambda. The model was specifically tailored for binomial classification using the “binomial” and “class” settings. Based on
the minimum lambda value, gimnet was applied to implement LASSO with alpha and a “binomial” method on the training
sets. This procedure allowed us to identify and select the most relevant features through the LASSO algorithm for further
analysis.

Random Forest was utilized to classify the significant genes using the “randomForest” R package [16]. The random
forest analysis, employing a decision tree algorithm, determined the most important variables. Following the construction
of a random forest model with 5000 trees on the train cohorts, we identified the optimal number of trees through cross-
validation errors. Genes were then ranked by importance, and the 15 most significant genes were selected.

SVM-RFE was employed for recursive feature elimination. Utilizing the “e1071” and “MSVM-RFE” packages for SVM
modeling, SVM-RFE implemented sequential backward feature elimination to identify the optimal hub gene [17]. All shared
genes were incorporated into our SVM model using 10-fold cross-validation for the training dataset.

Ultimately, we selected the intersection of the three machine learning algorithms as the hub genes of HS. Boxplots of
gene expression were generated to compare differences between HS and normal groups. Receiver Operating Character-
istic (ROC) curves were constructed to assess the diagnostic value of these candidate genes. The Area Under the Curve
(AUC) was calculated, with an AUC value exceeding 0.8 considered an ideal diagnostic threshold.

Immune microenvironment analysis

The CIBERSORT method is a widely employed technique for assessing immune cell types within the tissue microenviron-
ment [18]. Based on support vector regression, this method deconvolutes the expression matrix of immune cell subtypes,
identifying 22 distinct cell types. In this study, the CIBERSORT algorithm was applied to analyze data from HS patients,
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aiming to infer the relative proportions of the 22 distinct immune-infiltrating cell types. Subsequently, Spearman correlation
analysis was conducted to examine the relationship between gene expression and the content of immune cells.

Specimen collection

All samples were collected between 31 March 2020 and 30 June 2024. All subjects have given written informed consent to
the publication of their case details. This study was approved by the Ethics Committee of the Plastic Surgery Hospital of the
Chinese Academy of Medical Sciences [2020-16]. All experiments were performed in accordance with relevant guidelines
and regulations. HS skin samples were obtained from the center of active inflammatory lesions derived from surgically dis-
carded tissues, defined as lesional skin based on previously published criteria [19]. Healthy control skin, matched for criteria
such as age, sex, and ethnicity, was obtained from healthy donors undergoing abdominoplasty. All patients provided written
informed consent to the publication of their case details. The clinical characteristics of participants are provided in S1 Table.

Real-time PCR assay

Total RNA was extracted from HS skin lesions using TRIzol™ Reagent (Invitrogen). Subsequently, the RNA underwent
reverse transcription into cDNA employing RevertAid First Strand cDNA Synthesis Kit (Thermo Scientific). Real-time
PCR(RT-PCR) assays were performed on the LightCycler® 96 Instrument utilizing Taq Pro Universal SYBR qPCR Master
Mix (Vazyme). Result analysis was conducted using the 22T method. The primer sequences employed are as follows:
GAPDH, forward 5’- agggctgcttttaactctggt -3’ and reverse 5'- ccccacttgattttggaggga -3’; AKR1B10, forward 5'- gtgacaccag-
cacgcattg -3’ and reverse 5'- gcattgaagggatagtcttccaa -3’; TMPRSS6, forward 5’- gcagtctgcgtgtactcaatc -3’ and reverse

5’- gctggagttgtagtaagttcce -3’; SLAMF7, forward 5’- acaacccctcttgtcaccata -3’ and reverse 5 ‘- cccacatagtagatccctgagtc
-3’; PLEKHG?7, forward 5 ‘- actcgatcagcctattccact -3’ and reverse 5- aagaatgctgctatacactgtcg -3’; IGFL2, forward 5'- agct-
gaaggttcagggtgtg -3’ and reverse 5'- gggaaaacgtcttctgctttca -3’; WNK2, forward 5°- cgcttcctcaagticgacatc -3’ and reverse
5’- tggactcccagaagtcgtaga -3’.

Collection of blood samples

Peripheral blood samples were obtained from patients and healthy volunteers by venipuncture into EDTA-coated tubes
to prevent coagulation. The blood was processed using a SepMate ™-50 kit (STEMCELL Technologies, 85460). The
samples were diluted with an equal volume of PBS and gently mixed. The tubes were then centrifuged at 1200 x g for

10 minutes at room temperature. After centrifugation, three distinct layers were observed in the tube: plasma at the top,
peripheral blood mononuclear cells (PBMCs) at the interface, and erythrocytes at the bottom. The PBMCs were carefully
extracted and transferred to a new centrifuge tube for further processing. The plasma was collected and stored at -80°C
until further analysis.

Flow cytometry analysis

PBMCs were isolated using a Ficoll-Paque gradient centrifugation method. Cells were stained with fluorescently labeled
monoclonal antibodies targeting surface markers of interest, including CD45(BioLegend,368526), CD3 (BioLegend,300460),
CD4 (BioLegend,357424), CD8 (BioLegend,301012), CD25 (BioLegend,356104), CD127 (BioLegend,351322) and CCR7
(Thermo Fisher Scientific, 17-1979-42). Multicolor flow cytometry was performed using a BD FACS Canto plus, and data
were analyzed with NovoExpress (1.6.2) for cell population gating and quantification of marker expression.

Enzyme-linked immunosorbent assay

Plasma levels of CCL19 (BOSTER, EK0456) and CCL21 (BOSTER, EK0555) were quantified using a commercially
available ELISA kits according to the manufacturer’s protocol. Briefly, 96-well plates were coated with capture antibodies
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specific for the target proteins, followed by incubation with patient plasma samples and detection antibodies conjugated to
horseradish peroxidase (HRP). Absorbance was measured at 450 nm using a microplate reader (Thermo Fisher Scientific,
Multiskan FC), and concentrations were calculated against a standard curve.

Statistical analysis

All data processing, statistical analysis, and plotting were performed in R software (version 4.2.0) and Graphpad prism
(version 9.0.0). Correlations between two continuous variables were assessed by Spearman correlation coefficients. Dif-
ferential analysis was realized via the Wilcox test. All statistical analyses were two sided with P<0.05 considered statisti-
cally significant.

Results

Analysis and screening of differential expression genes (DEGs) and Biological and functional enrichment
analysis

To identify DEGs between HS and healthy controls, two bulk RNA sequencing data, GSE154773 and GSE155176, were
collected. Three methods, limma, DESeq2, and edgeR were used along with Benjamini-Hochberg (BH) method correction
for multiple comparisons. The results from the three methods were intersected to identify reliable DEGs associated with
HS. The analysis results of the GSE154773 dataset exhibited that 574 and 442 genes are significantly upregulated and
downregulated in the HS lesion, respectively. In the GSE155176 dataset, 682 genes were upregulated, and 378 genes
were downregulated in HS lesions. Then we intersected these DEGs in two datasets and identified 200 common DEGs
there are 141 upregulated genes and 59 downregulated genes (Fig 1). To gain further insight into the biological functions
of these DEGs, we performed KEGG pathway analysis and GO functional analysis. GO analysis revealed that these
DEGs are significantly associated with multiple biological processes, and we show the top ten results (Fig 1). The KEGG
pathway analysis revealed enrichment in the PPAR signaling pathway, B cell receptor signaling pathway, Staphylococcus
aureus infection, hematopoietic cell lineage, IL-17 signaling, tryptophan metabolism, and leishmaniasis (Fig 1). Addition-
ally, 132 DEGs were screened in the HS peripheral blood, including 67 upregulated genes and 65 downregulated genes
(Fig 1). Similarly, KEGG pathway analysis and GO functional analysis were employed in peripheral blood sample. GO
results indicate that genes related to HS peripheral blood may be involved in biological functions such as the production of
molecular mediators of immune response, immunoglobulin production, external side of plasma membrane, immunoglob-
ulin complex, and cytidylate kinase activity (Fig 1). The KEGG pathway analysis showed that Cell adhesion molecules,
Chemokine signaling pathway, Nucleotide metabolism, Viral protein interaction with cytokine and cytokine receptor and
TNF signaling pathway were enriched by these DEGs (Fig 1).

Identify hub genes as the characteristic DEGs of HS

To identify critical marker genes for HS, we employed the RF algorithm, LASSO logistic regression algorithm, and SVM-
RFE algorithm. The results showed that 20 genes were identified with the RF algorithm, 8 genes determined by the
LASSO logistic regression algorithm, and 20 genes were identified with the SVM-RFE algorithm (Fig 2A). Subsequent
Venn diagrams highlighted that AKR1B10, IGFL2, TMPRSS6, SLAMF7, PLEKHG7, and WNK2 were overlapping genes
identified by all three algorithms. In the peripheral blood group, the LASSO regression algorithm screened 12 biomark-
ers, the SVM-RFE algorithm identified 7 biomarkers, and RF algorithm identified 15 biomarkers (Fig 2B). Ultimately, two
genes—PPR16 and CCR7 were identified as key biomarkers across all three algorithms.

Following the identification of these six genes, we conducted an initial analysis of their expression levels, revealing
a significant difference in expression between HS and the healthy control group (Fig 3A). To validate these findings, we
employed the GSE128637 dataset as a validation cohort to confirm the accuracy of the previous analytic results and
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Fig 1. Differentially expressed genes between between hidradenitis suppurativa and healthy samples in both blood and lesion tissues.
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https://doi.org/10.1371/journal.pone.0322565.9003

assess the expression levels of the six biomarkers. In the validation cohort, TMPRSS6 showed no significant difference
in expression between HS lesions and healthy control skin (Fig 3C). However, IGFL2 and WNK2 were notably downregu-
lated, while AKR1B10, SLAMF7, and PLEKHG7 were significantly upregulated in HS samples.
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For a more comprehensive assessment of the diagnostic efficacy of AKR1B10, IGFL2, SLAMF7, PLEKHG7, and WNK2,
we conducted validation using both the merged data and the GSE128637 dataset, employing Receiver Operating Character-
istic (ROC) curves, considered the gold standard for evaluating diagnostic accuracy. The AUCs of the selected biomarkers
were: AKR1B10 (1.00, 95% CI: 1.00-1.00), IGFL2 (0.99, 95% CI: 0.98-1.00), SLAMF7 (0.99, 95% CI:0.98-1), PLEKHG7
(0.99, 95% ClI: 0.98-1.00) and WNK2 (0.97, 95% CI: 0.94-1.00) (Fig 3B). Furthermore, the AUCs of these genes were in
the validation group, AKR1B10 (0.82, 95% CI: 0.61-1.00), IGFL2 (0.89, 95% CI: 0.74—1.00), SLAMF7 (0.91, 95% CI: 0.73—
1.00), PLEKHG7 (0.80, 95% CI: 0.59-1.00) and WINK2 (0.96, 95% CI: 0.87—1.00), Notably, these biomarkers demonstrated
a high diagnostic value in both the HS training and validation groups, with AUCs predominantly greater than 0.8, indicating
robust diagnostic potential (Fig 3C). In the peripheral blood group, the AUCs for the selected peripheral blood biomarkers
were PPR16 (0.943, 95% CI: 0.868—1) and CCRY7 (0.910, 95% CI: 0.799-1) (Fig 3D).

Analysis of immune cell infiltration by CIBESORT Algorithm

There is growing clinical evidence and substantial experimental data supporting the significant role of immune mecha-
nisms in the pathogenesis of HS [1,3,4]. To further explore these mechanisms, we performed a CIBERSORT algorithm to
analyze the 22 immune cell phenotypes infiltration in HS and normal healthy people.

We evaluated the heterogeneity of cell composition in both the HS and the healthy control samples. The findings
revealed significant differences in immune cell infiltrates between the two groups (Fig 4A and 4D). The distinctive infiltra-
tion patterns of these immune cells suggest potential regulatory targets for treating HS.

Moreover, the bar charts visually depict the content of various subpopulations in each HS sample (Fig 4B and 4E).

We then examined the correlations among the 22 immune cell types across all samples. Notably, there was a significant
positive correlation between Neutrophils and Eosinophils (r=0.67) and a significant negative correlation between T cells
CD4 memory resting activated and Plasma cells (r= -0.56) in both HS lesion and normal samples (Fig 4B). In the periph-
eral blood group, NK cells resting exhibited a significant negative correlation with NK cells activated (r=-0.57), whereas
Eosinophils showed a significant positive correlation with Macrophages M2 (r=0.83) (Fig 4E). These correlations provide
insights into the interplay among different immune cell types and may contribute to a better understanding of the immuno-
logical dynamics in HS.

Expression of key signatures in single cells by scRNA-seq analysis

The resulting quality-controlled HS single-cell atlas comprised 67,378 cells, with an average of 2421 genes and 10,953
transcripts detected per cell. To investigate cellular heterogeneity, we selected variable genes and performed Uniform
Manifold Approximation and Projection (UMAP) dimensionality reduction and cell clustering (Fig 5A). Cluster annotation
was corroborated by overlapping the cluster marker genes with canonical cell type-defining signature genes. We identified
11 primary cell types including Basal KC (KRT14, KRT5, COL17A1), Suprabasal KC (KRT1, KRTDAP, KRT10), Prolif-
erating KC (UBE2C, CDK1, KRTK1), Melanocytes (DCT, TYRP1, PMEL), B Cells (MS4A1, CD19, CD79A), Endothelial
Cells (PECAM1, CDH5, CLDNS5), Fibroblasts (DCN, COL1A1, COL1A2), T cells (CD3D, CD3E, TRAC), Mast Cells (CPA3,
TPSAB1, CTSG), Macrophages(CD14, CD68, AlF1), Other Myeloid Cells(CD74, HLA-DRA, HLA-DPB1) and Plasma
Cells (IGLC2, IGKC, IGHG1, MZB1) (Fig 5B). For a more precise characterization of the expression of key signatures
within immune cells, we interrogated a scRNA-seq database to identify the cell populations expressing AKR1B10, IGFL2,
TMPRSS6, SLAMF7, PLEKHG7 and WNK2 in HS lesions (Fig 5D).

Expression of hub genes in HS patient

RT-PCR was performed on skin tissue samples obtained from HS surgeries and abdominoplasty procedures. This anal-
ysis confirmed the gene expression levels of these hub genes, AKR1B10, IGFL2, TMPRSS6, SLAMF7, PLEKHG7 and
WNK2. Consistent with the data analysis, our results demonstrated an upregulation of AKR1B10 and SLAMF7, as well
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as a downregulation of IGFL2 and WNK2 expression in the HS lesions. However, TMPRSS6 and PLEKHG7 showed not
significant changes in expression (Fig 5E).

Correlation analysis between key signatures and infiltration-related immune cells and abscess count

We conducted a Spearman correlation analysis to examine the relationship between key signatures and immune cell
infiltration in HS patients (Fig 5F). In HS lesions, AKR1B10 was positively correlated with Neutrophils (r=0.39, p=0.006),
Resting CD4 memory T cells (r=0.3, p=0.039) and negatively correlated with Plasma cells (r=-0.31, p=0.032), M2 Mac-
rophages (r=-0.29, p=0.049). SLAMF7 was positively correlated with Plasma cells (r=0.6, p < 0.001), Memory B cells
(r=0.41, p=0.004) M1 Macrophages (r=0.35, p=0.015), CD8 T cells (r=0.3, p=0.035), and negatively correlated with
Resting Dendritic cells (r=-0.48, p=0.001), Activated Dendritic cells (r=-0.42, p=0.003), Resting CD4 memory T cells
(r=-0.36, p=0.012), Resting Mast cells (r=-0.3, p=0.037). WNK2 was positively correlated with Resting Dendritic cells
(r=0.71, p < 0.001), Resting Mast cells (r=0.65, p < 0.001), Regulatory T cells (Tregs) (r=0.36, p=0.012), and negatively
correlated with Activated Mast cells (r=-0.51, p < 0.001), Neutrophils (r=-0.47, p=0.001), Activated CD4 memory T cells
(r=-0.32, p=0.026), M1 Macrophages (r=-0.31, p=0.030). /IGFL2 was positively correlated with Resting Dendritic cells
(r=0.34, p=0.019), and negatively correlated with Memory B cells (r=-0.32, p=0.027), Neutrophils (r=-0.29, p=0.045). To
further investigate the correlation between core genes and the disease progression, we conducted a Spearman correla-
tion analysis to examine the relationship between hub genes and abscess count in HS patients (Fig 5G). AKRB10 and
SLAMF7 were positively correlated with abscess count (r=0.56, p=0.03; r=0.59, p=0.02). IGFL2 and WNK2 showed
negatively correlated with abscess count (r=-0.44, p=0.1; r=-0.43, p=0.11). These findings provide valuable insights into
the complex interplay between the expression of hub genes and specific infiltrating immune cell populations in HS.

The potential role of CCL19/CCL21-CCR7 axis in HS

In our study, CCR7 was identified as a key gene in the blood and exhibits elevated expression in HS lesions, consistent
with increased levels observed by flow cytometry (Fig 6A and 6E). CCL19 and CCL21 also showed higher expression in
HS lesions compared to both non-lesional areas and skin from healthy [7]. Further analysis using ELISA confirmed that
plasma levels of CCL19 and CCL21 were significantly elevated in HS patients (Fig 6B). Given the systemic nature of HS,
we hypothesize that CCL19 and CCL21 secreted by various cells within skin lesions attracts circulating immune cells
expressing CCRY7 to the affected regions, thereby exacerbating skin inflammation. Notably, correlation analysis indicates
a strong association between CCL19 and CCL21 in the lesions and Treg cells in the blood (Fig 6C). Through single-cell
RNA sequencing and flow cytometry, we further validated our hypothesis, demonstrating that Treg cells in HS lesions
express higher levels of CCR7 (Fig 6D and 6E). To elucidate the potential sources of CCL19 and CCL21 in the skin,
single-cell sequencing revealed that CCL19 is primarily expressed in fibroblasts and myeloid cells, while CCL21 is pre-
dominantly enriched in non-immune cells such as keratinocytes and fibroblasts (Fig 6F). Based on these findings, we
propose that the CCL19/CCL21-CCRY7 axis plays a crucial role in the pathogenesis and progression of HS.

Discussion

The pathogenesis of HS remains unclear, but there is a consensus that skin infiltrating immune cells play a pivotal role

in its development. Most of the evidence has demonstrated a significant accumulation of various immune cells, including
T cells, B cells, plasma cells, and macrophages in HS lesions [1,20,21]. Given the invasive nature of biopsies and the
limited specificity of current treatment methods for HS, precise management remains a significant challenge, contributing
to prolonged suffering among HS patients worldwide [22]. The imperative lies in the early identification of HS, timely inter-
vention, and the improvement of HS patient’s quality of life [23]. There is an urgent need to develop novel biomarkers that
can accurately predict the skin pathology of HS patients.
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Epidemiological studies have underscored a significant familial aggregation of HS, suggesting a substantial influ-
ence of genetic factors on its development and progression. Nevertheless, a substantial portion of patients either lack
identifiable genetic variations or specific mutated genes remain unidentified. While numerous genes have been impli-
cated in HS pathogenesis [8—11], limited research has specifically addressed the aberrantly expressed gene associated
with immune infiltration in comparisons between HS and healthy control blood and skin tissues. Therefore, our study
identifies candidate hub genes for HS, investigate the role of immune cell infiltration, and demonstrates that CCL19
and CCL21, secreted by various cells within HS lesions, significantly attract circulating immune cells expressing CCR7,
particularly Treg cells.

CCRY7, also known as CD197, is a transmembrane protein with seven transmembrane domains. It facilitates the migra-
tion of immune cells, including B cells, naive and central memory T cells, macrophage progenitors, NK cells, and mature
dendritic cells (DCs), to secondary lymphoid organs by recognizing CCL19 and CCL21 [24,25]. In our study, we found that
CCL19 and CCL21 are derived from fibroblasts and dendritic cells, recruiting CCR7-associated immune cells, particularly
Treg cells. Previous studies have reported that tertiary lymphoid structures play a significant role in the pathogenesis of
HS [26]. Interestingly, the CCL19/CCL21-CCRY7 axis is involved in the pathogenesis of diseases such as psoriasis and
multiple sclerosis, as well as in tertiary lymphoid structures [25]. We hypothesize that, in addition to CCR7-positive T
regulatory cells, other CCR7-expressing immune cells may also be recruited from the bloodstream by CCL19 and CCL21
to participate in the pathogenesis of HS. CAP-100 (NCT04704323) and JBH492 (NCT04240704), monoclonal antibodies
against CCR7, have been involved in Phase | clinical trials for Chronic lymphocytic leukemia and Non-Hodgkin lymphoma.
Future research should further explore CCR7-targeted therapies in HS.

SLAMF7, alternatively referred to as CD319, belongs to the signaling lymphocytic activation molecule family. It
is expressed on a diverse range of immune cells, including B cells, plasma cells, T cells, dendritic cells, NK cells,
and monocytes, where it can mediate both activating and inhibitory functions [27]. However, SLAMF7 expression
levels vary across immune cell types; it has high expression in plasma cells but exhibits low expression in inactive
macrophages [28]. SLAMF7 is selectively expressed by macrophages from sites of inflammation and is regulated
by IFN-y in rheumatoid arthritis, inflammatory bowel disease, and COVID-19 pneumonia [29]. Interestingly, a study
demonstrated that M1-polarized pro-inflammatory macrophages exhibit enhanced effector functions, with the STAT1/
IFN-signaling axis and associated IFN-stimulated genes central to this dysregulation [30]. Consistent with these find-
ings, our study demonstrated that SLAMF7 is prominently expressed in macrophages and is significantly associated
with the M1 macrophage phenotype. Previous studies have demonstrated elevated IFN-y and SLAMF7 expression in
HS lesions compared to healthy controls [8,21]. These findings suggest that SLAMF7 regulation by IFN-y in activated
inflammatory macrophages represents a central pathway driving the HS pathology. Further functional studies using
macrophage-specific SLAMF7 knockdown models may help elucidate its precise role in modulating inflammatory
responses in HS.

AKR1B10 is a nicotinamide adenine dinucleotide phosphate (reduced coenzyme Il)-dependent oxidoreductase
with biological functions include carbonyl detoxification, hormone metabolism, osmotic adjustment, and lipid synthe-
sis [31]. Several studies have reported a significant elevation of AKR1B family members in HS skin lesions [8,9,11].
Notably, AKR1B10 is a key enzyme involved in the expression of pro-inflammatory cytokines in SARS-CoV2 Severe
Acute Respiratory Syndrome [32]. AKR1B10 has been shown to accelerate the production of proinflammatory cyto-
kines in colon cancer [33]. Through single-cell transcriptomic analysis, we identified that AKR1B10 is predominantly
expressed in keratinocytes and is significantly elevated in HS skin compared to healthy individuals. Given that
keratinocytes act as vital pro-inflammatory mediators in HS, releasing substantial amounts of inflammatory cyto-
kines during the early stages of the disease [34—36]. The specific mechanisms by which AKR1B10 contributes to
keratinocyte-driven inflammation warrant further study, including its potential interactions with oxidative stress path-
ways and inflammasome activation.

PLOS One | https://doi.org/10.1371/journal.pone.0322565 June 2, 2025 14/18




PLO\Sﬁ\\.- One

IGFL2 is a member of the insulin-like growth factor family, essential signaling molecules that are pivotal for cellular
energy metabolism, growth, and development, particularly during prenatal stages [37]. The study indicates that forty-nine
percent of the patients exhibited significantly reduced IGF-1 levels, suggesting that HS patients with low IGF-1 levels may
represent a distinct phenotype within the HS population [38]. Studies suggests that the expression levels of IGFL2 are
diminished in psoriasis compared to healthy control skin [39]. Our research reveals that IGFL2 is primarily expressed in
keratinocytes and exhibits a negative correlation with B cells and neutrophils, both of which play critical roles in HS patho-
genesis [40]. Consequently, we propose that IGFL2 may modulate the inflammatory response via interactions between
keratinocytes and immune cells.

WNKZ2, a cytoplasmic serine-threonine kinase within the protein kinase superfamily, plays pivotal roles in cell cycle
progression, anti-apoptotic mechanisms, and metabolic regulation [41]. Studies suggest that WNK2-associated loci linked
to susceptibility to inflammatory bowel disease also exhibit a significant association with pyoderma gangrenosum, both of
which are comorbidities of HS [42,43]. In HS skin lesions, WNK2 exhibits predominantly expression in non-immune cells
and demonstrates a negative correlation with several pro-inflammatory cells, including Activated Mast cells and Neutro-
phils. Concurrently, it shows a positive correlation with anti-inflammatory cells such as Resting Dendritic cells, Regulatory
T cells, and Resting Mast cells. Thus, we postulate that WNK2 likely plays a pivotal role in modulating inflammation in
HS. Exploring WNK2'’s regulatory mechanisms in epidermal barrier function and immune tolerance may further clarify its
protective role in HS pathogenesis.

Our study presents several innovative contributions. First, in our dataset selection, we incorporated both HS skin
and blood datasets, enriching the breadth of our analysis. Notably, this dual dataset approach is unprecedented in HS
research, setting our study apart from existing research focusing on singular datasets. Second, leveraging bioinformat-
ics and three distinct machine learning techniques (LASSO, RF, and SVM-RFE), we identified AKR1B10, IGFL2, WNK2,
SLAMF7, and CCRY7 as potential genes and therapeutic targets for HS. This integrative methodology enhances the
robustness and reliability of our findings. Third, to corroborate our findings, we evaluated these genes in an independent
GEO dataset, affirming the diagnostic efficacy of our gene-based model. This validation strengthens the credibility of our
conclusions and provides a roadmap for future investigations into the molecular underpinnings of HS. Furthermore, our
enrichment analysis and immune infiltration evaluation illuminate the nuanced relationship between HS, immunity, and
inflammation. Notably, we found the potential role of the CCL19/CCL21-CCRY7 axis in the pathogenesis of HS, targeting
the CCL19/CCL21-CCR7 pathway may offer new therapeutic avenues for managing this debilitating condition. These
findings introduce new perspectives for developing targeted therapies that go beyond conventional treatment paradigms,
offering a promising foundation for precision medicine in HS. Collectively, these unique facets amplify the distinctiveness
and depth of our research, laying a robust foundation for continued endeavors in comprehending and addressing HS.

Conclusion

Our study utilized bioinformatics analysis of the GEO dataset to explore the underlying molecular mechanisms of HS and the
immune cell infiltration landscape. Employing three machine learning algorithms (LASSO, RF, and SVM-RFE), we identified
AKR1B10, IGFL2, WNK2, SLAMF7, and CCRY as potential biomarkers and therapeutic targets for HS treatment. Further-
more, our findings indicate that CCL19 and CCL21, secreted by various cells within HS lesions, significantly attract circu-
lating immune cells expressing CCRY7, particularly Treg cells. Targeting the CCL19/CCL21-CCR7 pathway may offer new
therapeutic avenues for managing this debilitating condition. Future research should focus on further elucidating the molecu-
lar mechanisms underlying this axis and evaluating its potential as a biomarker for disease activity and therapeutic response.

Supporting information

S1 Table. Summary of patients.
(PDF)

PLOS One | https://doi.org/10.1371/journal.pone.0322565 June 2, 2025 15/18



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322565.s001

PLO\Sﬁ\\.- One

Acknowledgments

We sincerely appreciate the graphic resources provided by the Figdraw platform.

Author contributions

Conceptualization: Xiaodong Lai, Yan Yang, Baoxi Wang, Yan Yan.

Formal analysis: Yan Yan.

Methodology: Haini Zhang, Chong Zhang.

Project administration: Baoxi Wang, Yan Yan.

Software: Xiaodong Lai, Haini Zhang.

Supervision: Baoxi Wang, Yan Yan.

Validation: Meng Wang, Wanxin Chen.

Visualization: Yan Yang.

Writing — original draft: Xiaodong Lai.

Writing — review & editing: Yan Yan.

References

1.

10.

1.

12.

13.

14.

van Straalen KR, Prens EP, Gudjonsson JE. Insights into hidradenitis suppurativa. J Allergy Clin Immunol. 2022;149(4):1150—61. https://doi.
org/10.1016/j.jaci.2022.02.003 PMID: 35189127

Jfri A, Nassim D, O’Brien E, Gulliver W, Nikolakis G, Zouboulis CC. Prevalence of hidradenitis suppurativa: a systematic review and meta-
regression analysis. JAMA Dermatol. 2021;157(8):924-31. https://doi.org/10.1001/jamadermatol.2021.1677 PMID: 34037678

Sabat R, Jemec GBE, Matusiak t, Kimball AB, Prens E, Wolk K. Hidradenitis suppurativa. Nat Rev Dis Primers. 2020;6(1):18. https://doi.
0rg/10.1038/s41572-020-0149-1 PMID: 32165620

Schell SL, Schneider AM, Nelson AM. Yin and Yang: a disrupted skin microbiome and an aberrant host immune response in hidradenitis suppura-
tiva. Exp Dermatol. 2021;30(10):1453-70. https://doi.org/10.1111/exd.14398 PMID: 34018644

Goldburg SR, Strober BE, Payette MJ. Hidradenitis suppurativa: current and emerging treatments. J Am Acad Dermatol. 2020;82(5):1061-82.
https://doi.org/10.1016/j.jaad.2019.08.089 PMID: 31604100

Rosi E, Fastame MT, Scandagli |, Di Cesare A, Ricceri F, Pimpinelli N, et al. Insights into the pathogenesis of HS and therapeutical approaches.
Biomedicines. 2021;9(9):1168. https://doi.org/10.3390/biomedicines9091168 PMID: 34572354

Lowe MM, Naik HB, Clancy S, Pauli M, Smith KM, Bi Y, et al. Imnmunopathogenesis of hidradenitis suppurativa and response to anti-TNF-a therapy.
JClI Insight. 2020;5(19):€139932. https://doi.org/10.1172/jci.insight. 139932 PMID: 32841223

de Oliveira ASLE, Bloise G, Moltrasio C, Coelho A, Agrelli A, Moura R, et al. Transcriptome meta-analysis confirms the hidradenitis suppurativa
pathogenic triad: upregulated inflammation, altered epithelial organization, and dysregulated metabolic signaling. Biomolecules. 2022;12(10):1371.
https://doi.org/10.3390/biom12101371 PMID: 36291580

Hoffman LK, Tomalin LE, Schultz G, Howell MD, Anandasabapathy N, Alavi A, et al. Integrating the skin and blood transcriptomes and serum
proteome in hidradenitis suppurativa reveals complement dysregulation and a plasma cell signature. PLoS One. 2018;13(9):e0203672. https://doi.
org/10.1371/journal.pone.0203672 PMID: 30265680

Coates M, Mariottoni P, Corcoran DL, Kirshner HF, Jaleel T, Brown DA, et al. The skin transcriptome in hidradenitis suppurativa uncovers an anti-
microbial and sweat gland gene signature which has distinct overlap with wounded skin. PLoS One. 2019;14(5):e0216249. https://doi.org/10.1371/
journal.pone.0216249 PMID: 31059533

Freudenberg JM, Liu Z, Singh J, Thomas E, Traini C, Rajpal DK, et al. A Hidradenitis Suppurativa molecular disease signature derived from patient
samples by high-throughput RNA sequencing and re-analysis of previously reported transcriptomic data sets. PLoS One. 2023;18(4):e0284047.
https://doi.org/10.1371/journal.pone.0284047 PMID: 37023004

Hao Y, Hao S, Andersen-Nissen E, Mauck WM Ill, Zheng S, Butler A, et al. Integrated analysis of multimodal single-cell data. Cell.
2021;184(13):3573—-87.€29. https://doi.org/10.1016/j.cell.2021.04.048

Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, et al. Fast, sensitive and accurate integration of single-cell data with Harmony. Nat
Methods. 2019;16(12):1289-96. https://doi.org/10.1038/s41592-019-0619-0

Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an R package for comparing biological themes among gene clusters. OMICS. 2012;16(5):284—7.
https://doi.org/10.1089/0mi.2011.0118 PMID: 22455463

PLOS One | https://doi.org/10.1371/journal.pone.0322565 June 2, 2025 16/18



https://doi.org/10.1016/j.jaci.2022.02.003
https://doi.org/10.1016/j.jaci.2022.02.003
http://www.ncbi.nlm.nih.gov/pubmed/35189127
https://doi.org/10.1001/jamadermatol.2021.1677
http://www.ncbi.nlm.nih.gov/pubmed/34037678
https://doi.org/10.1038/s41572-020-0149-1
https://doi.org/10.1038/s41572-020-0149-1
http://www.ncbi.nlm.nih.gov/pubmed/32165620
https://doi.org/10.1111/exd.14398
http://www.ncbi.nlm.nih.gov/pubmed/34018644
https://doi.org/10.1016/j.jaad.2019.08.089
http://www.ncbi.nlm.nih.gov/pubmed/31604100
https://doi.org/10.3390/biomedicines9091168
http://www.ncbi.nlm.nih.gov/pubmed/34572354
https://doi.org/10.1172/jci.insight.139932
http://www.ncbi.nlm.nih.gov/pubmed/32841223
https://doi.org/10.3390/biom12101371
http://www.ncbi.nlm.nih.gov/pubmed/36291580
https://doi.org/10.1371/journal.pone.0203672
https://doi.org/10.1371/journal.pone.0203672
http://www.ncbi.nlm.nih.gov/pubmed/30265680
https://doi.org/10.1371/journal.pone.0216249
https://doi.org/10.1371/journal.pone.0216249
http://www.ncbi.nlm.nih.gov/pubmed/31059533
https://doi.org/10.1371/journal.pone.0284047
http://www.ncbi.nlm.nih.gov/pubmed/37023004
https://doi.org/10.1016/j.cell.2021.04.048
https://doi.org/10.1038/s41592-019-0619-0
https://doi.org/10.1089/omi.2011.0118
http://www.ncbi.nlm.nih.gov/pubmed/22455463

PLO\Sﬁ\\.- One

15. Engebretsen S, Bohlin J. Statistical predictions with glmnet. Clin Epigenetics. 2019;11(1):123. https://doi.org/10.1186/s13148-019-0730-1 PMID:
31443682

16. Petralia F, Wang P, Yang J, Tu Z. Integrative random forest for gene regulatory network inference. Bioinformatics. 2015;31(12):i1197-205. https://doi.
org/10.1093/bioinformatics/btv268 PMID: 26072483

17. Huang S, Cai N, Pacheco PP, Narrandes S, Wang Y, Xu W. Applications of Support Vector Machine (SVM) learning in cancer genomics. Cancer
Genomics Proteomics. 2018;15(1):41-51. https://doi.org/10.21873/cgp.20063 PMID: 29275361

18. Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Meth-
ods. 2015;12(5):453-7. https://doi.org/10.1038/nmeth.3337 PMID: 25822800

19. Frew JW, Navrazhina K, Byrd AS, Garg A, Ingram JR, Kirby JS, et al. Defining lesional, perilesional and unaffected skin in hidradenitis suppura-
tiva: proposed recommendations for clinical trials and translational research studies. Br J Dermatol. 2019;181(6):1339—41. https://doi.org/10.1111/
bjd.18309 PMID: 31269228

20. Frew JW. Autoantibody-mediated macrophage responses provide the missing link between innate and adaptive immune dysfunction in hidradenitis
suppurativa. J Invest Dermatol. 2022;142(3 Pt B):747-9. https://doi.org/10.1016/}.jid.2021.08.400 PMID: 34716008

21. Wolk K, Join-Lambert O, Sabat R. Aetiology and pathogenesis of hidradenitis suppurativa. Br J Dermatol. 2020;183(6):999-1010. https://doi.
org/10.1111/bjd.19556 PMID: 33048349

22. Zouboulis CC, Benhadou F, Byrd AS, Chandran NS, Giamarellos-Bourboulis EJ, Fabbrocini G, et al. What causes hidradenitis suppurativa ?-15
years after. Exp Dermatol. 2020;29(12):1154—70. https://doi.org/10.1111/exd.14214 PMID: 33058306

23. Scala E, Cacciapuoti S, Garzorz-Stark N, Megna M, Marasca C, Seiringer P, et al. Hidradenitis suppurativa: where we are and where we are going.
Cells. 2021;10(8):2094. https://doi.org/10.3390/cells10082094

24. Bill CA, Allen CM, Vines CM. C-C chemokine receptor 7 in cancer. Cells. 2022;11(4):656. https://doi.org/10.3390/cells11040656 PMID: 35203305

25. Forster R, Schubel A, Breitfeld D, Kremmer E, Renner-Miller |, Wolf E, et al. CCR7 coordinates the primary immune response by establishing func-
tional microenvironments in secondary lymphoid organs. Cell. 1999;99(1):23-33. https://doi.org/10.1016/s0092-8674(00)80059-8 PMID: 10520991.

26. Lowe MM, Cohen JN, Moss MI, Clancy S, Adler JP, Yates AE, et al. Tertiary lymphoid structures sustain cutaneous B cell activity in hidradenitis
suppurativa. JCI Insight. 2024;9(3):e169870. https://doi.org/10.1172/jci.insight. 169870 PMID: 38113104

27. Brandum EP, Jgrgensen AS, Rosenkilde MM, Hjorta GM. Dendritic cells and CCR7 expression: an important factor for autoimmune diseases,
chronic inflammation, and cancer. Int J Mol Sci. 2021;22(15):8340. https://doi.org/10.3390/ijms22158340 PMID: 34361107

28. ChuE, Wu J, Kang SS, Kang Y. SLAMF7 as a promising immunotherapeutic target in multiple myeloma treatments. Curr Oncol. 2023;30(9):7891—
903. https://doi.org/10.3390/curroncol30090573 PMID: 37754488

29. Simmons DP, Nguyen HN, Gomez-Rivas E, Jeong Y, Jonsson AH, Chen AF, et al. SLAMF7 engagement superactivates macrophages in acute and
chronic inflammation. Sci Immunol. 2022;7(68):eabf2846. https://doi.org/10.1126/sciimmunol.abf2846 PMID: 35148199

30. Mariottoni P, Jiang SW, Prestwood CA, Jain V, Suwanpradid J, Whitley MJ, et al. Single-cell RNA sequencing reveals cellular and transcriptional
changes associated with M1 macrophage polarization in hidradenitis suppurativa. Front Med (Lausanne). 2021;8:665873. https://doi.org/10.3389/
fmed.2021.665873 PMID: 34504848

31. LiuJ, Ban H, Liu Y, Ni J. The expression and significance of AKR1B10 in laryngeal squamous cell carcinoma. Sci Rep. 2021;11(1):18228. https://
doi.org/10.1038/s41598-021-97648-y PMID: 34521883

32. Chabert C, Vitte A-L, luso D, Chuffart F, Trocme C, Buisson M, et al. AKR1B10, one of the triggers of cytokine storm in SARS-CoV2 severe acute
respiratory syndrome. Int J Mol Sci. 2022;23(3):1911. https://doi.org/10.3390/ijms23031911 PMID: 35163833

33. LiuC, Shil, Li W, Huang Z, Wang S, Xu P, et al. AKR1B10 accelerates the production of proinflammatory cytokines via the NF-kB signaling path-
way in colon cancer. J Mol Histol. 2022;53(5):781-91. https://doi.org/10.1007/s10735-022-10093-7 PMID: 35920984

34. Schell SL, Cong Z, Sennett ML, Gettle SL, Longenecker AL, Goldberg SR, et al. Keratinocytes and immune cells in the epidermis are key drivers
of inflammation in hidradenitis suppurativa providing a rationale for novel topical therapies. Br J Dermatol. 2023;188(3):407-19. https://doi.
org/10.1093/bjd/ljac096 PMID: 36680309

35. JinL, ChenY, Muzaffar S, Li C, Mier-Aguilar CA, Khan J, et al. Epigenetic switch reshapes epithelial progenitor cell signatures and drives inflam-

matory pathogenesis in hidradenitis suppurativa. Proc Natl Acad Sci U S A. 2023;120(49):€2315096120. https://doi.org/10.1073/pnas.2315096120
PMID: 38011564

36. LimaAL, Karl I, Giner T, Poppe H, Schmidt M, Presser D, et al. Keratinocytes and neutrophils are important sources of proinflammatory molecules
in hidradenitis suppurativa. Br J Dermatol. 2016;174(3):514-21. https://doi.org/10.1111/bjd.14214 PMID: 26436522

37. Emtage P, Vatta P, Arterburn M, Muller MW, Park E, Boyle B, et al. IGFL: a secreted family with conserved cysteine residues and similarities to the
IGF superfamily. Genomics. 2006;88(4):513-20. https://doi.org/10.1016/j.ygeno.2006.05.012 PMID: 16890402

38. Emtage P, Vatta P, Arterburn M, Muller MW, Park E, Boyle B, et al. IGFL: a secreted family with conserved cysteine residues and similarities to the
IGF superfamily. Genomics. 2006;88(4):513-20. https://doi.org/10.1016/j.ygeno.2006.05.012

39. Lobito AA, Ramani SR, Tom |, Bazan JF, Luis E, Fairbrother WJ, et al. Murine insulin growth factor-like (IGFL) and human IGFL1 pro-
teins are induced in inflammatory skin conditions and bind to a novel tumor necrosis factor receptor family member, IGFLR1. J Biol Chem.
2011;286(21):18969-81. https://doi.org/10.1074/jbc.M111.224626 PMID: 21454693

PLOS One | https://doi.org/10.1371/journal.pone.0322565 June 2, 2025 171718



https://doi.org/10.1186/s13148-019-0730-1
http://www.ncbi.nlm.nih.gov/pubmed/31443682
https://doi.org/10.1093/bioinformatics/btv268
https://doi.org/10.1093/bioinformatics/btv268
http://www.ncbi.nlm.nih.gov/pubmed/26072483
https://doi.org/10.21873/cgp.20063
http://www.ncbi.nlm.nih.gov/pubmed/29275361
https://doi.org/10.1038/nmeth.3337
http://www.ncbi.nlm.nih.gov/pubmed/25822800
https://doi.org/10.1111/bjd.18309
https://doi.org/10.1111/bjd.18309
http://www.ncbi.nlm.nih.gov/pubmed/31269228
https://doi.org/10.1016/j.jid.2021.08.400
http://www.ncbi.nlm.nih.gov/pubmed/34716008
https://doi.org/10.1111/bjd.19556
https://doi.org/10.1111/bjd.19556
http://www.ncbi.nlm.nih.gov/pubmed/33048349
https://doi.org/10.1111/exd.14214
http://www.ncbi.nlm.nih.gov/pubmed/33058306
https://doi.org/10.3390/cells10082094
https://doi.org/10.3390/cells11040656
http://www.ncbi.nlm.nih.gov/pubmed/35203305
https://doi.org/10.1016/s0092-8674(00)80059-8
http://www.ncbi.nlm.nih.gov/pubmed/10520991
https://doi.org/10.1172/jci.insight.169870
http://www.ncbi.nlm.nih.gov/pubmed/38113104
https://doi.org/10.3390/ijms22158340
http://www.ncbi.nlm.nih.gov/pubmed/34361107
https://doi.org/10.3390/curroncol30090573
http://www.ncbi.nlm.nih.gov/pubmed/37754488
https://doi.org/10.1126/sciimmunol.abf2846
http://www.ncbi.nlm.nih.gov/pubmed/35148199
https://doi.org/10.3389/fmed.2021.665873
https://doi.org/10.3389/fmed.2021.665873
http://www.ncbi.nlm.nih.gov/pubmed/34504848
https://doi.org/10.1038/s41598-021-97648-y
https://doi.org/10.1038/s41598-021-97648-y
http://www.ncbi.nlm.nih.gov/pubmed/34521883
https://doi.org/10.3390/ijms23031911
http://www.ncbi.nlm.nih.gov/pubmed/35163833
https://doi.org/10.1007/s10735-022-10093-7
http://www.ncbi.nlm.nih.gov/pubmed/35920984
https://doi.org/10.1093/bjd/ljac096
https://doi.org/10.1093/bjd/ljac096
http://www.ncbi.nlm.nih.gov/pubmed/36680309
https://doi.org/10.1073/pnas.2315096120
http://www.ncbi.nlm.nih.gov/pubmed/38011564
https://doi.org/10.1111/bjd.14214
http://www.ncbi.nlm.nih.gov/pubmed/26436522
https://doi.org/10.1016/j.ygeno.2006.05.012
http://www.ncbi.nlm.nih.gov/pubmed/16890402
https://doi.org/10.1016/j.ygeno.2006.05.012
https://doi.org/10.1074/jbc.M111.224626
http://www.ncbi.nlm.nih.gov/pubmed/21454693

PLO\S\% One

40.

41.

42.

43.

44.

45.

46.

Lobito AA, Ramani SR, Tom |, Bazan JF, Luis E, Fairbrother WJ, et al. Murine insulin growth factor-like (IGFL) and human IGFL1 pro-

teins are induced in inflammatory skin conditions and bind to a novel tumor necrosis factor receptor family member, IGFLR1. J Biol Chem.
2011;286(21):18969-81. https://doi.org/10.1074/jbc.M111.224626 PMID: 21454693

Moniz S, Jordan P. Emerging roles for WNK kinases in cancer. Cell Mol Life Sci. 2010;67(8):1265-76. https://doi.org/10.1007/s00018-010-0261-6
PMID: 20094755

DeFilippis EM, Feldman SR, Huang WW. The genetics of pyoderma gangrenosum and implications for treatment: a systematic review. Br J Derma-
tol. 2015;172(6):1487-97. https://doi.org/10.1111/bjd.13493 PMID: 25350484

Garg A, Malviya N, Strunk A, Wright S, Alavi A, Alhusayen R, et al. Comorbidity screening in hidradenitis suppurativa: evidence-based recommen-
dations from the US and Canadian Hidradenitis Suppurativa Foundations. J Am Acad Dermatol. 2022;86(5):1092—101. https://doi.org/10.1016/].
jaad.2021.01.059 PMID: 33493574

Gudjonsson JE, Tsoi LC, Ma F, Billi AC, van Straalen KR, Vossen ARJV, et al. Contribution of plasma cells and B cells to hidradenitis suppurativa
pathogenesis. JCI Insight. 2020;5(19):€139930. https://doi.org/10.1172/jci.insight. 139930 PMID: 32853177

Shanmugam VK, Jones D, McNish S, Bendall ML, Crandall KA. Transcriptome patterns in hidradenitis suppurativa: support for the role of antimi-
crobial peptides and interferon pathways in disease pathogenesis. Clin Exp Dermatol. 2019;44(8):882-92. https://doi.org/10.1111/ced.13959 PMID:
30828847

Kim J, Lee J, Li X, Lee HS, Kim K, Chaparala V, et al. Single-cell transcriptomics suggest distinct upstream drivers of IL-17A/F in hidradenitis ver-
sus psoriasis. J Allergy Clin Immunol. 2023;152(3):656—66. https://doi.org/10.1016/j.jaci.2023.05.012 PMID: 37271319

PLOS One | https://doi.org/10.1371/journal.pone.0322565 June 2, 2025 18/18



https://doi.org/10.1074/jbc.M111.224626
http://www.ncbi.nlm.nih.gov/pubmed/21454693
https://doi.org/10.1007/s00018-010-0261-6
http://www.ncbi.nlm.nih.gov/pubmed/20094755
https://doi.org/10.1111/bjd.13493
http://www.ncbi.nlm.nih.gov/pubmed/25350484
https://doi.org/10.1016/j.jaad.2021.01.059
https://doi.org/10.1016/j.jaad.2021.01.059
http://www.ncbi.nlm.nih.gov/pubmed/33493574
https://doi.org/10.1172/jci.insight.139930
http://www.ncbi.nlm.nih.gov/pubmed/32853177
https://doi.org/10.1111/ced.13959
http://www.ncbi.nlm.nih.gov/pubmed/30828847
https://doi.org/10.1016/j.jaci.2023.05.012
http://www.ncbi.nlm.nih.gov/pubmed/37271319

