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Abstract

Background:Mounting evidence suggest that there are an association between pso-

riasis and ulcerative colitis (UC), although the common pathogeneses are not fully

understood. Our study aimed to find potential crucial genes in psoriasis and UC

throughmachine learning and integrated bioinformatics.

Methods: The overlapping differentially expressed genes (DEGs) of the datasets

GSE13355 and GSE87466 were identified. Then the functional enrichment analy-

sis was performed. The overlapping genes in LASSO, SVM-RFE and key module in

WGCNAwere considered as potential crucial genes. The receiver operator character-

istic (ROC) curve was used to estimate their diagnostic confidence. The CIBERSORT

was conducted to evaluate immune cell infiltration. Finally, thedatasetsGSE30999and

GSE107499were retrieved to validate.

Results: 112 overlapping DEGs were identified in psoriasis and UC and the func-

tional enrichment analysis revealed they were closely related to the inflammatory and

immune response. Eight genes, including S100A9, PI3, KYNU, WNT5A, SERPINB3,

CHI3L2, ARNTL2, and SLAMF7, were ultimately identified as potential crucial genes.

ROC curves showed they all had high confidence in the test and validation datasets.

CIBERSORT analysis indicated there was a correlation between infiltrating immune

cells and potential crucial genes.

Abbreviations: ARNTL2, Aryl Hydrocarbon Receptor Nuclear Translocator-Like 2; AUC, area under the ROC curve; BP, biological process; CC, cellular component; CD, Crohn’s disease; CHI3L2,

Chitinase 3 Like 2; CLOCK, circadian locomotor output cycles kaput; DCs, dendritic cells; DEGs, differentially expressed genes; GEO, Gene ExpressionOmnibus; GO, GeneOntology; IBD,

inflammatory bowel disease; IFN-γ, Interferon-γ; IL-17, Interleukin-17; KCs, keratinocytes; KEGG, Kyoto Encyclopedia of Genes and Genomes; KYNU, Kynureninase; LASSO, least absolute

shrinkage and selection operator; MF, molecular function; NF, nuclear factor; NLRP3, nucleotide-binding and oligomerization domain-like receptor protein 3; NOD, nucleotide-binding and

oligomerization domain; PI3, Peptidase Inhibitor 3; RAGE, receptor for advanced glycation end products; ROC, receiver operator characteristic; ROR2, Receptor Tyrosine Kinase Like Orphan

Receptor 2; S100A9, S100 Calcium Binding Protein A9; SERPINB3, Serpin Family BMember 3; SLAMF7, Signaling Lymphocytic ActivationMolecule Family 7; SVM-RFE, support vector

machine-recursive feature elimination; TEAD4, TEA domain family member 4; Th1, T Helper 1; Tregs, regulatory T cells; UC, ulcerative colitis;WGCNA,Weighted Gene Co-expression Network

Analysis;WNT5A,Wnt FamilyMember 5A.
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Conclusion: In our study, we focused on the comprehensive understanding of patho-

geneses in psoriasis and UC. The identification of eight potential crucial genes may

contribute to not only understanding the common mechanism, but also identifying

occult UC in psoriasis patients, even serving as therapeutic targets in the future.

KEYWORDS

bioinformatics, gene expression omnibus, machine learning, potential crucial genes, psoriasis,
ulcerative colitis

1 INTRODUCTION

Psoriasis is a chronic inflammatory skin diseasewith erythema, scaling,

andpruritus,which ismediatedby genetic, environmental, and immune

factors.1 The incidence of psoriasis has gradually increased in recent

years.2 Psoriasis is considered to be a systemic disease, and some

diseases such as atherosclerosis, ulcerative colitis (UC), and diabetes

mellitus are associatedwith psoriasis.3,4 Some studies have shown that

patients with psoriasis have a higher risk of suffering from UC. Farzad

Alinaghi et al. conducted a meta-analysis and reported the prevalence

of UC in patientswith psoriasis reached 0.5% [95%CI, 0.3−0.8%].5 And

a case-control study indicated psoriasis was associated with UC by

using logistic multivariate model (OR, 1.64; 95%CI, 1.15–2.33).6

As a chronic inflammatory bowel disease, UC is more common

than Crohn’s disease (CD),7 with typical symptoms of abdominal pain,

bloody purulent diarrhea, and fecal incontinence.8,9 The onset of UC

is mostly attributed to some factors such as genetic factors, diet, and

lifestyle as well as mental health, which ultimately lead to the disor-

der of microbial ecosystem in colon, the interaction of immunocytes

and the triggering of inflammatory response.10 UC is also regarded

as a system disease and some patients are affected by extraintestinal

manifestations, such as the involvement of skin and joints.11 A nation-

wide population-basedmatched cohort study inKorea showed thatUC

patients had an increased risk of psoriasis, with an incidence of 217.68

per 100 000 person-years.12,13 The common pathogeneses of UC and

psoriasis are lifestyle factors, genetic overlap, gut microbial antigens,

and shared immune and inflammatory processes.14,15 Many treat-

ments for psoriasis are also suitable for UC, such as infliximab16 and

ustekinumab.17 Some studies have shown the opinion that inflamma-

tory bowel disease (IBD) and psoriasis are both related to the immune

response, which alter the microbiota of gut and skin after environ-

mental triggers for genetically susceptible individuals.18 Accordingly,

genetic susceptibility is regarded as a potential risk. Ameta-analysis of

the genome-wide association scanning showed that there were many

IBD loci associated with psoriasis (14 out of 17, 14-fold).19

The diagnosis ofUC ismainly based on typical clinical symptoms and

intestinal endoscopy, but the discomfort caused by the examination

makes it difficult for many patients to accept.20 And the lesions in the

early stages of psoriasis are easily confused with other skin diseases.

Paying attention to psoriasis patients suffering from gastrointestinal

discomfort and UC patients with skin lesions will contribute to the

early diagnosis and treatment of comorbidities and improve the prog-

nosis of patients. Therefore, it is of great clinical significance to identify

the potential crucial genes shared in psoriasis andUCand explore their

common pathogenesis.

In the present study, we obtained gene expression profiles of psori-

asis and UC from the Gene Expression Omnibus (GEO) database, and

then the potential crucial genes shared in both diseases were identi-

fied through weighted gene co-expression network analysis (WGCNA)

andmachine learning. Finally, the resultswere verified in the validation

datasets. The end purpose aims at uncovering the new insight into the

comorbidity between psoriasis and UC as well as identifying candidate

genes for the diagnosis and therapeutic targets.

2 MATERIALS AND METHODS

2.1 Data collection and processing

In order to obtain gene expression profiles and clinical informa-

tion of diseases, we searched datasets by using the keywords “pso-

riasis” and “ulcerative colitis” in the GEO database (https://www.

ncbi.nlm.nih.gov/geo/). Our filtering criteria include: (1) The organ-

ism should be Homo sapiens; (2) The tissue should be from pso-

riatic skin or colon lesional mucosal; (3) In the datasets, not only

a disease group, but also a healthy control group is required; (4)

The number of samples for WGCNA should be more than 15.

Finally, the datasets GSE13355 and GSE87466 were used for analy-

sis. GSE13355 was based on GPL570 [HG-U133_Plus_2] Affymetrix

Human Genome U133 Plus 2.0 Array, which collected 58 psoriatic

lesions and 64 normal healthy controls.21–23 GSE87466 was based

on GPL13158 [HT_HG-U133_Plus_PM] Affymetrix HT HG-U133+

PM Array Plate, which collected 91 UC and 21 normal mucosal

biopsy samples.24 The datasets GSE30999 and GSE107499 were

used for verifying our results. GSE30999 was based on GPL570 [HG-

U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array, which

collected 170 skin biopsy samples from 85 moderate-to-severe psori-

asis patients.25,26 The dataset GSE107499 was based on GPL15207

[PrimeView] Affymetrix Human Gene Expression Array, which col-

lected 75 UC patients and 44 healthy controls. Initially, data were

downloaded using the “GEO query” R package27 from GEO database.

Subsequently, the data underwent normalization using the normal-

izeBetweenArrays function from the “Limma” R package,28 aimed at

eliminating systematic variations across different arrays, thus ensuring

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/


ZHANG ET AL. 3 of 13

comparability in subsequent analyses. Additionally, annotation pro-

cessing was conducted, where probes mapping to multiple genes were

removed, and in cases where multiple probes map to the same gene,

only the probewith the highest signal value was retained.

2.2 Differentially expressed genes screening

The “Limma” R package was used to extract differentially expressed

genes (DEGs) in psoriasis and UC datasets. |Log2 fold change|≥1 & p-

value < 0.05 were regarded as the cut-off standard. The overlapping

genes were defined as upregulated or downregulated simultaneously

in both datasets. PCA plot and Venn plot were used to visualize the

clustering between sample groups and overlappingDEGs, respectively.

2.3 Functional enrichment analysis

Functional enrichment analysis was performed in order to understand

the function of the overlapping genes better. The “Org. Hs. eg. Db” R

package was applied for ID conversion of molecular lists. The “clus-

terProfiler” R package29 was employed for Gene Ontology (GO) and

Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrich-

ment analysis. The results of the enrichment analysis were visualized

using the “ggplot2” R package. GO enrichment analysis focuses on

three categories: biological process (BP), cellular component (CC),

and molecular function (MF). KEGG pathway enrichment analysis was

used for investigating biological pathways. Functional enrichment anal-

ysis was performed by the cluster for investigating gene biological

functions and pathways. p-value < 0.05 was regarded as the cut-off

criterion.

2.4 Weighted gene co-expression network
analysis

The “WGCNA” R package was used to perform the WGCNA analysis.

First, the expression matrix was obtained, and the top 5000 genes

exhibiting the greatest variation were selected based on the standard

deviation of their expression data and included in the subsequent

analysis.30,31 Then the fitted index (positive correlation) and the

average connectivity (negative correlation) were plotted with the

power scatter plot. In order to conduct a scale-free network, β = 9

was regarded as the optimal soft-power value. R2 > 0.8 was used

for conducting the topological relationship of a scale-free network.

Topological overlap matrix analysis was used to cluster genes and

divide genes into different modules according to their similarity in

expression. The minimum module size was set to 30 for creating

clusters of highly interconnected genes. The link between module

features and clinical features was carried out by Pearson correlation

analysis. Finally, gene significance and module significance values

larger than 0.8 and 0.8, respectively, were regarded as hub genes in

modules.32

2.5 Machine learning to identify potential crucial
genes

Two machine learning algorithms including least absolute shrinkage

and selection operator (LASSO) and support vector machine-recursive

feature elimination (SVM-RFE) together with WGCNA were used to

screen out potential crucial genes. LASSO regression model is to com-

press the variable regression coefficients in the regression model by

generating a penalty function (L1 regularization) to prevent overfitting.

The “glmnet” R package was used for LASSO. Then cross-validation

graphs were drawn and Nfolds were set as 10. SVM-RFE is a machine-

learning method that made variable selection fast and automated. The

“E1071,” “kernlab,” and “caret” R packages were employed for SVM-

RFE. The point with the smallest cross-validation error was obtained

and then the genes were output.

2.6 Evaluating diagnostic confidence

The receiver operator characteristic (ROC) curve is also called the sen-

sitivity curve performed by the “pROC” package. The basic principle

is calculating the corresponding sensitivity and specificity at differ-

ent cut-off points in the continuous variable. The area under the ROC

curve (AUC) was calculated to show the diagnostic confidence of cru-

cial genes on the test and the validation datasets. The value ofAUCwas

between 0 and 1. The larger the AUC value, the higher the diagnostic

confidence.

2.7 Immune infiltration analysis

The CIBERSORT (https:// cibersort.stanford.edu) is an analysis tool

that applies the principle of linear support vector regression to decon-

volve the expression matrix of human immune cell subtypes. This

methodprovides a setof geneexpressionvalues in22 typesof immuno-

cytes based on a pre-processed reference dataset.33 In the present

study, 1000 permutations were set as the default signature matrix

and the “ggplot2” R package was used to visualize. Heatmaps and vio-

lin plots were used to show the difference in immune cell infiltration

between the disease group and the control group. Then, the correla-

tion between infiltrating immunocytes and potential crucial genes was

calculated by the Spearman correlation analysis. p-values < 0.05 was

considered statistically significant. If a gene was associated with three

or more infiltrating immune cells, the results were visualized using the

lollipop graphs, otherwise, the correlation scatter plot was preferred.

3 RESULTS

3.1 Identification of overlapping genes

Our research process was displayed in the workflow in Figure 1. As

shown in the two-dimensional PCA cluster diagrams, the clustering
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F IGURE 1 Workflow of process in this study.

of samples from psoriasis patients and healthy controls were obvi-

ous, as was the case with samples from UC patients and healthy

controls (Figure 2A,B). In GSE13355, 484 upregulated and 197 down-

regulated DEGs were identified (Figure 2C). And in GSE87466, 793

DEGs were up-regulated and 419 were downregulated (Figure 2D).

Then, the upregulated and downregulatedDEGswere intersected sep-

arately, a total of 112 overlapping DEGs were obtained, including 100

co-upregulated and 12 co-downregulated DEGs (Figure 2E,F).

3.2 Functional enrichment analysis

GOenrichment analysis inBP revealed112overlappingDEGsenriched

in positive regulation of leukocyte migration and chemotaxis, granulo-

cyte, and neutrophil chemotaxis. CC was associated with the external

side of plasma membrane, cytoplasmic vesicle lumen, and secretory

granule lumen. MFwas involved in cytokine activity, chemokine recep-

tor binding, chemokine activity, and receptor for advanced glycation

end products (RAGE) binding (Figure 2G; Table S1). KEGG pathway

enrichment analysis showed that DEGs were enriched in cytokine–

cytokine receptor interaction, chemokine signaling pathway, viral

protein interaction with cytokine and cytokine receptor, Interleukin-

17 (IL-17) signaling pathway, nucleotide-binding and oligomerization

domain (NOD) -like receptor signaling pathway, tumor necrosis fac-

tor (TNF) signaling pathway and nuclear factor (NF) -kappa B signaling

pathway, which were primarily closely related to inflammatory and

immune response. (Figure 2H, Table S2).

3.3 WGCNA construction and key module
identification

The cluster dendrogram of genes showed that a total of sevenmodules

were obtained in GSE13355 through WGCNA, with each color repre-

senting a module (Figure 3A). The red module was the most positively

related with psoriasis (r = 0.97, p = 2e-79), with 868 hub genes were

screened for further analysis (Figure 3B,C).

3.4 Machine learning to screen potential crucial
genes

Ten genes were filtered out by the LASSO regression and 25 genes

were screened out by the SVM-RFE algorithm (Figure 3D,E). To iden-

tify the potential crucial genes, we obtained the overlapping genes

fromLASSO, SVM-RFE, andWGCNA (Figure3F). Andeight geneswere

identified, which were S100 Calcium Binding Protein A9 (S100A9),

Peptidase Inhibitor 3 (PI3), Kynureninase (KYNU), Wnt Family Mem-

ber 5A (WNT5A), Serpin Family B Member 3 (SERPINB3), Chitinase

3 Like 2 (CHI3L2), Basic Helix-Loop-Helix ARNT Like 2 (ARNTL2),

and SLAM Family Member 7 (SLAMF7). In GSE13355, the AUC of

crucial genes was all identified as 1.00. In GSE87466, the AUC of

S100A9 (AUC= 0.958), PI3 (AUC= 0.979), KYNU (AUC= 0.945), SER-

PINB (AUC = 0.915), CHI3L2 (AUC = 0.927), ARNTL2 (AUC = 0.985),

and SLAMF2 (AUC = 0.871) were comparably high (Figure 3G,H).

Together, ROC curves showed that the eight genes all had high confi-

dence in the test dataset, which demonstrated their diagnostic ability

in discriminating psoriasis and UC patients from controls.

3.5 Correlation analysis of immune cell
infiltration and crucial genes

The relative proportions of 22 immune cells in psoriasis samples, UC

samples and their respective control samples were presented in the

heatmaps (Figures 4A and 5A). The violin plots showed the distri-

bution of immunocytes in psoriasis and UC samples compared with

control samples (Figures 4B and 5B). In psoriasis samples, nine types

of immune cells were remarkedly different compared with control

samples. The proportion of CD4 memory activated T cells, follicular

helper T cells, M1 macrophages, activated dendritic cells (DCs), acti-

vatedmast cells, andneutrophils in psoriasis patientswere significantly

higher and they were positively correlated. And the proportion of reg-

ulatory T cells (Tregs), gamma delta T cells and activated NK cells were

reduced and they were negatively correlated. The infiltration of CD4

memory activated T cells, follicular helper T cells, activated NK cells,

M0macrophages,M1macrophages resting,mast cells, and neutrophils

were significantly increased in the UC group. And plasma cells, Tregs,

M2 macrophages, activated DCs, and resting mast cells showed the

opposite results.

In psoriasis samples, ARNTL2 was positively correlated with acti-

vatedDCs (R=0.32,p=0.014). SLAMF7waspositively correlatedwith

gamma delta T cells (R = 0.27, p = 0.043) and negatively with Tregs

(R = −0.27, p = 0.041) (Figure 4C–E). And all potential crucial genes

showed a close correlation with immune cells in UC samples, partic-

ularly CHI3L2 and ARNTL2 (Figure 5C-K). CHI3L2 was significantly

associated with nine types of immune cells, such as neutrophils, M2
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F IGURE 2 DEGs in GSE13355 andGSE87466. (A) The two-dimensional PCA cluster diagram in GSE13355. (B) The two-dimensional PCA
cluster diagram in GSE87466. (C) The volcano plot of DEGs in GSE13355. (D) The volcano plot of DEGs in GSE87466. (E) The common
up-regulated DEGs in GSE13355 and GSE87466. (F) The common down-regulated DEGs in GSE13355 andGSE87466. (G) The GO enrichment
analysis of commonDEGs shared in GSE13355 andGSE87466. (H) The KEGGpathway enrichment analysis of commonDEGs shared in GSE13355
and GSE87466.

macrophages, follicular helper, etc. ARNTL2 had a positive correlation

with neutrophils and activated DCs, while had a opposite correlation

with restingmast cells, M2macrophages and plasma cells.

3.6 Validation of crucial genes in the validation
datasets

To increase the confidence of our study, the datasets GSE30999 and

GSE107499were retrieved to validate their expression and diagnostic

ability in psoriasis and UC. In GSE30999 and GSE107499, the expres-

sions of all crucial geneswere significantly upregulated in psoriasis and

UCpatients (Figure 6A,B). ROC curves showed their high confidence in

the validation datasets (Figure 6C,D).

4 DISCUSSION

Currently, bioinformatics has been widely utilized in disease research,

particularly for exploring biomarkers and molecular mechanisms. For
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F IGURE 3 Identification of potential crucial genes byWGCNA, LASSO and SVM-RFE. (A) The cluster dendrogram of genes in GSE13355. (B)
Relationships betweenmodules and clinical traits in GSE13355. (C) The relationship betweenmodule membership and gene significance in red
module. (D) LASSO algorithm to determinate key genes in DEGs. (E) SVM-RFE algorithm to screening key genes in DEGs. (F) Venn diagram to show
the overlap genes obtained usingWGCNA, LASSO, and SVM-RFE. (G). ROC curve evaluating the diagnostic efficacy of eight crucial genes in
GSE13355. (H) ROC curve evaluating the diagnostic efficacy of eight crucial genes in GSE87466.

instance, a study employing a hybrid classifier based on genetic algo-

rithms and SVM has significantly enhanced the predictive accuracy in

identifying gene expression signatures for classifying psoriasis.34 The

application of this method highlights the crucial role of bioinformat-

ics in deciphering the complex genetic interplay underlying psoriasis,

which offers new insights into the genetic underpinnings of psoriasis.

Shokrollah et al. have shed light on potential novel biomarkers for CD

patients in the tumorigenesis of colorectal cancer.35 This is relevant

as it suggests a deeper link between IBD and other systemic diseases,

offering new insights into their shared mechanisms. As a systemic
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F IGURE 4 Immune infiltration analysis of crucial genes in psoriasis. (A) The heatmap of immune cell infiltration between psoriasis and
controls. (B) The violin plot to show the different distribution of each immune cell between psoriasis and control in GSE13355. (C) Correlation
between ARNTL2 and infiltrating immune cells. (D and E) Correlation between SLAMF7 and infiltrating immune cells. ** p< 0.001.

disease, psoriasis is also related with many diseases and numerous

studies have already established the relationship between psoriasis

and other diseases like depression, nonalcoholic steatohepatitis, and

IBD.36–41 Our previous work focused on the comorbidity mechanism

between psoriasis and nonalcoholic steatohepatitis, and identified sev-

eral key genes as potential therapeutic targets using bioinformatics

methods.42 This discovery not only aids in understanding the comor-

bidity mechanisms of these two diseases but also emphasizes the

broader applicability of bioinformatics in revealing complex disease

relationships. Ding et al. suggested that FOS may play a critical role in

both IBDandpsoriasis, contributing to a growingbodyof evidence sup-

porting the genetic commonality between these diseases.43 Moreover,
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F IGURE 5 Immune infiltration analysis of crucial genes in UC. (A) The heatmap of immune cell infiltration between UC and controls. (B) The
violin plot to show the different distribution of each immune cell between UC and control in GSE87466. (C) Correlation between S100A9 and
infiltrating immune cells. (D) Correlation between KYNU and infiltrating immune cells. (E) Correlation betweenWNT5A and infiltrating immune
cells. (F) Correlation between SLMAF7 and infiltrating immune cells. (G) Correlation between ARNTL2 and infiltrating immune cells. (H)
Correlation between CHI3L2 and infiltrating immune cells. (I) Correlation between PI3 and infiltrating immune cells. (J and K) Correlation
between SERPINB3 and infiltrating immune cells. ** p< 0.001.
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F IGURE 6 Validation of potential crucial genes. (A) The volcano plot of DEGs in GSE3099. (B) The volcano plot of DEGs in GSE107499. (C)
ROC curve evaluating the diagnostic efficacy of eight crucial genes in GSE30999. (D) ROC curve evaluating the diagnostic efficacy of eight crucial
genes in GSE107499.

a two-sample bidirectional Mendelian randomization study posited a

possible causal relationship between IBD and psoriasis. It showed that

genetic predisposition to IBD might increase the risk of developing

psoriasis, further solidifying their genetic link.44

Incremental evidence has demonstrated a potential link between

psoriasis and UC, yet the mechanism remains unknown. It is critical

to identify the potential crucial genes between psoriasis and UC as

well as explore the relationship between them to help early diagno-

sis and treatment. In our study, we got gene expression profiles from

GEO database, and 112 DEGs were screened out. The enriched path-

ways are primarily related to inflammatory and immune response.

Subsequently, eight crucial genes shared in the psoriasis and UC

datasets were identified via WGCNA, LASSO, and SVM-RFE, includ-

ing S100A9, PI3, KYNU, WNT5A, SERPINB3, CHI3L2, ARNTL2, and

SLAMF7,which showed high confidence in both training and validation

datasets. Therefore, these genesmay serve as biomarkers for detecting

covert UC in psoriasis patients

GO and KEGG analyses showed the common DEGs were highly

related with immune response, indicating immune response played a

pivotal role in the initiationofpsoriasis andUC.Tanget al. reported that

cytokine-cytokine receptor interaction, viral protein interaction with

cytokine and cytokine receptor, IL-17 signaling pathway and NOD-like

receptor signaling pathway were significantly enriched in psoriasis,45

which is consistent with our results. Among them, the IL-17 signaling

pathway is considered to be one of the pathways most closely related

to the pathogenesis of psoriasis. IL-23/IL-17 axis plays an essential

role in plaque psoriasis, but also contributes to the progression of

UC, and has been regarded as a therapeutic target.1,46,47 Transcription

factorNFκB is highly expressed in psoriasis and is related to the behav-

ior of keratinocytes (KCs) and immunocytes, indicating the important

role of NFκB signaling in psoriasis.47 NFκB, as the “master switch” for

pro-inflammatory mediators, has also been reported in a variety of

diseases includingUC.48 NOD2, a keymolecule of theNOD-like recep-

tor signaling pathway, was observed that upregulated in psoriasis by

assaying the transcriptomes of the normal, lesional and non-lesional

psoriatic epidermis.49 nucleotide-binding and oligomerization domain-

like receptor protein 3 (NLRP3) is a NOD-like receptor family, and its

activation was significantly related with long-standing UC.50
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S100A9, PI3, KYNU, and WNT5A have been reported to have a

relation with both diseases. S100A9, an intracellular calcium-binding

protein, is mainly produced from KCs and innate immunocytes.51

S100A9 forming calprotectin heterodimers together with S100A8

bound to receptors on the cell surface such as RAGE, further triggering

signaling pathways associated with inflammatory response, cell cycle

progression and cell proliferation.52 It has been reported that S100A9

played a key role in both psoriasis and UC.53,54 Upregulated S100A9

in psoriasis patients could drive chronic inflammation by inducing type

3 immunity.55 And in the intestinal mucosa of active UC patients, neu-

trophils could synthesize and secrete S100A9 protein, mediating the

inflammatory response.56,57 PI3, as an epithelial host-defense pro-

tein, was significantly elevated in KCs from skin inflammatory lesions,

especially psoriasis.58,59 PI3 was proved as Th17-associate markers,

which can accurately identify psoriasis from hidradenitis suppurativa

in a cross-sectional study.60 KYNU, a tryptophan metabolism enzyme

downstream of indoleamine 2,3-dioxygenase, was highly expressed

in psoriatic lesions.61 It has been demonstrated that KYNU might

contribute to the onset of psoriasis by regulating the inflammatory

microenvironment in our previous study62 Wnorowski et al. conducted

ameta-analysis using publicly available transcriptomic datasets as well

as found that KYNU was also upregulated in UC patients, and might

be recovered after infliximab treatment.63 WNT5A, as an evolution-

ary WNT member, can activate both the canonical Wnt/β-catenin and

noncanonical Wnt/Ca2+ pathways.64,65 It was found thatWNT5Awas

highly expressed in psoriasis lesions, yet the specific mechanisms were

still unclear.66 Sato et al. demonstrated that WNT5A-receptor tyro-

sine kinase-like orphan receptor (ROR2) axis can enhance interferon-γ
(IFN-γ) signaling and promote IL-12 expression in DCs, inducing T

helper 1 (Th1) differentiation in colitiss.67 However, it is still incon-

clusive whether WNT5A is pro-inflammatory or anti-inflammatory in

UC.68

SERPINB3 can significantly inhibit immunocytes apoptosis and

induceabnormal proliferationof autoreactive cells, resulting in autoim-

mune disorder.69 In psoriasis, transcriptional factor TEA domain family

member 4 (TEAD4) regulated the expression of SERPINB3/4 and

promoted the secretion of chemokines, forming crosstalk between

KCs and T cells.70 Among these genes, CHI3L2 and ARNTL2 have

not been reported to be associated with psoriasis. As a member

of chitinase-like proteins, CHI3L2 has two kinds of physiological

activities, inducing autoimmune response and taking part in tissue

remodeling.71,72 TIMER analysis revealed that CHI3L2 was highly

associated with tumor immune infiltrating cells in gliomas, such as M1

and M2 macrophages.71 In order to explore the function of immune

cell infiltration, CIBERSORT was conducted for a comprehensive eval-

uation. CHI3L2 showed a close link with immune infiltrating cells

in UC patients. ARNTL2 together with circadian locomotor output

cycles kaput (CLOCK) can affect the persistence and period of cir-

cadian rhythms.73 ARNTL2 has been extensively studied in cancers

and proved to be associated with poor survival and immune cell infil-

tration, such as triple-negative breast cancer,74 clear cell renal cell

carcinoma,75 andpancreatic cancer.76 Interestingly, ARNTL2was iden-

tified as a potential biomarker which is related with different clinical

manifestations between Uyghur and Han population UC patients.77 In

our study, ARNTL2 was significantly correlated with activated DCs,

suggesting that it may participate in the development of UC and pso-

riasis through mediating immune response, which requires further

experiments to verify. SLAMF7, as a self-ligand immune cell recep-

tor, modulated B cells and adaptive immune response, thus regulating

the susceptibility of autoimmunity inmultiple sclerosis.78 SLAMF7was

significantly upregulated in macrophages exposed to IFN-γ, and the

involvement of SLAMF7 drove the inflammatory cascade.79 In multi-

ple myeloma, SLAMF7 was a marker of inhibitory CD8+ Tregs, and

anti-SLAMF7 antibodies can be used to enhance anti-tumor immune

response.80 However, there were currently no reports on the func-

tions of SLAMF7 in psoriasis and UC. In the present study, SLAMF7

was positively correlated with gamma delta T cells and negatively with

Tregs in psoriasis, and SLAMF7 were significantly related with M2

macrophages, resting mast cells and activated NK cells in UC, which

indicated the potential role of SLAMF7 in psoriasis and UC.

In summary, eight crucial genes in psoriasis and UC were ultimately

identified and validated using bioinformatics, which may play a sig-

nificant role in the onset and progression of the two diseases and

indicate a common underlying mechanism. These genes are not only

promising for further research but could also serve as diagnostic

markers, especially for patients experiencing both gastrointestinal

and dermatological symptoms. With further experimental validation,

these genes have the potential to become new therapeutic targets,

offering more effective treatment strategies for patients with pso-

riasis and UC. Although there exist some limitations in our studies,

these results are extremely helpful to understand the relationship

between psoriasis and UC as well as identify covert UC in psoriasis

patients.

5 CONCLUSION

In our study, we concentrated on the comprehensive understanding

of pathogeneses in psoriasis and UC, which may participate in their

interaction. Eight genes, including S100A9, PI3, KYNU, WNT5A, SER-

PINB3, CHI3L2, ARNTL2, and SLAMF7, were ultimately identified as

potential crucial genes by machine learning and integrated bioinfor-

matics. These key genes may not only contribute to understanding the

common mechanism between psoriasis and UC, but also recognizing

occult UC in psoriasis patients, even serving as therapeutic targets in

the future.
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