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Purpose: Ferroptosis, a form of iron-dependent lipid peroxidation cell death. However, the mechanism of ferroptosis in psoriasis 
remains to be further investigated. Therefore, our research focuses on uncovering the role of ferroptosis in the pathogenesis of psoriasis 
and providing accurate biomarkers as therapeutic targets.
Patients and Methods: We merged differentially expressed genes (DEGs) from the gene expression omnibus (GEO) with 
ferroptosis-related genes from FerrDb database. Key genes were further identified using weighted gene co-expression network analysis 
(WGCNA) and machine learning. Additionally, we used non-negative matrix factorization (NMF) clustering to identify two ferroptosis 
molecular subgroups.
Results: CHAC1, PARP9 and LCN2 are identified as key ferroptosis-related genes in psoriasis. The psoriatic skin samples were 
divided into cluster 1 and cluster 2, with cluster 1 being the more severe subtype of psoriatic lesions. The expression of CHAC1 had 
the highest correlation with activated CD4 T cells, neutrophil, regulatory T cell (Tregs) and type 2 T helper cell (Th2), which were 
significantly enriched in cluster1.
Conclusion: In conclusion, the ferroptosis associated diagnostic gene CHAC1 exacerbates psoriasis by regulating activated CD4 
T cells, neutrophil, Tregs and Th2, serving as a reliable biomarker to predict patient survival.
Keywords: molecular subgroup, bioinformatics analysis, ferroptosis-related genes, immune cell

Introduction
Psoriasis is a persistent systemic inflammatory skin disease characterized by abnormal proliferation and differentiation of 
keratinocytes caused by persistent inflammation.1 Affecting 2% to 3% of the world’s population, psoriasis appears as red 
patches with silvery scales and is associated with an increased risk of cardiovascular and other diseases.2 Nonetheless, 
the pathogenesis remains largely unknown. Biological drugs have been at the forefront of clinical research over the past 
decade and are expected to improve disease remission rates and reduce the associated long-term risks.3 Side effects, drug 
resistance, and other problems associated with biologics also limit their use.

Studies have indicated that ferroptosis is associated with sustained release of damage-associated molecular patterns 
(DAMPs) and cytokines that exacerbate the inflammatory response.4,5 Ferroptosis has been shown to trigger and escalate 
inflammation,6 and ferroptosis inhibitors exhibit anti-inflammatory properties in various disease models.7 Recent findings 
demonstrate that ferroptosis-associated cell death is activated in psoriatic lesions, with similar ferroptotic trends observed 
in human primary keratinized cells treated with erastin and in IMQ (imiquimod) -induced psoriasis models. Overall, the 
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targets, mechanisms, therapeutic agents, and clinical validation of studies to treat psoriasis by modulating ferroptosis 
pathways remain unclear and more evidence is needed.

A study reveals that glutathione (GSH) plasma levels and GSH peroxidase activity are markedly lower compared to 
the general populace in psoriasis patients.8 CHAC1 emerges as a potential gene within the GSH metabolism signaling 
pathway, noted for its high catalytic efficiency and an upsurge in CHAC1 expression precipitates GSH depletion and 
disrupts cellular redox balance,9 which indicates the potential role of CHAC1 in psoriasis. The upregulation of CHAC1 is 
widely accepted as an early ferroptotic marker. In the context of ferroptosis, CHAC1 degradation of GSH enhances 
susceptibility to ferroptosis under cystine starvation conditions.10 miR-432-5p binds to the 3′UTR of the CHAC1 gene, 
and this suppression leads to the accumulation of GSH, which in turn activates GPX4 and prevents lipid peroxidation, 
thereby inhibiting ferroptosis.11 In addition, a research uncovered PARP9 active involvement in psoriasis-related path
ways, and substantial correlations with immune cells and oxidative stress were noted.12 An important ferroptosis- 
regulating protein under physiological and inflammatory settings has been identified as LCN2.13 According to earlier 
research, the main iron-regulatory functions of LCN2 during inflammation include iron scavenging, regulating the levels 
of cytoplasmic ferroptosis, reducing oxidative stress, and transporting iron between cells, tissues, and organs.14,15 

LCN2 has been implicated in psoriasis pathogenesis by modulating neutrophil activity and local skin inflammation via 
the SREBP2-NLRC4 axis.16,17

Therefore, it is crucial to understand the biological function of ferroptosis in the pathogenesis of psoriasis and to 
explore whether ferroptosis-related genes (CHAC1, LCN2 and PARP9) can be used as accurate biomarkers for psoriasis 
to provide effective therapeutic targets in biologics research.

GSE30999, training set of our research, contains a transcriptome of 85 paired skin lesion samples and non-lesion 
samples from a group of patients with moderate-to-severe generalized psoriasis who are not receiving active psoriasis 
treatment, providing the most comprehensive molecular definition of moderate-to-severe disease based on lesional skin. 
What’s more, GSE13355 and GSE14905, which are from the same sequencing platform as the training set, also compare 
the molecular expression differences between skin lesion and NL samples. Including them as validation sets not only 
reduces cross-platform integration errors but also ensures disease-specific conclusions by using NL tissues as “health-like 
controls” to avoid potential confounders like age and environmental exposure between healthy donors and patients.

In this study, we use GSE30999 dataset to investigate the biomarkers and molecular mechanisms associated with 
psoriasis, focusing on the role of ferroptosis. We employed machine learning algorithms to identify core genes involved 
in ferroptosis and analyzed their expression patterns and regulatory mechanisms using non-negative matrix factorization 
(NMF) clustering and immune infiltration analysis. Our findings highlight the significance of ferroptosis in psoriasis, 
revealing two distinct clusters, screening for biomarkers (CHAC1, LCN2 and PARP9) related to ferroptosis. 
Additionally, we propose a relationship between CHAC1 expression and the activation of CD4 T cells, neutrophils, 
regulatory T cells (Tregs), and Th2 immune cells, which correlates with disease severity.

Methods
Data Download and Preprocessing
A concise flow chart can be seen in Supplementary Figure 1.

All data used in this study are freely available to the public. First, we downloaded the sample source from the Gene 
Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) database. The GSE30999 dataset includes 85 non- 
lesion (NL) and 85 psoriasis skin biopsies, the GSE13355 dataset consists of 58 psoriasis patients and 64 NL skin group, 
with a total of 58 psoriasis samples and 122 NL skin samples, and the GSE14905 dataset comprises skin biopsies from 21 
normal healthy donors, 56 psoriasis skin biopsies from 28 psoriasis patients with matched diseased and non diseased 
tissues, and 5 samples from patients who only provided diseased skin biopsy. To explore differential methylation in 
psoriatic lesion epidermis, we selected the GSE103038 dataset, which contained 9 control samples and 3 experimental 
samples. It features exhaustive genome-wide DNA methylation analysis using reduced representation bisulfite sequen
cing, and compares lesional and non-lesional epidermis from psoriasis patients with epidermis from healthy controls, 
focusing on epigenetic modifications in skin unaffected by psoriasis. Due to its limited number of clinical samples, more 
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studies are needed for further validation in the future. The data information is shown in Table 1. Transform the “probe id” 
in the expression matrix into the “symbol” using the normalize Between Arrays function in the limma R package to 
normalize all gene expression profiles. We determine the expression level for several probes with the same gene symbol 
by averaging their values.

The world’s first database devoted to ferroptosis regulators and ferroptosis illnesses is named FerrDb V2 (http://www. 
zhounan.org/ferrdb/). Seven hundred and twenty-eight ferroptosis-related genes were downloaded from FerrDb V2 data
base, including 369 Driver, 348 Suppressor and 11 Marker genes. There are 244 multi-annotation genes and 484 FRGs.

Weighted Gene Co-Expression Network Analysis
Weighted gene co-expression network analysis (WGCNA) identified gene modules using hierarchical clustering and 
designated them with colors. The dynamic tree cut method was applied to recognize distinct modules. During module 
selection, the adjacency matrix (a measure of topological similarity) was transformed into a topological overlap matrix 
(TOM), and modules were detected through clustering analysis. The association between module eigengene (ME, the first 
principal component of the module representing its overall expression level) and psoriasis was calculated via Pearson 
correlation analysis. Modules significantly associated with psoriasis were obtained. The co-expression module structure 
was visualized through a heatmap of topological overlaps in the gene network. Relationships among modules were 
summarized by hierarchical clustering trees of eigengene networks and corresponding eigengene heatmaps. The most 
crucial component of each module is its feature genes, which are estimated as synthetic genes that reflect the expression 
patterns of all the genes in a certain module.

Differential Expression Analysis
By comparing the expression values of samples from the normal and psoriasis group, differentially expressed genes 
(DEGs) were screened using the limma R package. The filtering criteria for this DEGs are as follows: absolute 
foldchange value >0.8 and P-value <0.05. Using ggplot2 R package to draw volcano map. Then, take the intersection 
of DEGs and FRGs to obtain the ferroptosis-related differential expressed genes.

Gene Function Enrichment Analysis
We used the “clusterProfiler” and “org.hs.egg.db” R packages to analyze biologically significant integrative functions and 
to annotate the human genome. Gene ontology (GO) includes biological process (BP), molecular function (MF) and 
cellular component (CC). Kyoto Encyclopedia of Genes and Genomes (KEGG) is a well known database preserving 
genomes and biological pathways.

Gene set enrichment analysis (GSEA) uses a predefined set of genes (usually the result of previous analyses or from 
functional annotations) to rank the genes based on the degree of differential expression in the two types of samples, and 
then tests whether that predefined set of genes is enriched at the top or the bottom of that ranked list. GSEA analysis was 
performed on the expression matrices of the psoriasis and control groups using the clusterProfiler R package. A non- 
parametric, unsupervised method called gene set variation analysis (GSVA) was used to determine the enrichment scores 

Table 1 Descriptive Statistics

GEO(ID) Platform Tissue (Homo  
Sapiens)

Samples (Number) Attribute

NL Psoriasis

GSE30999 GPL570 Skin 85 85 Training

GSE13355 GPL570 Skin 58 122 Validation

GSE14905 GPL570 Skin 49 33 Validation

GSE103038 GPL18460 Skin 9 3 Methylation

Notes: GPL570 (Affymetrix Human Genome U133 Plus 2.0 Array); GPL18460 (Illumina HiSeq 1500).
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for certain gene sets in each sample. To compare patients with psoriasis to controls, gene sets were downloaded and read 
using the msigdbr R package, and GSVA scores were calculated using the limma R package.

Protein–Protein Interaction Network Analysis
The protein–protein interactions (PPI) network was analyzed using the STRING database (https://string-db.org) and 
visualized using Cytoscape software. Genes without nodes were excluded. With the NetworkAnalyst online tool, we used 
TF and gene target data obtained from ENCODE ChIP-seq data to construct gene regulatory networks of gene- 
transcription factor (gene-TF) interaction networks. According to the BETA - Minus algorithm, the screening criteria 
were including peak intensity signal <500 and predicted regulatory potential score <1. Besides, NetworkAnalyst was 
used to construct protein–chemical interaction networks. Protein–chemical interactions were obtained from the 
Comparative Toxicogenomics Database, which contains chemical–gene interactions from the literature.

Identification of Hub Genes
In order to identify key biomarkers for predicting psoriasis lesions, we employed eight machine learning algorithms using 
Rstudio (version: 4.4.1), including gradient boosting decision tree (GBDT), randomForest (RF), recursive feature 
elimination (RFE), SVM-RFE, least absolute shrinkage and selection operator (LASSO), eXtreme gradient boosting 
(XGBoost), bootstrap aggregation (Bagging), and Boruta, respectively. The feature genes obtained from the various 
algorithms are intersected to obtain the key genes that are biologically important in psoriasis.

Each iteration of GBDT trains the next classifier based on the prediction error of the current model. The 
“randomForest” (Version: 4.6–14) and “caret” (version: 4.4.1) R packages are used to construct RF and SVM-RFE. 
RF, one of the most commonly used machine learning algorithms, utilizes multiple trees to train and predict samples, and 
ranks the most predictive variables. What’s more, the “mlbench” (version: 4.1.3) and “caret” R packages are utilized for 
RFE analysis to find the best combination of variables by adding or removing specific variables. In addition, the purpose 
of utilizing the “glmnet” (version: 4.2.3) R package is to perform LASSO analysis using turn/penalty parameters and 10- 
fold cross-validation data. XGBoost, an optimized distributed gradient enhancement library, is an efficient implementa
tion of machine learning algorithms in the gradient boosting framework. Bagging is an integrated learning algorithm that 
avoids overfitting by reducing the variance of the results. Boruta algorithm is a supervised classification feature selection 
method for identifying all the relevant features for a classification task.

Construction and Verification of Nomogram
Nomogram can be used to explore relationships and interactions between multiple variables as well as to assess the 
extent to which different variables influence an outcome. The “regplot” R package is used to generate nomogram 
describing key genes. Clinical calibration curves are used to compare actual and predicted incidence rates. Also, decision 
curve analysis (DCA) and clinical impact curves are plotted to analyze the clinical benefits of models.

Identification of Molecular Subtypes
NMF is a novel machine learning algorithm based on high-throughput data for identifying and clustering different 
molecular functional patterns. In this study, the expression profiles of FRDEGs in psoriasis samples were used as input 
data, and the psoriasis lesions were clustered using the “NMF” R package according to the “brunet” selection criterion 
with 50 iterations, and the optimal clusters were selected based on the cophenetic selection. The optimal number of 
clusters selected by cophenetic, k=2, was used to further characterize different ferroptosis-associated psoriasis subtypes. 
Principal component analysis downscaling differentiated cluster1 and cluster2.

Immune Infiltration Analysis
In this study, we used the CIBERSORT technique to calculate the level of immune cell infiltration in the normal individuals 
and psoriasis patients. We use 22 immune cells as the default feature gene file group. Besides, the gene profiles expressed by 
immune cell populations were quantified using the single sample gene set enrichment analysis (ssGSEA) function. 
Differences in immune cell infiltration between psoriasis patients and healthy controls were calculated using P < 0.05 as 
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the criterion for significance. Correlations between the levels of immune cell infiltration of different types of immune cells 
were calculated using Pearson’s correlation based on the ssGSEA score of immune cell type.

Methylation Analysis
The 450 K array methylation level profiles of nine NL skin tissues, and three psoriatic skin tissues from the GSE103038 
dataset were selected. The methylation profiles of 9 NL skin group samples and 3 psoriasis samples were analyzed by 
differential methylation probes (DMPs) using the “ChAMP” R package. Meanwhile, the methylation expression levels of 
CHAC1, LCN2 and PARP9 were visualized using the “ggplot2” R package.

Statistical Analysis
Statistical analysis was performed using R software (version 4.2.1). Spearman correlation was employed to assess the 
correlation between two parameters, and Wilcoxon test was conducted to compare differences between two groups. 
A significance level of P < 0.05 was considered statistically significant.

Results
Weighted Gene Co-Expression Network Analysis
To identify outlier sample values for further analysis, we conducted sample cluster analysis (Figure 1A). A soft threshold 
of power = 7 ensures that the network is scale-free (Figure 1B). To investigate the relationship between ME genes and 
psoriasis, a total of 12 modules were generated, and the clustering tree diagram is shown in Figure 1C. Calculate and plot 
the correlation between each module and psoriasis (Figure 1D). The module with the highest correlation with psoriasis is 
turquoise with 1863 genes, (r=−0.91, P=2e-66). The significance of turquoise color module and psoriasis genes was 
cor=0.97, P<1e-200 (Figure 1E).

Identification of Differentially Expressed Genes
A total of 20857 genes were identified in GSE30999, and 2655 DEGs were generated based on gene differential analysis. 
Among them, 1358 were low expression and 1297 were high expression, as shown in Supplementary Table 1. Visualize the 
results using a volcano map (Figure 2A) and a heatmap (Figure 2B). Figure 2C shows the association of genes. In addition, 
FerrDb’s 484 FRGs intersected GeneCards with 2655 DEGs, resulting in 61 FRDEGs. Then, these FRDEGs were 
hybridized with the module genes using WGCNA to obtain 28 genes, referred to as “intersect genes”. The box plot 
(Figure 2D) shows the expression of 28 intersect genes. The PCA images of the normal group and psoriasis group samples 
are shown in Figure 2E. In addition, a Venn diagram (Figure 2F) was drawn to illustrate the intersection of genes.

Differentially Expressed Genes Enrichment Analysis
To further explore the potential mechanism of gene regulation in psoriasis pathogenesis, we performed GO and 
KEGG enrichment analysis. Among the MF categories, the most prominent were “actin binding”, “iron ion 
binding” and “peptidase regulator activity”. Important pathways of CC are focused on “cell cortex”, “cornified 
envelope” and “cortical cytoskeleton”. The major pathways of BP focus on skin development, such as “epidermis 
development” and “fatty acid metabolic process” (Figure 3A), while KEGG’s prominent pathway is “insulin 
resistance” (Figure 3B). The GSEA results (Figure 3C) focused on the pathways related to immune response such 
as “innate immune response”, “defense response to other organism” and “immune response”. The GSVA results 
showed that the most significant up-regulated pathway was “abnormality of nail color”, while the most significant 
down-regulated pathway was “nephric duct development” (Figure 3D).

Machine Learning Screening of Key Genes
Eight machine learning methods, including GBDT, RF, RFE, SVM-RFE, LASSO, XGBoost, Bagging, and Boruta, were 
used on the GSE30999 dataset to examine 28 intersect genes.
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We used LASSO logistic regression to select 11 predictor genes from statistically significant univariate and adjusted 
the penalty parameters by 10-fold cross-validation (Figure 4A and B). Next, RF was used to screen 10 genes based on 
feature selection, number of classification trees, and error rate pairing (Figure 4C). The SVM-RFE algorithm similarly 
detected 10 genes as the best characterized genes (Figure 4D and E). In RFE feature selection, 9 genes were screened 
based on RMSE to determine the optimal model (Figure 4F). A total of 23 genes were screened based on Boruta’s z-score 
variation (Figure 4G and H). Finally, we plotted the intersection of the marker genes obtained by the eight algorithms 
(Figure 4I and Supplementary Table 2) and identified CHAC1, LCN2 and PARP9 as key genes for further analysis.

Figure 1 Construction of co-expression network modules. (A) Sample dendrogram and trait heatmap with tree leaves corresponding to individual samples. (B) Analysis 
under various soft-threshold powers. (C) Clustering dendrogram of various similarity genes using chosen module colors and topological overlap. (D) Associating modules 
with traits. Each row corresponds to a module, and each column corresponds to a feature. (E) Relationship between module membership and gene significance in turquoise 
module.
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Meanwhile, we mapped the 3 key genes into a nomogram (Figure 5A). The stability and diagnostic performance of 
the nomogram were demonstrated by further evaluation through clinical calibration and DCA (Figure 5B and C), 
suggesting that the model consisting of three genes, CHAC1, LCN2 and PARP9, is clinically effective in the diagnosis 
of psoriasis. Finally, we can see that the gene model composed of CHAC1, PARP9 and LCN2 has a better predictive 
ability in the clinic through the clinical impact curve (Figure 5D).

Protein–Protein Interactions and Related Functional Network Construction
We performed a PPI network analysis of FRDEGs, using the Cytoscape tool to measure and visualize the genes in the 
network (Supplementary Figure 2A). This generated a network containing 51 nodes and 276 edges. Also, we generated 
a network containing 24 nodes and 50 edges using 28 intersect genes (Supplementary Figure 2B). Gene-TF networks 
were created to explore the potential biological roles of hub genes in psoriasis (Supplementary Figure 2C). To further 
understand the potential therapeutic effects, we used online network analysis and constructed mRNA-chemistry networks 
(Supplementary Figure 2D).

Classification of Molecular Subtypes
The expression matrix of 61 FRDEGs was used as input data for NMF analysis (Supplementary Figure 3A and B). PCA 
clearly distinguished cluster1 and cluster2 (Supplementary Figure 3C). Differential analysis of FRDEGs was performed 
for cluster1 and cluster2, with cluster1 being the experimental group with 49 psoriasis samples and cluster 2 being the 
NL skin group with 36 psoriasis samples. Using |log foldchange value| >0.5 and P-value <0.05 as the threshold, there 
were 22 down-regulated and 14 up-regulated genes, totaling 36 degs. Next, we demonstrated the distribution of degs 
between the two subtypes by bar graph, volcano plot and heat map (Supplementary Figure 3D–F).

There is literature on the characterisation of degs in psoriasis. FADS1 and FADS2, as genes encoding key proteins for 
lipid metabolism and transport, are highly expressed in both atopic dermatitis and psoriatic sebaceous glands, and are 
essential for an effective acute inflammatory response and for maintaining epithelial homeostasis;18 IDO1 acts as an 

Figure 2 Screening of differentially expressed genes in psoriasis. (A) Differential analysis of volcano plot between the NL skin group and the psoriasis group. The red dots 
indicate strong expression, while the blue dots indicate low expression. (B) Heat map for difference analysis between the NL skin group and the psoriasis group. (C) 
Correlation map between genes and gene expression. (D) Differential box plot of 28 intersect genes. (E) PCA images of the normal group and psoriasis group. (F) Venn 
diagram of cross genes in DEGs, FRGs, and WGCNA module genes. *P < 0.05, **p < 0.01, ***p < 0.001.

Clinical, Cosmetic and Investigational Dermatology 2025:18                                                                  https://doi.org/10.2147/CCID.S553367                                                                                                                                                                                                                                                                                                                                                                                                   3283

Chen et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx
https://www.dovepress.com/article/supplementary_file/553367/553367%20Revised%20%252509Supplementary%20materials.docx


important immunomodulatory site involved in peripheral immune tolerance, and exerts a protective role in psoriasis by 
inducing regulatory T-cells;19 Haem oxygenase-1 (HMOX1) offers protection against programmed cell death and 
induction of HMOX1 may be a promising approach for the treatment of psoriasis;20 MGST1-related pathways include 
innate immune disorders, are associated with prostaglandin E and leukotriene synthesis, and are under-expressed in 
psoriatic lesion skin;21 MUC1 plays a role in the formation of protective mucus barriers on epithelial surface, with higher 
expression in involved psoriatic lesions than in uninvolved and normal skin, especially in the early stages;22 and NR1D2 
expression is up-regulated in blood samples from psoriasis patients. The value of NR1D2 as a potential psoriasis 
biomarker was highlighted by predicting disease stage with 86% accuracy by using expression ratios of three gene 
pairs including NR1D2 and COX2.23 Next, differences in the expression of the immune checkpoint IDO1 were 
demonstrated with violin plot (Supplementary Figure 3G).

Figure 6A shows the results of GO and KEGG analyses of degs between subtypes. The most significantly enriched 
pathway in the KEGG results was “Ferroptosis”. GSEA analysis showed that the degs were mainly enriched in the 

Figure 3 Biological function analysis of differentially expressed genes. (A) GO enrichment was detected by BP, CC and MF, showed in different colors. (B) KEGG 
enrichment analysis. (C) The 12 most important pathways in GSEA. The middle portion of the region shows where each gene in the gene set appears in the sorted list of 
genes. (D) Bar graph of GSVA showing significant and non-significant pathways. Gray modules are non-significant pathways, and red and blue modules are high and low 
expression significant pathways, respectively.
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“apoptotic process”, “programmed cell death” and “cell death” pathways (Figure 6B), and all of them were characterized 
by “CHAC1”, “IL1B”, “IDO1”, “POR”, ATG7 ‘. Figure 6C shows the significant differential pathways analyzed by 
GSVA by heatmap, which shows that cluster2 is significantly enriched in ‘negative regulation of epithelial cell 
proliferation’,’positive regulation of intrinsic apoptotic signaling pathway and “positive regulation of apoptotic signaling 
pathway”. According to the characterization of the degs and the results of GSVA, we hypothesize that cluster1 is 
a subtype with severe psoriasis lesions, whereas cluster2 belongs to the subtype with mild psoriasis lesions. CHAC1 
regulates the cell death process in cluster 1 patients, thereby exacerbating the pathogenesis of psoriasis.

Immune Cell Infiltration of Ferroptosis-Related Molecular Subtypes
As shown by the heatmap, activated CD4 T cells, neutrophil, regulatory T cells (Tregs) and type 2 T helper cells (Th2) 
were predominantly upregulated mainly in cluster 1. (Figure 6D). In addition, there was a significant positive correlation 
between immune cells (Figure 6E). Notably, activated CD4 T cell had a highly significant positive correlation with 
neutrophil, Tregs and Th2 (p<0.001). Next, we investigated the relationship of key genes CHAC1, LCN2 and PARP9 

Figure 4 Identification of disease signature genes. (A) LASSO path parameters and corresponding selected features for each fold. (B) LASSO coefficient curves for the 28 
intersecting genes. The two dashed lines indicate two specific values of λ, one is lambda. minimum and the other is. 1se, and the lambda between these two values is 
considered reasonable. (C) RF error rate versus classification tree count. (D) Predicted true value change curve. The fig.16–0.965 means that there are 16 features with an 
accuracy of 0.965. (E) Predicted error value change curve. 16–0.0353 is an indication that there are 16 features with an error rate of 0.0353. (F) Screening the best models 
for RFE using RMSE as a criterion. (G) Plot of z-score changes. Green, red, blue, and yellow show important, unimportant, shadow, and tentative variables, respectively. (H) 
Box plot showing the 23 characterized genes screened by Boruta’s algorithm and sorted. (I) Intersection of eight machine learning algorithms.
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with immune cells separately (Figure 6F). Interestingly, CHAC1 was not only significantly positively correlated with 
most of the immune cells but was also most was associated with the 4 immune cells mentioned above.

Analysis of the Role of CHAC1 in Regulating Immune Cells in Molecular Subtypes
The median value of CHAC1 (7.572235) was used to classify psoriasis samples into high- and low-expression subgroups. 
Differences in the expression of different immune cells in two groups were assessed by ssGSEA (Figure 7A). In the 
CHAC1 high expression subgroup, the infiltration level of activated CD4 T cells with neutrophil, Tregs and Th2 were 
significantly increased (p<0.001). Next, the relationship between CHAC1 and above 4 immune cell populations in 
psoriasis patients was demonstrated (Figure 7B–F). The results showed that the expression level of CHAC1 was 
positively correlated with all 4 psoriasis-associated immune cells mentioned.

The Expression Level of CHAC1 and Its Predictive Role in Diagnosis
In the training set GSE30999, the expression level of CHAC1 in psoriasis patients was significantly higher than that in the 
NL skin group (Supplementary Figure 4A). The validation sets GSE13355 (Supplementary Figure 4C) and GSE14905 
(Supplementary Figure 4E) confirm this. The analysis results of receiver operating characteristic (ROC) curves showed that 

Figure 5 Validation of diagnostic efficacy of key genes. (A) Nomogram showing predicted risk based on CHAC1, LCN2 and PARP9. (B) The calibration curve demonstrates 
nomogram predictive performance by the extent to which the calibration curve deviates from the diagonal (ideal case). (C) DCA quantifies net benefit under different 
threshold probabilities. (D) Clinical impact curve.
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CHAC1 can distinguish between patients and healthy samples. In GSE30999, the area under the curve (AUC) value was 
0.968 (Supplementary Figure 4B), indicating its high specificity and sensitivity in diagnosing psoriasis. In the validation set, 
the AUC values of the ROC curves for GSE13355 (Supplementary Figure 4D) and GSE14905 (Supplementary Figure 4F) 
were 0.987 and 0.917, respectively, indicating that CHAC1 is a reliable tool for evaluating disease progression.

Figure 6 Identification of two ferroptosis molecular subtypes in psoriasis. (A) Functional annotation of 61 FRDEGs using GO enrichment analysis. (B) GSEA analysis reveals 
the six most significantly enriched pathways. (C) GSVA analysis showed the 10 most significantly enriched pathways. (D) Differential expression of immune cells in 
ferroptosis molecular subtypes in psoriasis. (E) Bubble diagram showing a positive correlation between most immune cells. (F) Relationship of CHAC1, LCN2 and PARP9 
with immune cells. *P < 0.05, **P < 0.01, ***P < 0.001.
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Immune Infiltration of CHAC1
To further confirm the correlation between CHAC1 expression and immune cells, CIBERSORT algorithm was used to 
analyze the infiltration ratio of immune cells. As shown in Figure 8A, calculate the content of 22 types of cells in each 
sample using CIBERSORT. Correlation heatmap of the 22 immune cell types was also generated (Figure 8B). As shown 
in the violin diagram (Figure 8C), there are 4 types of cells with low expression and 9 types of cells with high expression 
in the disease group. By inputting CHAC1 and analyzing the relationship between gene expression and cell expression, 
14 cells found a correlation between expression and CHAC1 expression. Among them, 9 cell expressions were positively 
correlated with CHAC1, and 5 were negatively correlated (Figure 8D). These results support that the level of CHAC1 
may affect the activity of immune cells.

Methylation Biomarkers in Psoriasis
We examined GSE73894 to identify key psoriasis genes that may be modified by methylation. We generated a heat 
map of methylation levels based on the distribution and expression of DMPs on 22 autosomal chromosome and 
X and Y sex chromosomes and their chromosome arms, which showed significant differences in methylation 
expression between the psoriasis group and the NL skin group (Figure 9A). In addition, we investigated the location 
and distribution of DMPs in relation to high and low methylation levels (Figure 9B). Differences in gene 
methylation of CHAC1, LCN2 and PARP9 genes in NL skin group and psoriasis group were demonstrated by 
violin plots (Figure 9C–E).

Figure 7 Immune-related cell landscape analysis for molecular subtypes of ferroptosis. (A) The different expression levels of immune cells in CHAC1 high and low 
expression groups. (B) CHAC1 immune cell-associated map under ssGSEA algorithm. (C–F) Correlation plots of CHAC1 expression levels with Activated CD4 T cell, 
neutrophil, Tregs and Th2 under ssGSEA algorithm, respectively.
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Discussion
Psoriasis, a pervasive and troublesome dermatological affliction, has garnered substantial focus from both clinicians and 
researchers. Characterized as a persistent immune-mediated condition, it predominantly impacts the skin and joints, often 
inducing psychological distress like anxiety.24,25 Globally, psoriasis affects between 0.9% and 8.5% of adults and 0% to 
2.1% of children.26 Despite the extensive research into the disease’s pathogenic mechanisms and the development of 
novel therapeutic approaches, recurrence remains alarmingly common, underscoring the pressing need for innovative, 
effective, and safe treatments.27

Ferroptosis has recently emerged as a groundbreaking mechanism of programmed cell death, showing a significant 
connection to various human ailments.28,29 A study detected a concurrent elevation of lipid ROS and divalent iron in the 
psoriatic epidermis, a finding corroborated by transmission electron microscopy, which confirmed ferroptosis activation 
in both patient and mouse models of psoriasis.30 Along with the elevation of PTGS2 mRNA, a established ferroptosis 
biomarker,31 in psoriatic lesions, ferroptosis is putatively activated and contributes to inflammation. This occurs through 
the action of PTGS2-encoded COX-2,32 which generates inflammatory mediators from arachidonic acid, and through the 
sensitization of Th22/Th17-type cytokines,31 highlighting a pathogenic role for ferroptosis in psoriasis aggravation. The 
intricate interplay between ferroptosis and inflammation in psoriatic lesions suggests that targeting ferroptosis might offer 
a promising therapeutic avenue for psoriasis, warranting deeper exploration.33 Hence, deciphering molecular patterns and 
pinpointing diagnostic biomarkers related to ferroptosis are crucial for managing psoriasis’ onset and progression. In 
addition, keratinocytes exhibit aberrant proliferation and significant inhibition of apoptosis, and inhibition of apoptosis is 

Figure 8 Evaluation and correlation analysis of immune cell infiltration in the GSE30999. (A) The bar chart displays the relative percentage of 22 immune cells in each 
sample. (B) Correlation analysis between immune cells. R value<0 indicates negative correlation, while R value>0 indicates positive correlation. (C) Violin plot of differential 
infiltration of all 22 immune cells. (D) Correlation analysis between CHAC1 and immune cells.
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associated with an imbalance in epidermal homeostasis and contributes to psoriatic hyperplasia.34 The inflammatory 
microenvironment induced by ferroptosis (such as DAMPs release mentioned earlier) may inhibit apoptosis by activating 
BCL-2 family proteins, forming a positive feedback loop that promotes proliferation. Notably, ROS may co-exacerbate 
aberrant keratinocyte differentiation through dual regulation of ferroptosis and pyroptosis to form a cascade response (eg, 
through activation of NLRP3 inflammatory vesicles). Pyroptosis has been shown to correlate strongly with abnormal 
keratinocyte keratinization in vitro,35 and ROS induce not only ferroptosis, but also pyroptosis.36

Our studies were conducted through a combination of transcriptomics (screening for differential gene function and 
enrichment analysis of pathways), proteomics (protein–protein interaction network construction and hub protein identi
fication), and epigenetic analysis (genome-wide DNA methylation profiling and differentially methylated region identi
fication). GO and KEGG analyses of DEGs revealed prominent pathways in MF, CC, and BP as “actin binding”, “cell 
cortex”, and “skin epidermal development”, respectively. KEGG analysis highlighted insulin resistance as a crucial 
pathway associated with psoriasis. Interleukin-2 inducible T-cell kinase (ITK) plays a significant role in Th2 cell- 
mediated autoimmune and allergic conditions like psoriasis by promoting T cell responses through actin binding.37 

What’s more, the cell cortex, referred to the actin cytoskeleton’s plasma membrane-associated segment, is crucial.38,39 

Psoriatic skin epidermal tissues show an increase in channel cells with heightened gene expression of psoriasis-associated 
keratins KRT6A and KRT16, and the risk gene GJB6.40 This upregulation in inflamed skin can partly be attributed to the 
elevated presence of channel cells in normal skin.41 The role of channel cell expansion in psoriasis or epidermal 
inflammation remains under investigation. Additionally, psoriasis is intimately linked with metabolic syndrome (MetS) 
features, such as type 2 diabetes and cardiovascular disease, with insulin resistance being a major risk factor.42 GSEA 
results emphasize that DEGs predominantly influence immune-related pathways like the “innate immune response” and 
“defense against other organisms”, reinforcing the immune response’s critical role in psoriasis.

Figure 9 Identification of methylation levels of key genes. (A) Heat map of methylated probes between psoriasis group samples (n = 3) and NL skin group samples (n = 9). 
Probes (columns) are categorized by chromosomal location. (B) Differences in the distribution of DMPs between the psoriasis group and the normal group. (C–E) Violin 
plots showing the difference in methylation levels of CHAC1, LCN2 and PARP9 between the psoriasis group and the NL skin group.
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Our research pioneers the use of eight machine learning algorithms—GBDT, RF, RFE, SVM-RFE, LASSO, 
XGBoost, Bagging, and Boruta—to identify distinctive biomarkers linked to ferroptosis in psoriasis, revealing 
CHAC1 (ChaC Glutathione Specific Gamma-Glutamylcyclotransferase 1), PARP9 (Poly(ADP-Ribose) Polymerase 
Family Member 9), and LCN2 (Lipocalin 2) as stable biomarkers. Moreover, nomogram plot and analyses of clinical 
calibration and decision curves underscore the robustness and predictive prowess of the CHAC1, PARP9, and LCN2 
gene model in clinical decision-making for psoriasis, demonstrating superior predictive capability when combining 
multiple biomarkers over a singular one. Endoplasmic reticulum (ER)-induced CHAC1 expression depletes GSH, 
compromises GPX4 function, and promotes ferroptotic cell death. It can also induce ferroptosis through mechanisms 
that are independent of ER stress. CHAC1 can induce ferroptosis independently of ER stress, primarily by depleting GSH 
and influence the expression of proferroptotic genes, enhancing lipid metabolism and iron uptake/storage, which 
collectively drive ferroptosis.43 PARP9, which is implicated in the development of human and murine atherosclerotic 
plaques, may mechanistically link psoriasis to atherosclerosis through immune-mediated pathways.44 A experimental 
study proposed that the LCN2-TWEAK-Fn14 loop plays a critical role in the interactions among keratinocytes, 
neutrophils, and macrophages.45

Enrichment analyses of the differential genes of cluster 1 and cluster 2 revealed that ferroptosis was the most 
significant result of KEGG enrichment. GSEA analysis reveals the six most significantly enriched pathways, including 
the “apoptotic process”, “programmed cell death” and “cell-death” pathways. GSVA of these genes in NMF typing 
revealed that cluster2’s significant differential pathways focused on “negative regulation of epithelial cell proliferation”, 
“positive regulation of apoptosis intrinsic signalling pathway”, and “positive regulation of apoptosis signalling pathway”. 
Based on the degs characteristics and GSVA results in various clusters, cluster1 is proposed as a more severe psoriasis 
subtype with a poorer prognosis, while cluster2 represents a milder subtype with a more favorable prognosis due to 
metabolic pathway regulation. Ferroptosis-associated CHAC1 regulates the cell death process in cluster 1 patients, 
thereby exacerbating psoriasis severity.

To unravel the complexities of immune and metabolic landscapes associated with ferroptosis molecular subtypes in 
severe psoriasis and their implications for early intervention, we conducted a comprehensive immune infiltration analysis 
of cluster 1 and cluster 2 using ssGSEA. Our analysis revealed that activated CD4 T cells, neutrophils, Tregs, and Th2 
were significantly upregulated in cluster 1, demonstrating a noteworthy positive correlation among these immune cells. 
This suggests that variations in immune infiltration across different ferroptosis subtypes are crucial to psoriasis 
pathogenesis. Intriguingly, CHAC1 exhibited the highest correlation with these 4 immune cell types. Spontaneous 
apoptosis of neutrophils plays a key role in maintaining immune homeostasis and resolving inflammation. Glutathione 
levels were reduced in apoptotic neutrophils. Intracellular GSH depletion during apoptosis may promote caspase-3 
shearing through activation of the JNK pathway, whereas exogenous GSH inhibits this process by maintaining a reduced 
state. Exogenous glutathione and LPS treatment delayed neutrophil apoptosis and decreased levels of the pro-apoptotic 
protein caspase-3.46 Immune infiltration analysis showed that CHAC1 expression showed a positive correlation with 
neutrophils. CHAC1-mediated GSH depletion may affect neutrophils through a dual mechanism: both by enhancing pro- 
inflammatory factor release (eg, IL-1β) through ferroptosis and by slowing apoptosis through decreased caspase-3 
activity, creating a positive feedback loop of sustained inflammation.

By stratifying psoriasis samples into high and low CHAC1 expression subgroups based on median values and assessing 
immune cell expression differences via ssGSEA, we found a strong positive correlation between CHAC1 gene expression 
and the 4 aforementioned psoriasis-associated immune cells (activated CD4 T cells, neutrophils, Tregs, and Th2). T cells are 
essential for the initiation and maintenance of keratinocyte proliferation in psoriasis.47 The onset of psoriasis appears to be 
linked to the influx of activated CD4 T cells,48 which are prominent in the dermal skin of psoriasis patients.49 Type 1 
T helper cells (Th1), a crucial subset of activated CD4 T cells, amplify immune responses through interferon-ɡ (IFN-ɡ) and 
Tumor Necrosis Factor-ɑ (TNF-ɑ), pivotal in psoriasis development.50,51 Neutrophil-rich munro’smicroabscess remain 
a key histopathological feature of psoriasis.52 Elevated neutrophil-to-lymphocyte ratios (NLR) in psoriasis patients have 
been noted.53,54 NLR levels decrease post-treatment, highlighting their role in disease progression.55 Understanding 
neutrophil roles has driven the development of therapies aimed at mitigating their overstimulation in psoriasis.56 Tregs 
often exhibit dysfunctional control over T-cell responses and proliferation in psoriasis patients.57,58 Th17 cells, a subset of 
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CD4+ T cells, are highly active and infiltrate psoriasis lesions, indicating their significant role in disease pathogenesis. An 
imbalance between Th17 and Treg ratios, with impaired Treg suppression, represents a critical pathological shift in 
psoriasis.59,60 While the precise role of Th2 cells in psoriasis remains obscure, we posit that Th2 cells might hold significant 
potential for research into psoriasis treatment. Key regulatory genes and immune cells involved in the pathogenesis of 
psoriasis have been the subject of ongoing research into therapeutic targets. Importantly, there has been no previous study 
investigating the interaction between CHAC1 and the 4 key immune cell types mentioned above in the context of psoriasis. 
Thus, our research pioneers a hypothesis that the ferroptosis associated diagnostic gene CHAC1 influences activated CD4 
T cells, neutrophils, Tregs, and Th2 immune cells involved in immune infiltration, and enhances cellular ferroptosis 
response through NMF clustering and typing, thereby exacerbating the progression of psoriasis in patients. However, due 
to the lack of clinical data in GSE30999, to demonstrate the stability of the identified subtypes or biomarkers across 
different clinical subtypes, more experimental study needs to be carried forward.

The regulatory mechanisms of necroptosis and ferroptosis are highly interconnected. For instance, compared with 
healthy uninvolved skin, psoriasis lesions exhibit a significant decrease in GPX4. GPX4 overexpression reduces 
mitochondrial ROS and concurrently prevents both ferroptosis and necroptosis.61 A study found the overexpression of 
CHAC1 elevates ROS, inducing mitochondrial dysfunction. The resulting amplification of oxidative stress ultimately 
culminates in cell death via both ferroptosis and necroptosis pathways. Previous literature has shown that the significant 
reduction of GPX4 in psoriatic lesions may lead to the increase of mitochondrial ROS, thus promoting ferroptosis and 
necrosis. Specifically, CHAC1 overexpression can increase ROS levels, induce mitochondrial dysfunction, and ultimately 
lead to cell death through ferroptosis and necrosis.43–45

However, there is a lack of relevant literature to support the relationship between PAPR9 and LCN2 and ferroptosis 
and necroptosis, suggesting that CHAC1 might be a more important research target.

Despite the strengths of this study, several limitations should be acknowledged. First, the retrospective and in silico 
study design inherently limits the ability to draw causal inferences and may introduce selection bias. Second, our 
analyses relied on bulk transcriptomic data, which can mask cellular heterogeneity and obscure disease-relevant signals 
from minority cell populations. Third, the methylation dataset included only a small sample size (3 psoriatic and 9 
control samples), limiting the robustness and generalizability of our epigenetic findings. Fourth, clinical confounders 
such as treatment status could not be fully controlled due to restricted sample annotation, and may influence gene 
expression or methylation results. Finally, our study lacks experimental validation. Thus, the mechanistic roles of 
candidate molecules and their relevance in vivo remain to be confirmed.

The successful development of biomarkers in the clinic will provide a strong impetus for the development and 
production of the combination of CHAC1, PARP9, and LCN2 biomarkers as a psoriasis kit. The introduction of the 
CHAC1, PARP9, and LCN2 kits will provide patients with psoriasis with a new diagnostic pathway, but currently most 
patients prefer traditional diagnostic tools, such as imaging tests, rather not biomarker testing, which may be related to 
the fact that biomarker testing is not included in the universal health insurance. More importantly, biomarker testing can 
more accurately identify specific mutated genes in patients than traditional testing, which may provide a powerful guide 
for the diagnosis and treatment of the disease.62

At present, our study is confined to the examination of CHAC1 as a prospective biomarker for psoriasis, aiming to 
elucidate its role in regulating ferroptosis in activated CD4 T cells, neutrophils, Tregs, and Th2 cells within psoriasis 
development. In the future, it may be necessary to construct cell and animal models of psoriasis, clinical samples, and 
preclinical studies to further validate its clinical utility.

Conclusion
In this study, we screened for ferroptosis-related biomarkers CHAC1, PARP9, and LCN2 by multiple machine learning 
algorithms. For the first time, we revealed a group of psoriasis patients with more severe lesions by ferroptosis typing and 
analysed their immune profile in detail. CHAC1 regulates ferroptosis in activated CD4 T cells, neutrophils, Tregs and 
Th2 during psoriasis development and exacerbates psoriasis development.
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