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ABSTRACT

Background: Vitiligo is a common depigmentation disorder that affects approximately 1-2% of the global
population. Oxidative stress plays a crucial role in its pathogenesis, yet systematic identification of oxida-
tive stress-related biomarkers remains limited. This study aimed to identify and validate oxidative stress-
related biomarkers for vitiligo and to construct a risk prediction model using bioinformatics, machine
learning, and Mendelian randomization approaches.

Results: Through integration of high-throughput sequencing data, 1,581 differentially expressed genes
were identified, of which 42 intersected with known oxidative stress-related genes. Three machine learn-
ing algorithms converged on five candidate genes. Real-time polymerase chain reaction validation in
paired vitiligo lesional and non-lesional skin tissues confirmed the significant upregulation of ATOX1,
STAT1, and PDCD10 and downregulation of FXN (p < 0.05). A risk prediction nomogram based on these
four genes achieved high accuracy in the training dataset (area under the curve = 1.00) and an indepen-
dent validation dataset (area under the curve = 0.93). PDCD10 demonstrated the strongest individual
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discriminatory performance (area under the curve = 0.820) in external validation. Mendelian randomiza-
tion analysis indicated that ATOX1, STAT1, and PDCD10 had odds ratios greater than 1, suggesting a poten-
tial trend toward increased vitiligo risk, although the associations did not reach statistical significance.
Conclusions: This study identified ATOX1, STAT1, FXN, and PDCD10 as oxidative stress-related biomarkers

for vitiligo. The four-gene risk prediction model demonstrated promising accuracy, with potential impli-
cations for early detection and personalized treatment strategies, pending further validation in larger

cohorts.
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1. Introduction

Vitiligo, characterized by white patchy skin lesions, predomi-
nantly in the nonsegmental form, is a common depigmentation
disorder. Statistics indicate that vitiligo affects approximately 1%
of the global population, increasing to 1.1-2% in Asians [1]. Non-
segmental vitiligo, the most prevalent subtype, accounts for
approximately 85-90% of all cases and is characterized by bilateral,
often symmetrical depigmentation patches that tend to enlarge
over time [2]. Vitiligo poses a significant challenge, with recurrence
rates of facial and neck skin lesions reaching as high as 88.5% [2].
Vitiligo is a hereditary, multifactorial genetic disorder character-
ized by familial aggregation, with approximately 80% of the risk
attributed to genetic factors [3,4,5]. Therefore, the search for meth-
ods to predict the risk of vitiligo onset is of paramount importance
in clinical practice.

When exposed to harmful stimuli, oxidative stress exceeds the
antioxidative capacity, disrupting the balance and leading to the
excessive production of reactive oxygen species (ROS) within the
body. Previous studies have shown that ROS levels in the blood
and skin lesions of patients with vitiligo are significantly elevated
[6]. Multiple factors and mechanisms have been implicated in the
pathogenesis of vitiligo, including immune responses, oxidative
stress, gut microbiota dysbiosis, epigenetics, and chemical or drug
induction [5,7]. Among these, the interplay between oxidative
stress and the immune response has gained significant attention
in recent scholarly discussions. Oxidative stress can serve as an ini-
tial pathogenic trigger for melanocyte degeneration and plays a
pivotal role in melanocyte damage [7]. Oxidative stress-induced
activation of keratinocytes and melanocytes leads to the release
of inflammatory mediators, triggering innate and adaptive immune
responses and promoting melanocyte death through immune
responses. Furthermore, oxidative stress directly damages the
mitochondrial respiratory chain and disrupts the normal lipid
composition, adversely affecting melanocytes [8].

A retrospective study demonstrated that delaying treatment
results in accelerated disease progression and increased recurrence
rates [9]. An onset age above 12 years and an extended disease
course contribute to treatment failure and a poorer prognosis
[10]. These clinical observations underscore the importance of
early identification of at-risk individuals. Clinically, vitiligo severity
is assessed on the basis of lesion extent, distribution pattern, dis-
ease activity (progressive versus stable), and impact on quality of
life [1,5]. Therefore, early detection and treatment are imperative
for efficacy. Vitiligo-targeting biomarkers allow for early disease
screening and diagnosis, enabling the development of personalized
treatment plans. Studies have revealed high expression levels of
TYR, TYRP1, DCT, LARPZ, CKS2, and RRM?2 in vitiligo samples, sug-
gesting their candidacy as biomarkers [11,12]. Currently, research
on biomarkers of oxidative stress in vitiligo is limited. For example,
byproducts of DNA oxidative damage, such as serum 8-hydroxy-2-

deoxyguanosine or ischemia-modified albumin, have been
explored [13,14]. Despite relevant individual studies, a systematic
and comprehensive understanding of oxidative stress-related
biomarkers in vitiligo is lacking.

Exploring potential targets could provide a foundation for tar-
geted oxidative stress treatment in patients with vitiligo. Cur-
rently, immune function inhibition is a significant component of
vitiligo treatment [15]. Tacrolimus, for example, reduces the sys-
temic antioxidant stress response and increases antioxidant capac-
ity, thereby promoting skin pigmentation in patients [16,17,18,19].
Oral or local application of antioxidants, such as vitamin E and
acetylcysteine, can induce skin pigmentation in patients with viti-
ligo. Currently, traditional antioxidants have a relatively low adop-
tion rate in clinical practice, with only 11.8% of patients with
vitiligo frequently using them and experiencing inconsistent effi-
cacy [20]. However, research on targeted antioxidant drugs is
increasing. Hence, further investigations into the critical genes
and pathways of targeted antioxidants hold significant promise
for vitiligo treatment.

In summary, this study employed bioinformatics, machine
learning, and Mendelian randomization analyses to identify poten-
tial genetic markers for oxidative stress-associated vitiligo. These
potential biomarkers enable the early detection of vitiligo risk in
patients, serving as a foundation for prevention and intervention
before or in the early stages of the disease. Furthermore, vitiligo
treatment is evolving toward greater precision and targeting of
the affected areas. Biomarker detection allows the customization
of treatment plans for specific patient groups, aligning with the
future direction and trends in healthcare.

2. Materials and methods
2.1. Study design

To identify oxidative stress-related genes in vitiligo and
assess their functions, we utilized various R packages for analy-
sis. Initially, we downloaded and organized high-throughput
sequencing data from vitiligo samples. We subsequently
enriched the dataset via gene set enrichment analysis (GSEA).
Next, we conducted a preliminary screening of differentially
expressed genes (DEGs) from this dataset and performed func-
tional and pathway enrichment analyses on these genes. We
then obtained information on oxidative stress-related genes,
determined the intersection between these genes and the DEGs,
and analyzed their functional and pathway associations. Next,
we subjected the intersecting genes to machine learning analy-
sis to identify feature genes (FGs). To validate the expression of
FGs, we collected patient tissue samples and conducted real-
time PCR experiments on both vitiligo lesion and non-lesion tis-
sues, resulting in the identification of reliable FGs. Finally, we
utilized these FGs to construct and develop a nomogram for a
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diagnostic and risk prediction model. We subsequently
employed another high-throughput sequencing dataset from
vitiligo patients for validation and assessed the accuracy of the
FGs and prediction models via receiver operating characteristic
(ROC) curves. Furthermore, we conducted Mendelian randomiza-
tion analysis to investigate the causal relationships and effect
values of these FGs in the context of the disease.

2.2. Data collection, processing and enrichment analysis by GSEA

We retrieved high-throughput sequencing data related to viti-
ligo from the Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/) [21] and PubMed (https://pubmed.
nchi.nlm.nih.gov/). Two datasets were selected for the discovery
cohort: GSE75819 (15 paired lesional and non-lesional skin sam-
ples; platform GPL6884, Illumina HumanWG-6 v3.0 expression
beadchip) and GSE53146 (5 paired lesional and non-lesional skin
samples; platform GPL14951). Both datasets included patients
with non-segmental vitiligo. An independent validation dataset,
GSE65127 (10 lesional centers and 10 non-lesional tissues; plat-
form GPL570, Affymetrix Human Genome U133 Plus 2.0 Array),
was reserved for external model validation. Although the sample
sizes of the discovery datasets were modest, they represented
the largest publicly available paired lesional-non-lesional vitiligo
transcriptomic datasets at the time of analysis. To mitigate the risk
of false discoveries associated with small sample sizes, we applied
stringent statistical thresholds and validated our findings using an
independent dataset and experimental confirmation by real-time
PCR.

Upon acquiring raw high-throughput sequencing data from viti-
ligo samples, we standardized and homogenized the sample classi-
fication information and gene expression levels. Given that
GSE75819 and GSE53146 were derived from different microarray
platforms, inter-platform batch effects were corrected using the
ComBat function from the sva R package [22] after initial normal-
ization within each dataset using the limma package [23]. We
employed log2 transformation for uniform processing when the
original gene expression data showed significant dispersion.
Finally, we stored the processed sample classification and gene
expression levels separately to ensure their availability for future
analyses.

We performed enrichment analysis on the two sets of sample
data obtained from the previous step using GSEA 4.3.2 software
[24]. We then applied parameter filtering conditions (] normalized
enrichment score| > 1; nominal p value < 0.05; FDR q value < 0.25)
to identify functions or pathways with statistically significant
differences.

2.3. Identification of DEGs and enrichment analysis

The limma package was used to identify DEGs between the two
groups of sample data, applying thresholds of |log2 fold change| >
0.5 and adjusted p value < 0.05. Additionally, we utilized R pack-
ages, such as pheatmap and RColorBrewer for heatmaps and dplyr
and ggplot2 for volcano plots.

Gene Ontology (GO) analysis is a common method for study-
ing gene functional enrichment, encompassing biological pro-
cesses, molecular functions, and cellular components [25]. The
Kyoto Encyclopedia of Genes and Genomes (KEGG) contains
extensive data on genomes, biological pathways, diseases, chem-
icals, and drugs [26]. We utilized the clusterProfiler package
[27] to conduct GO and KEGG enrichment analyses on the DEGs,
considering q values < 0.05 as indicating significant differences.
We visualized the results using bubble and bar charts via the
GOplot package.
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2.4. Screening intersection genes and enrichment analysis

The keyword “oxidative stress” was retrieved from the AmiGO 2
platform (https://amigo.geneontology.org/amigo) [28]. Specifi-
cally, we searched for the Gene Ontology term “response to oxida-
tive stress” (G0O:0006979) and its child terms, filtering the results
by Homo sapiens. The gene list was downloaded on June 15,
2023, yielding 465 oxidative stress-related genes before duplicate
removal. The intersection of DEGs and oxidative stress genes was
obtained using the VennDiagram R package, and a Venn diagram
was drawn. As mentioned above, GO and KEGG analyses were per-
formed on the intersecting genes.

2.5. Screening FGs through machine learning algorithms

Machine learning can effectively classify the distinct features of
target genes relevant to oxidative stress. In this study, we
employed a multi-algorithm consensus approach using three com-
plementary machine learning methods to enhance the robustness
and reliability of feature selection. The rationale for combining
multiple algorithms is that each method captures different aspects
of the data: least absolute shrinkage and selection operator
(LASSO) logistic regression performs regularization-based variable
selection, support vector machine recursive feature elimination
(SVM-RFE) identifies features based on classification margin opti-
mization, and random forest (RF) ranks features according to their
contribution to classification tree accuracy. By intersecting the
results from all three methods, we retained only those genes con-
sistently identified as important across fundamentally different
analytical frameworks, thereby reducing the likelihood of
method-specific artifacts and increasing confidence in the selected
features [29].

LASSO logistic regression was applied for feature selection and
data unification via the glmnet package, with 10-fold cross-
validation to determine the optimal regularization parameter (1)
that minimized the mean squared error. SVM-RFE was employed
to reduce feature dimensions, and analysis was conducted via the
e1071 package with 10-fold cross-validation; the optimal number
of features was determined based on classification accuracy and
error rate. RF, an ensemble learning method based on classification
tree construction, was analyzed using the randomForest package
with 500 trees (ntree = 500), and gene importance was ranked
by the mean decrease in Gini impurity. The classification perfor-
mance of each algorithm was assessed using accuracy, sensitivity,
specificity, and area under the ROC curve. Genes with higher scores
were separately screened using each of the three machine learning
methods, and the final FGs were obtained by taking the intersec-
tion of the selected genes from all three methods.

2.6. Clinical tissue collection and real-time PCR

Paired vitiligo epidermis and normal skin tissues were obtained
through surgical procedures at the Affiliated Hospital of Jiangsu
University, China. The study included 12 patients with stable non-
segmental vitiligo (5 males and 7 females; age range, 22-56 years;
mean age, 36.3 + 10.8 years). Stable vitiligo was defined as the
absence of new lesion development, absence of expansion of exist-
ing lesions, and absence of the Koebner phenomenon for a mini-
mum of 6 months prior to enrollment, as assessed by
experienced dermatologists [30]. The exclusion criteria included
patients in the progressive stage of vitiligo, those with segmental
vitiligo, those who had received systemic immunosuppressive or
phototherapy treatment within the preceding 3 months, and those
who could not tolerate surgical skin incisions. The clinical and
demographic characteristics of the study participants are summa-
rized in Table S1. The study was approved by the Human Scientific
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Ethics Committee of the Affiliated Hospital of Jiangsu University
(approval number: KY2023K1106), and the Declaration of Helsinki
guidelines were followed throughout the study. Written informed
consent was obtained from all the participants.

Total RNA was isolated using TRIzol and reverse transcribed
into ¢cDNA using a RevertAid First Strand cDNA Synthesis Kit
according to the manufacturer’s instructions. Amplification was
performed using a real-time PCR system (Applied Biosystems
QuantStudio 3, USA). The entire procedure was performed accord-
ing to the SYBR Premix Ex Taq kit manual. The 2744 method was
used to quantify the expression levels of target genes, with GAPDH
as the internal control gene. The primers used are listed in
Table S2.

2.7. Construction of the diagnostic nomogram and verification via ROC
curves

Nomograms can be used to diagnose clinical diseases. The rms
package was used to construct a vitiligo diagnosis model based
on the expression of FGs using logistic regression. The pROC pack-
age was subsequently used to analyze the area under the curve
(AUC) of the FGs and diagnostic models to evaluate the accuracy
of gene and model predictions. The AUC values were interpreted
as follows: 0.5 < AUC < 0.7, low accuracy; 0.7 < AUC < 0.9, moder-
ate accuracy; and AUC > 0.9, high accuracy.

2.8. Validation from another public dataset

Another high-throughput dataset of patients with vitiligo
(GSE65127) was selected and processed to construct the risk pre-
diction model again based on the screened FGs, with the objective
of further validation. Finally, ROC curves were used to assess the
accuracy of the screened FGs and risk prediction models in this
dataset.

2.9. Mendelian randomization analysis

Two-sample Mendelian randomization (MR) was used to evalu-
ate the potential causal relationship between FG expression levels
and vitiligo risk. Exposure data (expression quantitative trait loci,
eQTLs) for each FG were obtained from the IEU OpenGWAS project
database (https://gwas.mrcieu.ac.uk/) [31]. The outcome data for
patients with vitiligo were retrieved from the same database.
Instrumental variables (single-nucleotide polymorphisms, SNPs)
were selected using a genome-wide significance threshold of
p < 5 x 1078, Linkage disequilibrium (LD) pruning was performed
using an r? threshold of 0.001 and a clumping window of
10,000 kb to ensure the independence of instruments. The F-
statistic for each instrument was calculated to assess instrument
strength, with F > 10 considered adequate to avoid weak-
instrument bias. The number of SNPs and mean F-statistics for
each gene are shown in Table 1. The primary analysis was per-
formed using the inverse variance weighted (IVW) method via
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the TwoSampleMR R package [32]. Sensitivity analyses included
the MR-Egger method to detect and correct for directional pleio-
tropy (with the intercept test assessing pleiotropy), the weighted
median method providing consistent estimates when up to 50%
of instruments were invalid, and Cochran’s Q statistic for hetero-
geneity assessment. The results of the sensitivity analyses are pre-
sented in Table S3.

2.10. Statistical methods

All statistical analyses, including LASSO, SVM-RFE, RF, and ROC
curve analyses, were performed using R software version 4.2.2 and
GraphPad Prism version 9. The significance level was set at p < 0.05
for all analyses.

3. Results
3.1. Data collection and processing and GSEA

Original high-throughput data from the vitiligo datasets
GSE75819, GSE53146, and GSE65127 were retrieved from the
GEO database (Table 2). The 15 pairs of tissues from GSE75819
and the 5 pairs of tissues from GSE53146 were integrated, includ-
ing 20 diseased and 20 normal tissues. Inter-platform batch effects
were corrected using the ComBat method prior to downstream
analyses. We obtained 20,819 genes and their expression data,
which were used to screen for FGs. We downloaded data from
GSE65127 and retrieved 10 vitiligo lesion centers and 10 non-
lesion tissues from the dataset. After summarizing the results,
54,675 genes and their expression data were obtained from the
database. This dataset was used for the subsequent verification of
the FGs. The limma package was used to standardize and unify all
data. Owing to the large degree of data dispersion, the data were
converted to log2. Finally, the data were saved for subsequent
analysis.

We employed GSEA 4.3.2 software to conduct GO and KEGG
enrichment analyses on the lesion and normal groups. We filtered
the results based on specific criteria, including a nominal p
value < 5%, an FDR g-value < 25%, and |NES| > 1. Following this
analysis, we observed significant associations among genes in the
vitiligo lesion group, including those involved in protein neddyla-
tion, NOD-like receptor signaling pathway, Toll-like receptor sig-
naling pathway, and RIG-I-like receptor signaling pathway
(Fig. 1A-D).

3.2. Identification of DEGs and enrichment analysis

We utilized the limma package to identify 1,581 DEGs, consist-
ing of 540 upregulated genes and 1,041 downregulated ones. These
genes are represented by a volcano plot and heatmap for better
visualization (Fig. 2A and B). We concurrently conducted GO and
KEGG enrichment analyses of the DEGs.

Table 1

Mendelian randomization of feature genes using the inverse variance weighted method.
Gene GWAS ID No. of SNPs Mean F-statistic OR (95% CI) p value
ATOX1 eqtl-a-ENSG00000177556 5 324 1.31 (0.88-1.96) 0.186
STAT1 eqtl-a-ENSG00000115415 4 28.7 1.96 (0.95-4.02) 0.067
FXN eqtl-a-ENSG00000165060 3 215 0.70 (0.05-9.23) 0.789
PDCD10 eqtl-a-ENSG00000114209 3 25.1 2.80 (0.64-12.31) 0.172

OR, odds ratio; CI, confidence interval; SNP, single-nucleotide polymorphism. All 95% Cls cross the null value of 1, indicating that none of the associations reached statistical
significance. The OR point estimates suggest directional trends (ATOX1, STAT1, and PDCD10 OR > 1; FXN OR < 1) that warrant further investigation with larger datasets. All F-
statistics exceeded the threshold of 10, indicating adequate instrument strength. Gene names are italicized per standard nomenclature.
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Table 2
Detailed information of GEO datasets applied in the study.
Series Citation title Submission  Last Sample Platform
record year update
year
GSE75819 Mapping architectural and transcriptional alterations in non-lesional and 2015 2019 15 lesional skin and ~ GPL6884 (Illumina
lesional epidermis in vitiligo 15 normal skin HumanWG-6 v3.0)
GSE53146  CXCL10 is critical for the progression and maintenance of depigmentationina 2014 2017 5 lesional skin and 5 GPL14951
mouse model of vitiligo normal skin
GSE65127  Transcriptional analysis of vitiligo skin reveals the alteration of WNT 2015 2019 10 lesional skin and  GPL570 (Affymetrix
pathway: a promising target for repigmenting vitiligo patients 10 normal skin HGU133 Plus 2.0)

Note: GSE75819 and GSE53146 were used as the discovery cohort (combined n = 20 lesional, 20 nonlesional). GSE65127 was used as the independent validation cohort
(n = 10 lesional centers, 10 nonlesional). Inter-platform batch effects between GSE75819 and GSE53146 were corrected using ComBat prior to analysis.
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Fig. 1. Gene set enrichment analysis (GSEA) revealed key pathways associated with vitiligo pathogenesis. (A) Protein neddylation (P = 0.008, FDR q = 0.125, |[NES| = 1.780).
(B) NOD-like receptor signaling pathway (P = 0.011, FDR q = 0.091, [NES| = 1.596). (C) Toll-like receptor signaling pathway (P = 0.019, FDR q = 0.143, |NES| = 1.468). (D) RIG-I-
like receptor signaling pathway (P = 0.041, FDR q = 0.173, |[NES| = 1.425). NES: normalized enrichment score.
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Fig. 2. Identification and functional analysis of differentially expressed genes (DEGs) in vitiligo patients. (A) Heatmap of DEGs. Red indicates upregulation, and blue
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GO enrichment analysis revealed significant associations with
the mitochondrial matrix, ribosomes, and other cellular compo-
nents, as shown in the bubble chart. The KEGG enrichment results,
presented as bar graphs, highlighted notable pathways, including
oxidative phosphorylation (Fig. 2C and D).

3.3. Intersection between DEGs and oxidative stress genes and
enrichment analysis

We obtained 465 oxidative stress-related genes by download-
ing the data from the AmiGO 2 platform. After removing dupli-
cates, 464 unique genes were identified. We subsequently
conducted an intersection analysis between these 464 genes and
the 1,581 DEGs, identifying 42 intersection genes (Table 3). A Venn
diagram was created to visualize this overlap (Fig. 3A).

We also performed an enrichment analysis of the intersecting
genes. The results of the GO enrichment analysis included response
to oxidative stress, response to ROS, mitochondrial matrix, and
anti-oxidant activity. The enriched KEGG pathways included those
related to neurodegeneration-multiple diseases, chemical
carcinogenesis-ROS, the adipocytokine signaling pathway, and
the prolactin signaling pathway. The findings were plotted as bub-
ble plots and bar graphs (Fig. 3B and C).

3.4. Screening of FGs through machine learning algorithms

We identified the optimal A value by minimizing the mean
squared error in the coefficient map of the LASSO algorithm. Using
the selected A value with the smallest mean squared error, we
incorporated it into the regression model, which identified 17
genes (Fig. 4A). The SVM-RFE algorithm ranks the scores of each
feature and selects the most suitable number of features for the
model. Through 10-fold cross-validation, we found that the 15
selected genes had high accuracy and low error rates (Fig. 4B).
The RF algorithm, based on constructing classification trees with
500 trees, yielded 15 important genes quantified by the mean
decrease in Gini impurity with a low classification error (Fig. 4C).
Using these three machine learning methods, we subsequently
narrowed our selection to five FGs: ATOX1, STAT1, FXN, PDCD10,
and APOD (Fig. 4D). Among these genes, the expression of FXN
and APOD decreased, whereas that of ATOX1, STAT1, and PDCD10
increased.

3.5. In vitro experimental verification of FGs

RNA was extracted from both vitiligo lesions and normal skin
tissues of 12 patients, followed by reverse transcription into cDNA.
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Table 3
Expression levels of intersection genes.
Gene logFC AveExpr T p value adjust. B
p value

STAT1 1.028 10.522 4.627 0.000 0.003 2.120
PAWR 1.040 9.084 4.359 0.000 0.005 1.338
ATOX1 0.793 12.126 4.307 0.000 0.006 1.190
HDAC2 1.074 10.448 3.921 0.000 0.012 0.100
ZNF580 -0.702 7.589 -3.903 0.000 0.012 0.049
OXR1 1.177 11.697 3.816 0.000 0.015 -0.190
PDK2 —-0.705 7.846 -3.785 0.001 0.016 -0.275
PRDX3 0.908 9.566 3.607 0.001 0.022 -0.755
PNPLA8 0.675 7.920 3.606 0.001 0.022 -0.758
APOD -1.503 9.476 -3.578 0.001 0.023 -0.832
NDUFA12 1.056 12.058 3.558 0.001 0.024 -0.886
PDCD10 1.010 8.874 3.542 0.001 0.025 -0.928
NUPR1 0.695 11.185 3.276 0.002 0.042 -1.618
ARG1 1.136 11.097 3.113 0.003 0.056 -2.026
EZH2 0.683 8.083 3.045 0.004 0.063 -2.191
PCGF2 —-0.642 9.154 -3.036 0.004 0.064 -2.214
ZNF277 1.189 9.545 3.008 0.005 0.066 -2.281
JAK2 0.667 8.372 3.007 0.005 0.066 -2.284
RELA -0.831 8.240 -2.998 0.005 0.068 -2.306
FXN -0.616 7.057 -2.793 0.008 0.097 -2.790
CD36 1.189 8.040 2.788 0.008 0.098 —-2.800
AIF1 0.687 8.416 2.615 0.013 0.129 -3.190
BAK1 -0.590 8.226 -2.611 0.013 0.129 -3.200
PRDX4 0.628 11.182 2.608 0.013 0.130 -3.205
ANXA1 1.217 12.156 2.577 0.014 0.135 -3.274
PTGS2 1.112 8.740 2.495 0.017 0.152 -3.451
PRODH —-0.689 10.561 -2.492 0.017 0.153 -3.458
ATP13A2 -0.627 8.934 —2.485 0.017 0.155 -3.472
MELK 0.694 7.803 2.481 0.017 0.156 -3.481
ECT2 0.901 8.846 2.409 0.021 0.174 -3.630
NFE2L2 0.792 11.548 2.401 0.021 0.176 -3.647
NUDT2 0.860 9.631 2.340 0.024 0.190 -3.773
MGST1 0.721 7.620 2.325 0.025 0.194 -3.804
MSRA -0.597 9.403 -2.296 0.027 0.202 -3.861
RWDD1 1.353 10.362 2.290 0.027 0.203 -3.873
PON2 0.832 10.559 2.289 0.027 0.204 -3.877
NCOA7 0.932 9.545 2.270 0.029 0.209 -3.913
NET1 0.753 10.104 2.270 0.029 0.209 -3.914
PRNP 0.749 12.624 2.249 0.030 0.215 -3.955
SESN3 0.668 7.594 2.232 0.031 0.220 -3.989
SoD1 0.634 12.496 2.157 0.037 0.243 -4.133
PARK7 0.854 11.305 2.108 0.041 0.259 -4.227

FC, fold change; AveExpr, average expression. Gene names are italicized per standard nomenclature.

A

1539

42

B

response to oxidative stress -
collular response to chemical stress
cellular response to oxidative stress.
response to reactive oxygen species.

response to hydrogen peroxide -

mitochondrial matrix -

membrane raft-

membrane microdomain <
PcG protein complex

caveola

oxidoreductase activity, acting on peroxide as.

acceptor

antioxidant activity
peroxidase activity
copper ion binding -

metallochaperone activity

025

Leishmaniasis

Kaposi sarcoma-associated |

herpesvirus infection

Pathways of

neurodegeneration - multiple |
d

jisoases

Chemical carcnogenesis
reactive oxygen species

Adipocytokine signaling |
pathway

Prolactin signaling pathway 1

Pancreatic cancer

Chronic myeloid leukemia {

Infiuenza A

PD-L1 expression and PD-1

checkpoint pathway in cancer |

[J

2 a

puaiue
0ms
oo

e

Count

Fig. 3. Intersection analysis of DEGs and oxidative stress-related genes revealed potential vitiligo biomarkers. (A) Venn diagram showing the overlap between DEGs and
oxidative stress-related genes. (B) GO enrichment analysis of the intersection genes visualized as a bubble plot. Bubble size is correlated with gene count; color intensity
indicates statistical significance. (C) KEGG pathway enrichment analysis of intersection genes presented as a bar chart, arranged by p value significance.

Subsequently, real-time PCR experiments were conducted to com-
pare the FG expression levels in the two tissue types. The results
revealed a significant increase in the expression of ATOX1, STATI,

PDCD10, and APOD in vitiligo lesions (p < 0.05), whereas the
expression of FXN was significantly decreased in vitiligo lesions
(p < 0.05) (Fig. 5). Except for APOD, the expression of the other
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identified by the three machine learning approaches, yielding the final set of FGs.
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Fig. 5. Experimental validation of selected feature gene expression in vitiligo lesions and normal skin tissues. mRNA expression levels of ATOX1, STAT1, FXN, PDCD10,
and APOD in vitiligo lesions and normal skin tissues, as measured by real-time PCR. The expression levels were normalized to those of GAPDH. **p < 0.01, **** p < 0.0001.

FGs matched the predicted results, confirming that ATOX1, STAT1,
FXN, and PDCD10 are FGs associated with oxidative stress in
vitiligo.

3.6. Construction and validation via ROC curves

Based on the four identified FGs, we developed a vitiligo risk
prediction model and constructed a nomogram. These genes were

assigned different scores based on their expression levels. The total
score, obtained by summing each gene score, corresponded to dif-
ferent risk levels (Fig. 6A). A higher total score indicates a greater
risk of developing vitiligo. To assess the accuracy and sensitivity
of the diagnostic model, we used ROC curves, and the AUC was
found to be 1.00, indicating perfect accuracy in the training dataset
(Fig. 6B). Similarly, we continued to evaluate the four FGs using
ROC analysis and found that ATOX1 (AUC 0.873), STAT1
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Fig. 6. Development and validation of a diagnostic nomogram for vitiligo risk prediction using the initial dataset. (A) Diagnostic nomogram based on FG expression. (B)
Receiver operating characteristic (ROC) curve validation of the diagnostic nomogram. (C-F) Individual ROC curves for ATOX1, STAT1, FXN, and PDCD10. AUC interpretation:
0.5 < AUC < 0.7: low accuracy; 0.7 < AUC < 0.9: moderate accuracy; AUC > 0.9: high accuracy.

(AUC = 0.892), EXN (AUC = 0.902), and PDCD10 (AUC = 0.885)
demonstrated high accuracy and sensitivity (Fig. 6C-F).

3.7. Another public dataset validation and ROC curve testing

We retrieved the high-throughput dataset GSE65127 from the
GEO database and standardized the data. We subsequently
employed 10 pairs of samples within the lesion center and non-
lesion area to validate the gene information, yielding a dataset
encompassing 54,675 genes and their respective expression levels.
Using the four FGs, we developed a new risk prediction model, and
upon validation via ROC curve analysis, the AUC remained at 0.93,
indicating high accuracy (Fig. 7A and B). The accuracy of individual
FGs was also evaluated, with ATOX1 (AUC = 0.480), STATI
(AUC = 0.570), EXN (AUC = 0.530), and PDCD10 (AUC = 0.820)
obtained. Notably, PDCD10 demonstrated the highest individual
accuracy, indicating that PDCD10 could be considered the most
robust single-gene biomarker among the four FGs (Fig. 7C-F).
However, it should be noted that ATOX1, STAT1, and FXN individu-
ally showed weak discriminatory performance (AUC < 0.7) in this
external dataset, suggesting that the predictive strength of the
model relies on the combined contribution of all four genes rather
than on any single gene alone (see Section 4, Discussion).

3.8. Mendelian randomization analysis of four FGs

Datasets corresponding to the four FGs were retrieved from the
IEU OpenGWAS project database. Utilizing the inverse variance
weighted method, we conducted an analysis resulting in the calcu-
lation of the respective odds ratios (ORs) and 95% confidence inter-
vals (CIs), which are summarized in Table 1. The point estimates
indicated that the OR values for ATOX1 (OR = 1.31, 95% CI: 0.88-

1.96, P = 0.186), STAT1 (OR = 1.96, 95% CI: 0.95-4.02, P = 0.067),
and PDCD10 (OR = 2.80,95% CI: 0.64-12.31, P = 0.172) were greater
than 1, while FXN (OR = 0.70, 95% CI: 0.05-9.23, P = 0.789) had a
point estimate below 1. However, all 95% Cls included the null
value of 1, indicating that none of these associations were statisti-
cally significant. Therefore, these MR results should be interpreted
as suggestive of potential directional trends rather than definitive
evidence of causal relationships. The wide Cls, particularly for
FXN and PDCD10, likely reflect limited statistical power due to
the number and strength of the available instrumental variables.
Sensitivity analyses, including MR-Egger regression and the
weighted median method, yielded directionally consistent esti-
mates, and no evidence of significant pleiotropy was detected
(MR-Egger intercept p > 0.05 for all genes; Table S3).

4. Discussion

In this study, our primary objective was to investigate the rela-
tionship between gene expression patterns and oxidative stress in
patients with vitiligo. We initiated our research by screening gene
expression data obtained from the high-throughput sequencing of
the GSE75819 and GSE53146 datasets in the GEO database. GSEA
revealed significant associations between genes in the vitiligo
lesion group and pathways related to protein neddylation, NOD-
like receptor signaling, Toll-like receptor signaling, and RIG-I-like
receptor signaling pathways. We subsequently identified 1,581
DEGs in vitiligo, comprising 540 upregulated and 1,041 downregu-
lated genes. DEGs were primarily enriched in functions related to
the mitochondrial matrix, ribosomes, and oxidative phosphoryla-
tion, suggesting a pivotal role of oxidative stress in the pathogen-
esis of vitiligo. To further explore the critical genes, we
intersected the 1,581 differentially expressed genes with 464
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known oxidative stress-related genes, resulting in 42 intersecting
genes. These genes were significantly enriched in functions such
as the mitochondrial matrix, antioxidant activity, response to
oxidative stress, adipocytokine signaling, and prolactin signaling
pathways. Machine learning algorithms, including LASSO, SVM-
RFE, and RF, were employed to identify FGs from this intersection,
which were then subjected to real-time PCR analysis for validation.
Our results confirmed that ATOX1, STAT1, FXN, and PDCD10 are FGs
related to oxidative stress in vitiligo. We then constructed a risk
prediction model based on the FGs, which demonstrated high
accuracy, as validated by the ROC curve. Furthermore, we per-
formed accuracy validation using the GSE65127 dataset, in which
PDCD10 emerged as the most accurate FG. Finally, Mendelian ran-
domization analysis revealed that ATOX1, STAT1, and PDCD10 had
OR point estimates greater than 1, suggesting a potential associa-
tion with increased vitiligo risk, whereas FXN showed the opposite
trend, although none of these associations reached statistical
significance.

Oxidative stress is widely acknowledged as an initial trigger in
the development of vitiligo. In vitiligo patients, there is a substan-
tial increase in ROS levels within the affected skin, with more pro-
nounced elevations observed in advanced cases. These findings
suggest that ROS neutralization can be a viable treatment approach
[7,33]. During periods of stress, the buildup of ROS can perturb the
cellular redox balance. This disruption can lead to the production
of proinflammatory cytokines and the activation of signaling path-
ways detrimental to melanocytes. This phenomenon is referred to
as damage-associated molecular patterns, which can be identified
and bound by pattern recognition receptors (PRRs) [34,35]. Fur-
thermore, when microorganisms invade the body, PRRs identify
pathogen-associated molecular patterns (PAMPs). Double-
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stranded DNA originating from specific viruses or bacteria, along
with lipopolysaccharides derived from bacterial cell walls, can
act as ligands for PAMPs. Both of these mechanisms can trigger
the innate immune system, leading to the apoptosis of melano-
cytes and keratinocytes. Common PRRs include Toll-like receptors
(TLRs), RIG-I-like receptors (RLRs), and NOD-like receptors (NLRs)
[36]. Notably, TLRs play a pivotal role in recognizing PAMPs and
facilitating melanocyte apoptosis, a process closely intertwined
with the pathogenesis of vitiligo [37]. For example, extracellular
viral dsRNA can activate human melanocytes to produce TLR3, sub-
sequently leading to autonomous IFN-B secretion and apoptosis
[38]. Furthermore, lipopolysaccharides within bacterial cell walls
can serve as ligands, triggering TLR4 activation and inducing
autophagy in melanocytes, thus promoting vitiligo development
[39,40]. Moreover, the RLR and NLR pathways contribute to innate
immune activation, fostering vitiligo development. For example,
IL-22 can induce the generation of ROS, subsequently activating
the NLR family pyrin domain-containing protein 3 (NLRP3) path-
way, thereby promoting the secretion of IL-1 by keratinocytes,
which act as innate immune cells. This cascade reaction ultimately
leads to the apoptosis of melanocytes [41]. In the context of viti-
ligo, congenital immunity plays a vital role in bridging the link
between melanocyte stress and long-term adaptive immunity
[42]. Furthermore, our GSEA enrichment analysis revealed a signif-
icant association between genes in the vitiligo lesion group and
signaling pathways such as the NOD-like receptor, Toll-like recep-
tor, and RIG-I-like receptor pathways. This finding aligns with ear-
lier conclusions regarding the mechanism by which oxidative
stress triggers an immune response leading to melanocyte damage.
In addition, adaptive immunity plays a crucial role in melanocyte
destruction. Dendritic cells have the capacity to present
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melanocyte-associated antigen proteins, which are involved in
melanin synthesis, to specific cytotoxic T cells, thereby eliciting
the production of autoantibodies, TNF-o, and IFN-v, ultimately cul-
minating in melanocyte apoptosis [35,43,44]. Furthermore, the
IFN-v-mediated CXCL10-CXCR3 axis has been demonstrated to
recruit CD8+ T cells, intensifying melanocyte depletion and ulti-
mately contributing to the development of vitiligo-associated
melanopenia [45,46,47]. Multiple studies have consistently indi-
cated that oxidative stress can be regarded as the initiating factor
in the melanocyte destruction mechanism, representing an early
response observed in vitiligo patients [6,47,48].

DEG enrichment analysis revealed a close association between
vitiligo and the mitochondrial matrix, ribosomes, and oxidative
phosphorylation. Research has demonstrated that a reduction in
mitochondrial ATP production significantly impairs melanocyte
migration [49]. Analysis of enriched genes revealed the involve-
ment of oxidative stress, mitochondria, chemical carcinogenesis,
adipocytokine signaling, and prolactin signaling pathways in viti-
ligo. Chemical exposure frequently triggers the development of
vitiligo, with monobenzone being the most well-known and FDA-
approved depigmentation agent [50]. Lipid metabolism disorders
are common in patients with vitiligo, and one of the genes prelim-
inarily screened in this study, APOD, is implicated in a specific
aspect of lipid metabolism. These findings suggest a potential link
between adipocytokine signaling, oxidative stress, and vitiligo
[51,52]. Research has demonstrated that the modulation of lipid
metabolism can influence the secretion of immune cells and
cytokines in vitiligo, thus alleviating the disease [53]. Moreover,
the mechanism by which the herbal formula Kang-Bai-Ling treats
vitiligo may involve targeting the prolactin signaling pathway,
underscoring the need for further research on this pathway in viti-
ligo [54].

ATOX1 is an antioxidant encoding the copper transport protein
antioxidant 1 and promotes cell survival by effectively reducing
ROS production and minimizing DNA damage. It has demonstrated
efficacy in treating diseases induced by oxidative stress and in
enhancing neuronal protection against oxidative stress damage
[55,56]. Additionally, preliminary findings in animal models sug-
gest that ATOX1 may alleviate damage induced by oxidative
stress-associated ischemia [57]. STAT1 is commonly linked with
cellular damage. Oxidative stress induces the phosphorylation
and S-glutathionylation of STAT1, leading to its abnormal activa-
tion and upregulation [58,59]. FXN depletion is closely linked to
the oxygen environment [60]. Suppression of FXN expression can
result in heightened iron buildup and mitochondrial oxidative
stress responses. Recent research has shown that a deficiency in
FXN increases ROS production due to the loss of aconitase activity,
concurrently hindering DNA repair pathways. These factors syner-
gistically contribute to mitochondrial dysfunction, culminating in
cell death [61]. PDCD10 is a protein associated with cell apoptosis
that can increase cell antioxidant capacity and promote cell apop-
tosis under oxidative stress. PDCD10 was upregulated in a ROS-
dependent manner in tumor cells, including prostate cancer and
pancreatic cancer cells. PDCD10 enhances STK25-induced cell
apoptosis under oxidative stress. However, the application of
antioxidants can reduce ROS production and impede the functions
of both PDCD10 and STK25, consequently promoting cell survival
[62]. APOD encodes apolipoprotein D, a lipid-binding protein
within the lipoprotein family with lipid antioxidant function. Sur-
prisingly, APOD is prominently expressed in neurons and has the
ability to ameliorate early oxidative stress-induced damage [63].
Although APOD has been extensively investigated in neurological
disorders, recent research has identified its role as an early oxida-
tive stress response gene in colorectal cancer, where it is highly
reactive. This finding suggests its potential utility as an early diag-
nostic marker for the tumor microenvironment [64]. Our research
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revealed the upregulation of ATOX1, STAT1, and PDCD10 expression
in vitiligo tissues, coupled with the downregulation of FXN and
APOD. Therefore, we hypothesize that the increased expression of
ATOX1 and APOD may imply a protective response, potentially indi-
cating a predictive role in the context of persistent oxidative stress.
Nevertheless, experimental validation of APOD contradicted our
initial bioinformatic prediction — real-time PCR showed significant
upregulation rather than the expected downregulation. This dis-
crepancy may be attributable to several factors, including differ-
ences between the tissue microenvironment of the clinical
samples and the conditions represented in the public datasets,
potential heterogeneity in patient populations (e.g., disease stage,
treatment history), or platform-specific technical biases in gene
expression measurement. Additionally, APOD expression is known
to be highly context-dependent and influenced by local oxidative
stress levels, lipid metabolism, and inflammatory signals, which
may vary considerably between lesional skin in vivo and the sam-
ples captured in the GEO datasets [63,64]. Further investigations
with larger sample sizes and stratified analyses are warranted to
clarify the role of APOD in vitiligo. Moreover, the upregulation of
STAT1 and PDCD10, coupled with the downregulation of FXN,
actively contributes to oxidative stress-induced melanocyte apop-
tosis in vitiligo, emphasizing their potential as targets for
antioxidant-based therapeutic interventions. However, more
extensive research is essential to corroborate the roles of these
FGs in the oxidative stress mechanisms underlying vitiligo.

This study has several limitations. First, the diagnostic model
achieved an AUC of 1.00 in the training dataset, which likely
reflects overfitting, given the relatively small sample size (n = 20
per group). Although we validated the model using an independent
external dataset (GSE65127), in which the AUC remained high at
0.93, formal internal validation strategies, such as repeated cross-
validation or bootstrapping, were not applied during model con-
struction. Future studies should incorporate such methods to rigor-
ously assess model generalizability.

Second, while the combined four-gene model demonstrated
strong predictive performance in external validation
(AUC = 0.93), three of the four individual FGs (ATOX1, STAT1, and
FXN) showed weak discriminatory performance (AUC values of
0.480, 0.570, and 0.530, respectively) in the GSE65127 dataset.
Only PDCD10 maintained an acceptable individual accuracy
(AUC = 0.820). This suggests that the predictive power of the model
is driven by the synergistic contribution of all four genes, and no
single gene alone, with the possible exception of PDCD10, is suffi-
cient as a standalone biomarker. This pattern also underscores
the importance of multi-gene panel approaches in complex multi-
factorial diseases, such as vitiligo.

Third, the risk prediction nomogram was constructed solely
based on gene expression data without incorporating clinical
covariates such as age at onset, disease duration, or lesion extent.
This design choice was deliberate, as the primary aim of this study
was to evaluate the independent predictive value of oxidative
stress-related gene expression signatures. However, future transla-
tional models should integrate molecular and clinical variables to
enhance their clinical applicability.

Fourth, the Mendelian randomization analysis yielded OR
point estimates consistent with the hypothesized directions of
effect, but none reached statistical significance as all 95% Cls
crossed 1. This may be attributed to the limited power resulting
from the small number of strong instrumental variables available
for each gene. Future MR studies with larger GWAS datasets and
stronger instruments are needed to confirm or refute these
associations.

Finally, the sample size for the real-time PCR validation was
limited (n = 12 pairs). Larger validation cohorts with detailed clin-
ical phenotyping are required to confirm these findings.
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5. Conclusions

In conclusion, the onset and progression of vitiligo are intri-
cately associated with oxidative stress and immune response. This
study employed a multifaceted approach involving bioinformatics,
machine learning, and Mendelian randomization to identify ATOX1,
STAT1, FXN, and PDCD10 as FGs associated with oxidative stress in
vitiligo. Moreover, we facilitated future vitiligo diagnosis and pro-
vided a scientific foundation for risk assessment and treatment.
Nonetheless, future research should entail additional experimental
investigations with larger sample sizes and multi-center cohorts to
elucidate the precise roles of these FGs in the initiation and pro-
gression of vitiligo.
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