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Background: Parkinson’s disease (PD) is a common neurodegenerative disorder. Iron metabolism abnormalities have been reported
in PD patients and may contribute to disease pathogenesis. Our study aimed to explore key genes associated with iron metabolism in
PD patients.

Methods: Three datasets and iron metabolism-related genes (IMRGs) were collected from the public database, and the datasets were
merged into a combined dataset. PD-related differentially expressed genes (DEGs) were obtained and intersected with IMRGs to
acquire iron metabolism-related DEGs (IMRDEGs). Subsequently, the IMRDEGs were subjected to functional enrichment and ROC
analyses. Finally, key genes were identified, followed by the construction and evaluation of a risk score model, drug prediction, and
RT-qPCR analysis.

Results: A total of 24 IMRDEGs were obtained. The AUC values of the 24 IMRDEGs ranged from 0.599 to 0.781. After logistic
regression and the SVM analyses, a total of 10 key genes were identified, followed by the construction of the risk score model. The
AUC value of the risk score model was 0.953, demonstrating good diagnostic value. The calibration curve and decision curve analysis
showed that the risk score model has good predictive performance and clinical benefit for PD patients. Additionally, a total of 49 drugs
were predicted.

Conclusion: A total of 10 key genes were identified as potential biomarkers, and the risk score model was constructed for PD
patients, exhibiting good diagnostic. This study may provide potential biomarkers for PD patients, promoting an understanding of the
pathogenesis of PD.
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Introduction

Parkinson’s disease (PD) is the second most common neurodegenerative disease worldwide.! The primary pathological
features of PD include reduced dopamine production in the substantia nigra (SN), degeneration and loss of dopaminergic
neurons, abnormal a-synuclein (o-syn) aggregation, and mitochondrial dysfunction.® Clinical features of PD mainly
involve resting tremors, muscle rigidity, bradykinesia, and loss of postural reflexes.’ Moreover, PD is also associated with
depression.*> In 2021, approximately 508,400 new PD cases and 5.08 million patients were reported in China, with
incidence and prevalence rates of 35.7 and 356.8 per 100,000, respectively.® Globally, the number of PD patients is
projected to reach 13 million cases by 2040, according to the Global Burden of Disease Study.’

The diagnosis of PD primarily relies on clinical symptom identification.® However, diagnostic accuracy remains
suboptimal due to overlapping symptoms with other neurodegenerative disorders and the lack of definitive biomarkers for
early detection.” Misdiagnosis rates in clinical practice range from 15% to 24%.'"'" While neuroimaging and some
biochemical markers show promise, they are often costly, invasive, or lack specificity.” Therefore, there is an urgent need
for reliable, non-invasive biomarkers to facilitate early diagnosis, monitor disease progression, and potentially predict PD risk.
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Accumulating evidence suggests a significant link between iron metabolism dysregulation and PD pathogenesis.'?
Iron plays a crucial role in various physiological processes in the central nervous system, including oxidative stress,
production of ATP, processes of myelination and remyelination, and neurotransmitter synthesis and metabolism."* In PD
patients, abnormal iron accumulation, particularly in the SN, contributes to oxidative stress, o-syn aggregation, and
neuronal death, all of which are key features of PD pathology.'* Therefore, the association between iron metabolism and
PD should not be overlooked.

Most of the previous studies only stayed at the observation level, and the specific regulatory network and molecular
mechanism of iron metabolism-related genes in the pathogenesis of PD were not deeply explored. Although it is known
that abnormal iron accumulation can lead to pathological features of PD, there is still no clear conclusion on which genes
play a core regulatory role in this process and how they interact with each other. Moreover, there is also a lack of
effective risk prediction models to accurately assess an individual’s risk of PD based on iron metabolism related
indicators. This study is aimed at these research gaps. Through bioinformatics analysis, key genes related to iron
metabolism were identified, and their potential mechanisms in PD were explored. Constructing a risk scoring model
based on key genes may provide a new tool for individual PD risk assessment and fill the gap in the field of risk
prediction. Drug prediction of key genes is expected to discover new therapeutic targets and potential drugs, provide new
ideas and methods for the clinical treatment of PD, and promote the transformation from basic research to clinical

application.

Materials and Methods

Data Collection and Preprocessing
The workflow of this study is presented in Figure 1. A total of three PD-related datasets, GSE6613, GSE54536, and
GSE22491, were obtained from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo)

using the “GEOquery” package in R.'> All samples were obtained from human blood. Specifically, the GSE6613
(platform: GPL96) dataset includes 50 PD samples and 22 healthy controls,'® the GSE54536 (platform: GPL10558)
dataset contains 4 PD samples and 4 healthy controls,'” and the GSE22491 (platform: GPL6480) dataset contains 10 PD
samples and 8 healthy controls.'® Tron metabolism-related genes (IMRGs) were obtained from the GeneCards database

(https://www.genecards.org) and the Yao et al study.19
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Figure | Flowchart of the study.

Abbreviations: IMRGs, iron metabolism-related genes; DEGs, differentially expressed genes; IMRDEGs, iron metabolism-related DEGs; ROC, receiver operating
characteristic; GO, gene ontology; KEGG, Kyoto encyclopedia of genes and genomes; LASSO, least absolute shrinkage and selection operator; SVM, support vector
machine; DCA, decision curve analysis.
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After removing the batch effect across the three datasets using the “sva” package in R, the combined dataset was
obtained.?® The “limma” package in R was utilized for normalization.?! Principal component analysis (PCA) was
conducted to validate the elimination of batch effects.?

Identification of Iron Metabolism-Related Differentially Expressed Genes (DEGs) in

PD

PD-related DEGs with |log, fold change (FC)| >0.25 and p-value <0.05 in the PD patients were acquired in the combined
dataset using the “limma” package in R.>' The volcano plot was used to visualize the PD-related DEGs using the
“ggplot2” package in R. Then, the PD-related DEGs were intersected with IMRGs to obtain iron metabolism-related
differential expressed genes (IMRDEGs). Venn diagram was used to show the intersection of gene set, and heatmap was
used to display the expression profiles of IMRDEGs. The location of IMRDEGsS in chromosomes was employed through
the “RCircos” package in R.*

Functional Enrichment Analysis

The Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were performed
to investigate the functional roles of IMRDEGs using the “clusterProfiler” package in R.** The screening criteria were set
as adjusted p-value <0.05 and false discovery rate (FDR, also known as g-value) <0.25. The Benjamini-Hochberg
method was used for multiple testing corrections.

Receiver Operating Characteristic (ROC) Analysis
To evaluate the diagnostic performance of IMRDEGs, the ROC analysis was performed using the “pROC” package in R.*
The area under the curve (AUC) was used to measure the performance of the models.

Construction of the Risk Score Model

Logistic regression analysis was first performed on IMRDEG, and genes with p-value <0.05 were selected, which were
visualized using a forest plot. Subsequently, the selected genes were further refined using the support vector machine
(SVM) algorithm to determine the optimal number of genes with minimal error rate and the highest accuracy.”® Lastly,
the least absolute shrinkage and selection operator (LASSO) regression analysis was applied to the selected genes in the
SVM model using the “glmnet” package in R, and the results were visualized through the LASSO regression model and
variable trajectory plots.”” The IMRDEGs identified in the risk score model were defined as key genes. The risk score
calculation formula is as follows:

Risk Score = Y. Coefficient (gene;) x mRNA Expression (gene;)

Evaluation of the Risk Score Model

The diagnostic value of the risk score was assessed through ROC analysis via the “pROC” package in R. Then, the
correlation analysis among key genes was carried out in the combined dataset using the Spearman correlation analysis,
with results visualized by heatmap and scatter plot. Additionally, the Friends analysis was performed to explore the
relationships among key genes using the “GOSemSim” package in R.*® A nomogram was generated to visualize the risk
score model through the “rms” package in R.>’ Moreover, a calibration curve was plotted to assess the accuracy of the
model. The utility of the risk score model for decision-making was evaluated using decision curve analysis (DCA) via the
“ggDCA” package in R.*°

Drug Prediction
The Comparative Toxicogenomics Database (CTD, https:/ctdbase.org) was utilized to predict drugs for key genes.’'

Drugs with a reference count >1 were selected. Finally, an mRNA-drug regulatory network was constructed using
Cytoscape software.

Neuropsychiatric Disease and Treatment 2025:21 https: 439


https://ctdbase.org

Cheng et al

Sample Collection and RT-qPCR

This study was approved by the Ethics Committee of Suzhou Hospital of Anhui Medical University (2024LL028) and
written informed consent was obtained from all individuals. A total of 19 blood samples from 9 PD patients and 10 healthy
controls were collected. PD patients were diagnosed by at least three experienced movement disorder neurologists trained
in research, following the UK Brain Bank criteria for PD. Exclusion criteria included: a history of deep brain stimulation or
cancer treatment, severe depression, dementia, liver or kidney disease, stroke or other cerebrovascular diseases, and other
neurological disorders (such as Alzheimer’s disease, Huntington’s disease, etc). Healthy subjects had no family or personal
history of neurodegenerative diseases. Subsequently, RNA extraction, reverse transcription, and RT-qPCR were performed
using the blood RNA extraction kit (Magen, R4163-02), FastQuant cDNA first strand synthesis kit (TTANGEN, KR106),
and SuperReal PreMix Plus (SYBR Green) (TIANGEN, FP205). The relative quantitative analysis of data was carried out
by 272*“T method. GAPDH and ACTB were the reference genes in RT-qPCR.

Statistical Analysis

All data processing and analyses were performed using the R software (version 4.3.0). Comparisons between the two
groups were performed using the Wilcoxon rank-sum test. Unless otherwise specified, Spearman correlation analysis was
used to evaluate the correlation. P-value <0.05 was considered statistically significant.

Results
Identification of IMRDEGs

A total of 93 IMRGs were obtained from the GeneCards database and 295 from the Yao et al study. After removing
duplicates, 363 IMRGs were obtained (Table S1). After removing the batch effects, a total of 98 samples were acquired,
including 64 PD samples and 34 healthy controls (Supplementary Figure 1A-D). Then, a total of 1145 PD-related DEGs,
596 up- and 549 down-regulated, were obtained in the combined dataset (Figure 2A). After intersecting with 363 IMRGs,
24 IMRDEGs were identified (Figure 2B). The heatmap of 24 IMRDEGs is shown in Figure 2C. The chromosomal
locations of the 24 IMRDEGs are presented in Figure 2D.

Functional Enrichment Analysis

To elucidate the biological functions of the 24 IMRDEGs, GO and KEGG enrichment analyses were carried out. GO
analysis of biological processes showed that these genes were involved in erythrocyte homeostasis, erythrocyte
differentiation, myeloid cell homeostasis, response to oxidative stress, and regulation of protein modification by small
protein conjugation or removal (Figure 3A). In terms of molecular function, IMRDEGs were mainly related to
phosphatidyl phospholipase B activity, lysophospholipase activity, enzyme—substrate adapter activity, transcription
coactivator binding, and ubiquitin ligase—substrate adapter activity (Figure 3B). Moreover, KEGG analysis showed
that these genes were mainly enriched in glutathione metabolism, central carbon metabolism in cancer, and mitophagy-
animal metabolism (Figure 3C).

ROC Analysis of IMRDEGs

ROC analysis for 24 IMRDEGs in the combined dataset was performed. The AUC values for 24 IMRDEGs ranged from
0.599 to 0.781 (Figure 4A-F). Among these, the top three genes with AUC value were SKP1, HNF4A, and PLA2G6.
Specifically, the AUC value of SKP1 was 0.781, HNF4A was 0.746, and PLA2G6 was 0.733 (Figure 4D-F).

Construction of the Risk Score Model

To assess the diagnostic potential of the 24 IMRDEGs in PD, the logistic regression analysis was performed. The
results indicated that 23 IMRDEGs were statistically significant and are displayed in the forest plot (Figure 5A).
Then, the SVM algorithm was utilized to determine feature genes. We found that the SVM model achieved the
smallest error and highest accuracy when utilizing the 10 genes, including HNF4A, MAP1LC3C, CHACI1, CDOl,
PNPLA6, ACVRIB, GPX2, SKP1, TFR2, and ALAS2 (Figure 5B). Based on these 10 genes, the LASSO regression
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Figure 2 Identification of IMRDEGs. (A) Volcano plot of PD-related DEGs. (B) Venn diagram of PD-related DEGs and IMRGs. (C) Heatmap of IMRDEGs. (D) The locations
of IMRDEGs on the chromosomes.

model was constructed (Figure 50). The risk score model is as follows:
CHAC1 — 0.109 x CDO1 — 0.471 x PNPLA6 + 0.394 x ACVRIB + 0.284 x GPX2 — 1.130 x SKPI
4+ 0.356 x TFR2 — 0.057 x ALAS2. The 10 feature genes were considered as the key genes.

Evaluation of the Risk Score Model

The AUC value of the risk score model was 0.953 in the combined dataset, indicating excellent diagnostic performance
in distinguishing PD samples from healthy controls (Figure 6A). Significant correlations were found between five pairs of
key genes (Figure 6B), with the highest correlation observed between ALAS2 and GPX2 (correlation coefficient =
0.330), followed by TFR2 and PNPLAG6 (correlation coefficient = 0.314) (Figure 6C and D). Friends analysis revealed
that MAP1LC3C plays an important role in PD as the gene closest to the cut-off value (cut-off value = 0.6, Figure 6E).
A nomogram for the risk score model was created based on 10 key genes (Figure 6F). The calibration curve indicated
a good agreement between the predicted and observed outcomes (Figure 6G). The DCA showed a higher clinical benefit
of the risk score model for PD patients (Figure 6H).

Drug Prediction
The potential drugs for 10 key genes were predicted using the CTD. A total of 49 drugs targeted to 9 key genes were
predicted, and the mRNA-drug regulatory network was visualized by the Cytoscape software (Figure 7).
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RT-qPCR Validation

HNF4A, CHACI1, CDO1, PNPLAG6, SKP1 and ALAS2 were randomly selected for RT-qPCR validation. All primers
used for RT-qPCR detection are shown in Table S2. RT-qPCR results showed that HNF4A and CHAC1 had a tendency to
be up-regulated in PD (Figure 8A and B), while CDO1, PNPLA6, SKP1 and ALAS2 had a tendency to be down-
regulated in PD (Figure 8C-F). Among them, the expressions of PNPLA6 and SKP1 were significantly different between
the control and PD groups. In addition, the lack of significance of most genes may be caused by small sample size and
sample heterogeneity. Therefore, it is necessary to expand the sample size for further study in the later stage.

Discussion
PD is an irreversible neurodegenerative disorder characterized by the degeneration of dopaminergic neurons.*? Its
complex pathogenesis and the absence of reliable biological markers pose challenges for early diagnosis, contributing
to substantial medical and societal burdens.” Iron dysregulation has been identified as a key mechanism underlying PD.*?
However, the specific role of IMRGs in PD pathogenesis remains to be fully understood. In this study, we identified 24
IMRDEGSs in the combined dataset. Functional enrichment analysis revealed that these genes were involved in oxidative
stress response, lysophospholipase activity, ubiquitin-protein transferase adaptor activity, and glutathione metabolism.
ROC analysis of these genes showed that the AUC values ranged from 0.599 to 0.781. Furthermore, 10 key genes were
selected using logistic regression and SVM algorithms, and a risk score model was constructed, which exhibited good
diagnostic performance. Additionally, 49 potential drugs for 9 key genes were predicted.

In the risk score model, HNF4A, MAPILC3C, CHACI1, CDO1, PNPLA6, ACVRI1B, GPX2, SKP1, TFR2, and
ALAS?2 were identified as the key genes. HNF4A, a major regulatory gene of the nuclear receptor family, is predomi-
nantly expressed in the liver, pancreas, intestines, and kidneys.**” Previous meta-analyses identified HNF4A as the
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most markedly upregulated gene in the blood of PD patients, which was confirmed in clinical blood samples.*® The

relative levels of HNF4A were correlated with PD severity and showed temporal variations, suggesting its potential use

in tracking clinical progression.*® PNPLAG variants were reported to be related to PD.>*** SKP1 belongs to the ubiquitin

E3 ligases, and the expression was decreased in PD patients.*'** The selective loss of dopaminergic neurons in the SN

pars compacta (SNpc) is a hallmark of PD.** The SN contains the highest iron levels in PD patients.** Transferrin

receptor 2 (TFR2) is a component of the mitochondrial iron transport system in PD patients.*> In mice models with

targeted deletion of TFR2 in dopaminergic neurons, TFR2 deficiency confers neuroprotection against dopaminergic

degeneration and prevents iron overload associated with PD.** ALAS2, encoding the erythroid-specific -

aminolevulinate synthase, initiates heme biosynthesis.*’” ALAS2-null mice exhibited substantial cytoplasmic iron accu-

mulation in erythroblasts.*” Meta-analysis of blood from PD patients found that the expression level of ALAS2 was
reduced.*® Moreover, the ratio of reduced to oxidized iron in the SN of PD patients was altered.*’ Glutathione (GSH),
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Figure 7 The mRNA-drug regulatory network.
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a ubiquitous thiol tripeptide, protects against oxidative stress-induced damage.” In the PD model, overexpression of
CHACI, ChaC glutathione-specific gamma-glutamylcyclotransferase 1, led to GSH depletion, triggering oxidative stress
and consequent neuronal death.”’ DJ-1 protein, encoded by a PD-associated gene, downregulates CHAC1 expression in
astrocytes, reducing glutathione degradation.®” Cysteine dioxygenase type 1 (CDO1) promotes cysteine metabolism,
reducing glutathione synthesis and leading to oxidative stress.’® In midbrain dopaminergic neuronal cells, the expression
level of CDO1 was decreased as the progression of PD.>* However, there is a lack of research on MAP1LC3C, ACVRIB
and GPX2 in PD. Our study shows that MAP1LC3C, ACVRIB and GPX2 are abnormally expressed in PD, which is
worthy of further exploration in the future. Overall, our findings suggest that these genes may be involved in PD
progression. However, further investigations are needed to elucidate their precise roles in PD pathogenesis.

The AUC values of the 10 key genes ranged from 0.602 to 0.746, while the AUC value of the risk score model was
0.953, indicating significantly enhanced diagnostic accuracy and predictive accuracy. The pathology of PD involves
multiple mechanisms, including genetic, environmental, and inflammatory.”> Genetic risk in PD likely results from the
cumulative effect of multiple common low-risk variants.® This multi-gene approach captures more comprehensive
biological information, reflecting the PD multifactorial regulatory mechanisms. The high AUC values of the risk score
risk model suggest considerable clinical potential, particularly for early screening and personalized treatment in high-risk
populations.

Through mRNA-drug interaction network analysis, 49 drugs targeting 9 key genes were identified. Notably, estradiol
(E2), quercetin, certain Chinese herbal components, deferoxamine (DFO), and cannabidiol (CBD) emerge as potential
candidates for ameliorating the clinical symptoms of PD. The higher E2 levels were observed in the female early-onset
PD, which significantly negatively correlated with the MDS Unified Parkinson’s Disease Rating Scale.”’ In the rotenone-
induced PD model, E2 treatment was able to modulate abnormal antioxidant enzymes and lipid peroxidation levels to
normal, demonstrating a neuroprotective effect.’®

Abnormal a-Syn aggregation in PD brains is associated with mitochondrial dysfunction and neuroinflammation.>
Reducing reactive oxygen species (ROS) lessens a-syn toxicity and promotes the regeneration of dopaminergic
neurons.®® Quercetin, a naturally occurring flavonoid, significantly reduced mitochondrial DNA damage and oxidative
stress in PD models.®’ The antioxidant properties and neuroprotective effects of traditional Chinese medicine are gaining
attention in PD research.® The neuroprotective of Ping-wei-san plus herbal decoction and Tongtian oral liquid were
reported in the PD models.®%*

DFO, an iron chelator, presents a promising therapeutic approach for neurodegenerative diseases.®> Studies on PD
patients treated with DFO have shown that iron overload in the SN was reduced.®®®” CBD is a non-psychoactive
compound found in cannabis plants.°® Preclinical and preliminary clinical studies suggested that CBD has therapeutic
potential for non-motor symptoms of PD, such as sleep disturbances, cognitive deficits, psychosis, depression, and
anxiety.®® Hence, the development and research of these drugs may offer novel therapeutic approaches for PD.

However, there are some limitations in this study. Firstly, our data were acquired from the public datasets, and the
specific mechanism of the identified key genes is still unclear. A large number of in vivo and in vitro experiments will be
conducted in the later stage to explore the specific molecular mechanisms of the key genes identified. Furthermore, risk
score model based on public data lack validation in clinical samples. Therefore, a large number of clinical samples will
be collected to verify the accuracy of the risk score model.

Conclusion

In summary, our study identified 24 IMRDEGs in PD patients through bioinformatics. Then, 10 key genes were identified
to construct the risk score model, demonstrating a strong diagnostic value for PD. Our research may provide new insights
into PD pathogenesis and contribute to the development of novel diagnostic and therapeutic strategies.
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