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There is a strong relationship between metabolic cell death (MCD) and neurodegenerative diseases. 
However, the involvement of metabolic cell death (MCD)-related genes (MCDRGs) in Parkinson’s 
disease (PD) pathogenesis remains poorly analyzed. Integrating PD-associated differentially expressed 
genes (DEGs) from GSE7621 with MCDRGs, we identified key biomarkers through protein-protein 
interaction networks and machine learning. Diagnostic performance was validated through nomogram 
analysis. Subsequent analyses included functional enrichment, immune profiling, drug prediction, 
and single-cell RNA sequencing. AKR1C2 and MAP1LC3A were identified as potential biomarkers. 
A nomogram with superior diagnostic performance was constructed. Gene set enrichment analysis 
indicated that both biomarkers were linked to the “Parkinson’s disease”. Further, immune infiltration 
revealed that AKR1C2 had the remarkably strongest positive correlation with M2 macrophages. 
Moreover, benzo[a]pyrene-1,6-dione, mestranol, and paraoxon-methyl might be potential therapeutic 
agents for PD. Single-cell RNA-seq analysis demonstrated endothelial-specific expression, with 
MAP1LC3A and AKR1C2 exhibiting distinct temporal regulation during differentiation. AKR1C2 and 
MAP1LC3A were identified as potential biomarkers associated with MCD in PD. These results offer 
fresh concepts for PD prevention and diagnosis.
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Parkinson’s disease (PD) is a common and progressive neurodegenerative disorder affecting more than 6.1 million 
individuals worldwide. Its incidence increases significantly with age, making it one of the primary causes of 
neurological disability1,2. The main pathological characteristics of PD include the progressive degeneration 
of dopaminergic neurons in the substantia nigra and the formation of Lewy bodies3. Beyond typical motor 
dysfunction, patients often suffer from substantial non-motor symptoms, greatly impacting their quality of 
life. Although current treatments, such as dopamine replacement therapy, can relieve symptoms, they do not 
stop disease progression and come with notable side effects2. Consequently, research into PD pathogenesis and 
effective treatments is especially urgent, with a focus on identifying key genes or biomarkers that are essential for 
early diagnosis and understanding the underlying mechanisms.

Metabolic cell death (MCD) is a form of regulated cell death induced by intracellular metabolic imbalance and 
involves the precise regulation of multiple cellular signaling pathways4,5. In recent years, accumulating evidence 
has demonstrated a strong association between MCD and various neurodegenerative diseases, particularly PD4. 
MCD encompasses various forms, including ferroptosis, cuproptosis, disulfidoptosis, lysosomal zincoptosis, 
and alkaliptosis4, with ferroptosis receiving particular attention in PD research. Research has revealed that 
abnormalities in iron metabolism in PD patients often result in excessive iron accumulation within neurons, 
which is closely linked to the degeneration of dopaminergic neurons6. Iron-dependent cell death is thought to 
significantly contribute to the pathogenesis of PD by accelerating dopaminergic neuron loss in the substantia 
nigra through mechanisms involving lipid peroxidation and oxidative stress4,5,7. Although previous studies have 
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indicated a close association between MCD and PD, the underlying molecular mechanisms at the genetic level 
remain poorly analyzed and warrant further investigation.

The Single-cell RNA sequencing technology provides the advantages of high resolution and throughput, 
allowing researchers to analyze the transcriptomic profiles of all genes at the single-cell level8,9. Its application 
enables comprehensive analysis of intercellular expression differences and offers clear insights into the 
distinct features of various cell subpopulations. For example, single-cell RNA sequencing has provided key 
cellular composition insights in cancer immune microenvironment studies, helping identify potential targets 
for immunotherapy9. Furthermore, this technology has revealed specific changes in different neuronal 
cell populations in neurodegenerative diseases, including PD, advancing the understanding of disease 
mechanisms8,10,11. The widespread application of single-cell RNA sequencing has significantly promoted the 
development of biomedical research, driving innovations in disease mechanisms, diagnosis, and therapeutic 
approaches8–14.

This study utilizes transcriptomic and single-cell data from public databases to identify potential biomarkers 
associated with MCD in PD and employs a series of bioinformatics approaches to investigate the molecular 
mechanisms of these biomarkers in PD. Through single-cell analysis, we annotated diverse cell types and 
systematically characterized the expression profiles of biomarkers across distinct cell populations, thereby 
identifying critical cell types that establish a strong theoretical basis for the clinical diagnosis and preventive 
treatment of PD.

Materials and methods
Data source
From the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/gds), transcriptomic 
datasets and single-cell dataset pertaining to PD were obtained. The GSE7621 dataset (GPL570 platform), which 
included samples from 16 PD patients and 9 normal brain substantia nigra tissues15were used as the training 
set for this study. Meanwhile, the GSE49036 dataset (GPL570 platform) consisting of brain substantia nigra 
tissue samples from 20 PD patients and 8 normals16 was used as the validation set (Supplementary Table S1–2). 
The single-cell dataset GSE157783 (GPL24676 platform) contained brain tissue samples from 5 PD patients 
and 6 controls. In addition, 295 metabolic cell death-related genes (MCDRGs) were obtained from previous 
literature17 and included in this study.

Identification of differentially expressed genes (DEGs)
The DEGs were identified using the limma package (v 3.58.1)18 (|log2fold change (FC)| > 0.5, and p < 0.05). 
Subsequently, ggplot2 package (v 3.4.4)19 and complexheatmap package (v 2.18.0)20 were applied to draw volcano 
plots and heatmaps, respectively, showcasing the top 10 upregulated and downregulated genes sorted by log2FC.

Identification and functional enrichment analysis of candidate genes
Candidate genes were obtained by taking the intersection of DEGs and MCDRGs using ggvenn package (v 
0.1.9)21. After obtaining candidate genes, Gene Ontology (GO) analysis, which involved biological processes 
(BP), cellular components (CC), and molecular functions (MF), and Kyoto Encyclopedia of Genes and Genomes 
(KEGG)22–24, enrichment analyses were carried out using the clusterProfiler package (v 4.7.1.003)25 (p < 0.05). 
The top 5 most significantly enriched pathways in BP, CC, MF, and KEGG (count number order) were visualized 
using the ggplot2 package.

Construction of the protein–protein interaction (PPI) network
PPI analysis is mainly used to reveal the interaction network of target genes and identify other key genes or 
proteins associated with these genes. The candidate genes were introduced into Search Tool for the Retrieval 
of Interacting Genes (STRING, https://string-db.org) for PPI analysis (confidence interaction > 0.7). The PPI 
network was visualised using the igraph package (v 2.0.3), (http://igraph.org/) to obtain core genes through this 
network. Next, the chromosomal distribution of the core genes was analysed utilizing OmicCircos package (v 
1.40.0) (https://doi.org/10.18129/B9.bioc.OmicCircos).

Recognition of feature genes using machine learning algorithms
LASSO (Least Absolute Shrinkage and Selection Operator) regression analysis incorporated an L1 regularization 
term into the regression model. This allowed LASSO regression to compress or even set unimportant features 
to zero, thereby achieving variable selection and model simplification. SVM-RFE (Support Vector Machine-
Recursive Feature Elimination) was a method based on support vector machines for recursive feature elimination, 
which was commonly used in feature selection. LASSO and SVM-RFE were used to screen the feature genes. 
LASSO analysis was performed by the glmnet (v 4.1.4)26. The regularization parameter lambda was determined 
using 10-fold cross validation. In addition, SVM-RFE model was developed utilizing caret package (v 6.0-94)27. 
The genes obtained by the 2 algorithms were intersected and represented by constructing a Venn diagram using 
the ggvenn package, and the intersected genes were used as key feature genes.

Identification of biomarkers and construction of a nomogram
Further, the receiver operating characteristic (ROC) curves of key feature genes were created in GSE7621 and 
GSE49036 to assess their diagnostic value, and the genes with area under the curve (AUC) values greater than 
0.7 were selected as candidate biomarkers. Then, differential expression of candidate biomarkers between PD 
and normal samples was compared utilizing Wilcoxon test (p < 0.05), and the genes with remarkable differential 
expression between PD and normal groups and consistent trends in GSE7621 and GSE49036 were selected as 
biomarkers.
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To predict the risk of developing PD, rms (v 6.5-0)28 was employed to construct a nomogram containing 
biomarkers, and the probability of developing PD was assessed by calculating the total score. To evaluate the 
nomogram’s predictive performance, calibration curves were plotted by rms package, an ideal model would have 
calibration curves with a slope approaching 1, indicating high accuracy in prediction. In addition, ROC curves 
were created by pROC (v 1.18.5)29 to quantify the diagnostic effect of the nomogram (AUC > 0.7).

Gene set enrichment analysis (GSEA)
The correlation between the biomarkers and other genes was assessed utilizing psych package (v 2.4.3)30and 
the correlation coefficients were ranked from largest to smallest. Then the GSEA analysis for biomarkers was 
examined using the clusterProfiler to display top 5 significantly enriched pathways of the biomarkers (p.adj < 0.05 
and normalized enrichment score |NES| > 1). The molecular signatures database (MSigDB) ​(​​​h​t​t​p​:​/​/​s​o​f​t​w​a​r​e​.​b​r​o​a​
d​i​n​s​t​i​t​u​t​e​.​o​r​g​/​g​s​e​a​/​m​s​i​g​d​b​/​​​​​) provided the reference gene set, “c2.cp.kegg.v7.5.1.symbols.gmt”.

Immune infiltration analysis
Firstly the abundance of 22 immune cells31 in normal and PD groups was explored by the CIBERSORT algorithm 
of Immuno-Oncology Biological Research (IOBR) package (v 0.99.9)32. Then, the level of infiltration of these 
immune cells across groups was compared using the Wilcoxon test (p < 0.05). Next, Mantel test was used to 
calculate the correlation between differential immune cells and the correlation between biomarkers and immune 
cells (p < 0.05). In order to explore the correlation between biomarkers and key cells, spearman correlation 
analysis was used to calculate the correlation coefficient between prognostic genes by using R package “psych”, 
and correlation scatter diagram was drawn by using R package “ggplot2” to explore the correlation between 
genes and cells.

Drug prediction and molecular networks
The potential therapeutic drugs targeted by the biomarkers were found by enrichR (v 3.2) ​(​​​h​t​t​p​s​:​/​/​C​R​A​N​.​R​-​p​
r​o​j​e​c​t​.​o​r​g​/​p​a​c​k​a​g​e​=​e​n​r​i​c​h​R​​​​​)​. The top 10 drugs in terms of confidence were selected and further drug-mRNA 
mulberry diagram was constructed using the ggalluvial package (v 0.12.5) ​(​​​h​t​t​p​:​/​/​c​o​r​y​b​r​u​n​s​o​n​.​g​i​t​h​u​b​.​i​o​/​g​g​a​l​l​u​
v​i​a​l​/​​​​​)​. The transcription factors (TFs) were predicted in the miRNet database (https://www.mirnet.ca/), followed 
by the construction of TF-mRNA network using Cytoscape package (v 3.10.1)33. Then, a co-expression network 
of biomarkers was created by the GeneMANIA (http://genemania.org).

 Single-cell RNA sequencing (scRNA-seq) analysis
The Seurat package (v 5.0.1)34 was utilized to conduct the scRNA-seq analysis. Initial filtering removed cells 
expressing less than 200 genes and genes that were expressed in fewer than 3 cells. The quality control (QC) 
was performed by removing cells that were outliers by number of detected genes (≤ 200 or ≥ 5,000) and number 
of RNA counts (≤ 500 or ≥ 20,000). After filtering out the cells that did not meet the criteria, NormalizeData 
function was employed to normalize the data. Then the FindVariableFeatures function was used to extract the 
genes with higher coefficients of variation among cells, and the top 2000 highly variable genes (HVGs) with more 
obvious fluctuations were displayed for subsequent analysis. The LabelPoints function was used to visualize the 
results, identifying the top 10 genes with the highest variability. The ElbowPlot function was used to decide 
number of principal components (PCs).

Next, the resolution was set to 0.4, and the samples were clustered using the uniform manifold approximation 
and projection (UMAP) algorithm for dimensionality reduction. Subsequently, marker genes for each cell cluster 
were identified by the FindAllMarkers function. Then, cell clusters were annotated based on the cellular marker 
genes provided in published literature17. Expression patterns of the two previously identified biomarkers in cell 
types were further analyzed. Cell types with high expression of both biomarkers were selected as key cells. In 
addition, single-cell samples were functionally enriched using ReactomeGSA ​(​​​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​r​e​a​c​t​o​m​e​/​R​e​a​
c​t​o​m​e​G​S​A​​​​​) to explore the functions and pathways in which cell types were involved. Also, cell-type interactions 
were probed using Cellchat (v1.6.1)35. In addition, dimensionality reduction clustering of key cells was also 
performed. Lastly, Monocle (v 2.26.0)36 was employed to conduct cell pseudo-time analysis.

Statistical analysis
R software (v 4.2.2) was used for all analyses. The Wilcoxon test was used to evaluate group differences. Statistical 
significance was defined as p < 0.05.

MPTP-Induced parkinson’s mouse model
The MPTP (1-Methyl-4-phenyl-1,2,3,6-tetrahydropyridine) mouse model was a commonly used experimental 
animal model for studying PD. MPTP, a neurotoxin, was injected into mice to selectively damage dopamine 
neurons in the substantia nigra, mimicking the pathological features of PD. This model was widely used to 
study the pathogenesis of PD, the efficacy of drug treatments, and their neuroprotective effects37. However, ten 
male C57BL/6J mice (6–8 weeks old, 20–25 g) were obtained from SPF (Beijing) Biotechnology Co., Ltd. The 
mice were housed in clean polypropylene cages under controlled conditions (temperature: 22 ± 1 °C, humidity: 
50 ± 10%, 12-hour light/dark cycle) with ad libitum access to standard rodent chow and water. After a 7-day 
acclimatization period, the mice were randomly divided into MPTP and control groups (n = 5/group) using a 
random number table method. MPTP hydrochloride (MCE, Cat. No. HY-15608) was dissolved in 0.9% saline 
and administered intraperitoneally (30 mg/kg/day) for 7 consecutive days. Control mice received equivalent 
volumes of saline. Body weight and behavioral signs (e.g., mobility, grooming) were monitored daily throughout 
MPTP administration. Any animal that exhibited > 20% weight loss was euthanized immediately. Seven days 
after the final injection, the mice were deeply anesthetized with pentobarbital sodium (150 mg/kg, i.p.). Death 

Scientific Reports |        (2025) 15:25610 3| https://doi.org/10.1038/s41598-025-11481-1

www.nature.com/scientificreports/

http://software.broadinstitute.org/gsea/msigdb/
http://software.broadinstitute.org/gsea/msigdb/
https://CRAN.R-project.org/package=enrichR
https://CRAN.R-project.org/package=enrichR
http://corybrunson.github.io/ggalluvial/
http://corybrunson.github.io/ggalluvial/
https://www.mirnet.ca/
http://genemania.org
https://github.com/reactome/ReactomeGSA
https://github.com/reactome/ReactomeGSA
http://www.nature.com/scientificreports


was confirmed by pupillary dilation, cessation of breathing, and cardiac arrest, after which rapid decapitation 
was performed using a sharp guillotine, and their substantia nigra tissues were collected for subsequent analysis. 
The entire experiment was conducted by independent personnel for group assignment (Chao Zhang, Xueying 
Li), experimental implementation (Jia Fu, Jing Zhao), and data analysis (Na Mi, Xue Zhao), under strict blinding 
procedures. All procedures were approved by the Animal Care and Use Committee of Chifeng Municipal 
Hospital (Approval No: CFMH-LAEC-202405-01) and strictly adhered to the ARRIVE Guidelines 2.0 ​(​​​h​t​t​p​s​:​/​/​
a​r​r​i​v​e​g​u​i​d​e​l​i​n​e​s​.​o​r​g​​​​​)​.​​

Ttotal RNA isolation and quantitative real-time PCR
Total RNA was isolated using TransZol Up reagent (Transgen, China) following the manufacturer’s instructions. 
The concentration and purity of RNA were determined using spectrophotometer (Multiskan Sky, Thermo Fisher, 
USA). Reverse transcription of total RNA was performed through the PerfectStart Uni RT & qPCR Kit (AUQ-
01, Transgen, China). The reverse transcription reaction was carried out on a C1000 Touch Thermal Cycler 
(Bio-Rad, USA), and quantitative PCR was performed by the CFX96 Deep Well Real-Time System (Bio-Rad, 
USA). Primer sequences were designed based on NCBI references and are presented in Supplementary Table 
S3. GAPDH was employed as an internal reference gene for normalization of mRNA expression levels. Gene 
expression was quantified using the 2-ΔΔCT method, and the differences in gene expression between the MPTP 
and control groups were compared using an independent samples t-test (GraphPad Prism 9.0). Data normality 
was assessed using the Shapiro–Wilk test, and homogeneity of variances was checked using an F-test. If the data 
did not meet normality, the Mann–Whitney U test was used as an alternative.

Results
Identification and functional exploration of candidate genes
In the training set, differential expression analysis identified 1,718 DEGs between PD and normal samples, with 
986 genes upregulated and 732 genes downregulated (Fig. 1a,b). Intersecting 1,718 DEGs and 295 MCDRGs 
yielded 34 candidate genes associated with MCD in PD (Fig. 1c). A total of 519 GO enrichment results were 
obtained, of which 405 were BP, 30 were CC, and 84 were MF (Fig. 1d). Among the BP entries enriched, candidate 
genes were significantly associated with functions such as “response to oxidative stress” and “fatty acid metabolic 
process”. Among the MF categories enriched, candidate genes were associated with “monooxygenase activity” 
and “DNA-binding transcription factor binding”, etc. Candidate genes were also enriched in CC pathways, such 
as “focal adhesion” and “cell-substrate junction”. Furthermore, the candidate genes were enriched to 22 KEGG 
pathways, such as “steroid hormone biosynthesis” and “folate biosynthesis” (Fig. 1e, Supplementary Table S4).

Identification of core genes through PPI network
A PPI network included 16 genes, which were as core genes (Fig. 2a). Chromosomal localisation of the core genes 
revealed that FH was localised on chromosome 1, HSPB1 and DLD on chromosome 7, HSF1 on chromosome 
8, AKR1C1, AKR1C2, AKR1C3, PDLIM1, and SCD on chromosome 10, FADS2 on chromosome 11, TXNRD1 
and GABARAPL1 localised on chromosome 12. IQGAP1, ACTN4, MAP1LC3A and HMOX1 were localised on 
chromosomes 15, 19, 20 and 22, respectively (Fig. 2b).

Machine learning identified 3 key feature genes
A total of 5 feature genes were screened using LASSO analysis (lambda = 0.1358) (Fig. 3a,b). Meanwhile, SVM-
RFE algorithm screened 4 feature genes (Fig. 3c). Ultimately, the results of these 2 algorithms were combined to 
produce 3 key feature genes, AKR1C2, SCD and MAP1LC3A (Fig. 3d).

Identification of biomarkers of high diagnostic value
In order to further screen biomarkers and verify the expression levels of key characteristic genes and ROC, 
correlation analysis was performed in the validation set GSE49036 and training set GSE7621. MAP1LC3A and 
AKR1C2 had AUC values higher than 0.7, indicating that they had certain diagnostic value for PD patients 
(Fig. 4a,b). Moreover, their expression trends were consistent in both datasets, and AKR1C2 was remarkably 
highly expressed in the PD group, while MAP1LC3A was remarkably low-expressed (p < 0.05) (Fig.  4c,d). 
Therefore, AKR1C2 and MAP1LC3A were considered as biomarkers in this study.

Next, a diagnostic nomogram for PD was constructed based on AKR1C2 and MAP1LC3A (Fig. 4e), and the 
calibration curve demonstrated the nomograms’ strong predictive accuracy for PD (Fig. 4f), while the ROC 
curve emphasized the plausible diagnostic value of the nomogram, with an AUC of 0.92 (Fig. 4g).

Functional analysis of biomarkers
GSEA results showed that biomarkers AKR1C2 and MAP1LC3A were enriched in 6 and 46 pathways, 
respectively. AKR1C2 was significantly enriched in pathways such as “parkinsons disease”, “oxidative 
phosphorylation” and “alzheimers disease”. MAP1LC3A was also enriched in the “parkinsons disease” and 
“oxidative phosphorylation” pathways (Fig. 5a,b). This suggested that AKR1C2 and MAP1LC3A were associated 
with multiple neurodegenerative diseases and energy metabolic pathways.

Association of biomarkers with the immune microenvironment of PD
The 22 immune cells’ abundance in PD and normal groups was explored (the CD8 T cells score was 0, and 
it was removed by subsequent analysis). And lower abundance of resting dendritic cells in PD samples were 
found (p < 0.05) (Fig. 6a). Moreover, resting dendritic cells were remarkably different between PD and normal, 
and resting dendritic cells was notably lower (Fig. 6b). In addition, AKR1C2 and M2 macrophages showed the 
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most strikingly positive correlation (r = 0.14 and p < 0.05) (Fig. 6c). The scatter plot results of AKR1C2 and M2 
macrophage marker genes such as CD206 were shown (Supplementary Fig. S1).

Drug forecasting and TF-mRNA regulatory network construction
Further, 2 biomarker-associated drugs, such as benzo[a]pyrene-1,6-dione, mestranol, and paraoxon-
methyl, were predicted, suggesting that these drugs might be of potential value for PD treatment (Fig. 7a). In 
addition, TFs of predictive biomarkers revealed that TWIST1 and TWIST2 regulated AKR1C2, whereas E2F1 
regulated MAP1LC3A (Fig. 7b). A co-expression network of biomarkers was obtained by GeneMANIA. The 
network consisted of 2 biomarkers and 20 peripheral predictor genes including AKR1C1, ATG3, SNCA, etc. 
(Fig. 7c) Together they were involved in 60 biological functions such as “cellular response to nitrogen levels”, 
“autophagosome”, and “vacuole organisation”. These processes involved cellular response to nutrients and 

Fig. 1.  The relevant gene screening diagram (a) Differential gene volcano map, (b) Heat map of differential 
gene expression, (c) Candidate gene Venn diagram, (d) Candidate gene GO enrichment analysis (e) Candidate 
gene KEGG enrichment analysis.
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intracellular degradation mechanisms, reflecting cellular adaptive mechanisms in response to environmental 
changes.

Screening of key cells
There were shown pre- and post-QC results of the single-cell dataset (Supplementary Fig. S2b). The top 2000 
HVGs and 10 PCs were selected for cell clustering (Supplementary Fig. S2c,e) UMAP clustering classified the 
cells into 15 cell clusters (Fig. 8a), which were annotated by marker genes into 8 cell types (Fig. 8b,c), namely 
oligodendrocytes, microglia, astrocytes, oligodendrocyte precursor cells (OPCs), excitatory neuronal, endothelial 
cell, ependymal, and GABAergic. Moreover, both AKR1C2 and MAP1LC3A had the highest expression in 
endothelial cell (Fig. 9a,b) and therefore endothelial cell was considered as key cell. Endothelial cell was mainly 
enriched to biological functions such as “metabolism of ingested MeSeO2H into MeSeH”, “biosynthesis of 
DPAn-6 SPMs”, “synthesis of hepoxilins (HX) and trioxilins (TrX)”, “TWIK related potassium channel (TREK)”, 
and “SDK interactions”. These signalling pathways played important roles in immune response, cell survival and 
stress response (Fig. 9c).

Cellular communication and pseudo-time analysis
The cellular communication of different cell types in PD and normal samples was analyzed. In the PD group, 
key cells endothelial cell and astrocytes had strong communication relationship, which was mainly through the 
interaction of PTN-PTPRZ1 receptor (Fig. 10a–c).

Further, pseudo-time analysis was performed on different subtypes of key cells. Endothelial cell was divided 
into 9 cellular subtypes (Fig.  11a). Subsequently, developmental and differentiation trajectories of cells were 
constructed. Cells differentiated over time from lower right to upper left. endothelial cell differentiates into a 
total of 9 cellular subtypes with 4 different states of differentiation (Fig. 11b–d). In addition, in the early stages 
of differentiation, MAP1LC3A was highly expressed, while AKR1C2 was highly expressed in the late stages 
(Fig. 11e).

qRT-PCR validation
To validate the expression of the predicted biomarker genes in PD, we established an MPTP-induced mouse 
model and extracted RNA samples from the substantia nigra tissue of the mouse midbrain for analysis. This 
region is closely related to motor control, postural stability, and other functions, and it has an important link 
with neurodegenerative diseases such as PD. qRT-PCR was performed to confirm the expression patterns of 
the two biomarker genes. The results revealed that the mouse homolog of AKR1C2, Akr1c21, was significantly 
upregulated in PD, whereas Map1lc3a was significantly downregulated, which is consistent with our predictions 
(Fig. 12a,b).

Discussion
PD is a neurodegenerative disease impacting millions globally, marked by the loss of dopaminergic neurons and 
the emergence of various motor and non-motor symptoms1–3. Although studies have demonstrated a correlation 

Fig. 2.  Candidate gene PPI network and chromosomal localisation. (a) PPI network. (b) Chromosomal 
localisation of the core genes.
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between MCD and PD4,5,7the precise underlying mechanisms remain poorly analyzed. This research integrates 
transcriptomic and single-cell data from public databases, utilizing bioinformatics approaches to explore the 
role of MCD-related genes in PD and identify AKR1C2 and MAP1LC3A as key therapeutic targets. Investigating 
the biological pathways and regulatory mechanisms of these genes offers new avenues for developing innovative 
therapies for PD.

Aldo-keto reductase family 1 member C2 (AKR1C2) is a crucial cytoplasmic enzyme, responsible for 
reduction of aldehyde and ketone compounds38. Studies have shown that AKR1C2 plays a significant role in 
cellular detoxification and antioxidative stress, especially in processing reactive aldehydes and lipid peroxides, 
both of which are crucial to cellular injury and ferroptosis7,39–41. Notably, AKR1C2 has been reported to 
be upregulated in neurodegenerative conditions such as amyotrophic lateral sclerosis and Alzheimer’s 
disease38,42,43underscoring its importance in the pathogenesis of neurodegenerative disorders. In our study, we 
observed a significant upregulation of AKR1C2 in PD samples, which may represent a compensatory mechanism 
to counteract oxidative stress and iron overload. This adaptive response likely enhances cellular resilience and 
antioxidative capacity, thereby mitigating neuronal degeneration44,45. Recognizing this mechanism offers fresh 
perspectives on understanding the pathogenesis of PD. In contrast to AKR1C2, microtubule-associated protein 
1 light chain 3 alpha (MAP1LC3A) plays an essential role in microtubule-cytoskeleton interactions and serves 
as a pivotal protein in autophagy. MAP1LC3A is engaged in various stages, such as autophagosome formation 
and maturation46–48. Immunoblotting or immunofluorescence detection of LC3 conversion is now a reliable 

Fig. 3.  Candidate gene regression analysis plot (a) LASSO model, (b) Cross-validation results, (c) SVM-RFE 
model.
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technique for assessing autophagy and related processes49. LC3A plays a critical protective role in neurons by 
aiding in the cellular stress response, clearance of damaged organelles, and removal of protein aggregates50–52. 
Our gene expression analysis confirmed the downregulation of MAP1LC3A in PD samples. Consistent with 
previous studies53–55. Our findings suggest that alterations in MAP1LC3A expression are closely associated with 
the neurodegenerative pathology of PD, underscoring its pivotal role in disease progression and highlighting its 
potential as a therapeutic target for neurodegenerative disorders.

Fig. 4.  biomarker screening (a) Training set ROC curve, (b) Verify the set ROC curve, (c) Raining set 
expression validation, (d) Validation set representation validation, (e) Nomogram model, (f) Nomogram 
model calibration curve, (g) Nomogram model ROC curve.
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A diagnostic model was developed, and a corresponding nomogram was constructed based on the biomarkers 
AKR1C2 and MAP1LC3A. This model showed exceptional diagnostic performance in both the training and 
external validation datasets, emphasizing the potential of the two biomarkers in PD diagnosis and providing 
significant insights into the mechanisms underlying PD.

Through GSEA analysis, we identified that the biomarker genes AKR1C2 and MAP1LC3A were significantly 
enriched in 6 and 46 pathways, respectively, including various neurodegenerative disease-related pathways 
and oxidative phosphorylation (OXPHOS). This finding suggests that these genes may play critical roles 
in the pathogenesis and progression of neurodegenerative diseases. OXPHOS is a fundamental and highly 
conserved cellular bioenergetic process primarily occurring in mitochondria56,57. It serves as the principal 
mechanism by which cells generate adenosine triphosphate (ATP), the universal energy currency, through a 
series of redox reactions in the electron transport chain56,57. This process is essential for maintaining cellular 
energy homeostasis and is implicated in numerous physiological functions57. Extensive prior research has 
demonstrated that mitochondrial dysfunction, characterized by energy depletion and elevated oxidative stress, 
is a central pathogenic mechanism underlying neuronal cell death in various neurodegenerative diseases, 
including PD57–59. During OXPHOS, reactive oxygen species (ROS) are inevitably generated as byproducts60. 
Under pathological conditions in PD and other neurodegenerative disorders, excessive production of ROS 
overwhelms cellular antioxidant defense mechanisms58. This leads to oxidative damage of lipids, proteins, 
and DNA, which disrupts cellular functions and exacerbates neuronal degeneration56,57. Consequently, these 
processes drive the progressive worsening of the disease. Based on this, we hypothesize that the antioxidative 
properties of AKR1C2 may confer it a potentially critical role in alleviating oxidative stress. By neutralizing 
excessive ROS, AKR1C2 could effectively reduce oxidative damage to neurons40,41thereby protecting them from 

Fig. 5.  Functional of biomarkers (a) AKR1C2 gene set enrichment analysis, (b) Enrichment analysis of 
MAP1LC3A gene.

 

Scientific Reports |        (2025) 15:25610 9| https://doi.org/10.1038/s41598-025-11481-1

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


the adverse effects of oxidative stress during the progression of PD. Furthermore, elevated oxidative stress not 
only exacerbates mitochondrial damage but also impairs autophagy, a critical process for maintaining cellular 
homeostasis56. As a key protein in autophagy, loss of MAP1LC3A function may hinder the effective clearance 
of damaged mitochondria and accumulated misfolded proteins. This leads to the accumulation of cellular 
damage, further exacerbating neuronal injury. Additionally, defective autophagy may exacerbate OXPHOS-
induced mitochondrial dysfunction, disrupting cellular energy metabolism and accelerating PD progression56. 
In summary, research on these biomarkers provides new insights into PD pathogenesis and offers potential 
therapeutic targets for treatment.

Immunoinfiltration analysis indicates a marked decrease in resting dendritic cells in PD. As vital antigen-
presenting cells, dendritic cells play an essential role in the nervous system61. They participate in immune 
responses and impact T cell differentiation by modulating dopamine production and release41,62,63. This 
decrease may indicate that the composition and function of the immune microenvironment are impacted in 
PD patients. Furthermore, we found a notable correlation between AKR1C2 and M2 macrophages. Studies have 
reported that multiple immune cells are in an activated state in PD, with a higher presence of M2 macrophages64. 
Systemic inflammation in PD could result in alterations in immune cell ratios65and AKR1C2 expression might 
be associated with this inflammation, implying a potential role in immune regulation. This study shows that 
the correlation coefficient between AKR1C2 and M2 macrophages is r = 0.14, indicating a weak association. 
AKR1C2 has a certain influence on the occurrence and development of PD, possibly due to factors such as a 
small sample size or sample heterogeneity. To further validate this correlation, more experiments or independent 
datasets with a reasonable sample size are needed.

Using single-cell RNA sequencing data, we identified endothelial cells as key players. Functional analysis 
indicates that endothelial cells primarily engage in signaling pathways related to immune response, cell survival, 
and stress response in PD. Analysis of cell-cell communication demonstrates a strong interaction between 
endothelial cells and astrocytes mediated through the PTN-PTPRZ1 ligand-receptor pair. Endothelial and 

Fig. 6.  Immunoinfiltration analysis (a) CIBERSORT Stack diagram, (b) Box diagram of immune cell 
differences, (c) Correlation analysis of biomarkers and immune cells.
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astrocyte cells are key components of the neurovascular unit, with their pathological alterations closely linked 
to neuroinflammation and neurodegeneration66–69. Research have identified that the breakdown of endothelial 
cells in brain capillaries is an essential pathological characteristic in PD patients70,71. Endothelial cell dysfunction 
and blood-brain barrier (BBB) disruption allow immune cells and plasma proteins to infiltrate brain tissue more 
readily, thereby aggravating neuroinflammation71–74. Furthermore, α-synuclein (αSyn) expression in endothelial 
cells is closely related to PD progression, with endothelial cell dysfunction exacerbating this process69,75. These 
pathological alterations underscore the crucial role of endothelial cells in the PD pathological process, with 
significant implications for disease progression and neuroprotective mechanisms.

This research successfully identified PD-associated biomarkers, AKR1C2 and MAP1LC3A, suggesting their 
potential impact on PD onset through modulation of immune and metabolic pathways. These findings provide 
a crucial foundation for understanding PD pathogenesis and for improving clinical diagnosis and treatment 
strategies. However, the study has certain limitations, such as a small sample size and the need for further clinical 
trials are needed to validate the identified biomarkers, and we will further expand the sample size. Additionally, 
the proposed drugs must undergo extensive in vivo and in vitro testing to confirm their efficacy and safety. 
Future studies will aim to further investigate these mechanisms and their potential impact on PD therapy.

Fig. 7.  Molecular regulatory network (a) Biomarker—drug network Sankey map, (b) Biomarker (mRNA)—
TFs network, (c) The GeneMANIA Network.
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Conclution
This research used PD transcriptome and single-cell RNA sequencing data from public databases to explore the 
role of MCD in PD. The study identified MCD-related biomarkers AKR1C2 and MAP1LC3A, and examined 
their expression patterns and associations with neurodegenerative pathology in PD. These discoveries offer new 
potential targets for the early diagnosis and treatment of PD, with future research aimed at validating their 
clinical applications and therapeutic potential.

Fig. 8.  cell clustering analysis (a) UMAP plot of clustering analysis of all sample cells, (b) Bubble map of 
Marker gene expression, (c) UMAP plot of clustering analysis of different grouped cells.
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Fig. 9.  Distribution of biomarker expression in each cell cluster (a) UMAP plot of biomarker distribution 
in cells, (b) Bubble plots of biomarker expression in different cell clusters, (c) Heatmap of key cell function 
analysis.
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Fig. 10.  Cellular communication interactions map (a) The size of the various coloured circles around the 
periphery indicates the number of cells, (b) Probability intensity values for interactions, (c) Bubble diagram of 
receptor-ligand pair interactions.
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Fig. 11.  The key cell cluster ndothelial was analysed for proposed temporal trajectories. (a) Endothelia 
subgroup clustering UMAP plot; (b-d) Pseudo-temporal analysis of key cells, with dark blue in-dicating the 
early stages of differentiation and light blue representing the later stages of differen-tiation, where state 1 is 
the earliest period of differentiation; (e) Dynamic map of biomarker expression in proposed time series; top: 
AKR1C2, bottom: MAP1LC3A.
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Data availability
The datasets (GSE7621, GSE49036, GSE157783) analysed during the current study are available in the Gene 
Expression Omnibus (GEO) repository, (https://www.ncbi.nlm.nih.gov/gds). The (MCDRGs) from the previous 
literature.
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