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Background: Parkinson’s disease (PD) is influenced by various factors, with
lysosome function playing a critical role. However, the specific involvement of
lysosome-related genes (LRGs) in PD remains unclear.

Objective: This study aims to identify biomarkers specific to PD that exhibit robust
disease prediction capabilities.

Methods: Datasets for patients with PD, LRGs, and inflammation-related genes
(IRGs) were retrieved from online databases. miRNAs and mRNAs within key
modules were selected through Weighted Gene Co-expression Network Analysis
(WGCNA), revealing strong associations with PD. A miRNA-mRNA network was
constructed based on highly correlated PD-related LRGs (PD-LRGs) and miRNAs
within these modules. Candidate genes were identified by intersecting target
genes, differentially expressed genes (DEGs), PD-LRGs, and module-associated
MRNAs. Machine learning and expression validation were employed to confirm
these biomarkers. A nomogram was established, and its diagnostic performance
was evaluated using a confusion matrix. Drug predictions were conducted based
on these biomarkers. Spearman’s correlation analyses were performed to assess
the relationship between IRGs, freezing of gait (FOG)-related genes, and
biomarkers. Molecular regulatory networks were constructed using datasets
and online resources. Finally, clinical samples were collected for quantitative
PCR (gPCR) validation of biomarker expression.

Results: Key modules related to PD were identified, comprising 190 miRNAs and
7,633 mRNAs. A miRNA-mRNA network was constructed based on 55 PD-LRGs
and 181 miRNAs, resulting in the identification of 26 candidate genes strongly
linked to lysosomal function. FGD4 and MAN2B1 were selected as biomarkers,
and a gene expression-based risk prediction table was created. These biomarkers
were significantly correlated with IRGs and several FOG-related genes. Gene
localization analysis revealed that FGD4 and LRRK2, both critical to the FOG
pathway, are located on chromosome 12. Drug prediction revealed that
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Tetrachlorodibenzodioxin and bisphenol A target both FGD4 and MAN2B1. gPCR
analysis confirmed that FGD4 and MANZ2B1 expression levels were significantly
higher in patients with PD compared to healthy controls (p < 0.05).

Conclusion: FGD4 and MANZ2B1 act as lysosomal biomarkers associated with PD
and exhibit strong correlations with genes involved in PD-related freezing of gait.
This study offers novel insights into PD diagnosis.
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1 Introduction

(PD), the
neurodegenerative disorder after Alzheimer’s disease (AD), affects

Parkinson’s  disease second most prevalent
approximately 7 million individuals worldwide (Chi et al., 2019). It is
characterized by the progressive degeneration of dopaminergic (DA)
neurons in the substantia nigra, leading to clinical manifestations
such as bradykinesia, myotonia, resting tremor, and postural
instability (Samii et al., 2004; Schneider et al, 2017). The exact
etiology of PD remains unclear, likely resulting from a complex
interplay of genetic and environmental factors (Zhang et al., 2021).
Due to its intricate pathogenesis, treatment primarily focuses on
symptomatic management, such as dopamine replacement therapy
(Antony et al, 2013). However, disabling axial symptoms,
particularly postural instability and freezing of gait (FOG), often
remain resistant to both medication and surgical interventions
(Boonstra et al., 2008; Nieuwboer and Giladi, 2013). Recently,
molecular biomarkers have emerged as promising tools for PD
diagnosis (Chen-Plotkin et al., 2018). Consequently, there is a
pressing need to explore novel methods for early detection and
more precise treatments, especially for patients with refractory FOG.

Lysosomes, traditionally known as organelles responsible for
cellular digestion, degradation, and recycling of metabolic waste,
have recently been shown to play critical roles in cellular
metabolism, proliferation, differentiation, apoptosis, immunity,
nutrient sensing, protein regulation, and metabolic signaling
(Trivedi et al.,, 2020). The involvement of lysosomal function in
PD has been confirmed through both functional and genetic studies
(Senkevich and Gan-Or, 2020). PD is characterized by the
degeneration of DA neurons and the accumulation of Lewy
bodies, primarily composed of misfolded and aggregated a-
synuclein proteins (Fares et al., 2021). Lysosomes are the primary
site for the degradation of aggregated a-synuclein (Lee et al., 2004;
Vogiatzi et al., 2008; Mak et al., 2010). Mutations in lysosomal genes
contribute to elevated levels of a-synuclein or its increased tendency
to aggregate, thereby enhancing the genetic risk of PD (Ibafez et al.,
2004; Pihlstrom et al, 2018). Cathepsin B (catB), a proteolytic
enzyme of the cysteine cathepsin family with both endopeptidase
and exopeptidase activities, is typically localized in the lysosomal
cavity (Stoka et al., 2016). Knockdown of the PD risk gene
TMEM175 disrupts lysosomal pH and impairs catB activity (Jinn
et al,, 2017; Hu et al,, 2022). Additionally, mutations in LRRK2, a
major cause of familial PD, have been shown to inhibit catB
expression or activity within lysosomes (Henry et al, 2015;
Yadavalli and Ferguson, 2023). Lysosomal dysfunction caused by
mutations in these genes can exacerbate the accumulation of a-
synuclein in the brain, potentially accelerating the onset of PD
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(Blumenreich et al., 2020). Although several studies have linked PD
onset and progression to lysosome-related genes (LRGs), the precise
genetic mechanisms remain poorly understood. Investigating LRGs
holds promise for identifying PD biomarkers, aiding in the
development of preventive strategies, early diagnosis, and more
effective management, while also enhancing the understanding of
underlying mechanisms and reducing risks.

In recent years, high-throughput technologies have made
significant advances in PD biomarker research, yet critical
limitations remain. Current studies primarily follow three
First, blood or

transcriptomic  studies have screened candidate gene profiles

directions: numerous cerebrospinal  fluid
through differential expression analysis. However, over 70% of
identified markers lack independent validation (Chen-Plotkin et al.,
2018), limiting their clinical translational value. Second, explorations
of biomarkers related to specific pathways such as oxidative stress (Zhu
et al,, 2025) and copper metabolism (Lin et al., 2024) have revealed
some pathological mechanisms but have failed to systematically
integrate interactions between multiple pathways. Third, while
immune-related gene signatures can distinguish PD from healthy
controls, they often lack specificity for early diagnosis and disease
subtypes (Baird et al., 2019). More notably, although genome-wide
association studies have consistently confirmed significant associations
between lysosome-related genes (LRGs, such as TMEM175, LRRK2,
and GBA) and PD risk (Nalls et al., 2019), functional studies targeting
the complete LRG set remain scarce, and their predictive value for PD
diagnosis and their links to core motor symptoms have yet to be
clarified. Addressing this critical gap, this study, for the first time,
systematically identifies lysosome-related biomarkers highly associated
with PD phenotypes by integrating weighted gene co-expression
network analysis (WGCNA), machine learning algorithms, dual-

cohort cross-validation, and qPCR confirmation. It further
constructs miRNA-mRNA regulatory networks and performs
multidimensional ~correlation analyses linking the identified

biomarkers with FOG-related genes and immune cell infiltration.
This work establishes an integrated analytical framework of
“lysosomal dysfunction-immune dysregulation-motor symptoms,”
offering a novel strategy for early PD diagnosis and precision
treatment that combines mechanistic depth with clinical applicability.

2 Materials and methods
2.1 Data selection and preprocessing

In this study, three transcriptomic datasets were collected from
the Gene Expression Omnibus (GEO) database (https://www.ncbi.
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nlm.nih.gov/geo/), including GSE100054, GSE99039, and
GSE16658. All disease samples were diagnosed as PD. The
IncRNA, miRNA, and mRNA profiles of GSE100054 (GPL23126)
included peripheral blood mononuclear cells (PBMCs) from
10 patients with PD and 9 normal controls (Miki et al., 2018).
The mRNA profile of GSE99039 (GPL570) contained whole blood
samples from 205 patients with idiopathic PD and 233 normal
controls (Shamir et al., 2017). Additionally, the miRNA profile of
GSE16658 (GPL7722) included PBMCs from 19 patients with PD
and 13 normal controls (Martins et al., 2011). A total of 144 LRGs
and 200 inflammation-related genes (IRGs) were collected from the
published literature and the Molecular Signatures Database
(MSigDB, https://www.gsea-msigdb.org/gsea/msigdb,
HALLMARK_INFLAMMATORY_R ESPONSE.v2022.1),
respectively (Supplementary Table S1; Supplementary Table S2)
(Vairo et al.,, 2017).

All datasets were independent GEO datasets, and the following
preprocessing steps were performed before analysis: (1) Six quantiles
(0%, 25%, 50%, 75%, 99%, 100%) were calculated for the expression
data; (2) If the 99th percentile exceeded 100, indicating the presence
of large values, a log, transformation was performed; (3) If the
difference between the maximum and minimum values was greater
than 50 and the lower quartile (25%) was greater than 0, indicating a
large data range with no negative values, a log, transformation was
applied; (4) If the lower quartile (25%) was between 0 and 1, and the
upper quartile (75%) was between 1 and 2, indicating that the data
were concentrated in a low range, a log, transformation was carried
out to enhance the differences. These preprocessing steps ensured
the data followed a normal distribution.

2.2 Weighted gene Co-expression network
analysis (WGCNA)

To identify miRNAs and mRNAs related to PD, WGCNA was
conducted using the WGCNA (v. 1.71) package (Langfelder and
Horvath, 2008). Initially, hierarchical clustering analysis was
performed on all samples from the GSE100054 dataset based
on Euclidean distance using the complete linkage method, and
abnormal samples were removed based on clustering results.
Next, the soft threshold (p) was determined when the goodness
of fit R* reached 0.85, at which point the network approximated a
scale-free distribution. All miRNAs and mRNAs were then
clustered into several modules (minModuleSize = 100,
MEDissThres = 0.3). Modules associated with PD were selected
as critical modules (|correlation (cor)| > 0.30, p < 0.05), and the
miRNAs and mRNAs in these critical modules were used for
further analysis.

2.3 Acquisition of LRGs in PD (PD-LRGs) and
construction of miRNA-mRNA network

The intersection of mRNAs in critical modules and LRGs was
considered as PD-LRGs. Subsequently, Spearman’s correlation
analysis between PD-LRGs and miRNAs in the critical modules
was performed (cor < —0.30, p < 0.05), and based on these results, a
miRNA-mRNA network was constructed.
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2.4 |dentification of candidate genes

Differentially expressed genes (DEGs) between patients with PD
and normal controls were identified in GSE100054 using the limma
(v. 3.52.4) package (|log,Fold Change (FG)| > 0.5, p < 0.05) (Ritchie
et al,, 2015). A volcano plot of the DEGs was generated using the
ggplot2 (v. 3.3.6) package (Maag, 2018). The target genes of miRNAs
in critical modules were retrieved from the miRNet (https://www.
mirnet.ca/) and miRWalk (http://129.206.7.150/) databases. The
candidate genes were identified by intersecting DEGs, target
genes from miRNet, target genes from miRWalk, PD-LRGs, and
mRNAs in critical modules. A heatmap of the candidate genes was
generated using the pheatmap (v. 1.0.12) package (Gu et al., 2016).

2.5 Function enrichment analysis of
candidate genes

To explore the potential functions and pathways of the candidate
genes, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) enrichment analyses were conducted using the
clusterProfiler (v. 4.6.0) package (adj.p < 0.05) (Yu et al., 2012). The
GO analysis categorized genes into three distinct categories: cellular
components (CC), molecular functions (MF), and biological
processes (BP). The top 5 GO terms with the highest significance
in each category and the top 5 KEGG pathways with the highest
significance were selected for presentation.

2.6 ldentification of biomarkers in patients
with PD

At the protein level, a protein-protein interaction (PPI) network
of the candidate genes was constructed based on the STRING
database (https://cn.string-db.org/) (medium confidence >0.4).
Isolated nodes (degree = 0) were filtered out to refine the
network. Subsequently, Least Absolute Shrinkage and Selection
Operator (LASSO) regression analysis was performed to identify
hub genes in GSE100054 using the glmnet (v 4.1-6) package (a = 1,
nfolds = 3, family = “binomial”) (Engebretsen and Bohlin, 2019).
The optimal A values (lambda.min and lambda.lse) were selected
through cross-validation to balance the model complexity and
prediction performance. Significant differences in expression
levels between PD and control samples were observed in
GSE100054 and GSE99039, and genes with consistent expression
trends across these datasets were selected as biomarkers (p < 0.05). A
logistic regression model was then constructed based on the
biomarkers, and a nomogram was generated for visualization
using the rms (v. 6.5-0) package (https://CRAN.R-project.org/
package=rms). Specifically, the Irm function of the rms package
was used for model fitting, with x = TRUE and y = TRUE specified to
store the design matrix and response variable, and maxit = 1000 set
to ensure convergence. A nomogram was plotted via the nomogram
function, where the risk probability transformation function was
defined as fun = 1/(1+exp (-x)) and probability scales ranging from
0.01 to 0.99 were displayed. Finally, a standard logistic regression
model was constructed using the glm function with family =
“binomial”. A confusion matrix was created to evaluate the
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prediction accuracy of the model using the caret (v. 6.0-36) package
(https://doi.org/10.18637/jss.v028.i05).

2.7 Evaluation of infiltrating immune cells

To assess immune cell infiltration in GSE100054, the estimated
proportions of 28 immune cell types were calculated using the
single-sample gene set enrichment analysis (ssGSEA) algorithm
from the GSVA (v. 1.44.5) package (Héanzelmann et al, 2013).
The differences in immune cell content between PD and normal
controls were compared using the Wilcoxon test (p < 0.05).
Spearman’s  correlation

analysis was performed between

biomarkers and immune cells (|cor| > 0.30, p < 0.05).

2.8 Spearman’s correlation of DE-IRGs and
FOG with biomarkers, respectively

Differentially expressed IRGs (DE-IRGs) were identified by
overlapping the 200 IRGs and DEGs in GSE100054, and the
expression levels of 36 DE-IRGs were analyzed. Chromosome
mapping of the FOG genes and biomarkers was visualized using
the “RCircos (v. 1.2.2)” R package (Zhang et al., 2013). To further
explore the relationship between DE-IRGs and the 9 FOG-related
genes (LRRK2, NEFL, GFAP, DRD2, ANKKI, COMT, DHCR?,
NADSYNI, and CYP2RI) with biomarkers in PD, Spearman’s
correlation analysis was conducted (|cor| > 0.30, p < 0.05).

2.9 Prediction of transcription factors (TFs)
and construction of IncRNA-miRNA-
MRNA network

To explore the molecular regulatory relationships of the
biomarkers, TFs were predicted using the PASTAA database
(http://trap.molgen.mpg.de/PASTAA htm) based on the
biomarkers. The TF with the highest association score (p < 0.05)
was selected, and its binding sites were visualized using the JASPAR
database (https://jaspar.genereg.net/). Hub miRNAs were selected
based on the following criteria: (1) miRNAs associated with
biomarkers in GSE100054 and GSE16658, (2) consistent
expression trends between GSE100054 and GSE16658, and (3)
opposite expression trends compared to biomarkers. The IncRNAs
were then predicted based on the hub miRNAs using the Starbase
database (http://starbase.sysu.edu.cn/) (clipExpNum >5). Finally, an
IncRNA-miRNA-mRNA network was constructed based on the
selected IncRNAs, hub miRNAs, and biomarkers.

2.10 Potential drug prediction

To identify potential drugs targeting the biomarkers for patients
with PD, the Drug-Gene Interaction Database (DGIdb, https://
ctdbase.org/) and the CTD database were utilized. Drugs with an
interaction score >4 were considered key drugs, and a drug-gene
network was constructed using Cytoscape (v. 3.7.2) software
(Shannon et al., 2003).
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2.11 Clinic specimens, RNA extraction, and
quantitative PCR (gqPCR)

For experimental validation, blood samples from 5 patients with
PD and 5 healthy controls were collected at the First Affiliated
Hospital of Fujian Medical University. The study was approved by
the Ethics Committee of the First Affiliated Hospital of Fujian
Medical University. Total RNA was extracted from the specimens
using TRIzol Reagent (Ambion, Shanghai, China). Subsequently,
0.1 ng to 5 pg of RNA was used to synthesize complementary DNA
(cDNA) with the SweScript First Strand cDNA Synthesis Kit
(Servicebio, Wuhan, China). Primer sequences for the biomarkers
were synthesized by Beijing Tsingke Biotech Co., Ltd. (Beijing,
China) (Supplementary Table S3). Quantitative PCR (qPCR) was
conducted with the CFX96™ Real-Time PCR Detection System
(BIO-RAD, U.S.A.) in 40 cycles. The relative expression levels of
biomarkers were calculated using the 27T method (Rao et al.,
2013), with all samples run in triplicate.

2.12 Statistical analysis

All statistical analyses were performed using R (v. 4.2.3)
software. Spearman’s correlation was used to analyze associations,
and a p-value <0.05 was considered statistically significant
(two-tailed).

3 Results

3.1 A total of 7,823 miRNAs and mRNAs in
critical modules related to PD were
determined

WGCNA was conducted to identify critical modules associated
with PD. As shown in Supplementary Figure S1, the branch heights
of all samples in the GSE100054 dataset were concentrated within
the range of 80-180. No sample formed an independent branch, and
the connection heights between samples were consistent with the
overall distribution, suggesting that no samples needed to be
excluded. Subsequently, 15 modules were identified based on a
value of 12 (Figures 1A,B). After merging similar modules,
13 modules remained for further analysis (Figure 1C). Three
critical modules highly correlated with PD—MEsalmon, MEred,
and MEbrown—were identified, comprising a total of
7,823 miRNAs and mRNAs (190 miRNAs and 7,633 mRNAs)
with a correlation |cor| > 0.30 and p < 0.05 (Figure 1Dj
Supplementary Tables S4, S5). From these, 55 PD-related LRGs
(PD-LRGs) were obtained (Figure 1E). The PD-LRGs-miRNA pairs
were constructed, including 55 PD-LRGs and 181 miRNAs, with a
correlation of cor < —0.30 and p < 0.05 (Figure 1F).

3.2 There were 26 candidate genes
in GSE100054

A total of 1,814 DEGs between patients with PD and normal
controls were identified in GSE100054, including 1,073 upregulated
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DEGs and 741 downregulated DEGs (Figure 2A; Supplementary
Table S6). Based on the 190 miRNAs in the critical modules,
15,399 target genes were predicted using the miRNet database,
and 19,169 target genes were identified in the miRWalk database
(Supplementary Tables S7, S8). Subsequently, 26 candidate genes
were selected for further analysis (Figure 2B). Notably, the
expression levels of these 26 candidate genes were upregulated in
PD samples ([log,FC| > 0.5, p < 0.05) (Figure 2C), with most
showing a significantly positive correlation (Figure 2D). The GO
analysis identified 252 enriched GO terms, including lysosome
organization, lytic vacuole organization,
Seven KEGG pathways, lysosome,
glycosaminoglycan degradation, and sphingolipid metabolism,
were also significantly enriched (adj. p < 0.05) (Figures 2E,F;
Supplementary Tables S9, S10).

and  vacuole

organization. such as
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3.3 FGD4 and MAN2B1 were biomarkers for
the diagnosis of patients with PD

A PPI network was constructed based on the 26 candidate genes,
revealing three isolated candidate genes that had no interaction with
other proteins (Figure 3A). The remaining 23 candidate genes
underwent Lasso analysis, leading to the selection of three hub
genes—FGD4, GLA, and MAN2BI—based on the optimal lambda
value of 0.0875 (Figure 3B). FGD4 and MAN2BI were further
validated as biomarkers due to their significant expression levels
(Figures 3C,D). Specifically, the expression of FGD4 was
significantly higher in the PD group compared to the control
group in both GSE100054 (p = 0.0044) and GSE99039 (p =
0.0089). Likewise, MAN2BI expression was significantly higher in
the PD group compared to controls in GSE100054 (p = 0.0133) and
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GSE99039 (p = 0.0014). Although GLA was upregulated in the PD
group of GSE100054 (p = 0.0045), no significant difference was
observed between the PD and control groups in GSE99039 (p =
0.0894). FGD4 and MAN2BI, selected as biomarkers, were both
highly expressed in the PD group. Finally, a nomogram model was
constructed based on these biomarkers (FGD4 and MAN2BI), and
the confusion matrix demonstrated the model’s outstanding
predictive performance (Figures 3E,F).

3.4 Spearman’s correlation analyses were
performed between biomarkers and
immune cells, IRGs, and FOG-related genes,
respectively

The estimated proportions of 28 immune cell types are shown in
Figure 4A. In the comparison between PD and normal controls in
GSE100054, significant differences in immune cell infiltration were
observed for 6 immune cell types: activated CD4 T cells,
CD56 bright natural killer cells, central memory CD8 T cells,
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monocytes, natural killer cells, and plasmacytoid dendritic cells
(Figure 4B). Spearman’s correlation analysis revealed that
MAN2BI had the strongest correlation with monocytes (cor
0.92, p < 0.001), while FGD4 showed the strongest correlation
with memory effector CD4 T cells (cor = 0.81, p < 0.001)
(Figure 4C). In patients with PD from GSE100054, 36 DE-IRGs
were identified, of which 32 were upregulated and 4 were

downregulated (Figure 4D). Significant positive correlations were
found between 29 DE-IRGs and MAN2BI (|cor| > 0.30, p < 0.05),
with MAN2BI exhibiting the strongest correlation with RHOG
(cor 0.87, p < 0.05). All DE-IRGs, except C3ARI, were
significantly correlated with FGD4 (|cor| > 0.30, p < 0.05), with
FGD4 showing the strongest correlation with TIMP1 (cor = 0.87, p <
0.05) (Figure 4E). Additionally, among the DE-IRGs, LCK exhibited
the strongest negative correlation with FGD4 (cor = -0.83, p < 0.05),
whereas no negative correlation was observed between
MAN2B1 and any DE-IRGs. Furthermore, the chromosome
distribution of biomarkers and the 9 FOG genes is illustrated in

Figure 4F. Chromosome localization analysis revealed that MAN2BI
is located on chromosome 19, while both FGD4 and LRRK2 are
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Identification of biomarkers for PD diagnosis. (A) Interaction of the 26 candidate genes. (B) 3 hub genes selected by Lasso analysis of candidate genes
as biomarkers. Expression level of the biomarkers in training set (C) and Validation set (D). (E) Nomogram model of the biomarkers for PD prediction. (F)

Confusion matrix demonstrated outstanding predictive ability of the model.

located on chromosome 12. Significant correlations were found
between FGD4 and LRRK2 (cor = 0.83, p < 0.05), as well as between
FGD4 and COMT (cor = 0.72, p < 0.05). MAN2BI was also
significantly correlated with COMT (cor = 091, p < 0.05),
though no significant correlation was observed between FGD4
and MAN2BI (cor = 0.63, p > 0.05) (Figure 4G).
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3.5 Molecular regulatory and drug-gene
networks were built

In the PASTAA database, 32 TFs related to the biomarkers

were predicted (Supplementary Table S11). The TF with the
highest association score was Cutll, and its binding site is
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FIGURE 4

Correlation between biomarkers and immune cells, IRGs, and LRRK2. (A) Estiamted proportion of 28 immune cells by ss GSEA. (B) Content
differences of infiltrating immune cells. (C) Correlation between biomarkers and immune cells. (D) Expression levels of IRGs, that 32 were upregulated and
4 downregulated. (E) Correlation between the 3 PD biomarkers and IRGs. (F) Correlations between LRRK2 and biomarkers. (G) Chromosome mapping of

biomarkers and LRRK2.

shown in Figure 5A. Additionally, three hub miRNAs—MIR339,
MIR342, and MIR933—were selected (Figures 5B,C).
Hub miRNAs selected based on their consistent
dysregulation patterns across both the discovery cohort
(GSE100054) and an independent miRNA cohort (GSE16658).
Based on these hub miRNAs, 19 IncRNAs were predicted
using the Starbase database, and a IncRNA-miRNA-mRNA
network was constructed, including GAS5-MIR339-FGD4,
XIST-MIR342-FGD4, and  KCNQIOT1-MIR339-MAN2BI
(Figure 5D). Moreover, 11 drugs related to the biomarkers
were predicted, with Tetrachlorodibenzodioxin and bisphenol
A identified as common drugs targeting both FGD4 and
MAN2BI (Figure 5E).

were
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3.6 FGD4 and MAN2B1 were highly
expressed in patients with PD

In patients with PD, the expression levels of FGD4 (p = 0.0416)
and MAN2BI (p = 0.0335) were significantly higher than those in
healthy controls (Figures 6A,B).

4 Discussion

PD is a complex neurodegenerative disorder in which the
pathogenesis an interplay between genetic and
environmental factors, leading to dysregulation of essential

involves
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(A) Binding site of Cutll, TF with the highest association score. MIR339, MIR342, and MIR933 selected as Hub miRNAs in GSE100054 (B) and
GSE16658 (C). (D) IncRNA-miRNA-mRNA network. (E) Visualization of drug prediction results.

biological processes such as lysosomal dysfunction. This dysfunction
impairs a-synuclein degradation and accelerates DA neuron death
(Kalia and Lang, 2015; Van Veen et al., 2020). Research has revealed
significant overlap between LRGs and PD pathogenic genes,
highlighting the urgent need for population-based LRG screening
and novel PD biomarkers (Robak et al., 2017). This study integrates
bioinformatics and experimental validation to identify two lysosomal
function-related biomarkers in PD and elucidates their clinical
significance and regulatory networks. Specifically, FGD4 and
MAN2BI  consistently ~ demonstrated = robust  diagnostic
performance across dual cohorts (AUC >0.8), with their elevated
expression in peripheral blood further confirmed by qPCR. More
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importantly, these two biomarkers are associated with FOG, a core
motor symptom of PD. FGD4 is co-localized with LRRK2 on
chromosome 12 and shows a significant positive correlation, while
MANZ2BI cooperatively regulates the dopamine metabolism pathway
with COMT. Concurrently, immune infiltration analysis revealed
their differential regulatory roles in the immune microenvironment:
MANZ2BI is strongly associated with monocytes, whereas FGD4
shows a strong correlation with activated memory effector CD4"
T cells, thereby establishing a “lysosome-immune” interaction axis.
this study predicted compounds such as
Tetrachlorodibenzodioxin that can target these two biomarkers.

Furthermore,

Collectively, these multidimensional findings support lysosomal
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Expression level of PD biomarks in Clinic specimens by gPCR.

dysfunction as a novel target for early diagnosis and progression
prediction in PD.

Focusing on the close relationship between lysosomal function
and PD, this study highlights two critical biomarkers: FGD4 and
MAN2Z2BI. FGD4 (FYVE, RhoGEF, and PH domain-containing 4) is a
protein that regulates the cytoskeleton and cell shape (Obaishi et al.,
1998; Delague et al., 2007). Aberrant expression of FGD4 disrupts the
polarity, proliferation, and morphology of myelin sheaths, impairing
nerve conduction (Obaishi et al., 1998; Ono et al., 2000). Moreover,
FGD4 is implicated in lysosomal encapsulation, endocytosis, and
degradation processes (Delague et al., 2007). MAN2BI, another key
biomarker, is closely linked to lysosomal accumulation responses
(Wood et al., 2013), with proteomic analysis of cerebrospinal fluid
identifying it as a potential PD biomarker (Karayel et al., 2022). Both
FGD4 and MANZ2BI contribute to lysosomal membrane stability,
endocytosis, and degradation. Overexpression of these genes may
result in excessive protease release, autophagy system instability, or
inflammatory response activation (Taylor et al, 2018). Further
drug prediction analysis in this study indicates that
Tetrachlorodibenzodioxin and Bisphenol A could intervene with
FGD4 and MAN2BI, providing novel therapeutic references for PD
treatment. Bisphenol A has been shown to regulate autophagy
through pathways such as AKT-mTOR (Zhang et al., 2023), while
Tetrachlorodibenzodioxin, an compound
(Dooley and Holsapple, 1988), can reduce inflammatory cytokines
like IFN-y (Ciftci and Ozdemir, 2011). Tetrachlorodibenzodioxin
may also inhibit the autophagy system’s phagocytosis-degradation
function (Podechard et al., 2009). Therefore, these two predicted
drugs are essential for targeting the immune-autophagy pathways
associated with FGD4 and MAN2BI in patients with PD. In
conclusion, this study identified two LRGs with differential

immunosuppressive

expression in patients with PD, predicting alterations in various
lysosomal autophagy functions. These findings provide new insights
into the pathogenic mechanisms related to lysosomal damage in PD,
opening avenues for further exploration.

miRNAs have become a central focus in biological research, with
several miRNAs linked to DEGs in various diseases. This study
identified MIR342, MIR339, and MIR933 for the first time as
miRNAs significantly associated with key biomarkers of PD-
LRGs. MIR342 is known to be involved in telomerase activity
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and has a strong association with neurodegenerative diseases
(Likonen et al, 2022). MIR339 has been recognized as a
biomarker in atypical PD syndrome (Bougea, 2022), while
MIR933 has been implicated in AD, where it interferes with
nerve growth factor translation, leading to neuroinflammation
(Dias et al., 2018). Notably, MIR342-3p promotes autophagy by
inhibiting MAP1LC3B (Zhang et al., 2020), MIR339-5p significantly
affects the phagocytic and degradative functions of immune cells
(Hakimzadeh et al., 2017), and the upregulation of MIR933 has been
shown to induce autophagy dysregulation (Mohammadi et al,
2018). In summary, this is the first study to identify the critical
roles of multiple miRNAs in PD, providing new avenues for
exploring the genetic pathogenic factors of the disease.

Immune cell infiltration analysis, combined with the overlay
analysis of DE-IRGs for
MAN2B1 was
infiltration. A strong positive correlation was found between
MAN2B1 and RHOG. Upregulation of MANZ2BI
functional divergence in lysosomal a-mannosidase, affecting

each biomarker, revealed that

most strongly associated with monocyte
causes

glycoconjugate modifications, which may facilitate monocyte
infiltration by binding to the cell membrane (Urbanelli et al.,
2011). RHOG, in turn, integrates multiple receptor signals during
the phagocytic process of monocytes/macrophages (Tzircotis
et al, 2011). Another analysis revealed that memory effector
CD4 T cell infiltration was most strongly associated with
FGD4, showing a strong positive correlation between FGD4
and TIMP1. It is established  that
accumulation in patients with PD acts as a primary antigen for
memory effector CD4 T cells (Christiansen et al., 2016), which are
linked to TIMP1 expression (Ding et al., 2022). The dopamine
receptors on these cells are closely associated with FOG
(Kustrimovic et al., 2016; Diener et al., 2023). Based on these
findings, the activation of memory effector CD4 T cells in PD may
lead to the thereby
macropinocytosis in lysosomal encapsulation, endocytosis, and
degradation (Charpentier et al., 2020). This hypothesis establishes

well a-synuclein

upregulation of FGD4, enhancing

a link between the adaptive immune response and the regulation
of lysosomal function in PD pathogenesis. However, the causal
relationships and underlying molecular mechanisms need further
validation through functional experiments.
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This study found that FGD4 expression is significantly positively
correlated with LRRK2. LRRK2 is a key gene regulating lysosomal
phagocytosis and degradation, and its mutations can inhibit cathepsin
activity (Yadavalli and Ferguson, 2023). We speculate that FGD4, as a
cytoskeletal regulator, may functionally synergize with LRRK2 in the
lysosomal protein clearance pathway or be co-transcriptionally
regulated by influencing lysosomal membrane stability or endocytic
efficiency (Abe et al,, 2024; Hughes et al., 2025). Additionally, both
FGD4 and MANZ2BI in this study showed positive correlations with
COMT, which is involved in dopamine metabolism and whose
genotype is associated with the severity of motor symptoms in PD
(Williams-Gray et al., 2009). This correlation suggests that lysosomal
dysfunction may exacerbate metabolic stress within dopaminergic
neurons. We hypothesize that abnormal release of lysosomal proteases
(such as cathepsin B) may affect the activity of dopamine-metabolizing
enzymes, thereby synergizing with COMT to aggravate motor
symptoms (Williams-Gray et al, 2009). Interestingly, FGD4 was
negatively correlated with CYP2RI, a gene involved in vitamin D
metabolism, providing a potential molecular link to the clinical
observation of vitamin D deficiency and increased fall risk in PD
patients—namely, that lysosomal stress may interfere with the
expression of genes related to vitamin D metabolism (Wang et al,
2010; Ding et al., 2013; Mahanty et al., 2019). In summary, this study
reveals associations between FGD4/MAN2BI and FOG-related genes,
suggesting that lysosomal dysfunction may engage in molecular
crosstalk with PD motor symptoms, particularly FOG. These
associations offer new clues for understanding the lysosome-
in PD. It
are derived from

neuroinflammation-motor regulation network is
that these
bioinformatics correlation analyses and have not yet been
functionally validated for causality. Therefore, future studies should

employ functional experiments—such as knocking down or

important to note findings

overexpressing FGD4/MAN2BI in cellular or animal models and
assessing their effects on the expression of LRRK2 and COMT, as
well as on lysosomal function and motor behavior—to verify whether
these correlations possess a causal and mechanistic basis. In summary,
this study identified FGD4 and MAN2BI as biomarkers related to
lysosomal dysfunction in PD, revealing their roles in disrupting
transcriptional networks and contributing to the progression of
FOG through neuroinflammatory cascades. These findings offer
novel insights into the lysosomal-autophagy-immune axis in PD.
However, several limitations must be acknowledged: First, due to
sample size constraints, the gene modules initially identified through
WGCNA may lack stability. Additionally, conducting WGCNA,
differential expression analysis, and subsequent internal validation
within the same discovery cohort raises the risk of circular analysis.
Similarly, the relatively small sample size used for qPCR validation
may limit the statistical validity and generalizability of our findings. So
the results should be interpreted with caution. Future studies will
include larger independent cohorts to validate these modules’
reliability. This study used blood samples for their accessibility,
facilitating clinical translation. However, gene expression changes
in blood may reflect systemic alterations rather than the specific
intracranial pathological processes of PD. Caution is needed when
directly linking these findings to central lysosomal dysfunction in PD.
That said, considering the peripheral-central interplay characteristic of
PD pathology—such as peripheral immune abnormalities, like
increased monocyte infiltration, potentially crossing the blood-
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brain barrier and exacerbating central microglial activation and
neuroinflammation, and gut inflammation transmitting peripheral
signals to the central nervous system through the gut-brain axis,
affecting lysosomal-autophagy function (Morris et al., 2024)—the
observed overexpression of FGD4 and MAN2BI in blood may
indirectly contribute to central inflammatory pathology in PD by
modulating peripheral monocyte infiltration. Alternatively, they may
serve as surrogate markers reflecting the systemic pathological state of
PD. To further clarify this, future studies will involve correlating FGD4
and MANZ2BI expression in both brain tissue and peripheral blood
using PD animal models to determine how well peripheral biomarkers
reflect central pathology. While this study has computationally
identified and experimentally validated FGD4 and MAN2BI as
lysosome-related biomarkers for PD, and preliminary PCR
experiments have investigated their expression trends in clinical
samples, the functional mechanisms remain to be explored. Further
cellular functional assays, such as gene overexpression/knockdown
using techniques like siRNA or CRISPR, will be conducted to assess
their specific roles in PD pathogenesis, including their impact on core
PD pathological markers such as lysosomal pH. Additionally, co-
immunoprecipitation (Co-IP) will be performed to determine whether
direct PPIs exist between FGD4, LRRK2, and COMT. PD animal
models will also be developed to evaluate FGD4 and MANZ2BI
expression, with an emphasis on FOG-like behaviors, to assess
whether FGD4 and MANZ2BI influence PD progression and FOG
phenotypes through regulation of lysosomal function or FOG-related
genes like LRRK2 and COMT. Moreover, leveraging the validated gene
associations, the findings of this study may have potential clinical
applications in diagnostic panels. Large-scale prospective cohort
studies are needed to validate these diagnostic models, which could
incorporate multi-gene blood test panels featuring FGD4, MAN2BI,
and other novel markers. Depending on clinical scenarios, methods
like gPCR or digital PCR may be applied for non-invasive
early screening.

5 Conclusion

In conclusion, FGD4 and MANZ2BI function as lysosomal
biomarkers associated with PD and show significant correlations
with genes linked to PD-related freezing of gait. This study offers
new perspectives for the diagnosis and understanding of PD.

Data availability statement

The data presented in the study are publicly available in FigShare
at https://doi.org/10.6084/m9.figshare.31078831.

Ethics statement

The studies involving humans were approved by the Ethics
Committee of the First Affiliated Hospital of Fujian Medical
University (No. 2021(067)). The studies were conducted in
with  the
requirements. The participants provided their written informed

accordance local legislation and institutional

consent to participate in this study.

frontiersin.org


https://doi.org/10.6084/m9.figshare.31078831
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2026.1632163

Qibin et al.

Author contributions

7ZQ: Data curation, Formal Analysis, Methodology, Project
administration, Software, Writing - original draft. LL: Data
curation, Formal Analysis, Methodology, Writing — original draft.
CY: Methodology, Writing — review and editing. LP: Software,
Writing - review and editing. WH: Methodology, Writing — review
and editing. SD: Conceptualization, Resources, Writing — review and
editing. YL: Conceptualization, Data curation, Formal Analysis,
Methodology, Resources, Writing — review and editing.

Funding

The author(s) declared that financial support was received for
this work and/or its publication. This work was supported by grants
from National Natural Science Foundation of China (No.
82171472), Scientific Funds of Fujian Provincial Finance
(No.BPB-2023YLH) and Joint Funds for Innovation of Science
and Technology, Fujian Province (No. 2024Y9385).

Conflict of interest

The author(s) declared that this work was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

References

Abe, T., Kuwahara, T., Suenaga, S., Sakurai, M., Takatori, S., and Iwatsubo, T. (2024).
Lysosomal stress drives the release of pathogenic a-synuclein from macrophage lineage
cells via the LRRK2-Rab10 pathway. iScience 27 (2), 108893. doi:10.1016/j.isci.2024.
108893

Antony, P. M., Diederich, N. J., Kriiger, R., and Balling, R. (2013). The hallmarks of
parkinson’s disease. Febs J. 280 (23), 5981-5993. doi:10.1111/febs.12335

Baird, J. K., Bourdette, D., Meshul, C. K., and Quinn, J. F. (2019). The key role of
T cells in parkinson’s disease pathogenesis and therapy. Park. Relat. Disord. 60, 25-31.
doi:10.1016/j.parkreldis.2018.10.029

Blumenreich, S., Barav, O. B., Jenkins, B. J., and Futerman, A. H. (2020). Lysosomal
storage disorders shed light on lysosomal dysfunction in parkinson’s disease. Int. J. Mol.
Sci. 21 (14), 4966. doi:10.3390/ijms21144966

Boonstra, T. A., van der Kooij, H., Munneke, M., and Bloem, B. R. (2008). Gait
disorders and balance disturbances in parkinson’s disease: clinical update and
pathophysiology.  Curr.  Opin. Neurol. 21 (4), 461-471. doi:10.1097/WCO.
0b013e328305bdaf

Bougea, A. (2022). MicroRNA as candidate biomarkers in atypical parkinsonian
syndromes: systematic literature review. Med. Kaunas. 58 (4), 483. doi:10.3390/
medicina58040483

Charpentier, J. C,, Chen, D., Lapinski, P. E., Turner, J., Grigorova, I, Swanson, J. A,
et al. (2020). Macropinocytosis drives T cell growth by sustaining the activation of
mTORCI. Nat. Commun. 11 (1), 180. doi:10.1038/s41467-019-13997-3

Chen-Plotkin, A. S., Albin, R., Alcalay, R., Babcock, D., Bajaj, V., Bowman, D, et al.
(2018). Finding useful biomarkers for parkinson’s disease. Sci. Transl. Med. 10 (454).
doi:10.1126/scitranslmed.aam6003

Chi, L. M., Wang, L. P., and Jiao, D. (2019). Identification of differentially expressed
genes and long noncoding RNAs associated with parkinson’s disease. Park. Dis. 2019,
6078251. doi:10.1155/2019/6078251

Christiansen, J. R., Olesen, M. N., Otzen, D. E., Romero-Ramos, M., and Sanchez-
Guajardo, V. (2016). a-Synuclein vaccination modulates regulatory T cell activation and
microglia in the absence of brain pathology. J. Neuroinflammation 13 (1), 74. doi:10.
1186/s12974-016-0532-8

Ciftci, O., and Ozdemir, 1. (2011). Protective effects of quercetin and chrysin against
2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) induced oxidative stress, body wasting

Frontiers in Genetics

12

10.3389/fgene.2026.1632163

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures
in this article has been generated by Frontiers with the

support of artificial intelligence and reasonable efforts
have been made to ensure accuracy, including review by the
authors wherever possible. If you identify any issues,

please contact us.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fgene.2026.1632163/
full#supplementary-material

and altered cytokine productions in rats. Immunopharmacol. Immunotoxicol. 33 (3),
504-508. doi:10.3109/08923973.2010.543686

Delague, V., Jacquier, A., Hamadouche, T., Poitelon, Y., Baudot, C., Boccaccio, L, et al.
(2007). Mutations in FGD4 encoding the rho GDP/GTP exchange factor FRABIN cause
autosomal recessive charcot-marie-tooth type 4H. Am. J. Hum. Genet. 81 (1), 1-16.
doi:10.1086/518428

Dias, 1. H. K., Brown, C. L., Shabir, K., Polidori, M. C., and Griffiths, H. R. (2018).
miRNA 933 expression by endothelial cells is increased by 27-hydroxycholesterol and is
more prevalent in plasma from dementia patients. J. Alzheimers Dis. 64 (3), 1009-1017.
doi:10.3233/jad-180201

Diener, C., Hart, M., Kehl, T., Becker-Dorison, A., Tanzer, T., Schub, D., et al. (2023).
Time-resolved RNA signatures of CD4+ T cells in parkinson’s disease. Cell. Death
Discov. 9 (1), 18. doi:10.1038/s41420-023-01333-0

Ding, H., Dhima, K., Lockhart, K. C., Locascio, J. J., Hoesing, A. N., Duong, K., et al.
(2013). Unrecognized vitamin D3 deficiency is common in parkinson disease: Harvard
biomarker study. Neurology 81 (17), 1531-1537. doi:10.1212/WNL.0b013e3182a95818

Ding, W., Zhou, X,, Jiang, G., Xu, W., Long, S., Xiao, F., et al. (2022). Identification of
prognostic biomarkers of glioblastoma based on multidatabase integration and its
correlation with immune-infiltration cells. J. Oncol. 2022, 3909030. doi:10.1155/2022/
3909030

Dooley, R. K., and Holsapple, M. P. (1988). Elucidation of cellular targets responsible
for tetrachlorodibenzo-p-dioxin (TCDD)-Induced suppression of antibody responses: 1.
The role of the B lymphocyte. Immunopharmacology 16 (3), 167-180. doi:10.1016/0162-
3109(88)90005-7

Engebretsen, S., and Bohlin, J. (2019). Statistical predictions with glmnet. Clin.
Epigenetics 11 (1), 123. doi:10.1186/s13148-019-0730-1

Fares, M. B, Jagannath, S., and Lashuel, H. A. (2021). Reverse engineering lewy bodies:
how far have we come and how far can we go? Nat. Rev. Neurosci. 22 (2), 111-131.
doi:10.1038/541583-020-00416-6

Gu, Z., Eils, R, and Schlesner, M. (2016). Complex heatmaps reveal patterns and
correlations in multidimensional genomic data. Bioinformatics 32 (18), 2847-2849.
doi:10.1093/bioinformatics/btw313

Hakimzadeh, N., Elias, J., Wijntjens, G. W. M., Theunissen, R., van Weert, A,
Smulders, M. W,, et al. (2017). Monocytic microRNA profile associated with coronary

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2026.1632163/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2026.1632163/full#supplementary-material
https://doi.org/10.1016/j.isci.2024.108893
https://doi.org/10.1016/j.isci.2024.108893
https://doi.org/10.1111/febs.12335
https://doi.org/10.1016/j.parkreldis.2018.10.029
https://doi.org/10.3390/ijms21144966
https://doi.org/10.1097/WCO.0b013e328305bdaf
https://doi.org/10.1097/WCO.0b013e328305bdaf
https://doi.org/10.3390/medicina58040483
https://doi.org/10.3390/medicina58040483
https://doi.org/10.1038/s41467-019-13997-3
https://doi.org/10.1126/scitranslmed.aam6003
https://doi.org/10.1155/2019/6078251
https://doi.org/10.1186/s12974-016-0532-8
https://doi.org/10.1186/s12974-016-0532-8
https://doi.org/10.3109/08923973.2010.543686
https://doi.org/10.1086/518428
https://doi.org/10.3233/jad-180201
https://doi.org/10.1038/s41420-023-01333-0
https://doi.org/10.1212/WNL.0b013e3182a95818
https://doi.org/10.1155/2022/3909030
https://doi.org/10.1155/2022/3909030
https://doi.org/10.1016/0162-3109(88)90005-7
https://doi.org/10.1016/0162-3109(88)90005-7
https://doi.org/10.1186/s13148-019-0730-1
https://doi.org/10.1038/s41583-020-00416-6
https://doi.org/10.1093/bioinformatics/btw313
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2026.1632163

Qibin et al.

collateral artery function in chronic total occlusion patients. Sci. Rep. 7 (1), 1532. doi:10.
1038/541598-017-01695-3

Hinzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: gene set variation
analysis for microarray and RNA-Seq data. BMC Bioinforma. 14, 7. doi:10.1186/
1471-2105-14-7

Henry, A. G., Aghamohammadzadeh, S., Samaroo, H., Chen, Y., Mou, K., Needle,
E., et al. (2015). Pathogenic LRRK2 mutations, through increased kinase activity,
produce enlarged lysosomes with reduced degradative capacity and increase
ATP13A2 expression. Hum. Mol. Genet. 24 (21), 6013-6028. doi:10.1093/hmg/
ddv314

Hu, M, Li, P, Wang, C, Feng, X,, Geng, Q., Chen, W., et al. (2022). Parkinson’s
disease-risk protein TMEM175 is a proton-activated proton channel in lysosomes. Cell.
185 (13), 2292-2308.e2220. doi:10.1016/j.cell.2022.05.021

Hughes, L. P., Wallings, R. L., Agin-Liebes, J., Alcalay, R. N., Garrido, A., Tansey,
M. G, et al. (2025). Interferon gamma stimulates coordinated changes in
LRRK2, GCase, and cathepsin activities in idiopathic and genetic
parkinson’s disease monocytes. NPJ Park. Dis. 11 (1), 337. doi:10.1038/s41531-
025-01185-8

Ibafiez, P., Bonnet, A. M., Débarges, B., Lohmann, E., Tison, F., Pollak, P., et al.
(2004). Causal relation between alpha-synuclein gene duplication and familial
parkinson’s disease. Lancet 364 (9440), 1169-1171. doi:10.1016/s0140-6736(04)
17104-3

Jinn, S., Drolet, R. E., Cramer, P. E., Wong, A. H., Toolan, D. M., Gretzula, C. A,, et al.
(2017). TMEM175 deficiency impairs lysosomal and mitochondrial function and
increases a-synuclein aggregation. Proc. Natl. Acad. Sci. U. S. A. 114 (9), 2389-2394.
doi:10.1073/pnas.1616332114

Kalia, L. V., and Lang, A. E. (2015). Lancet 386, 896-912. Parkinson’s disease. doi:10.
1016/s0140-6736(14)61393-3

Karayel, O., Virreira Winter, S., Padmanabhan, S., Kuras, Y. 1., Vu, D. T, Tuncali,
I, et al. (2022). Proteome profiling of cerebrospinal fluid reveals biomarker
candidates for parkinson’s disease. Cell. Rep. Med. 3 (6), 100661. doi:10.1016/j.
xcrm.2022.100661

Kustrimovic, N., Rasini, E., Legnaro, M., Bombelli, R., Aleksic, I, Blandini, F., et al.
(2016). Dopaminergic receptors on CD4+ T naive and memory lymphocytes correlate
with motor impairment in patients with parkinson’s disease. Sci. Rep. 6, 33738. doi:10.
1038/srep33738

Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted
correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559

Lee, H. J., Khoshaghideh, F., Patel, S., and Lee, S. J. (2004). Clearance of alpha-
synuclein oligomeric intermediates via the lysosomal degradation pathway. J. Neurosci.
24 (8), 1888-1896. doi:10.1523/jneurosci.3809-03.2004

Likonen, D., Pinchasi, M., Beery, E., Sarsor, Z., Signorini, L. F., Gervits, A., et al.
(2022). Exosomal telomerase transcripts reprogram the microRNA transcriptome
profile of fibroblasts and partially contribute to CAF formation. Sci. Rep. 12 (1),
16415. doi:10.1038/s41598-022-20186-8

Lin, J., Zhang, G., Lou, B., Sun, Y., Jia, X., Wang, M,, et al. (2024). Identification of
copper metabolism-related markers in parkinson’s disease. Ann. Med. 56 (1), 2425064.
doi:10.1080/07853890.2024.2425064

Maag, J. L. V. (2018). Gganatogram: an R package for modular visualisation of
anatograms and tissues based on ggplot2. FI000Res 7, 1576. doi:10.12688/f1000research.
16409.2

Mabhanty, S., Dakappa, S. S., Shariff, R, Patel, S., Swamy, M. M., Majumdar, A., et al.
(2019). Keratinocyte differentiation promotes ER stress-dependent lysosome biogenesis.
Cell. Death Dis. 10 (4), 269. doi:10.1038/s41419-019-1478-4

Mak, S. K., McCormack, A. L., Manning-Bog, A. B., Cuervo, A. M., and Di Monte, D.
A. (2010). Lysosomal degradation of alpha-synuclein in vivo. J. Biol. Chem. 285 (18),
13621-13629. doi:10.1074/jbc.M109.074617

Martins, M., Rosa, A., Guedes, L. C., Fonseca, B. V., Gotovac, K., Violante, S., et al.
(2011). Convergence of miRNA expression profiling, a-synuclein interacton and
GWAS in parkinson’s disease. PLoS One 6 (10), e25443. doi:10.1371/journal.pone.
0025443

Miki, Y., Shimoyama, S., Kon, T., Ueno, T., Hayakari, R., Tanji, K., et al. (2018).
Alteration of autophagy-related proteins in peripheral blood mononuclear cells of
patients with parkinson’s disease. Neurobiol. Aging 63, 33-43. doi:10.1016/j.
neurobiolaging.2017.11.006

Mohammadi, A., Kelly, O. B, Filice, M., Kabakchiev, B., Smith, M. I, and Silverberg,
M. S. (2018). Differential expression of microRNAs in peripheral blood mononuclear
cells identifies autophagy and TGF-beta-related signatures aberrantly expressed in
inflammatory bowel disease. J. Crohns Colitis 12 (5), 568-581. doi:10.1093/ecco-jcc/
jiy010

Morris, H. R, Spillantini, M. G., Sue, C. M., and Williams-Gray, C. H. (2024). The
pathogenesis of parkinson’s disease. Lancet 403 (10423), 293-304. doi:10.1016/s0140-
6736(23)01478-2

Nalls, M. A, Blauwendraat, C., Vallerga, C. L., Heilbron, K., Bandres-Ciga, S., Chang,
D., et al. (2019). Identification of novel risk loci, causal insights, and heritable risk for

Frontiers in Genetics

13

10.3389/fgene.2026.1632163

parkinson’s disease: a meta-analysis of genome-wide association studies. Lancet Neurol.
18 (12), 1091-1102. doi:10.1016/s1474-4422(19)30320-5

Nieuwboer, A., and Giladi, N. (2013). Characterizing freezing of gait in parkinson’s
disease: models of an episodic phenomenon. Mov. Disord. 28 (11), 1509-1519. doi:10.
1002/mds.25683

Obaishi, H., Nakanishi, H., Mandai, K., Satoh, K., Satoh, A., Takahashi, K., et al.
(1998). Frabin, a novel FGD1-related actin filament-binding protein capable of changing
cell shape and activating c-Jun N-terminal kinase. J. Biol. Chem. 273 (30), 18697-18700.
doi:10.1074/jbc.273.30.18697

Ono, Y., Nakanishi, H., Nishimura, M., Kakizaki, M., Takahashi, K., Miyahara, M.,
etal. (2000). Two actions of frabin: direct activation of Cdc42 and indirect activation
of rac. Oncogene 19 (27), 3050-3058. doi:10.1038/sj.onc.1203631

Pihlstrom, L., Blauwendraat, C., Cappelletti, C., Berge-Seidl, V., Langmyhr, M.,
Henriksen, S. P., et al. (2018). A comprehensive analysis of SNCA-Related genetic
risk in sporadic parkinson disease. Ann. Neurol. 84 (1), 117-129. doi:10.1002/ana.
25274

Podechard, N., Le Ferrec, E., Rebillard, A., Fardel, O., and Lecureur, V. (2009).
NPC1 repression contributes to lipid accumulation in human macrophages exposed to
environmental aryl hydrocarbons. Cardiovasc Res. 82 (2), 361-370. doi:10.1093/cvr/
cvp007

Rao, X, Huang, X., Zhou, Z., and Lin, X. (2013). An improvement of the 2(-delta Delta
CT) method for quantitative real-time polymerase chain reaction data analysis. Biostat.
Bioinforma. Biomath. 3 (3), 71-85.

Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W, Shi, W., et al. (2015). Limma
powers differential expression analyses for RNA-Sequencing and microarray studies.
Nucleic Acids Res. 43 (7), e47. doi:10.1093/nar/gkv007

Robak, L. A., Jansen, L. E., van Rooij, J., Uitterlinden, A. G., Kraaij, R., Jankovic, J., et al.
(2017). Excessive burden of lysosomal storage disorder gene variants in parkinson’s
disease. Brain 140 (12), 3191-3203. doi:10.1093/brain/awx285

Samii, A., Nutt, ]. G., and Ransom, B. R. (2004). Parkinson’s disease. Lancet 363
(9423), 1783-1793. doi:10.1016/s0140-6736(04)16305-8

Schneider, R. B., Iourinets, J., and Richard, I. H. (2017). Parkinson’s disease psychosis:
presentation, diagnosis and management. Neurodegener. Dis. Manag. 7 (6), 365-376.
doi:10.2217/nmt-2017-0028

Senkevich, K., and Gan-Or, Z. (2020). Autophagy lysosomal pathway dysfunction in
parkinson’s disease; evidence from human genetics. Park. Relat. Disord. 73, 60-71.
doi:10.1016/j.parkreldis.2019.11.015

Shamir, R., Klein, C., Amar, D., Vollstedt, E. J., Bonin, M., Usenovic, M., et al. (2017).
Analysis of blood-based gene expression in idiopathic parkinson disease. Neurology 89
(16), 1676-1683. doi:10.1212/wnl.0000000000004516

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003).
Cytoscape: a software environment for integrated models of biomolecular interaction
networks. Genome Res. 13 (11), 2498-2504. doi:10.1101/gr.1239303

Stoka, V., Turk, V., and Turk, B. (2016). Lysosomal cathepsins and their regulation
in aging and neurodegeneration. Ageing Res. Rev. 32, 22-37. doi:10.1016/j.arr.2016.
04.010

Taylor, M. A,, Das, B. C., and Ray, S. K. (2018). Targeting autophagy for combating
chemoresistance and radioresistance in glioblastoma. Apoptosis 23 (11-12), 563-575.
doi:10.1007/510495-018-1480-9

Trivedi, P. C., Bartlett, J. J., and Pulinilkunnil, T. (2020). Lysosomal biology
and function: modern view of cellular debris bin. Cells 9 (5), 1131. doi:10.3390/
cells9051131

Tzircotis, G., Braga, V. M., and Caron, E. (2011). RhoG is required for both FcyR-
and CR3-mediated phagocytosis. J. Cell. Sci. 124 (17), 2897-2902. doi:10.1242/jcs.
084269

Urbanelli, L., Magini, A., Ercolani, L., Trivelli, F., Polchi, A., Tancini, B., et al. (2011).
Human lysosomal a-D-mannosidase regulation in promyelocytic leukaemia cells. Biosci.
Rep. 31 (6), 477-487. doi:10.1042/bsr20110020

Vairo, F. P., Boczek, N. J., Cousin, M. A., Kaiwar, C., Blackburn, P. R., Conboy, E., et al.
(2017). The prevalence of diseases caused by lysosome-related genes in a cohort of
undiagnosed patients. Mol. Genet. Metab. Rep. 13, 46-51. doi:10.1016/j.ymgmr.2017.
08.001

van Veen, S., Martin, S., Van den Haute, C., Benoy, V., Lyons, J., Vanhoutte, R,, et al.
(2020). ATP13A2 deficiency disrupts lysosomal polyamine export. Nature 578 (7795),
419-424. doi:10.1038/s41586-020-1968-7

Vogiatzi, T., Xilouri, M., Vekrellis, K., and Stefanis, L. (2008). Wild type alpha-
synuclein is degraded by chaperone-mediated autophagy and macroautophagy in
neuronal cells. J. Biol. Chem. 283 (35), 23542-23556. doi:10.1074/jbc.M801992200

Wang, T.J., Zhang, F., Richards, J. B., Kestenbaum, B., van Meurs, J. B., Berry, D., et al.
(2010). Common genetic determinants of vitamin D insufficiency: a genome-wide
association study. Lancet 376 (9736), 180-188. doi:10.1016/s0140-6736(10)60588-0

Williams-Gray, C. H., Evans, J. R, Goris, A., Foltynie, T., Ban, M., Robbins, T. W.,

etal. (2009). The distinct cognitive syndromes of parkinson’s disease: 5 year follow-up of
the CamPaIGN cohort. Brain 132 (11), 2958-2969. doi:10.1093/brain/awp245

frontiersin.org


https://doi.org/10.1038/s41598-017-01695-3
https://doi.org/10.1038/s41598-017-01695-3
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1093/hmg/ddv314
https://doi.org/10.1093/hmg/ddv314
https://doi.org/10.1016/j.cell.2022.05.021
https://doi.org/10.1038/s41531-025-01185-8
https://doi.org/10.1038/s41531-025-01185-8
https://doi.org/10.1016/s0140-6736(04)17104-3
https://doi.org/10.1016/s0140-6736(04)17104-3
https://doi.org/10.1073/pnas.1616332114
https://doi.org/10.1016/s0140-6736(14)61393-3
https://doi.org/10.1016/s0140-6736(14)61393-3
https://doi.org/10.1016/j.xcrm.2022.100661
https://doi.org/10.1016/j.xcrm.2022.100661
https://doi.org/10.1038/srep33738
https://doi.org/10.1038/srep33738
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1523/jneurosci.3809-03.2004
https://doi.org/10.1038/s41598-022-20186-8
https://doi.org/10.1080/07853890.2024.2425064
https://doi.org/10.12688/f1000research.16409.2
https://doi.org/10.12688/f1000research.16409.2
https://doi.org/10.1038/s41419-019-1478-4
https://doi.org/10.1074/jbc.M109.074617
https://doi.org/10.1371/journal.pone.0025443
https://doi.org/10.1371/journal.pone.0025443
https://doi.org/10.1016/j.neurobiolaging.2017.11.006
https://doi.org/10.1016/j.neurobiolaging.2017.11.006
https://doi.org/10.1093/ecco-jcc/jjy010
https://doi.org/10.1093/ecco-jcc/jjy010
https://doi.org/10.1016/s0140-6736(23)01478-2
https://doi.org/10.1016/s0140-6736(23)01478-2
https://doi.org/10.1016/s1474-4422(19)30320-5
https://doi.org/10.1002/mds.25683
https://doi.org/10.1002/mds.25683
https://doi.org/10.1074/jbc.273.30.18697
https://doi.org/10.1038/sj.onc.1203631
https://doi.org/10.1002/ana.25274
https://doi.org/10.1002/ana.25274
https://doi.org/10.1093/cvr/cvp007
https://doi.org/10.1093/cvr/cvp007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/brain/awx285
https://doi.org/10.1016/s0140-6736(04)16305-8
https://doi.org/10.2217/nmt-2017-0028
https://doi.org/10.1016/j.parkreldis.2019.11.015
https://doi.org/10.1212/wnl.0000000000004516
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1016/j.arr.2016.04.010
https://doi.org/10.1016/j.arr.2016.04.010
https://doi.org/10.1007/s10495-018-1480-9
https://doi.org/10.3390/cells9051131
https://doi.org/10.3390/cells9051131
https://doi.org/10.1242/jcs.084269
https://doi.org/10.1242/jcs.084269
https://doi.org/10.1042/bsr20110020
https://doi.org/10.1016/j.ymgmr.2017.08.001
https://doi.org/10.1016/j.ymgmr.2017.08.001
https://doi.org/10.1038/s41586-020-1968-7
https://doi.org/10.1074/jbc.M801992200
https://doi.org/10.1016/s0140-6736(10)60588-0
https://doi.org/10.1093/brain/awp245
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2026.1632163

Qibin et al.

Wood, T. C., Harvey, K., Beck, M., Burin, M. G., Chien, Y. H., Church, H. ], et al.
(2013). Diagnosing mucopolysaccharidosis IVA. J. Inherit. Metab. Dis. 36 (2), 293-307.
doi:10.1007/s10545-013-9587-1

Yadavalli, N., and Ferguson, S. M. (2023). LRRK2 suppresses lysosome degradative
activity in macrophages and microglia through MiT-TFE transcription factor
inhibition. Proc. Natl. Acad. Sci. U. S. A. 120 (31), €2303789120. doi:10.1073/
pnas.2303789120

Yu, G, Wang, L. G,, Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package for
comparing biological themes among gene clusters. Omics 16 (5), 284-287. doi:10.1089/
omi.2011.0118

Zhang, H., Meltzer, P., and Davis, S. (2013). RCircos: an R package for circos 2D track
plots. BMC Bioinforma. 14, 244. doi:10.1186/1471-2105-14-244

Frontiers in Genetics

14

10.3389/fgene.2026.1632163

Zhang, M. Y., Calin, G. A, Yuen, K. S,, Jin, D. Y., and Chim, C. S. (2020). Epigenetic
silencing of miR-342-3p in B cell lymphoma and its impact on autophagy. Clin.
Epigenetics 12 (1), 150. doi:10.1186/s13148-020-00926-1

Zhang, X., Shao, Z., Xu, S., Liu, Q,, Liu, C,, Luo, Y., et al. (2021). Immune profiling of
parkinson’s disease revealed its association with a subset of infiltrating cells and
signature genes. Front. Aging Neurosci. 13, 605970. doi:10.3389/fnagi.2021.605970

Zhang, H., Zheng, Y., Liu, X,, Zha, X., Elsabagh, M., Ma, Y., et al. (2023). Autophagy
attenuates placental apoptosis, oxidative stress and fetal growth restriction in pregnant
ewes. Environ. Int. 173, 107806. doi:10.1016/j.envint.2023.107806

Zhu, L., Chen, D., Wang, X,, and He, C. (2025). Identification and validation of
oxidative stress-related hub genes in parkinson’s disease. Mol. Neurobiol. 62 (5),
5466-5483. doi:10.1007/s12035-024-04622-6

frontiersin.org


https://doi.org/10.1007/s10545-013-9587-1
https://doi.org/10.1073/pnas.2303789120
https://doi.org/10.1073/pnas.2303789120
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1186/1471-2105-14-244
https://doi.org/10.1186/s13148-020-00926-1
https://doi.org/10.3389/fnagi.2021.605970
https://doi.org/10.1016/j.envint.2023.107806
https://doi.org/10.1007/s12035-024-04622-6
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2026.1632163

	RNA networks of lysosomal-related biomarkers in Parkinson’s disease and their correlations with freezing of gait-associated ...
	1 Introduction
	2 Materials and methods
	2.1 Data selection and preprocessing
	2.2 Weighted gene Co-expression network analysis (WGCNA)
	2.3 Acquisition of LRGs in PD (PD-LRGs) and construction of miRNA-mRNA network
	2.4 Identification of candidate genes
	2.5 Function enrichment analysis of candidate genes
	2.6 Identification of biomarkers in patients with PD
	2.7 Evaluation of infiltrating immune cells
	2.8 Spearman’s correlation of DE-IRGs and FOG with biomarkers, respectively
	2.9 Prediction of transcription factors (TFs) and construction of lncRNA-miRNA-mRNA network
	2.10 Potential drug prediction
	2.11 Clinic specimens, RNA extraction, and quantitative PCR (qPCR)
	2.12 Statistical analysis

	3 Results
	3.1 A total of 7,823 miRNAs and mRNAs in critical modules related to PD were determined
	3.2 There were 26 candidate genes in GSE100054
	3.3 FGD4 and MAN2B1 were biomarkers for the diagnosis of patients with PD
	3.4 Spearman’s correlation analyses were performed between biomarkers and immune cells, IRGs, and FOG-related genes, respec ...
	3.5 Molecular regulatory and drug-gene networks were built
	3.6 FGD4 and MAN2B1 were highly expressed in patients with PD

	4 Discussion
	5 Conclusion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher’s note
	Supplementary material
	References


