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Abstract

Parkinson’s disease (PD) is a complex disease influenced by both genetic and environmental factors. Despite advances in
understanding PD genetics, subtype-specific mechanisms remain poorly characterized. This study aims to identify distinct
genetic markers and pathways across PD subtypes, addressing this gap to enable targeted diagnostics and therapies. Genes
associated with PD were collected from various databases and categorized into groups based on the PD type to assess the
PD risk. Protein interaction analysis was conducted to identify functional clusters and key genes within each group. KEGG
enrichment analysis revealed common genes and pathways among the different PD groups. This study conformed to the
PRISMA 2020 guidelines for systematic data collection and analysis. Hub genes such as PRKN, SNCA, and LRRK2 have
demonstrated considerable potential as biomarkers for genetic predisposition in PD, alongside the identification of additional
complementary genes. Analysis of hub node variants highlighted specific genetic variations in these genes. We identified
several microRNAs, including hsa-miR-335-5p, hsa-miR-19a-3p, and hsa-miR-106a-5p, as well as transcription factors that
interact with crucial hub genes. This study refines subtype-specific mechanisms for established PD genes and identifies novel
genetic markers and pathways associated with juvenile, young-onset, late-onset, familial, and sporadic Parkinson’s disease,
enhancing our understanding of their molecular mechanisms and potential for targeted diagnostics and therapies. Specifi-
cally, we highlight the roles of hub genes, such as PRKN, SNCA, and LRRK?2, alongside significant microRNA interactions,
which may serve as biomarkers for early detection and personalized treatment approaches.
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Introduction

Parkinson’s disease (PD) is a genetically heterogeneous
neurodegenerative disorder [1], can be classified into famil-
ial (fPD) and sporadic (sPD) forms, with genetic and envi-
ronmental factors contributing to its pathogenesis [2, 3].
Overall, 10-15% of all PD cases are accounted for by the
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genetically inherited type [4], and the remaining cases are
sPD. Over 90 risk loci have been identified through genome-
wide association studies (GWAS) [5], with recent multi-
ancestry analyses expanding this to 78 independent loci. Key
genes such as SNCA, LRRK?2, and PRKN dominate familial
and early-onset subtypes, while polygenic risk scores and
gene-environment interactions increasingly define sporadic
and late-onset disease [4]. Genetic and environmental fac-
tors can influence the onset of human diseases, including
PD, through complex interactions that may lead to genetic
variants and epigenetic modifications [6]. PD, which begins
after the age of 50 years, is called late-onset PD (LOPD)
disease. jPD is defined explicitly for cases with onset before
age 20 [7].

Genetic analyses have identified modules linked to PD,
such as the SNCA module, which contains genes associated
with an increased risk of PD [8]. Additionally, network-level
changes induced by pathological alpha-synuclein affect neu-
rotransmission and brain oscillatory dynamics, contributing
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to non-motor deficits in PD [9]. The non-specific lethal
(NSL) complex, involved in chromatin modulation, regu-
lates genes and pathways genetically associated with PD,
underscoring the complex genetic factors influencing the
disease[10].

Understanding the distribution of genes and regulatory
networks related to PD is crucial. Studies have shown that
genes associated with PD are clustered with non-specific
lethal genes in co-expression modules, highlighting the
interconnectedness of genetic pathways in the disease [10].
Furthermore, the expression and distribution of purinergic
receptors in the basal ganglia play a role in PD pathology,
with implications for innovative treatment strategies [11].

The discovery of genetic markers associated with Par-
kinson’s disease onset types is crucial. It can help us better
understand the disease and develop more targeted and effec-
tive treatments. This study aims to identify these potential
markers and bring us one step closer to a cure.

Methods

The workflow in Fig. 1 shows how hub genes and variant
association were discovered for PD groups, detailing the
systematic approach that includes data collection, bioinfor-
matics analysis, and statistical validation, ultimately leading
to the identification of key genetic factors that play a critical
role in the pathogenesis of PD.

Identification of Gene Associations and SNP Sites

We obtained all the PD gene association (PDGA) and PD
variant association (PDVA) from the ten databases (includ-
ing UniProt [12], ClinVar [13], GWAS Catalog [14], CTD
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[15], ORPHANET [16], CLINGEN [17], GENOMICS
ENGLAND [18], CGI [19], PSYGENET [20], LHGDN
[21], and dbSNP [22]. Also, PubMed, Embase, Web of
Science, and Scopus were also systematically searched
based on boolean query (“Parkinson Disease”’[MeSH])
AND (“Genetic Markers” OR “Polymorphism” OR “Gen-
otype” OR “Alleles” OR “Variant”) NOT (“Review” OR
“Animal”). PRISMA 2020 guidelines were followed (Sup-
plementary Fig. S1). By April 05, 2025, about 113,500
reports for PDGA and PDVA were retrieved. Studies
were included if they reported statistically significant
associations in > 2 independent cohorts. Subtypes were
categorized as jPD for diagnoses at <20 years, YOPD for
diagnoses between 21 and 50 years, LOPD for diagno-
ses > 50 years, fPD for cases with > 2 affected first-degree
relatives or confirmed monogenic mutations, and sPD
for cases lacking family history or known mutations [7,
23]. Also, overlapping cases were assigned to both cat-
egories. After reviewing all the abstracts, each group’s
genetic and variant association studies were chosen. Next,
we narrowed our focus to studies that reported a substan-
tial correlation of gene(s) with each group from the pool
of publications we retrieved. To minimize the occurrence
of false-positive genes, the studies that reported insignifi-
cant or negative associations were deliberately excluded,
despite the possibility that some genes in these studies
may indeed be genuinely associated with PD groups. Sub-
sequently, we carefully reviewed each selected publica-
tion’s reports to ensure the conclusion aligned with its
contents. In many studies, specific genes were discovered
to function collaboratively and have considerable effects
on PD groups, with each gene having a small or mild
impact; these genes were also included in our list.
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Fig. 1 Workflow for marker analyzing in Parkinson’s disease. The methodological approach used to analyze genetic and clinical data about Par-

kinson’s disease (PD)
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GO and KEGG Pathway Enrichment Analysis

The g:Profiler [24] and Kyoto Encyclopedia of Genes and
Genomes (KEGG) [25] databases were used to perform the
functional analysis of genes and pathway enrichment using
the g:SCS algorithm (set counts and sizes algorithm) for the
most relevant ontology in each group. This methodological
rigor enhances our findings’ reliability and applicability in
clinical settings.

PPl and Module Network Analysis

The STRING database [26] was used for each group to
analyze the protein—protein interaction (PPI) network of
expressed genes PPI network with a confidence score > 0.9
for significant results. The Cytoscape software [27] was
used to visualize the PPI network. Then, the Markov cluster
(MCL) [28] was used to analyze the PPIs’ network mod-
ules with an inflation value set to 5 and an edge cutoff set
based on a confidence score > 0.9. The top three clusters
were prioritized based on modularity scores and biological
coherence, ensuring representation of major functional mod-
ules while maintaining analytical tractability for further hub
analysis. Though additional clusters may exist, this thresh-
old captured > 80% of network connectivity across subtypes,
consistent with prior studies [10]. Hubs were identified using
cytoHubba [29] with maximal clique centrality and double-
checked using CentiScaPe 2.2 in each cluster [30].

Transcription Factor Network Construction
of Modules

Indicated module transcription factors (TFs) were analyzed
using the Top Rank integrated library in ChEA3 [31]. The
top three putative TFs identified for each module with the
lowest integrated scale rank were enumerated. Also, selected
TFs were analyzed for any possible evidence of interaction.
The scaled rank of <0.05 was considered significant.

Nominate microRNAs

After finalizing and selecting the candidate genes, MIEN-
TURNET [32] was used for hub genes to evaluate and select
gene-related miRNAs. The P-value < 0.05 was considered
significant.

Results

We identified 2077 genes and 990 variants associated with
PD, with a breakdown of subtype-specific findings: jPD (67
genes, 37 variants), YOPD (51 genes, 32 variants), LOPD
(247 genes, 76 variants), sPD (179 genes, 65 variants), and

fPD (46 genes, 27 variants) which highlights the genetic
diversity and potential for subtype-specific therapeutic strat-
egies (Supplementary Table 1). This exceeds GWAS-derived
loci due to the inclusion of candidate gene studies and repli-
cation in > 2 independent cohorts.

Function and Pathway Annotation

All genes were uploaded to the g:Profiler online tool for
KEGG pathway enrichment analysis. Table 1 presents the
top ten pathways at each group. The expressed genes in
YOPD and jPD were mainly enriched in Parkinson’s disease,
pathways of neurodegeneration—multiple diseases, and
cocaine addiction. LOPD-associated genes were enriched
in lipid metabolism (hsa, 05417), neuroinflammation (e.g.,
TNF/IL-17 signaling), and neurodegeneration pathways
(Table 1). The expressed genes in sPD were mainly enriched
in tuberculosis, inflammatory bowel disease (IBD), Parkin-
son’s disease, Chagas disease, cocaine addiction, lipid and
atherosclerosis, pathways of neurodegeneration—multiple
diseases, fluid shear stress, atherosclerosis, and rheumatoid
arthritis. The expressed genes in fPD were mainly enriched
in pathways of neurodegeneration—multiple diseases,
growth hormone synthesis, secretion and action, ErbB sign-
aling pathway, T-cell receptor signaling pathway, Parkin-
son’s disease, TNF signaling pathway, neurotrophin signal-
ing pathway, prolactin signaling pathway, Yersinia infection,
and colorectal cancer. Table 2 provides the gene ontology
(GO) terms for biological process (GO:BP), molecular func-
tion (GO:MF), and cellular component (GO:CC) analyses,
which include the expressed genes enriched in positive
regulation.

Construction and Analysis of the PPl Network

We constructed a PPI network using the STRING database
to explore the functional relations among all expressed
genes. Cytoscape was utilized to assess and visualize dif-
ferent genes. The PPI network included 64 nodes and 95
edges for jPD, 51 nodes and 89 edges for YOPD, 233 nodes
and 746 edges for LOPD, 164 nodes and 417 edges for sPD,
and 46 nodes and 62 edges for fPD. Furthermore, the MCL
plugin verified the functional clusters of each network that
met the cutoff criteria, and cytoHubba (red nodes) and Cen-
tiScaPe detected the most significant module hub gene based
on betweenness centrality, degree, and bridging.

Hub gene analysis across PD subtypes revealed dis-
tinct molecular networks (Figs. 2 and 3). In jPD, PRKN
(Figs. 2A and 3A) reveals regulating mitophagy and ubig-
uitination pathways critical for neuronal survival. YOPD
was characterized by SNCA (Figs. 2B and 3B), implicating
a-synuclein aggregation as a key driver of early pathology.
In contrast, fPD highlighted LRRK?2 (Figs. 2C and 3C), with
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Table 1 Gene classification in

) Term ID Term name Count p-value
the functional modules based on
KEGG with a false discovery jPD  hsa:05012  Parkinson disease 266  1.43E-08
rate of <0.05 (top 10) hsa:05030  Cocaine addiction 49 0.000657513
hsa:05022  Pathways of neurodegeneration—multiple diseases 474 0.00096473
YOPD hsa:05012  Parkinson disease 266 3.01E-08
hsa:05022  Pathways of neurodegeneration—multiple diseases 474 0.000128781
hsa:05030  Cocaine addiction 49 0.038243158
LOPD hsa:05417  Lipid and atherosclerosis 214 7.64E - 08
hsa:04933  AGE-RAGE signaling pathway in diabetic complications 100 6.31E-07
hsa:05022  Pathways of neurodegeneration—multiple diseases 474 2.57TE-06
hsa:05144  Malaria 49 3.23E-05
hsa:05142  Chagas disease 101 5.00E-05
hsa:04668  TNF signaling pathway 113 1.69E — 04
hsa:05030  Cocaine addiction 49 3.78E-04
hsa:05323  Rheumatoid arthritis 88 6.89E — 04
hsa:05145  Toxoplasmosis 109 7.63E - 04
hsa:04657  IL-17 signaling pathway 91 9.34E-04
sPD hsa:05152  Tuberculosis 175 1.15E-07
hsa:05321  Inflammatory bowel disease 62 7.38E-07
hsa:05012  Parkinson disease 266 7.58651E—06
hsa:05142  Chagas disease 101 8.7401E—-06
hsa:05144  Malaria 49 2.26246E - 05
hsa:05030  Cocaine addiction 49 2.26246E - 05
hsa:05417  Lipid and atherosclerosis 214 8.89612E-05
hsa:05022  Pathways of neurodegeneration—multiple diseases 474 0.000100313
hsa:05418  Fluid shear stress and atherosclerosis 138 0.000208787
hsa:053s23 Rheumatoid arthritis 88 0.00023389
fPD hsa:05022  Pathways of neurodegeneration—multiple diseases 474 1.90345E - 06
hsa:04935  Growth hormone synthesis, secretion and action 120 0.000227166
hsa:04012  ErbB signaling pathway 84 0.000708628
hsa:04660 T cell receptor signaling pathway 103 0.001917558
hsa:05012  Parkinson disease 266 0.002153468
hsa:04668  TNF signaling pathway 113 0.00299982
hsa:04722  Neurotrophin signaling pathway 118 0.003693473
hsa:04917  Prolactin signaling pathway 70 0.007091669
hsa:05135  Yersinia infection 136 0.007268465
hsa:05210  Colorectal cancer 86 0.015792049

The “count” column indicates the number of associated genes for each term, while the “P-value” column
reflects the statistical significance of the associations. The data highlight the relevance of gene-related path-
ways in the context of different groups, including jPD, YOPD, LOPD, sPD, and fPD

its kinase signaling activity suggesting a role in synaptic
and cytoskeletal dysregulation. For LOPD, three functional
modules were identified: (1) SNCA (Figs. 2D and 3D)
dominated neurodegeneration pathways, (2) ALB (Figs. 2D’
and 3D’) linked to metabolic dysregulation, and (3) IL6
(Figs. 2D” and 3D”) underscored chronic neuroinflamma-
tion. Meanwhile, sPD exhibited a tripartite architecture: (1)
PRKN (Figs. 2E and 3E) in mitochondrial quality control,
(2) inflammatory mediators (IL1A, TNF, IL10, and IL1B;
Figs. 2E’ and 3E’) reflecting immune dysregulation, and
(3) CYP1A1 (Figs. 2E” and 3E”), a xenobiotic metabolism
gene, pointing to environmental interactions. These findings
emphasize subtype-specific pathobiology, from mitophagy
deficits in juvenile and young-onset forms to inflammatory-
metabolic crosstalk in late-onset and sporadic PD.

The modules were filtered according to their groups to
emphasize the most statistically significant genes related
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to the disease. Our analysis revealed that PINK1, SNCA,
LRRK?2, and PRKN are not only prevalent across all five dis-
ease groups but also exhibit distinct expression patterns and
genetic variations that may contribute to subtype-specific
pathophysiology (Fig. 4 and Supplementary Table 2).

Single Nucleotide Polymorphism (SNPs) Sites

Table 3 delineates each subtype’s variant landscape asso-
ciated with specific hub node genes. In the PRKN gene,
most variants are missense changes, indicating a strong
potential for functional impact on protein activity. Notable
variants include rs1801474 (C/T, Ser/Asn) and rs1801582
(C/G, Val/Leu, Val/lle). The SNCA gene also exhibits a
high prevalence of intron variants, which may play a role in
gene regulation, alongside significant missense variants like
rs104893875 (C/T, Glu/Lys) and rs104893877 (C/T, Ala/
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Table 2 Parkinson disease’s gene ontology terms

GO Terms
Biological P-value ID Molecular P-value ID Cellular P —value GO
LOPD Response to 4.10E—-38 0042221  Signaling receptor 4.33E—16 0005102 Extracellular 1.10E-18 0005576
chemical 1.23E—16 0042417 binding 1.32E—12 0042802  region 521E—-10 0044297
Dopamine meta-  1.00E—04 0007623 Identical protein ~ 1.50E—06 0035240 Cell body 6.42E—-06 0009986
bolic process 345E-04 0070841 binding 3.27E—-05 0004952 Cell surface 1.94E—-05 0045121
Circadian thythm 8.82E—03 0016032  Dopamine binding 4.10E—04 0046914 Membrane raft 2773E-05 0016234
Inclusion body 1.01IE—02 0014805 Dopamine neu- 1.68E—03 0016209 Inclusion body 8.12E-05 0098691
assembly 1.29E-02 0051926 rotransmitter 3.04E-03 0008504 Dopaminergic 1.04E-03 0045178
Viral process 1.34E—-02 0018130 receptor activity 6.36E—03 0016491 synapse 1.28E—02 0045177
Smooth muscle 1.57E—-02 0010875  Transition metal  8.17E—03 0015378 Basal partofcell 3.27E—-02 0071682
adaption 249E-02 0070141 ion binding 1.92ZE—-02 0001540 Apical part of cell 3.76E—02 0043235
Negative regula- Antioxidant activ- Endocytic vesicle
tion calcium ion ity lumen
transport Monoamine Receptor complex
Heterocycle bio- transmembrane
synthetic process transporter
Positive regulation activity
of cholesterol Oxidoreductase
efflux activity
Response to UV-A Sodium:chloride
symporter activ-
ity
Amyloid-beta
binding
YOPD Dopamine trans-  1.15E—11 0015872  Cuprousion bind- 1.10E—06 1903136 Neuron projection 6.86E—09 0043005
port 7.15E—11 0042417 ing 0.008 1990381 Mitochondrion 6.36E—08 0005739
Dopamine meta-  7.21E—10 1902176  Ubiquitin-specific 0.017 1903135 Inclusion body 8.59E—-08 0016234
bolic process 1.10E-09 0097479 protease binding  0.029 0140662 Uniplex complex 5.44E—-05 1990246
Negative regula-  2.06E—09 0051402  Protease binding Cell body 0.0001 0044297
tion of oxidative 3.69E—09 0007626  ATP-dependent Multivesicular 0.018 0097487
stress-induced 3.77E-09 0010821 protein folding body, internal
intrinsic apop- 7.78E—-08 2,000,377  chaperone vesicle
totic signaling 790E-07 1,903,530
pathway 2.50E—-05 0007399
Synaptic vesicle
localization

Neuron apoptotic
process
Locomotory
behavior
Regulation of
mitochondrion
organization
Regulation of
reactive oxygen
species meta-
bolic process
Regulation of
secretion by cell
Nervous system
development
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Table 2 (continued)

GO Terms
Biological P-value ID Molecular P-value ID Cellular P —value GO
jPD  Cellular response  2.49E—14 0034599 Enzyme binding  3.58E—12 0019899 Axon 1.02E—13 0030424
to oxidative 1.67E—13 0007610  Protein-folding 1.89E—-07 0051087 Presynapse 5.80E—10 0098793
stress behavior ~ 3.52E—12 1903146 chaperone bind-  0.0002 0140677 Cell body 6.81E—10 0044297
Regulation of 6.98E—12 0009636 ing 0.0006 0005507 Synapse 446E—-08 0045202
autophagy of 7.33E—11 0051402 Molecular func-  0.0009 0003824 Mitochondrion 8.79E—-08 0005739
mitochondrion ~ 5.19E—08 0042423 tion activator 0.001 0061631 Neuronal cell 2.73E—-07 0043025
Response to toxic  4.80E—07 0015872 activity 0.003 0019825  body 1.56E—05 0016234
substance 1.07TE—-06 1904923  Copper ion bind-  0.004 0005102 Inclusion body 4.77TE-05 0031982
Neuron apoptotic ~ 1.14E—06 0099536 ing 0.029 0001515  Vesicle 0.001 0098691
process 241E—-06 0042592 Catalytic activity ~ 0.039 0044877 Dopaminergic 0.009 0005741
Catecholamine Ubiquitin conju- synapse
biosynthetic gating enzyme Mitochondrial
process activity outer membrane
Dopamine trans- Oxygen binding
port Signaling receptor
Regulation of binding
autophagy of Opioid peptide
mitochondrion activity
in response to Protein-containing
mitochondrial complex binding
depolarization
Synaptic signaling
Homeostatic
process
sPD  Cellular catabolic 1.06E—27 0044248  Signaling receptor 2.87E—07 0005102 Cell body 524E—-14 0044297
process 1.04E—-26 1901700 binding 7.82E—-06 0019899 Neuronal cell 1.53E—-12 0043025
Response to oxy-  3.73E—17 0042417  Enzyme binding 8.67E—06 0003824  body 336E—-11 0005737
gen-containing  2.88E—06 0018105  Catalytic activity ~ 0.0001 0035240 Cytoplasm 323E-10 0005739
compound 1.87E—05 0014059 Dopamine binding 0.0009 0106310 Mitochondrion 3.14E-09 0030424
Dopamine meta-  8.45E—05 0150003  Protein serine 0.003 0004952 Axon 1.08E—07 0043005
bolic process 0.0001 0006501 kinase activity ~ 0.005 0030554 Neuron projection 3.43E—07 0098793
Peptidyl-serine 0.001 1900271  Dopamine neu- 0.010 0016798 Presynapse 4.52E-07 0045202
phosphorylation  0.019 0001936 rotransmitter 0.020 0051879 Synapse 0.0003 0016234
Regulation of 0.026 0048312 receptor activity 0.021 1903136 Inclusion body 0.0258 0009986

dopamine secre-
tion
Regulation of
spontaneous
synaptic trans-
mission
C-terminal protein
lipidation
Regulation of
long-term synap-
tic potentiation
Regulation of
endothelial cell
proliferation
Intracellular
distribution of
mitochondria

Adenyl nucleotide
binding

Hydrolase activity,
acting on glyco-
syl bonds

Hsp90 protein
binding

Cuprous ion bind-
ing

Cell surface
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Table 2 (continued)

GO Terms
Biological P-value ID Molecular P-value 1D Cellular P —value GO
fPD  Positive regula- 1.08E—08 0051130  Cuprous ion bind- 0.0002 1903136 Synapse 4.63E—10 0045202

tion of cellular ~ 5.05E—08 0007268 ing 0.0004 0005515 Mitochondrion 481E—-07 0005739
component 2.01E—07 0032386 Protein binding 0.0028 0004707 Mitochondrion- 1.845E—06 0099073
organization 1.20E—-06 0007626 MAP kinase 0.0068 0106310  derived vesicle 2.113E—06 0016234

Chemical synaptic 3.28E—05 0001933 activity 0.0459 0140297 Inclusion body 3.733E-06 0044297
transmission 0.0011 2000377  Protein serine Cell body 1.30E-05 0030424

Regulation of 0.0036 0042416 kinase activity Axon 0.0007 0031982
intracellular 0.0123 0031398  DNA-binding Vesicle 0.0055 0005758
transport 0.0154 0040011 transcription fac- Mitochondrial 0.0138 0097487

Locomotory 0.0174 0042592 tor binding intermembrane
behavior space

Negative regula- Multivesicular
tion of protein body, internal
phosphorylation vesicle

Regulation of
reactive oxygen
species meta-
bolic process

Dopamine biosyn-
thetic process

Positive regula-
tion of protein
ubiquitination

Locomotion

Homeostatic
process

The table presents a comprehensive overview of the GO terms into biological processes, molecular functions, and cellular components. The
P-values provided reflect the strength of the association, with lower values indicating a more significant relationship

Thr). In the LRRK?2 gene, diverse missense variants, such
as rs34637584 (G/A, Gly/Ser), underscore the importance of
kinase activity alterations in neuronal function. A significant
number of variants in the PINK1 gene are nonsense vari-
ants that lead to the formation of a stop codon, resulting in
truncated proteins, which have a severe impact on function.
Moreover, there is a high rate of deletion variants, causing
frameshift mutations to compromise other hubs. The IL1B
and IL6 genes, while primarily associated with inflammatory
responses, show upstream and intron variants that may influ-
ence gene expression and contribute to neuroinflammation,
a known factor in PD progression. Lastly, the CYP1A1 gene
presents missense and synonymous variants, with missense
changes like rs1279844744 (A/G, Cys/Arg).

TF Networks’ Construction of Modules

Transcription factors regulate gene expression and func-
tion by binding to specific DNA sequences. We utilized the
ChEA3 to predict transcription factors within the modules.
Table 4 reveals the top three predicted transcription factors
that met scaled rank < 0.05 for each group.

In jPD, YOPD, and fPD clusters, MXI1 emerged as the
most significant transcription factor governing the hub

nodes, PRKN and SNCA. In LOPD, ESR2 plays a regula-
tory role for both SNCA and IL6, while ALB is regulated
by the transcription factors FOXA3 and CREB3L3. In sPD,
ESR2 regulates a broader set of genes, including PRKN,
IL10, IL1A, TNF, and CYP1A1. Additionally, NFE2L.2
regulates TNF, IL1A, ILB, and CYP1A1, whereas BATF3
specifically regulates TNF and IL10 (Table 4).

The ChEA3 application also identifies putative transcrip-
tion factors based on their co-expression similarity. In the
YOPD TF network, MXI1 represents a significant co-expres-
sion and co-occurrence effect on FOXO4 (Fig. 5A). In the
LOPD TF network, FOXA3 and CREB3L3 reveal mutual
co-expression and co-occurrence but not in a significant
manner (Fig. 5B). In the fPD TF network presented, the TF
co-expression network SOX2 represents the co-occurrence
effect on SOX6, while both represent the co-expression
effect on MXI1 (Fig. 5C).

Nominate microRNAs
After identifying ten proteins LRRK2, SNCA, PRKN, IL6,
IL1A,IL1B, CYPI1AI1, TNF, IL10, and ALB, we isolated and

selected the most relevant microRNAs (Fig. 6). Accordingly,
hsa-miR-335-5p, hsa-miR-19a-3p, and hsa-miR-106a-5p
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Fig.2 MCL modules and can- A e
didate hub genes are visualized
using the Cytoscape cytoHubba G
plugin. This figure illustrates the

results of the MCL clustering = ‘ -\ |\

analysis applied to PPI networks e

across different subtypes of s .
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distinct clusters identified for
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were more significant than other miRNAs. As revealed in
Fig. 6, hsa-miR-335-5p interacted with four targets PRKN,
IL6, IL1A, and LRRK2, hsa-miR-19a-3p interacted with
TNF, PRKN, and IL10, and hsa-miR-106a-5p interacted
with IL10, IL1B, and IL6. A detailed table of these micro-
RNAs and transcription factors with their target genes is
included in Supplementary Table 3 to emphasize their poten-
tial regulatory roles in PD.

Discussion

This study provides insights into the genetic architecture of
PD, revealing distinct genetic markers and pathways asso-
ciated with different PD subtypes. Recent multi-ancestry
GWAS identified 78 independent PD risk loci, reinforcing
the role of genes like SNCA and LRRK2 [33]. Our findings
highlight the potential role of cytokines and other genes that
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may have been previously underappreciated in PD as the
second most common neurodegenerative disorder [34, 35].
Although progress has been made in identifying genetic fac-
tors associated with PD risk, most of the common variants
driving the disease have yet to be identified, and even for
well-characterized loci, the identity of the functional effector
variant remains unknown.

jPD/YOPD modules implicate mitochondrial dysfunc-
tion (e.g., PRKN/PINK1-driven mitophagy), aligns with
mechanisms in Huntington’s disease and ALS, whereas
LOPD’s lipid-inflammatory axis (e.g., AGE-RAGE) reflects
aging-related metabolic decline, suggesting distinct thera-
peutic targets for jPD and YOPD versus LOPD. However,
the LOPD and fPD types are significantly related to neu-
rodegenerative pathways, while the sPD is related to anti-
and inflammatory pathways (Table 1). Various studies have
implicated lipids in different aspects of PD pathology,
from cytotoxic interactions with disease-causing genes to
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Fig.3 Network analysis of the most crucial hub genes. This figure
illustrates the network analysis of critical hub genes employing the
Centiscape plug-in, emphasizing bridging, degree, and betweenness
centrality across various PD subtypes, highlighting their roles in con-
necting the regulatory network. A The top hub gene within the jPD

alterations in lipid pathways [36, 37]. Research has shown
disturbances in sphingolipid metabolism, highlighting the
potential involvement of lipids in PD [38—40]. LOPD has
been linked to various genetic factors, such as mutations in
TWNK [41], PLA2G6 [42], and GBA [43]. The interaction
between advanced glycation end products (AGEs) and the
receptor for AGEs (RAGE) triggers the activation of various
downstream pathways such as NF-kB, ERK1/2, p38, INK,
and PI3K, leading to neuronal cell death, neurodegeneration,
and neuroinflammation [44].

In neurodegenerative diseases (Table 1), the Nrf2-ARE
pathway, indicative of oxidative stress, has been associated
with neuronal cell death, highlighting its role in the patho-
genesis of chronic neurodegenerative diseases [23]. The
distinction between YOPD and LOPD Parkinson’s is sup-
ported by genetic and clinical differences, with genetic fac-
tors playing a more significant role in YOPD and jPD cases.
The link between tuberculosis, IBD, and sPD may stem
from the immune response triggered by tuberculosis infec-
tion or the inflammatory response to IBD and contribute to

module, B YOPD module, C fPD module, D LOPD module top first,
D’ LOPD module top second, D> LOPD module top third, E sPD
module top first, E> sPD module top second, and E” sPD module top
third

developing neurodegenerative diseases like PD [45, 46]. The
TNF/IL17 neuroinflammatory signaling in LOPD overlaps
with mechanisms in multiple sclerosis, while sPD’s immune
dysregulation (e.g., IL10/TNF) parallels Crohn’s disease; the
LOPD’s lipid metabolism links mirror Alzheimer’s disease
(e.g., APOE), implicating shared inflammatory-metabolic
axes in neurodegeneration. Familial PD’s neurodegeneration
pathways (e.g., ErbB signaling) are conserved in ALS and
glioblastoma, highlighting broader regulatory disruptions.
The role of the remaining enriched pathways in PD types
still requires further exploration.

Further, we constructed the PPI network using all genes
for functional interactions in five types. The three most sig-
nificant functional modules were filtered (Fig. 2). We found
that the hub gene for jPD was PRKN (Figs. 2A and 3A),
which encodes the Parkin protein [47]. Biallelic pathogenic
variants in PRKN are frequently found in cases of jPD.
Variants in PRKN (Table 3), known to play a critical role
in mitochondrial function and cellular stress response, are
directly linked to jPD and YOPD forms of PD, suggesting
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Fig.4 Venn diagram. The diagram illustrates the genetic factors asso-
ciated with different subtypes of PD, including jPD, YOPD, sPD, and
LOPD. Each colored region corresponds to a specific PD subtype,
with overlaps indicating shared genetic risk factors

that alterations in amino acid sequences may disrupt normal
protein function, contributing to disease pathology. The fre-
quency of these missense variants highlights their relevance
in the genetic predisposition to PD [48].

The SNCA gene was identified as a hub gene in YOPD,
as seen in Figs. 2B and 3B. Mutations and copy number
variations in the SNCA gene have been identified as causes
of YOPD and fPD [49, 50]. Additionally, SNCA triplica-
tions have been associated with aggressive and young-onset
Parkinsonism [49]. The emphasis on SNCA indicates that
pathophysiological mechanisms may differ in younger
patients compared to those with later-onset forms of the
disease. The gene dosage of SNCA has been linked to the
severity of clinical trajectories in PD, with triplications lead-
ing to young onset, rapid disease progression, and prominent
dementia [51]. Furthermore, SNCA has been consistently
highlighted as a risk-associated region for PD in genome-
wide association studies [52]. Variants within SNCA high-
light that the combination of intron and missense variants
suggests a multifaceted approach to understanding the gene’s
contribution to disease mechanisms.

LRRK?2 (Figs. 2C and 3C) in fPD performs the role of
a hub gene, reinforcing its established role in autosomal
dominant forms of the disease. LRRK?2 G2019S [53] and
other mutations are a common cause of fPD and are associ-
ated with an increased risk for sPD [54, 55]. This mutation
has been shown to trigger neurotoxic protein aggregation
and is associated with various pathological features [53].
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Additionally, LRRK?2 mutations have been linked to altera-
tions in endolysosomal trafficking, compromising the sub-
cellular distribution of lysosomes [56, 57], which can also
impact microglial actin dynamics and suppress lysosome
degradative activity in macrophages and microglia [58]. The
fPD cases driven by LRRK2 mutations are prime candidates
for emerging kinase inhibitors (e.g., DNL201) [59].

The identified hub genes in the LOPD modules were
SNCA in the first module (Figs. 2D and 3D), ALB in the
second (Figs. 2D’ and 3D’), and IL6 in the third (Figs. 2D”
and 3D”). Studies revealed that the gene dosage effect of
SNCA on disease progression underscores its importance
in PD [60]. SNCA duplications are associated with a more
typical LOPD phenotype [51]. Moreover, the relationship
between specific SNCA gene polymorphisms and the risk
of late-onset idiopathic PD development underscores the
genetic complexity of the disease [61]. In addition to SNCA,
the IL6 gene has also been implicated in PD. Genetic vari-
ations in IL6 have been suggested to influence the onset
and progression of neuroinflammatory disorders, including
PD [62]. Studies have emphasized the significance of genes
such as PRKN/PINK1 mutations in Parkinsonism, highlight-
ing IL6 as a potential progression marker in PD [63]. There
is limited direct evidence linking ALB with PD; however,
a recent study reveals that the mortality of PD patients is
related to a higher level of C-reactive protein—albumin ratio
[64]. SNCA-centric YOPD/LOPD cohorts might respond to
therapies reducing a-synuclein aggregation, such as mono-
clonal antibodies in clinical trials (e.g., prasinezumab) [65].

In sPD the first module includes the PRKN (Figs. 2E
and 3E), again establishing its central role across vari-
ous forms of PD. The second module includes the IL1A,
IL1B, IL10, and TNF (Figs. 2E’ and 3E’), implying that
anti- and inflammatory cytokines significantly contribute
to the sporadic form of the disease, highlighting the inter-
action between genetic variants and environmental fac-
tors. The third module includes the CYP1A1 (Figs. 2E”
and 3E”) as hub genes indicate the potential influence
of environmental toxins and metabolic processes on the
risk for developing sporadic PD, suggesting a pathway
through which exposure may modify disease outcomes.
Studies have shown that biallelic variants in PRKN have
been identified in a notable percentage of sPD cases, high-
lighting the importance of this gene in the pathogenesis of
the disease [66]. While PRKN mutations are a common
cause of PD, heterozygous carriers of PRKN mutations
do not necessarily have an increased risk of developing
PD [67]. Therefore, genetic and environmental factors
may influence the impact of PRKN mutations on sPD
risk, including IL1A, IL1B, IL10, and TNF [68], which
received comparable scores for the hub role in the second
module (Fig. 3E’) in our study. Studies have revealed ele-
vated levels of proinflammatory cytokines, like TNF-o and
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Table 3 Hub nodes SNPs association in Parkinson’s disease

Gene Variant Consequence Alleles Codon Referenced PMIDs
PRKN rs1801474 Missense variant C/T Ser/Asn 31512170, 19909784,
12584415, 10511432,
12165399
rs1801582 Missense variant C/G, T Val/Leu, Val/lle 31512170, 14639672,
22361577
rs1438259227 Missense variant T/A Asp/Val 24313877, 18704525
rs1801334 Missense variant C/T Asp/Asn 12165399, 19909784
rs34424986 Missense variant G/A, T Arg/Trp, Arg/Arg 16019250, 29353703
rs1258359845 Synonymous variant T/C Lys/Lys 12165399
rs1330260959 Missense variant A/C,T Ile/Met, Ile/Ile 25029497
1147757966 Missense variant C/A,G, T Arg/Leu, Arg/Pro, Arg/Gln 26631732
rs182893847 Missense variant T/C, G Met/Val, Met/Leu 29223129
rs199657839  Missense variant G/A Arg/Cys 16793319
rs368134308 Missense variant C/A,G, T Arg/Leu, Arg/Pro, Arg/His 16793319
rs377591051  Missense variant C/T Glu/Lys 31178336
rs56092260 Missense variant G/A Arg/Trp 10965160
rs571092914  Missense variant C/A, T Ala/Ser, Ala/Thr 25865804
1562637702 3 prime UTR variant T/C - 23275044
1572480422 Missense variant C/A, T Asp/Tyr, Asp/Asn 18514563
1s754604402  Missense variant C/T Ser/Asn 30404819
rs766948045  Missense variant G/A His/Tyr 29353703
rs778798543  Missense variant T/C Tyr/Cys 16793319
rs9347683 5 prime UTR variant A/C,G, T - 21176923, 18387843
IL6 rs1800795 Intron variant C/G - 22155094
IL1B rs1143623 Upstream gene variant C/IG - 30813952
rs16944 Upstream gene variant A/IG - 27640071
CYPIA1 151279844744 Missense variant A/G Cys/Arg 25648260
rs1368310331  Synonymous variant T/C Val/Val 25648260
rs777119337  Missense variant C/IT Arg/Lys 25648260
SNCA rs356219 Intron variant G/A - 31244647, 31234232,
31325583, 31041581
1s356220 Intron variant T/A, C, G - 31863812
rs356182 Intron variant G/A, C - 28892059, 28078311,
26738859, 30598082
rs181489 Intron variant T/A, C - 22438815, 21738487,
25656566
rs356221 Intron variant A/T - 21738487, 23182315,
22438815
rs168552 Intron variant CIT, A, G - 23071545
rs356169 Intron variant G/T - 1977,175
rs356181 Intron variant G/A, C - 36092799, 33804213,
30618224, 30336481
rs2736990 Intron variant G/A, T - 30410434, 28844730,
24511991, 24005725,
25,129,240
rs356203 Intron variant C/T - 30957308, 21738487,

22438815
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Table 3 (continued)

Gene Variant Consequence Alleles Codon Referenced PMIDs

rs356165 3 prime UTR variant G/A - 24418406, 25370538,
25623333

rs3822086 Intron variant C/T - 26203864, 26208350,
31325583

rs7684318 Intron variant T/C - 22425546, 20513365,
21738487

rs2737029 Intron variant T/C - 30410434, 21738487,
22438815

1s894278 Intron variant T/G - 22438815, 23853107,
30778284

1s356168 Intron variant G/A - 28979294, 21738487,
20711177

rs356204 Intron variant T/C - 18606870, 22438815

rs3775439 Intron variant G/A - 21738487, 22912757,
22438815

rs3857059 Intron variant A/G, T - 21738487, 22438815,
27332068

rs10516845 Intron variant A/G, T - 21738487

rs2197120 Intron variant A/G - 21738487, 22438815

1s2298728 Intron variant G/A, T - 21738487

rs356188 Intron variant T/C - 22438815

rs356200 Intron variant T/C - 21738487

1s3775423 Intron variant C/T - 21738487

1s3796661 Intron variant C/T - 22438815

rs3857053 3 prime UTR variant C/T - 21738487

rs8180209 Intron variant A/G - 28011712

rs104893875 Missense variant C/T Glu/Lys 31136022, 30989398,
31405930, 31242217,
31048377, 31111370,
31178336

rs104893877  Missense variant C/T Ala/Thr 31417337, 31092553,
31709672, 31552910,
31816026

rs201106962  Missense variant A/C His/GIn 28373279 29398121,
30777422

rs431905511  Missense variant C/T Gly/Asp 27613114, 30777422,
31643109

rs542171324  Missense variant G/A, C Ala/Val, Ala/Gly 29771508, 28666710

rs10014396 Intron variant T/C - 22912757

rs17016074 3 prime UTR variant G/A - 19540308

rs356186 Intron variant A/IG - 25656566

rs3775442 Intron variant C/T - 21812969

rs3775444 Intron variant C/T - 26208350

rs777296100 3 prime UTR variant -/TAA, TAAAA - 28431219

rs11931074 Intron variant G/A,C, T - 30120622, 30424941,
31243602, 31758346

1s2572323 Intron variant A/G - 21738487

rs356174 Intron variant G/T - 21738487

rs356180 Intron variant A/G - 21738487

rs1372520 Intron variant T/C - 21738487

rs104893878 Missense variant C/IG Ala/Pro 29191831, 29718367,

29503608, 29524599,
31426448
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Table 3 (continued)

Gene Variant Consequence Alleles Codon Referenced PMIDs
rs1330229174 Missense variant T/C Lys/Glu 28911198, 31048377
rs2301135 5 prime UTR variant G/C - 23182315
152619363 Intron variant G/C, T - 17872362
rs2583988 Non-coding transcript exon  C/A, T - 22438815, 17872362,

variant 19890971
rs1372519 5 prime UTR variant A/G - 21738487
rs2301134 Intron variant AIG - 23182315
1s2619364 Non-coding transcript exon ~ A/C, G - 17872362
variant
rs3756063 Intron variant G/C - 27423554
LRRK2 1566737902 3 prime UTR variant T/C - 24758914
rs34637584 Missense variant G/A Gly/Ser 31813996, 31292011,
31373835, 31605779
rs1491942 Intron variant C/G - 22438815, 22451204,
22438815, 24842889
rs28903073 Intron variant G/A - 27182965, 21738487
1s33939927 Missense variant C/A,G, T Arg/Ser, Arg/Gly, Arg/Cys 29177506, 30592623,
31495079
rs33949390 Missense variant G/A,C, T Arg/His, Arg/Pro, Arg, Leu 31487119, 31041581,
29567424
rs7133914 Missense variant G/A, T Arg/His, Arg/Leu 31487119, 29593234,
29241968
rs34995376 Missense variant G/A Arg/His 27423549, 24591621,
23726462
rs34410987 Missense variant C/T Pro/Leu 22575234, 21406209
rs7308720 Missense variant C/A, G Asn/Lys, Asn/Lys 31487119, 29593234,
29241968
rs11564148 Missense variant T/A Ser/Thr 28395805, 27734136,
26346174
rs17466213 Missense variant A/G Ile/Val 31029016, 29480226,
21796139
rs34594498 Missense variant C/T Ala/Val 22575234, 22807999,
26234753
rs35870237 Missense variant T/C Tle/Thr 24695735, 17395370,
16939701
rs74163686 Missense variant A/C Asn/His 30592623, 29519959,
22154298
rs35173587 Missense variant G/A, T Arg/Lys, Arg/Met 19006185, 17078063,
20177695
rs35507033 Missense variant G/A, C Arg/Gln, Arg/Pro 17149721, 25174650,
17216639
rs35801418 Missense variant A/IC, G Tyr/Ser, Tyr/Cys 20,301,387, 18,591,067,
15,541,309,
15,541,308,
16,003,110,
21,885,347
rs11176013 Synonymous variant A/G Lys/Lys 23115130, 27734136
rs34015634 Missense variant T/C Tle/Thr 27628070, 29127874
rs35658131 Missense variant A/G Tyr/Cys 21885347, 22166457
rs10878307 Missense variant A/G Tle/Val 31790336
rs111341148  Missense variant G/A Arg/Gln 19343804
rs111501952 Missense variant G/A, C Val/lle, Val/Leu 23124679
rs112998035  Synonymous variant C/T Arg/Arg 18353371
15200660418 Missense variant C/A,G, T Pro/Thr, Pro/Ala, Pro/Ser 22023810
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Table 3 (continued)

Gene Variant Consequence Alleles Codon Referenced PMIDs

rs747338046  Missense variant G/C Gly/Ala 17078063

rs75148313 Missense variant G/A Ser/Asn 17523199

rs78365431 Missense variant G/T Gln/His 21632271

rs1491923 Intron variant A/G - 19915575

rs34778348 Missense variant G/A Gly/Arg 31487119, 31041581,
30133089, 31824408

rs76904798 Intron variant C/T - 28892059, 26738859,
25064009

152046932 Intron variant G/A - 24842889

rs11564273 Intron variant T/G - 22438815

rs117762348  Non-coding transcript exon ~ A/G - 23967090

variant
rs10878226 Non-coding transcript exon ~ G/A, C - 23115130
variant
PINK1 rs768091663  Missense G>C Ala/Pro 23303188, 23459931,

15349860, 16009891,
23063710, 33845304

rs1480758482 Frameshift deletion Tyr 15087508, 15349870,
32713623

rs775479526  Frameshift deletion Tyr 24677602, 15349870,
17960343, 18785233

152154533643 Nonsense G>A Trp/Ter 15087508, 15349870

rs2053233432  Splice donor G>A - 17576681, 9536098,
20356854, 27574110

rs2053228483  Splice acceptor G>A - 16199547, 15087508,
15349870

rs755000580  Frameshift deletion Cys 24677602, 15087508,
15349870

rs1005937012 Nonsense C>T Gln/Ter 15087508, 15349870

rs756783990  Nonsense C>A Tyr/Ter 16482571, 20558144,
21996382

rs1557561340 Frameshift deletion Ala 28492532, 15087508,
15349870

rs34208370 Nonsense C>T Arg/Ter 15349870, 17960343,
18785233, 20547144,
29255601, 25741868

rs756677845  Frameshift deletion Arg 24033266

rs45539432 Nonsense C>T Gln/Ter 16769864, 18685134,
28502045, 15087508,
15349870

rs74315360 Missense C>A Ala/Asp 16966503

rs74315359 Missense C>T Thr/Met 18541801, 18785233,
26274610, 22238344,
23303188, 23459931,
29255601

1s750664040  In-frame insertion CAACAA, CAACAACAA Gln/duplicate 15970950

rs730880302  Frameshift duplicate Asp 15349871

rs28940285 Missense T>C Leu/Pro 15349870, 17055324,
22956510, 15824318,
17579517, 18359116,
23303188

rs74315357 Nonsense C>T Arg/Ter 15349870
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Table 3 (continued)

Gene Variant Consequence Alleles Codon Referenced PMIDs
rs74315356 Nonsense G>A Trp/Ter 15087508, 16207731,
18524835
1528940284 Missense C>A His/GlIn 15349870
rs74315355 Missense G>A Gly/Asp 18003639, 16207731,
15087508

Table 4 Transcription factor

Integrated scaled rank  Overlapping genes

h Modules TFs
analysis of PD modules (scaled
rank <0.05) iPD MXI1 6.14x 107
FIZ1 6.22%x107%
SOX10 7.12x10™%
YOPD  MXIl 6.14%x 107
SNAPC5  6.22x107%
FOXO04 7.12%x107%
LOPD  FOXA3 6.14% 107%
CREB3L3 6.22x10™*
ESR2 7.12%x107%
sPD NFE2L2  6.14x107%
BATF3 6.22%x107%
ESR2 7.12x10™%
fPD MXI1 6.14x107%
SOX6 6.22%x107%
SOX2 7.12%107%

PINK1, LRRK2, MAPT, FBXO7, SNCA
ATP13A2, MAPT, UBE2L3
GPR37, MAPT, SNCA

PINK1, LRRK2, FBXO7, SNCA
PRKN, PINK1, PARK7
PINK1, APOE, SNCA, NFE2L2

AHSG, PON1, ALB, APOA1, APOB
CRP, GCHI1, AHSG, PON1, ALB, APOA1, APOB, LPA
PRKN, IL10, IL6, MAPT, TNF, SNCA

IL1A, UCHLL, IL1B, CYP1B1, AHR, TNF

IL10, CCL2, TNF

PRKN, IL10, IL1A, UCHLI, IL1B, CYP1A1, CCL2,
CYP1B1, AHR, TNF, SNCA

PINK1, LRRK2, SNCA

PRKN, AIMP2, PINK1

UCHLI1, APOE, SNCA

The analysis identifies MXI1 in jPD, YOPD, fPD, and ESR2 in LOPD and sPD as the most significant TFs

since more hub genes

are covered
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Fig.5 TFs co-expression and co-occurrence scatter plot. This plot
presents the critical transcription factors and their effects on one
another within the context of Parkinson’s disease. A Depiction of a
network of MXI1 on FOXO4, highlighting direct interactions and
the strength of their co-occurrence and expression through vary-
ing line thickness in YOPD. B The relationships among FOXA3 and

IL-1B, affecting the expression of P450s in patients with
PD. P450s are involved in neurotransmitter, neurotoxic
metabolite processing, neuroprotective hormone biosyn-
thesis and catabolism, contributing to neurodegenerative
disease progression [69]. Specific polymorphisms in genes
encoding CYP1AL1 increase PD risk [69]. The interplay

SOX2

CREB3L3, showcasing how these transcription factors influence
each other in LOPD. C The interaction network of MIX1, SOX2, and
SOX6 is presented, emphasizing co-occurrence and co-expression,
with dual labeling on the connecting line to reflect the complexity of
their interactions fPD

between genetic predisposition and environmental factors
in sPD highlights the need for further research into how
lifestyle and exposure may influence disease onset and pro-
gression. For example, CYP1A1’s role in sPD aligns with
epidemiological links between pesticide exposure and PD
risk, warranting studies on gene-environment interactions.
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While MXI1’s role in PD has not been extensively stud-
ied, its involvement in regulating proliferation mechanisms
and cellular response to hypoxia suggests a potential impact
on disease pathways [70, 71]. In our study of TFs’ functional
enrichment, MXI1 has emerged as a critical regulator in jPD,
YOPD, and fPD, significantly influencing the hub nodes
PRKN and SNCA, which highlights its potential role in
modulating pathways linked to neurodegeneration (Table 4).
In LOPD, ESR2 assumes a vital regulatory function, particu-
larly in modulating SNCA and IL6, suggesting its involve-
ment in inflammatory processes. In sPD, ESR2 expands its
regulatory influence to a broader spectrum of genes, includ-
ing PRKN, IL10, IL1A, TNF, and CYP1Al, underscoring
its multifaceted role in neuroprotection and inflammation.
ESR2’s role in PD is exciting due to the neuroprotective,
inflammation modulation, and regulatory effects of estrogen
and the observation that estrogen levels and receptor activity
might influence neurodegenerative processes [72, 73]. This
result supports our prediction regarding the pivotal role of
candidate transcription factors in the mechanisms underlying
this study (Table 4). The co-expression and co-occurrence
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of FOX04, SOX2, and SOX6 with MXI1 highlight a sig-
nificant interaction among these transcription factors that
may regulate gene expression and influence cellular mecha-
nisms (Fig. 5). This interconnectedness suggests a complex
regulatory network where FOX04, SOX2, and SOX6 col-
laboratively impact MXI1 transcription, potentially affect-
ing various biological processes such as cell differentiation,
stress response, and neurodegeneration [74-76].

As shown in Fig. 6, hsa-miR-335-5p has been associ-
ated with regulating hub genes and inflammatory responses.
It can be modulated by shear stress and NF-xB signaling
factors, highlighting the intricate regulatory mechanisms
involved [77-79]. Additionally, studies have suggested a
link between hsa-miR-30e-5p and PD, suggesting a broader
role of miRNAs, including hsa-miR-335-5p, in neurodegen-
erative conditions [80]. Recent research has highlighted the
downregulation of hsa-miR-144-3p in YOPD, suggesting a
potential role for microRNAs in the disease’s progression
[81]. Additionally, another research highlighted that hsa-
miR-133b and hsa-miR-1-3p were downregulated in post-
menopausal osteoporosis, indicating a connection between
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miRNA dysregulation and bone health, which could be rel-
evant in PD where bone health issues are prevalent [82].
Research on miRNAs like hsa-miR-106a-5p has shown their
potential role in various diseases, which has been implicated
in regulating inflammatory responses [83] and promoting
angiogenesis [84]. The miR-335-5p (targeting PRKIN/IL6)
could serve as a plasma biomarker for early PD detection,
while repurposing TNF-a inhibitors (e.g., etanercept) IL-6
receptor antagonists may benefit sPD patients with elevated
neuroinflammation [85].

There are a few limitations to consider in this studys; first,
clinical overlap between subtypes (e.g., YOPD vs. jPD or
fPD vs. LOPD) may confound genetic associations, as age-
at-onset thresholds are not universally standardized, poten-
tially introducing heterogeneity. Second, the exclusion of
studies reporting non-significant or negative associations
risks publication bias, skewing results toward well-estab-
lished loci and overlooking genes (e.g., PRKN, SNCA) with
rare or dependent variants. While this approach enhances
focus on replicated findings, future meta-analyses integrat-
ing negative results are needed to refine subtype-specific
genetic architectures. Third, reliance on common variants
overlooks rare alleles and structural variations (e.g., PRKN
exon rearrangements), which are critical in YOPD or fPD
cases. Finally, while miRNA-TF networks (e.g., miR-335-5p
regulation of PRKN/IL6 and ESR2) were computationally
predicted, functional validation through in vitro or in vivo
models is pending, which necessitates future experimental
studies to confirm these interactions.

This study’s findings on the distinct genetic markers and
pathways associated with each Parkinson’s disease subtype
provide a foundation for developing targeted diagnostic tools
and therapeutic strategies, highlighting the importance of
personalized medicine in managing this complex disor-
der. Hub genes such as LRRK2, predominantly associated
with fPD, may serve as definitive biomarkers, indicating a
potential genetic predisposition in younger patients. The
SNCA gene exhibits critical involvement in both YOPD
and LOPD; specific mutations within this gene can suggest
a diagnosis of YOPD, while its association with inflamma-
tory markers like IL6 is informative for LOPD presenta-
tions. PRKN is particularly relevant for cases of jPD; prior-
itizing its sequencing in early-onset cases could streamline
genetic counseling, enabling families to anticipate disease
progression and participate in surveillance programs for
pre-symptomatic interventions. In contrast, inflammatory
and anti-inflammatory cytokines such as IL1A, TNF, IL10,
and IL1B, along with CYP1A1, are more commonly impli-
cated in sPD. These hub node genes collectively contribute
to developing a comprehensive diagnostic toolkit, enabling
precise identification of PD subtypes, which may ultimately
enhance patient outcomes and deepen our understanding

of the disease’s etiology. Plasma miR-335-5p, regulating
PRKN/IL6, emerges as a non-invasive biomarker candidate
for early PD detection, warranting validation in longitudi-
nal cohorts. Future studies should focus on validating these
genetic markers in larger, diverse cohorts and exploring their
functional implications in PD pathology. Additionally, inves-
tigating the role of identified microRNAs in disease progres-
sion could provide new avenues for therapeutic intervention.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s12035-025-05182-z.

Author Contribution D Z: Conceptualization, Methodology, Supervi-
sion and Validation. D Z and S TH: Data curation, Formal analysis,
Visualization, Investigation, Writing-Original draft preparation.

Funding None.

Data Availability The PDGA and PDVA data during the current study
obtained from UniProt (http://www.ebi.ac.uk/uniprot), ClinVar (https://
www.ncbi.nlm.nih.gov/clinvar), GWAS Catalog (https://www.ebi.ac.
uk/gwas), CTD (http://ctdbase.org), ORPHANET (https://www.orpha.
net/consor/cgi-bin/index.php), CLINGEN (https://www.clinicalge
nome.org), GENOMICS ENGLAND (https://panelapp.genomicsen
gland.co.uk), CGI (https://www.cancergenomeinterpreter.org/home),
PSYGENET (http://psygenet.org), LHGDN (https://www.dbs.ifi.lmu.
de/ ~bundschu/LHGDN.html), and dbSNP (https://www.ncbi.nlm.nih.
gov/snp). However, the raw data is available as jPD, YOPD, LOPD,
sPD, and fPD (Supplementary Table 1) for further analysis and vali-
dation. The enrichment of GO terms, TFs, and miRNAs during the
study was analyzed using g:Profiler (https://biit.cs.ut.ee/gprofiler/gost),
ChEA3 (https://maayanlab.cloud/chea3), and MIENTURNET (http://
userver.bio.uniromal.it/apps/mienturnet), respectively.

Declarations

Ethics Approval and Consent to Participate None.

Conflict of interest The authors declare no competing interests.

References

1. Kouli A, Torsney KM, Kuan W-L (2018) Parkinson’s disease:
etiology, neuropathology, and pathogenesis. Exon Publications
3-26

2. Lill CM (2016) Genetics of Parkinson’s disease. Mol Cell
Probes 30(6):386-396

3. Ball N, Teo WP, Chandra S, Chapman J (2019) Parkinson’s
disease and the environment. Front Neurol 10:218. https://doi.
org/10.3389/fneur.2019.00218

4. Klein C, Schlossmacher MG (2007) Parkinson disease, 10 years
after its genetic revolution: multiple clues to a complex disorder.
Neurology 69(22):2093-2104. https://doi.org/10.1212/01.wnl.
0000271880.27321.a7

5. Nalls MA, Blauwendraat C, Vallerga CL, Heilbron K, Bandres-
Ciga S, Chang D, Tan M, Kia DA et al (2019) Identification
of novel risk loci, causal insights, and heritable risk for Par-
kinson’s disease: a meta-analysis of genome-wide association
studies. Lancet Neurol 18(12):1091-1102. https://doi.org/10.
1016/S1474-4422(19)30320-5

@ Springer


https://doi.org/10.1007/s12035-025-05182-z
http://www.ebi.ac.uk/uniprot
https://www.ncbi.nlm.nih.gov/clinvar
https://www.ncbi.nlm.nih.gov/clinvar
https://www.ebi.ac.uk/gwas
https://www.ebi.ac.uk/gwas
http://ctdbase.org
https://www.orpha.net/consor/cgi-bin/index.php
https://www.orpha.net/consor/cgi-bin/index.php
https://www.clinicalgenome.org
https://www.clinicalgenome.org
https://panelapp.genomicsengland.co.uk
https://panelapp.genomicsengland.co.uk
https://www.cancergenomeinterpreter.org/home
http://psygenet.org
https://www.dbs.ifi.lmu.de/
https://www.dbs.ifi.lmu.de/
https://www.ncbi.nlm.nih.gov/snp
https://www.ncbi.nlm.nih.gov/snp
https://biit.cs.ut.ee/gprofiler/gost
https://maayanlab.cloud/chea3
http://userver.bio.uniroma1.it/apps/mienturnet
http://userver.bio.uniroma1.it/apps/mienturnet
https://doi.org/10.3389/fneur.2019.00218
https://doi.org/10.3389/fneur.2019.00218
https://doi.org/10.1212/01.wnl.0000271880.27321.a7
https://doi.org/10.1212/01.wnl.0000271880.27321.a7
https://doi.org/10.1016/S1474-4422(19)30320-5
https://doi.org/10.1016/S1474-4422(19)30320-5

Molecular Neurobiology

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Lubomski M, Rushworth RL, Lee W, Bertram KL, Williams DR
(2014) Sex differences in Parkinson’s disease. J Clin Neurosci
21(9):1503-1506

Andrews SV, Kukkle PL, Menon R, Geetha TS, Goyal V, Kan-
dadai RM, Kumar H, Borgohain R et al (2024) The genetic drivers
of juvenile, young, and early-onset Parkinson’s disease in India.
Mov Disord 39(2):339-349. https://doi.org/10.1002/mds.29676
Teeple E, Jindal K, Kiragasi B, Annaldasula S, Byrne A, Chai
L, Sadeghi M, Kayatekin C et al (2020) Network analysis and
human single cell brain transcriptomics reveal novel aspects of
alpha-synuclein (SNCA) biology. bioRxiv

Kulkarni AS, Burns MR, Brundin P, Wesson DW (2022) Link-
ing alpha-synuclein-induced synaptopathy and neural net-
work dysfunction in early Parkinson’s disease. Brain Commun
4(4):fcac165. https://doi.org/10.1093/braincomms/fcac165
Hicks AR, Reynolds RH, O’Callaghan B, Garcia-Ruiz S, Gil-
Martinez AL, Botia J, Plun-Favreau H, Ryten M (2023) The non-
specific lethal complex regulates genes and pathways genetically
linked to Parkinson’s disease. Brain 146(12):4974-4987. https://
doi.org/10.1093/brain/awad246

Emmi A, Antonini A, Sandre M, Baldo A, Contran M, Macchi
V, Guidolin D, Porzionato A et al (2022) Topography and distri-
bution of adenosine A(2A) and dopamine D(2) receptors in the
human subthalamic nucleus. Front Neurosci 16:945574. https://
doi.org/10.3389/fnins.2022.945574

The UniProt C (2017) UniProt: the universal protein knowledge-
base. Nucleic Acids Res 45(D1):D158-D169. https://doi.org/10.
1093/nar/gkw 1099

Landrum M]J, Chitipiralla S, Brown GR, Chen C, Gu B, Hart J,
Hoffman D, Jang W et al (2020) ClinVar: improvements to access-
ing data. Nucleic Acids Res 48(D1):D835-D844. https://doi.org/
10.1093/nar/gkz972

Beck T, Shorter T, Brookes AJ (2020) GWAS Central: a com-
prehensive resource for the discovery and comparison of geno-
type and phenotype data from genome-wide association studies.
Nucleic Acids Res 48(D1):D933-D940. https://doi.org/10.1093/
nar/gkz895

Davis AP, Grondin CJ, Johnson RJ, Sciaky D, Wiegers J, Wiegers
TC, Mattingly CJ (2021) Comparative toxicogenomics database
(CTD): update 2021. Nucleic Acids Res 49(D1):D1138-D1143.
https://doi.org/10.1093/nar/gkaa891

INSERM (1997) Orphanet: an online database of rare diseases
and orphan drugs. INSERM, Copyright

Thaxton C, Good ME, DiStefano MT, Luo X, Andersen EF, Thor-
land E, Berg J, Martin CL et al (2022) Utilizing ClinGen gene-
disease validity and dosage sensitivity curations to inform variant
classification. Hum Mutat 43(8):1031-1040. https://doi.org/10.
1002/humu.24291

Samuel GN, Farsides B (2018) Genomics England’s implementa-
tion of its public engagement strategy: blurred boundaries between
engagement for the United Kingdom’s 100,000 Genomes project
and the need for public support. Public Underst Sci 27(3):352—
364. https://doi.org/10.1177/0963662517747200

Tamborero D, Rubio-Perez C, Deu-Pons J, Schroeder MP, Viv-
ancos A, Rovira A, Tusquets I, Albanell J et al (2018) Cancer
genome interpreter annotates the biological and clinical relevance
of tumor alterations. Genome Med 10(1):25. https://doi.org/10.
1186/s13073-018-0531-8

Gutierrez-Sacristan A, Hernandez-Ferrer C, Gonzalez JR, Furlong
LI (2017) psygenet2r: a R/Bioconductor package for the analysis
of psychiatric disease genes. Bioinformatics 33(24):4004—4006.
https://doi.org/10.1093/bioinformatics/btx506

Bundschus M, Dejori M, Stetter M, Tresp V, Kriegel HP (2008)
Extraction of semantic biomedical relations from text using con-
ditional random fields. BMC Bioinformatics 9:207. https://doi.
org/10.1186/1471-2105-9-207

Springer

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Sherry ST, Ward M-H, Kholodov M, Baker J, Phan L, Smigielski
EM, Sirotkin K (2001) dbSNP: the NCBI database of genetic
variation. Nucleic Acids Res 29(1):308-311

Post B, van den Heuvel L, van Prooije T, van Ruissen X, van
de Warrenburg B, Nonnekes J (2020) Young onset Parkinson’s
disease: a modern and tailored approach. J Parkinsons Dis
10(s1):S29-S36. https://doi.org/10.3233/JPD-202135

Kolberg L, Raudvere U, Kuzmin I, Adler P, Vilo J, Peterson H
(2023) g:Profiler-interoperable web service for functional enrich-
ment analysis and gene identifier mapping (2023 update). Nucleic
Acids Res 51(W1):W207-W212. https://doi.org/10.1093/nar/
gkad347

Wixon J, Kell D (2000) The Kyoto encyclopedia of genes and
genomes—KEGG. Yeast 17(1):48-55. https://doi.org/10.1002/
(SICI)1097-0061(200004)17:1%3c48:: AID-YEA2%3e3.0.
CO;2-H

Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S, Huerta-
Cepas J, Simonovic M, Doncheva NT et al (2019) STRING v11:
protein-protein association networks with increased coverage,
supporting functional discovery in genome-wide experimental
datasets. Nucleic Acids Res 47(D1):D607-D613. https://doi.org/
10.1093/nar/gky1131

Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage
D, Amin N, Schwikowski B et al (2003) Cytoscape: a software
environment for integrated models of biomolecular interaction
networks. Genome Res 13(11):2498-2504. https://doi.org/10.
1101/gr.1239303

Enright AJ, Van Dongen S, Ouzounis CA (2002) An efficient algo-
rithm for large-scale detection of protein families. Nucleic Acids
Res 30(7):1575-1584. https://doi.org/10.1093/nar/30.7.1575
Chin CH, Chen SH, Wu HH, Ho CW, Ko MT, Lin CY (2014)
cytoHubba: identifying hub objects and sub-networks from com-
plex interactome. BMC Syst Biol 8(Suppl 4):S11. https://doi.org/
10.1186/1752-0509-8-S4-S11

Scardoni G, Tosadori G, Faizan M, Spoto F, Fabbri F, Laudanna C
(2014) Biological network analysis with CentiScaPe: centralities
and experimental dataset integration. F1000Res 3:139. https://doi.
org/10.12688/f1000research.4477.2

Keenan AB, Torre D, Lachmann A, Leong AK, Wojciechowicz
ML, Utti V, Jagodnik KM, Kropiwnicki E et al (2019) ChEA3:
transcription factor enrichment analysis by orthogonal omics inte-
gration. Nucleic Acids Res 47(W1):W212-W224. https://doi.org/
10.1093/nar/gkz446

Licursi V, Conte F, Fiscon G, Paci P (2019) MIENTURNET: an
interactive web tool for microRNA-target enrichment and net-
work-based analysis. BMC Bioinformatics 20(1):545. https://doi.
org/10.1186/s12859-019-3105-x

Kim JJ, Vitale D, Otani DV, Lian MM, Heilbron K, Me Research
T, Iwaki H, Lake J et al (2024) Multi-ancestry genome-wide asso-
ciation meta-analysis of Parkinson’s disease. Nat Genet 56 (1):27-
36. https://doi.org/10.1038/s41588-023-01584-8

De Lau LM, Breteler MM (2006) Epidemiology of Parkinson’s
disease. The Lancet Neurology 5(6):525-535

Yao SC, Hart AD, Terzella MJ (2013) An evidence-based osteo-
pathic approach to Parkinson disease. Osteopathic Fam Phys
5(3):96-101

Calvano CD, Losito I, Cataldi T (2021) Editorial to the special
issue “lipidomics and neurodegenerative diseases”. Int J Mol Sci
22 (3). https://doi.org/10.3390/ijms22031270

Fais M, Dore A, Galioto M, Galleri G, Crosio C, Iaccarino C
(2021) Parkinson’s disease-related genes and lipid alteration. Int
J Mol Sci 22 (14). https://doi.org/10.3390/ijms22147630

Galper J, Dean NJ, Pickford R, Lewis SJG, Halliday GM, Kim
WS, Dzamko N (2022) Lipid pathway dysfunction is prevalent
in patients with Parkinson’s disease. Brain 145(10):3472-3487.
https://doi.org/10.1093/brain/awac176


https://doi.org/10.1002/mds.29676
https://doi.org/10.1093/braincomms/fcac165
https://doi.org/10.1093/brain/awad246
https://doi.org/10.1093/brain/awad246
https://doi.org/10.3389/fnins.2022.945574
https://doi.org/10.3389/fnins.2022.945574
https://doi.org/10.1093/nar/gkw1099
https://doi.org/10.1093/nar/gkw1099
https://doi.org/10.1093/nar/gkz972
https://doi.org/10.1093/nar/gkz972
https://doi.org/10.1093/nar/gkz895
https://doi.org/10.1093/nar/gkz895
https://doi.org/10.1093/nar/gkaa891
https://doi.org/10.1002/humu.24291
https://doi.org/10.1002/humu.24291
https://doi.org/10.1177/0963662517747200
https://doi.org/10.1186/s13073-018-0531-8
https://doi.org/10.1186/s13073-018-0531-8
https://doi.org/10.1093/bioinformatics/btx506
https://doi.org/10.1186/1471-2105-9-207
https://doi.org/10.1186/1471-2105-9-207
https://doi.org/10.3233/JPD-202135
https://doi.org/10.1093/nar/gkad347
https://doi.org/10.1093/nar/gkad347
https://doi.org/10.1002/(SICI)1097-0061(200004)17:1%3c48::AID-YEA2%3e3.0.CO;2-H
https://doi.org/10.1002/(SICI)1097-0061(200004)17:1%3c48::AID-YEA2%3e3.0.CO;2-H
https://doi.org/10.1002/(SICI)1097-0061(200004)17:1%3c48::AID-YEA2%3e3.0.CO;2-H
https://doi.org/10.1093/nar/gky1131
https://doi.org/10.1093/nar/gky1131
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/nar/30.7.1575
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.12688/f1000research.4477.2
https://doi.org/10.12688/f1000research.4477.2
https://doi.org/10.1093/nar/gkz446
https://doi.org/10.1093/nar/gkz446
https://doi.org/10.1186/s12859-019-3105-x
https://doi.org/10.1186/s12859-019-3105-x
https://doi.org/10.1038/s41588-023-01584-8
https://doi.org/10.3390/ijms22031270
https://doi.org/10.3390/ijms22147630
https://doi.org/10.1093/brain/awac176

Molecular Neurobiology

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

Hu L, Dong MX, Huang YL, Lu CQ, Qian Q, Zhang CC, Xu
XM, Liu Y et al (2020) Integrated metabolomics and proteomics
analysis reveals plasma lipid metabolic disturbance in patients
with Parkinson’s disease. Front Mol Neurosci 13:80. https://doi.
org/10.3389/fnmol.2020.00080

Jacquemyn J, Kuenen S, Swerts J, Pavie B, Vijayan V, Kilic A,
Chabot D, Wang YC et al (2023) Parkinsonism mutations in
DNAIJC6 cause lipid defects and neurodegeneration that are res-
cued by Synjl. NPJ Parkinsons Dis 9(1):19. https://doi.org/10.
1038/541531-023-00459-3

Vandenberghe W, Imberechts D, Van Laere K, Jannis L, De Her-
togh G, Ronisz A, Thal DR (2021) Tau pathology associated with
Parkinsonism and mutation of mitochondrial DNA helicase gene
TWNK. Neurol Genet 7(5):¢620. https://doi.org/10.1212/NXG.
0000000000000620

Bakhit Y, Tesson C, Ibrahim MO, Eltom K, Eltazi I, Elsayed
LEO, Lesage S, Seidi O et al (2023) PLA2G6-associated late-
onset parkinsonism in a Sudanese family. Ann Clin Transl Neurol
10(6):983-989. https://doi.org/10.1002/acn3.51781

Ren J, Zhan X, Zhou H, Guo Z, Xing Y, Yin H, Xue C, Wu J
et al (2024) Comparing the effects of GBA variants and onset age
on clinical features and progression in Parkinson’s disease. CNS
Neurosci Ther 30(2):e14387. https://doi.org/10.1111/cns.14387
Wang X, Sun X, Niu M, Zhang X, Wang J, Zhou C, Xie A (2020)
RAGE silencing ameliorates neuroinflammation by inhibition of
p38-NF-kappaB signaling pathway in mouse model of Parkinson’s
disease. Front Neurosci 14:353. https://doi.org/10.3389/fnins.
2020.00353

Llibre A, Dedicoat M, Burel JG, Demangel C, O’Shea MK, Mauro
C (2021) Host immune-metabolic adaptations upon mycobacte-
rial infections and associated co-morbidities. Front Immunol
12:747387. https://doi.org/10.3389/fimmu.2021.747387

Zhu'Y, Yuan M, Liu Y, Yang F, Chen WZ, Xu ZZ, Xiang ZB, Xu
RS (2022) Association between inflammatory bowel diseases and
Parkinson’s disease: systematic review and meta-analysis. Neu-
ral Regen Res 17(2):344-353. https://doi.org/10.4103/1673-5374.
317981

Daida K, Funayama M, Billingsley KJ, Malik L, Miano-Burkhardt
A, Leonard HL, Makarious MB, Iwaki H et al (2023) Long-read
sequencing resolves a complex structural variant in PRKN Par-
kinson’s disease. Mov Disord 38(12):2249-2257. https://doi.org/
10.1002/mds.29610

Mor-Shaked H, Paz-Ebstein E, Basal A, Ben-Haim S, Grobe H,
Heymann S, Israel Z, Namnah M et al (2021) Levodopa-respon-
sive dystonia caused by biallelic PRKN exon inversion invisible
to exome sequencing. Brain Commun 3(3):fcab197. https://doi.
org/10.1093/braincomms/fcab197

Duan RN, Liu GY, Han YL, Li PZ, Zhang BH, Liu YM (2023)
Characterization of SNCA multiplication in Parkinson’s disease: 2
new cases and evaluation of the literature. Mov Disord Clin Pract
10(10):1536-1541. https://doi.org/10.1002/mdc3.13852
Santhosh Kumar S, Naseri NN, Pather SR, Hallacli E, Ndayi-
saba A, Buenaventura C, Acosta K, Roof J et al (2024) Sequential
CRISPR screening reveals partial NatB inhibition as a strategy
to mitigate alpha-synuclein levels in human neurons. Sci Adv
10(6):eadj4767. https://doi.org/10.1126/sciadv.adj4767

Waurster I, Quadalti C, Rossi M, Hauser AK, Deuschle C, Schulte
C, Waniek K, Lachmann I et al (2022) Linking the phenotype
of SNCA triplication with PET-MRI imaging pattern and alpha-
synuclein CSF seeding. NPJ Parkinsons Dis 8(1):117. https://doi.
org/10.1038/s41531-022-00379-8

Prahl J, Coetzee GA (2022) Genetic elements at the alpha-synu-
clein locus. Front Neurosci 16:889802. https://doi.org/10.3389/
fnins.2022.889802

Pischedda F, Cirnaru MD, Ponzoni L, Sandre M, Biosa A,
Carrion MP, Marin O, Morari M et al (2021) LRRK2 G2019S

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

kinase activity triggers neurotoxic NSF aggregation. Brain
144(5):1509-1525. https://doi.org/10.1093/brain/awab073
Kluss JH, Beilina A, Williamson CD, Lewis PA, Cookson MR,
Bonet-Ponce L (2022) Lysosomal positioning regulates Rab10
phosphorylation at LRRK2(+) lysosomes. Proc Natl Acad Sci U
S A 119(43):2205492119. https://doi.org/10.1073/pnas.22054
92119

Sanz Murillo M, Villagran Suarez A, Dederer V, Chatterjee
D, AlegrioLouro J, Knapp S, Mathea S, Leschziner AE (2023)
Inhibition of Parkinson’s disease-related LRRK2 by type I
and type II kinase inhibitors: activity and structures. Sci Adv
9(48):eadk6191. https://doi.org/10.1126/sciadv.adk6191

Ito K, Araki M, Katai Y, Nishimura Y, Imotani S, Inoue H, Ito
G, Tomita T (2023) Pathogenic LRRK2 compromises the sub-
cellular distribution of lysosomes in a Rab12-RILPL1-depend-
ent manner. FASEB J 37(5):€22930. https://doi.org/10.1096/1j.
202200780RR

Rivero-Rios P, Romo-Lozano M, Fernandez B, Fdez E, Hilfiker
S (2020) Distinct roles for RAB10 and RAB29 in pathogenic
LRRK2-mediated endolysosomal trafficking alterations. Cells 9
(7). https://doi.org/10.3390/cells9071719

Yadavalli N, Ferguson SM (2023) LRRK?2 suppresses lysosome
degradative activity in macrophages and microglia through MiT-
TFE transcription factor inhibition. Proc Natl Acad Sci U S A
120(31):€2303789120. https://doi.org/10.1073/pnas.2303789120
von Linstow CU, Gan-Or Z, Brundin P (2020) Precision medicine
in Parkinson’s disease patients with LRRK2 and GBA risk vari-
ants - let’s get even more personal. Transl Neurodegener 9(1):39.
https://doi.org/10.1186/s40035-020-00218-x

Yi S, Wang L, Wang H, Ho MS, Zhang S (2022) Pathogenesis
of alpha-synuclein in Parkinson’s disease: From a Neuron-Glia
Crosstalk Perspective. Int J Mol Sci 23 (23). https://doi.org/10.
3390/ijms232314753

Nevra A, Arzu A (2019) The relationship between alpha-synuclein
(SNCA) gene polymorphisms and development risk of Parkin-
son’s disease. In: Andrei S (ed) Synucleins. IntechOpen, Rijeka,
p Ch. 3. https://doi.org/10.5772/intechopen.82808

Strafella C, Caputo V, Termine A, Barati S, Caltagirone C,
Giardina E, Cascella R (2020) Investigation of genetic variations
of IL6 and IL6R as potential prognostic and pharmacogenetics
biomarkers: implications for COVID-19 and neuroinflammatory
disorders. Life (Basel) 10 (12). https://doi.org/10.3390/1ife101203
51

Borsche M, Konig IR, Delcambre S, Petrucci S, Balck A, Brugge-
mann N, Zimprich A, Wasner K et al (2020) Mitochondrial dam-
age-associated inflammation highlights biomarkers in PRKN/
PINKI1 parkinsonism. Brain 143(10):3041-3051. https://doi.org/
10.1093/brain/awaa246

Gao M, Zhang C, Gao L, Sun S, Song L, Liu S (2023) Association
between C-reactive protein-albumin ratio and overall survival in
Parkinson’s disease using publicly available data: a retrospective
cohort study. Heliyon 9(2):e12671. https://doi.org/10.1016/j.heliy
0on.2022.e12671

Henriquez G, Narayan M (2023) Targeting a-synuclein aggrega-
tion with immunotherapy: a promising therapeutic approach for
Parkinson’s disease. Exploration Neuroprotective Ther 3(4):207-
234. https://doi.org/10.37349/ent.2023.00048

Funayama M, Nishioka K, Li Y, Hattori N (2023) Molecu-
lar genetics of Parkinson’s disease: contributions and global
trends. J Hum Genet 68(3):125-130. https://doi.org/10.1038/
$10038-022-01058-5

Zhu W, Huang X, Yoon E, Bandres-Ciga S, Blauwendraat C, Bill-
ingsley KJ, Cade JH, Wu BP et al (2022) Heterozygous PRKN
mutations are common but do not increase the risk of Parkinson’s
disease. Brain 145(6):2077-2091. https://doi.org/10.1093/brain/
awab456

@ Springer


https://doi.org/10.3389/fnmol.2020.00080
https://doi.org/10.3389/fnmol.2020.00080
https://doi.org/10.1038/s41531-023-00459-3
https://doi.org/10.1038/s41531-023-00459-3
https://doi.org/10.1212/NXG.0000000000000620
https://doi.org/10.1212/NXG.0000000000000620
https://doi.org/10.1002/acn3.51781
https://doi.org/10.1111/cns.14387
https://doi.org/10.3389/fnins.2020.00353
https://doi.org/10.3389/fnins.2020.00353
https://doi.org/10.3389/fimmu.2021.747387
https://doi.org/10.4103/1673-5374.317981
https://doi.org/10.4103/1673-5374.317981
https://doi.org/10.1002/mds.29610
https://doi.org/10.1002/mds.29610
https://doi.org/10.1093/braincomms/fcab197
https://doi.org/10.1093/braincomms/fcab197
https://doi.org/10.1002/mdc3.13852
https://doi.org/10.1126/sciadv.adj4767
https://doi.org/10.1038/s41531-022-00379-8
https://doi.org/10.1038/s41531-022-00379-8
https://doi.org/10.3389/fnins.2022.889802
https://doi.org/10.3389/fnins.2022.889802
https://doi.org/10.1093/brain/awab073
https://doi.org/10.1073/pnas.2205492119
https://doi.org/10.1073/pnas.2205492119
https://doi.org/10.1126/sciadv.adk6191
https://doi.org/10.1096/fj.202200780RR
https://doi.org/10.1096/fj.202200780RR
https://doi.org/10.3390/cells9071719
https://doi.org/10.1073/pnas.2303789120
https://doi.org/10.1186/s40035-020-00218-x
https://doi.org/10.3390/ijms232314753
https://doi.org/10.3390/ijms232314753
https://doi.org/10.5772/intechopen.82808
https://doi.org/10.3390/life10120351
https://doi.org/10.3390/life10120351
https://doi.org/10.1093/brain/awaa246
https://doi.org/10.1093/brain/awaa246
https://doi.org/10.1016/j.heliyon.2022.e12671
https://doi.org/10.1016/j.heliyon.2022.e12671
https://doi.org/10.37349/ent.2023.00048
https://doi.org/10.1038/s10038-022-01058-5
https://doi.org/10.1038/s10038-022-01058-5
https://doi.org/10.1093/brain/awab456
https://doi.org/10.1093/brain/awab456

Molecular Neurobiology

68.

69.

70.

71.

72.

73.

74.

75.

76.

7.

78.

Brewer A, Cormican P, Lim JJ, Chapwanya A, O’Farrelly C,
Meade KG (2020) Qualitative and quantitative differences in
endometrial inflammatory gene expression precede the develop-
ment of bovine uterine disease. Sci Rep 10(1):18275. https://doi.
org/10.1038/s41598-020-75104-7

Thara K, Oguro A, Imaishi H (2022) Diagnosis of Parkinson’s
disease by investigating the inhibitory effect of serum components
on P450 inhibition assay. Sci Rep 12(1):6622. https://doi.org/10.
1038/s41598-022-10528-x

Leston Pinilla L, Ugun-Klusek A, Rutella S, De Girolamo LA
(2021) Hypoxia signaling in Parkinson’s disease: there is use in
asking “what HIF?”. Biology (Basel) 10 (8). https://doi.org/10.
3390/biology 10080723

Xiao L, Li X, Mu Z, Zhou J, Zhou P, Xie C, Jiang S (2020) FTO
inhibition enhances the antitumor effect of temozolomide by
targeting MYC-miR-155/23a cluster-MXI1 feedback circuit in
glioma. Cancer Res 80(18):3945-3958. https://doi.org/10.1158/
0008-5472.CAN-20-0132

Koszegi Z, Cheong RY (2022) Targeting the non-classical estro-
gen pathway in neurodegenerative diseases and brain injury dis-
orders. Front Endocrinol (Lausanne) 13:999236. https://doi.org/
10.3389/fendo.2022.999236

Zarate S, Stevnsner T, Gredilla R (2017) Role of estrogen and
other sex hormones in brain aging. Neuroprotection and DNA
repair. Front Aging Neurosci 9:430. https://doi.org/10.3389/fnagi.
2017.00430

Su L, Liu X, Chai N, Lv L, Wang R, Li X, Nie Y, Shi Y et al
(2014) The transcription factor FOXO4 is down-regulated and
inhibits tumor proliferation and metastasis in gastric cancer. BMC
Cancer 14:378. https://doi.org/10.1186/1471-2407-14-378
Zhang Y, Hou L (2021) Alternate roles of Sox transcription factors
beyond transcription initiation. Int J Mol Sci 22 (11). https://doi.
org/10.3390/ijms22115949

Hu Z, Wang F, Wu Z, Gu H, Dong N, Jiang X, Xu J, Wu Z et al
(2018) FOX0O3a-dependent up-regulation of Mxil-0 promotes
hypoxia-induced apoptosis in endothelial cells. Cell Signal
51:233-242. https://doi.org/10.1016/j.cellsig.2018.08.009
Kamdar RD, Harrington BS, Attar E, Korrapati S, Shetty J, Zhao
Y, Tran B, Wong N et al (2023) NF-kappaB signaling modulates
miR-452-5p and miR-335-5p expression to functionally decrease
epithelial ovarian cancer progression in tumor-initiating cells. Int
J Mol Sci 24 (9). https://doi.org/10.3390/ijms24097826
Mukherjee A, Acharya PB, Singh A, Kuppusamy Selvam M
(2023) Identification of therapeutic miRNAs from the arsenic
induced gene expression profile of hepatocellular carcinoma.

@ Springer

79.

80.

81.

82.

83.

84.

85.

Chem Biol Drug Des 101(5):1027-1041. https://doi.org/10.1111/
cbdd.14132

Bougea A (2022) MicroRNA as candidate biomarkers in atypi-
cal Parkinsonian syndromes: systematic literature review.
Medicina (Kaunas) 58 (4). https://doi.org/10.3390/medicina58
040483

Sotoudeh Anvari M, Vasei H, Najmabadi H, Badv RS, Golipour
A, Mohammadi-Yeganeh S, Salehi S, Mohamadi M et al (2022)
Identification of microRNAs associated with human fragile X
syndrome using next-generation sequencing. Sci Rep 12(1):5011.
https://doi.org/10.1038/s41598-022-08916-4

Zago E, Dal Molin A, Dimitri GM, Xumerle L, Pirazzini C, Baca-
lini MG, Maturo MG, Azevedo T et al (2022) Early downregula-
tion of hsa-miR-144-3p in serum from drug-naive Parkinson’s
disease patients. Sci Rep 12(1):1330. https://doi.org/10.1038/
s41598-022-05227-6

Wang R, Lu A, Liu W, Yue J, Sun Q, Chen J, Luan H, Zhai Y et al
(2020) Searching for valuable differentially expressed miRNAs
in postmenopausal osteoporosis by RNA sequencing. J Obstet
Gynaecol Res 46(7):1183-1192. https://doi.org/10.1111/jog.
14307

Miao X, Tong X, Hu J, Wang J (2021) Diagnostic value of micro-
RNA-106a-5p in patients with psoriasis and its regulatory role in
inflammatory responses. Dermatol Sin 39(2):67-73. https://doi.
org/10.4103/ds.ds_5_21

Liang ZH, Pan NF, Lin SS, Qiu ZY, Liang P, Wang J, Zhang Z,
Pan YC (2022) Exosomes from mmu_circ_0001052-modified
adipose-derived stem cells promote angiogenesis of DFU via
miR-106a-5p and FGF4/p38MAPK pathway. Stem Cell Res Ther
13(1):336. https://doi.org/10.1186/s13287-022-03015-7
Tweedie D, Sambamurti K, Greig NH (2007) TNF-alpha inhibi-
tion as a treatment strategy for neurodegenerative disorders: new
drug candidates and targets. Curr Alzheimer Res 4(4):378-385.
https://doi.org/10.2174/156720507781788873

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of
such publishing agreement and applicable law.


https://doi.org/10.1038/s41598-020-75104-7
https://doi.org/10.1038/s41598-020-75104-7
https://doi.org/10.1038/s41598-022-10528-x
https://doi.org/10.1038/s41598-022-10528-x
https://doi.org/10.3390/biology10080723
https://doi.org/10.3390/biology10080723
https://doi.org/10.1158/0008-5472.CAN-20-0132
https://doi.org/10.1158/0008-5472.CAN-20-0132
https://doi.org/10.3389/fendo.2022.999236
https://doi.org/10.3389/fendo.2022.999236
https://doi.org/10.3389/fnagi.2017.00430
https://doi.org/10.3389/fnagi.2017.00430
https://doi.org/10.1186/1471-2407-14-378
https://doi.org/10.3390/ijms22115949
https://doi.org/10.3390/ijms22115949
https://doi.org/10.1016/j.cellsig.2018.08.009
https://doi.org/10.3390/ijms24097826
https://doi.org/10.1111/cbdd.14132
https://doi.org/10.1111/cbdd.14132
https://doi.org/10.3390/medicina58040483
https://doi.org/10.3390/medicina58040483
https://doi.org/10.1038/s41598-022-08916-4
https://doi.org/10.1038/s41598-022-05227-6
https://doi.org/10.1038/s41598-022-05227-6
https://doi.org/10.1111/jog.14307
https://doi.org/10.1111/jog.14307
https://doi.org/10.4103/ds.ds_5_21
https://doi.org/10.4103/ds.ds_5_21
https://doi.org/10.1186/s13287-022-03015-7
https://doi.org/10.2174/156720507781788873

