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Abstract

Parkinson’s disease (PD) is a common neurodegenerative disorder characterized by progres-
sive neurovascular dysfunction and neuroinflammation, in which perivascular macrophages
(PVMs) serve as key immune sentinels that regulate cerebrovascular homeostasis and dis-
ease progression. However, the transcriptional remodeling, genetic susceptibility, and
functional mechanisms of PVMs in the pathogenesis of PD remain unclear. In this study, we
integrated human midbrain single-nucleus RNA sequencing, genetic association datasets,
and transcriptomic analyses to characterize PVM alterations in PD. Through multi-omics
analyses, including Mendelian randomization, colocalization, and trajectory inference, we
identified PD-associated PVM genes and regulatory pathways, which were further validated
in a rotenone-induced PD model. We found extensive transcriptional remodeling of PVMs
in PD, manifested by inflammatory activation, altered complement signaling, and aberrant
neurovascular interactions. Genetic analyses identified HLA-DRA, OSBPL3, and RIN3 as
PD-associated PVM genes that were enriched in PVMs and exhibited dynamic changes
during disease progression. Functional analyses suggested that these genes are involved in
immune regulation, lipid metabolism, and intracellular trafficking. The rotenone-induced
model further confirmed the upregulation of Osbpl3 and Rin3. These findings reveal that
PVM-centered neurovascular immune remodeling is a feature of PD and identify HLA-
DRA, OSBPL3, and RIN3 as candidate genes supported by genetic evidence, linking PVM
dysfunction to PD susceptibility.

Keywords: Parkinson’s disease; perivascular macrophages; single-nucleus RNA sequencing;
Mendelian randomization; neurovascular remodeling

1. Introduction

Parkinson’s disease (PD) is the most common neurodegenerative movement disorder,
characterized by progressive loss of dopaminergic neurons in the substantia nigra pars
compacta and presence of abnormal x-synuclein aggregation [1,2]. There are more than
8.5 million PD patients worldwide, which is expected to increase with the global aging
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population [3]. The molecular mechanism underlying PD pathogenesis remains to be
elucidated. Increasing evidence shows that neuroinflammation, immune dysregulation,
and neurovascular dysfunction play pivotal roles in PD occurrence and progression [4].

Regarding neuroimmunity, previous studies mainly focused on microglia and astro-
cytes, which participate in inflammatory cytokine secretion and x-synuclein clearance [5,6].
More recently, perivascular macrophages (PVMs) have earned more attention due to their
crucial role in regulating immune surveillance, phagocytic clearance, and antigen presen-
tation [7-9]. Under physiological conditions, PVMs maintain homeostasis at the brain
borders [10]; however, the detection of disease-associated a-synuclein immunoreactivity
in PVMs from postmortem PD and dementia with Lewy bodies brains suggests a direct
involvement in pathology [11]. In the presence of pathological x-synuclein, PVMs and
other border-associated macrophages expand and adopt a disease-associated state char-
acterized by enhanced antigen presentation and chemokine signaling. These activated
cells promote CD4* T-cell recruitment and MHC II-dependent neuroinflammation, thereby
contributing to dopaminergic neurodegeneration [12]. These findings highlighted the role
of PVMs in PD. However, the transcriptional states, intercellular communication features,
and correlation with featured PD susceptibility genes remain poorly defined.

Single-cell and single-nucleus transcriptomics enabled definition of disease-associated
cell type proportions and cell-specific gene expression signatures. However, differential
expression genes (DEGs) alone could not determine their causal pathogenic effect on dis-
eases [13]. Mendelian randomization (MR) used genetic variants as instrumental variables
to assess potential causal associations between gene expression and disease risk [14]. Fur-
thermore, colocalization and reverse MR could assess shared genetic signatures and causal
association directions [15]. Integrating these approaches can pinpoint genetically validated
candidate genes and unravel their cell-specific expression profiles.

In this study, to reveal the role and mechanism of PVMS in PD pathogenesis, we
carried out integrating analysis of PD patients” midbrain single-nucleus RNA (snRNA)
sequencing, blood-derived cis-eQTL data, PD genome-wide association study (GWAS)
summary statistics, and bulk substantia nigra transcriptomic data. We firstly characterized
PD-associated PVM-specific gene alterations and intercellular communication, and defined
their functionality, temporal dynamics along pseudotime, and immune infiltration. Then
the screened PD susceptibility genes of PVMs were further validated in the in vitro and
in vivo PD models. The integrative analysis prioritized HLA-DRA, OSBPL3, and RIN3 as PD-
associated PVM-enriched genes. Functional analyses demonstrated that those genes were
involved in immune regulation, lipid metabolism, and intracellular trafficking, which are
well-accepted PD risk factors. This study not only throws light on the molecular mechanisms
of PD pathogenesis but also provides one feasible strategy to screen out disease-associated
genes by integrating multiple omics analysis.

2. Results
2.1. Transcriptomic Remodeling of Midbrain Cells in PD

To characterize cellular composition and transcriptomic signatures of PD midbrain,
a publicly available snRNA-seq dataset comprising midbrain samples from five PD
patients and six neurologically normal controls was analyzed. After Harmony inte-
gration and unsupervised clustering, eight midbrain cell subpopulations were identi-
fied and annotated: astrocytes, endothelial cells, ependymal cells, neurons, oligoden-
drocyte precursor cells (OPCs), oligodendrocytes, pericytes, and PVMs (Figure 1A,
Supplementary Figure S1A-F). The PVM subpopulation was annotated based on the co-
expression of macrophage lineage marker genes (CSFIR and C1QB) and the PVM-specific
marker CD163 (Supplementary Figure S1G). Cell-type-specific differential expression anal-
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ysis revealed heterogeneous transcriptional responses among the major midbrain subpopu-
lations under PD conditions (Figure 1B, Supplementary Figure SIH). At the donor level,
no gene passed FDR < 0.05, consistent with the limited donor number and low nuclei
counts in some donors (Table S1); among the prioritized genes, OSBPL3 showed nomi-
nal upregulation (p = 0.015), in agreement with the cell-level results. Vascular-associated
cells, including endothelial cells, pericytes, and PVMs, underwent pronounced disease-
related transcriptional reprogramming. Metabolic pathway activity by cell subtype is
shown in Figure 1C, with PVMs showing higher activity in Hallmark allograft rejection,
IL-6-JAK-STATS3 signaling, and inflammatory response pathways (Figure 1C).

To further investigate the regulatory role of dysregulated intercellular communication
in midbrain microenvironment remodeling in PD, a ligand-receptor interaction network
among the cell subpopulations was constructed, and the potential intercellular signaling pat-
terns within the midbrain were characterized. CellCall analysis of intercellular communica-
tion revealed that PVMs interacted with each cell subtype through multiple ligand-receptor
pathways in a bidirectional manner (Figure 1D,E). Genes involved in PVM-endothelial cell
and PVM-pericyte communication were enriched in cell adhesion processes, including focal
adhesion and adherens junction, whereas those associated with PVM-oligodendrocyte com-
munication were enriched in Th17 cell differentiation (Figure 1D). Together, these findings
suggested that PVMs engage in extensive bidirectional communication within the midbrain
microenvironment and contribute to inflammatory and metabolic reprogramming in PD.

2.2. Transcriptome-Wide Mendelian Randomization Identified Candidate Genes Associated
with PD Risk

To identify potential causal genes for PD, a transcriptome-level two-sample MR analysis
was performed. Summary-level cis-eQTL data from eQTLGen blood were used as exposure,
and PD GWAS summary statistics comprising 2638 cases and 477,380 controls served as
outcome. The IVW method was employed as the primary analysis to evaluate associations
between genetically predicted gene expression and PD risk, supplemented by a series of
sensitivity analyses. Eighteen genes with valid cis-eQTL instruments were tested and are
reported as exploratory candidates (Table S2); their p values are unadjusted for multiple
testing. Genetically predicted higher expression of ARHGAP22, CTSB, HLA-DRA, LPARG,
PELIT1 and TBC1D1 was associated with lower PD risk, whereas higher expression of
CYTH4, GPNMB, ITGAX, LCP1, KYNU, LRRK2, OSBPL3, PREX1, RCSD1, RIN3, SAT1,
and USP15 was associated with higher PD risk (Figure 2A, Supplementary Figure S2A).
Leave-one-out analysis indicated that for genes with multiple instrumental variables, the
association signals were not driven by any single instrumental variable. Cochran’s Q
test and the MR-Egger intercept test revealed no significant heterogeneity or directional
horizontal pleiotropy, suggesting that MR estimates were minimally influenced by these
biases (Figure 2B, Supplementary Figure S2B).

2.3. Colocalization and Reverse MR Prioritize HLA-DRA, OSBPL3 and RIN3 as Candidate
PD-Associated Genes

To assess whether cis-eQTL and PD GWAS associations originate from the same con-
served causal variant, an eQTL-GWAS colocalization analysis was performed. Four genes
(HLA-DRA, OSBPL3, RIN3, and USP15) were identified for which there was strong evi-
dence (PP.H4 > 0.90) that their cis-eQTLs and PD GWAS signals are driven by the same
conserved causal variant (Figure 3A). Subsequently, a reverse MR analysis was conducted
with PD genetic susceptibility as the exposure and genetically predicted expression levels of
HLA-DRA, OSBPL3, RIN3 and USP15 as the outcome. No evidence of a reverse association
was observed for HLA-DRA, OSBPL3, or RIN3. By contrast, a positive association was
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detected between PD genetic susceptibility and USP15 expression (p = 0.005), suggesting
that the USP15 association may partly reflect an effect of PD liability on gene expression
(Figure 3B). Accordingly, HLA-DRA, OSBPL3 and RIN3 were prioritized for subsequent
functional and cellular analyses.
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Figure 1. snRNA-seq-based dissection of cell subpopulations, characteristic pathways, and intercellu-
lar communication in PD midbrain. (A) Schematic of experimental design for dataset GSE157783
analyzed in this study, which includes midbrain tissue samples from PD and CON. PD: Parkinson’s
disease; CON: neurologically normal controls. Red circles indicate the substantia nigra, the analyzed
brain region. In panel B, numbers represent cluster IDs. (B) UMAP dimensionality reduction visu-
alization of snRNA-seq data; left: original clustering; right: cell type annotation. (C) Heatmap of
signaling pathway activities associated with the top marker genes in each cell type, with colors repre-
senting Z-scores. (D) Bubble plot of GSEA enrichment for PVMs versus all other cell types; dot size
reflects the p value, and color indicates the normalized enrichment score (NES). (E) Chord diagram
of ligand-receptor interactions among midbrain cell types, illustrating the strength of intercellular
communication between different cell types.

https://doi.org/10.3390/ijms27219688


https://doi.org/10.3390/ijms27219688

Int. J. Mol. Sci. 2026, 27, 9688 50f 20

A MR Test B MR Test
Inverse variance weighted Weighted median Inverse variance weighted Weighted median
= .~ MR Egger .~ Weighted mode = ~~~ MR Egger .~ Weighted mode
Q Q
(72} 172}
3 £ 01-
»n o & 4 » o 1
c = - —
25 \ g3 oo-
£ -0.04- 7 . £
£9 2
c LP +* . [=4 (?
2 op -01- .
0= =l oL
g5 008 £3
© 5 ]
o o
z . ' ' ' zZ 02 ; | :
0.05  0.10 0.15 0.20 01 02 03 04
SNP effect on || id:eqtl-a~ENSG00000204287 SNP effect on || id:eqtl-a~ENSG00000070882
c MR Test D MR Test
Inverse variance weighted Weighted median Inverse variance weighted Weighted median
~ MR Egger ~ Weighted mode .~ MR Egger .~ Weighted mode
2 N
@ »
3 d @ 0.15-
% P 0.06 % 3
03 © & 0.10- !
5 £3
38 0.03- 83
£2 c
20 <+ 0.05-
T O 5 A
t9 0.00- L3 : '
S& § 5 0.00-—
35 85 .
55 -0.03- $35-0.05-
5 0.1 0.2 4 01 0.2 0.3 0.4
SNP effect on || id:eqtl-a—~ENSG00000100599 SNP effect on || id:eqtl~a-~ENSG00000135655
E F
rs56258221- rs117122959 - 1 1 T
rs13164856- 12523090 - i S N
rs9273500- :
rs17150208 - —_—
rs6906662-
1$13330176 rs34105255-
All- All- —
-06 -04 -02 00 -0.4 -02 0.0 0:2
MR leave-one-out sensitivity analysis for . MR leave-one-out sensitivity analysis for
' || id:eqti-a~ENSG00000204287' on 'Parkinson's disease || id:eqti-a—ENSG00000070882' on 'Parkinson's disease
|| id:ebi-a—GCST90018894' || id:ebi-a—GCST90018894'
G H
rs9672040 - _— rs11836268-
rs17783630 - rs4763024 -
rs11627586 - SN T S — re73116025-
rs6882076 -
| S e S —
rs56098110 rs56388170 -
LI esh —T 7 T rs149110519 -
rs1354034 - B ——— 2639735 -
All - _ All - ;
L L 1 g U U
0.0 0.2 0.4 -0.1 0.0 0.1 0.2
) MR leave-one-out sensitivity analysis for ) MR leave—one—out sensitivity analysis for
' || id:eqtl-a-ENSG00000100599' on "Parkinson's disease '|| id:eqti-a-ENSG00000135655' on 'Parkinson's disease
|| id:ebi-a—GCST90018894' || id:ebi-a-GCST90018894'

Figure 2. Two-sample MR evaluating associations between PD risk and genetically predicted expres-
sion of candidate genes. (A-D) MR scatter plots showing SNP effect sizes on gene expression exposure
against SNP effect sizes on PD risk outcome for HLA-DRA, OSBPL3, RIN3, and USP15. Fitted lines for
IVW, weighted median, weighted mode, and MR-Egger models are displayed. (E-H) Leave-one-out
sensitivity analysis forest plots for the four genes. Each row represents an MR effect estimate omitting
one instrumental-variable SNP; the “All” row denotes the overall incorporation of all IVs, testing for
bias driven by a single outlier instrumental variable.
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Figure 3. eQTL-reverse-GWAS colocalization analysis. (A) eQTL-GWAS colocalization for HLA-
DRA (rs72844253), OSBPL3 (rs2717889), RIN3 (rs11624987), and USP15 (rs1920099). Each panel
includes scatter plots of GWAS versus cis-eQTL-log10(p) and locus-specific regional Manhattan plots
highlighting the lead co-localized variant for each gene. (B) Reverse-MR forest plot showing IVW-
derived B with 95% confidence intervals; B, effect on gene expression per unit increase in log-odds
of PD liability.

HLA-DRA (Major Histocompatibility Complex, class II, DR Alpha) is located at the
MHC class IT locus on 6p21.3 and encodes the a subunit of HLA-DR class Il antigen molecule.
The HLA-DR complex is expressed on the surface of antigen-presenting cells, and interacts
with T-cell receptors to mediate antigen presentation, thereby regulating immune home-
ostasis in both the periphery and the central nervous system [16]. Specific HLA-DRA alleles
are associated with differential PD susceptibility: HLA-DRA*01:01:01 is protective, whereas
HLA-DRA*01:01:02 is associated with increased PD risk [17,18]. HLA-DRA also facilitates
vesicle-mediated a-synuclein release, with PD risk-associated variants showing greater
export capacity [19]. The observed upregulation of HLA-DRA in PD PVMs may therefore
indicate enhanced antigen presentation and x-synuclein-associated immune responses.

RIN3 (Ras and Rab interactor 3) encodes a Rab5-specific guanine nucleotide exchange
factor involved in early endocytic trafficking and protein clearance [20,21]. In PD, RIN3
hypomethylation in peripheral blood is associated with mild cognitive impairment, and its
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expression is enriched in disease-associated microglia [21,22]. Given that endolysosomal
sorting and Rab GTPase signaling are established contributors to PD pathogenesis, its
upregulation in PVMs may reflect altered Rab5-dependent endosomal trafficking and
protein clearance, potentially contributing to innate immune dysfunction [23,24].

OSBPL3 (oxysterol-binding protein-like 3) encodes a lipid-transfer protein involved in
intracellular cholesterol transport and lipid homeostasis [25]. Although OSBPL3 is report-
edly downregulated in bulk PD brain tissue [26], we observed its upregulation in PD PVMs,
indicating cell-type-specific regulation. This increase may reflect altered lipid metabolism or
IRE1/RIDD signaling and contribute to PVM-mediated neuroinflammation [27-29]. Collec-
tively, these findings implicated dysregulated antigen presentation, endosomal trafficking,
and lipid homeostasis in PVM dysfunction in PD.

2.4. Functional Analyses Link Prioritized PD-Associated Genes to Immune, Metabolic, and
Proteostatic Pathways

To further investigate biological mechanisms associated with the prioritized genes, we
performed GSEA and GSVA based on HLA-DRA, OSBPL3, and RIN3 expression. GSEA
showed that genes correlated with the three candidates were enriched in proteostasis- and
metabolism-related pathways. Genes positively associated with HLA-DRA were enriched
in the proteasome, pyruvate metabolism, and RNA degradation pathways (Figure 4A,B).
Both OSBPL3 and RIN3 exhibited shared enrichment for proteasome-related pathways,
together with protein export and collecting duct acid secretion pathways (Figure 4A,B),
suggesting potential roles in intracellular protein processing and proteostasis regulation.
GSVA further demonstrated gene-specific pathway alterations: HLA-DRA was linked to
immune activation and complement signaling, OSBPL3 correlated with mTOR-related
metabolic regulation and mitochondrial pathways and RIN3 associated with inflammatory
signaling and oxidative stress responses (Figure 4C). Together, these findings suggest that
HLA-DRA, OSBPL3, and RIN3 may contribute to PD pathogenesis through regulation of
protein homeostasis, neuroimmune activation, and metabolic dysfunction.

2.5. MR-Prioritized PD-Associated Genes Are Associated with the Immune Context of the PD
Substantia Nigra

To further characterize the regulatory context of HLA-DRA, OSBPL3, and RIN3, we per-
formed motif-based transcription factor enrichment analysis. Multiple enriched motifs and
their corresponding transcription factors were identified. The top five annotated TFs span
three classes: NKX2-1, NKX2-8, and NKX2-4 (NKX2 homeobox), MEIST (TALE-homeobox),
and ZBTB12 (BTB/POZ zinc-finger). NKX2-family factors each target all three candidate
genes, suggesting potential shared upstream transcriptional regulation (Figure 5A,B). We
next investigated their immune context through immune cell deconvolution and correlation
analyses. PD patients exhibited distinct immune landscape alterations, with a significant
reduction in activated NK cells, whereas other immune populations showed no marked
changes (Figure 5C,E). Correlation analysis revealed extensive immune network remodeling
involving macrophage, T-cell, B-cell, and granulocyte populations (Figure 5D). Furthermore,
HLA-DRA, OSBPL3 and RIN3 expression was broadly associated with diverse immune
cell states, including lymphoid and myeloid populations (Figure 5F), suggesting that these
genes are embedded within a complex immune regulatory network. Collectively, these
findings link PD genetic susceptibility with immune landscape remodeling and provide
additional evidence for immune dysregulation in PD pathogenesis.
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Figure 4. Pathway-level enrichment analyses for PD candidate genes using GSEA and GSVA.
(A) GSEA running-score plots for HLA-DRA, OSBPL3, and RIN3, illustrating enrichment profiles of
representative hallmark pathways. (B) Circus plots depicting the gene—pathway interaction relation-
ships inferred from GSEA results of the three candidate genes. (C) GSVA comparison of pathway
activity between high- and low-expression groups for each gene. Horizontal bars show t-statistics
derived from GSVA scores. Blue, green, and grey bars indicate significantly upregulated, significantly
downregulated, and non-significant pathways, respectively.
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Figure 5. Transcription-factor regulatory profiling of candidate genes and immune cell infiltration
analysis in the PD microenvironment. (A) Cis-target motif enrichment for HLA-DRA, OSBPL3, and
RIN3, listing motif metrics and target genes. (B) Predicted regulatory network between candidate
genes and upstream transcription factors. Red polygons indicate target genes; green ellipses indicate
transcription factors. (C) Stacked bar graph showing relative proportions of 22 immune cell subtypes
in control and disease groups. (D) Heatmap of pairwise correlations among 22 immune cell subsets.
(E) Heatmap of pairwise correlations among 22 immune cell subsets. (F) Heatmap displaying
correlation coefficients between candidate-gene expression and immune cell abundance. (D-F) use
the same legend as (C) for explanation. ns, not significant; * p < 0.05; ** p < 0.01.

2.6. MR-Prioritized PD Susceptibility Genes Define Disease-Associated PVM States

To determine the cellular localization and dynamic regulation of MR-prioritized PD
susceptibility genes, we integrated single-cell expression profiling with pseudotime trajec-
tory analysis of HLA-DRA, OSBPL3 and RIN3. UMAP visualization and dot plot analyses
revealed that these genes were preferentially expressed in PVMs compared with other
brain cell types (Figure 6A,B). To further explore PVM state transitions in PD, we used
Monocle to order PVM cells according to pseudotime based on their transcriptional profiles.
Using the earliest PVM state as the root, cells were ordered along a transcriptional contin-
uum (Figure 6C). PD and control PVMs showed differential occupancy along the inferred
transcriptional trajectory (Figure 6C), suggesting altered PVM state progression in PD.
Differential expression analysis across pseudotime states identified transition-associated
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gene programs (Supplementary Figure S3). Notably, HLA-DRA, OSBPL3 and RIN3 showed
dynamic expression patterns along the trajectory, linking genetically prioritized PD suscepti-
bility genes to disease-associated PVM state remodeling (Figure 6D). Collectively, single-cell
profiling and pseudotime analysis demonstrate that HLA-DRA, OSBPL3 and RIN3 are prefer-
entially localized to PVMs and associated with PD-related PVM transcriptional state remod-
eling, suggesting their potential involvement in PD-associated neuroimmune alterations.
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Figure 6. Single-cell expression and pseudotime trajectory analysis of the three prioritized PD
candidate genes. (A) UMAP feature plot showing single-cell expression patterns of HLA-DRA,
OSBPL3, and RIN3 across midbrain cell populations. (B) Dot plot displaying average expression and
the percentage of cells expressing each candidate gene across annotated midbrain cell types. Dot
size corresponds to the fraction of expressing cells; color intensity denotes mean gene expression.
(C) Pseudotime trajectories reconstructed from human midbrain snRNA-seq data. Cells are colored
by pseudotime (left) or disease status (control versus PD, right). (D) Dynamic gene expression
profiles of HLA-DRA, OSBPL3, and RIN3 along the inferred pseudotime axis for control and disease
groups. Black lines represent smoothed trend curves of gene expression.
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2.7. Vialidation of HLA-DRA, OSBPL3, and RIN3 Alterations in Rotenone-Induced In Vivo and In
Vitro PD Models

To validate expression of prioritized genes in experimental PD models, we established
rotenone-induced in vivo and in vitro PD-like models. Rotenone-treated mice exhibited
reduced locomotor activity in the open-field test (Figure 7A,B), decreased latency to fall
in the rotarod test (Figure 7C), prolonged pole descent time (Figure 7D), and impaired
spontaneous alternation performance in the Y-maze (Figure 7E), confirming the induction of
PD-like behavioral deficits. qRT-PCR analysis of substantia nigra tissues showed that Osbpl3
and Rin3 were significantly upregulated, whereas H2-Ea (mouse orthologous gene of the
human HLA-DRA gene) expression was undetectable (Figure 7EG). We further examined
these genes in cultured PVM-like cells exposed to rotenone. Consistently, rotenone treatment
increased Osbpl3 and Rin3 expression (Figure 7H-J). Together, these findings indicate that
RIN3 and OSBPL3 exhibited disease-associated dysregulation consistent with the direction
of alteration observed in single-cell analyses.
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Figure 7. Molecular validation of key genes in PD mouse model and cell lines. (A) Schematic
diagram of mouse PD model construction. (B) Total distance traveled by mice in the open-field
test. (C) Latency to fall of the rotating rod test. (D) Climbing times of the climbing rod test.
(E) Spontaneous alternation rate of the Y-maze test. (F,G) Relative mRNA levels of Osbpl3 and
Rin3 in the substantia nigra of CON and PD mice. (H) Workflow for establishing the in vitro rotenone-
treated neuronal PD model. (I]J) Relative mRNA levels of Osbpl3 and Rin3 in ROT-treated PVM-like
and NC cells; CON: control mice; NC: negative control. * p < 0.05, ** p < 0.01, *** p < 0.001.
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3. Discussion

PD is characterized by concurrent neurovascular impairment and neuroimmune dys-
regulation, in which PVMs serve as a critical bridge linking cerebrovascular homeostasis
and immune responses [30]. Recent single-cell and single-nucleus transcriptomic studies
have revealed cell-type-specific alterations in dopaminergic neurons, microglia, astrocytes,
and vascular cells, highlighting the multicellular nature of PD pathology [31-33]. However,
the disease-specific transcriptional remodeling of PVMs and their genetic contribution to PD
pathogenesis remain insufficiently elucidated. Here, by integrating human midbrain snRNA,
bulk substantia nigra transcriptomics, MR, colocalization analysis, and experimental vali-
dation, we identified PVMs as a potentially important neurovascular immune population
in PD and prioritized HLA-DRA, OSBPL3, and RIN3 as genetically supported candidate
genes associated with PD-related PVM states. These findings provide convergent evidence
linking PD genetic susceptibility to PVM-associated neurovascular immune remodeling.

PVM-upregulated genes were enriched in inflammatory response, IL-6-JAK-STAT3
signaling, complement activation, and antigen-presentation-related pathways, consistent
with the reported involvement of BAMs in a-synuclein-associated immune responses [34].
Inferred communication between PVMs and endothelial cells or pericytes, together with
enrichment of focal adhesion and adherens junction pathways, further suggests that PVMs
may participate in neurovascular remodeling in the PD midbrain [35,36]. Nevertheless,
these interactions require spatial and functional validation.

MR analysis showed that higher HLA-DRA expression was associated with a lower
risk of PD, whereas higher OSBPL3 and RIN3 expression was associated with increased risk.
Colocalization analysis further supported the possibility that gene expression and PD GWAS
signals share a common genetic basis, while reverse MR provided no clear evidence that PD
genetic liability influenced the expression of these three genes. These findings support the
prioritization of the three genes but do not eliminate potential pleiotropy or residual genetic
confounding. Importantly, the instrumental variables were derived from blood cis-eQTL
data, whose regulatory effects may not fully reflect those operating in the midbrain or PVMs.
Therefore, these results should not be interpreted as evidence of PVM-specific causality
and require validation using brain- or myeloid-cell-specific regulatory datasets.

The three candidate genes may represent complementary aspects of PD-associated
PVM dysfunction. HLA-DRA mediates MHC class II-mediated antigen presentation and
local adaptive immunity [37], though its inverse association with PD risk implies context-
dependent effects. OSBPL3 regulates lipid transport and membrane organization and may
contribute to the metabolic adaptation of PVMs [38], and RIN3 controls Rab-dependent
endosomal-trafficking phagolysosomal homeostasis [39]. Functional enrichment and pseu-
dotime analyses linked these genes to immune, metabolic, and proteostatic programs;
immune deconvolution revealed a selective reduction in activated NK cell signatures rather
than broad immune cell remodeling. Consistent with a shared regulatory basis, the pre-
dicted upstream regulators span three TF classes. NKX2-1, NKX2-8, and NKX2-4 (NKX2
homeobox) each target all three genes, identifying NKX2 factors as the dominant shared
regulators; a PD-associated SNCA variant (rs7684318) is predicted to reduce NKX2-family
bindingin the midbrain, putamen, and caudate, implicating NKX2-driven SNCA regulation
in dopaminergic dysfunction [40]. MEIS1 (TALE-homeobox) also targets all three genes
and, as a risk gene regulating dopaminergic and iron-metabolic functions in substantia
nigra neurons, supports shared neurodegenerative mechanisms with PD [41]. ZBTB12
(BTB/POZ zinc-finger) targets only HLA-DRA and OSBPL3, suggesting a gene-specific
regulatory layer. However, these findings remain correlational. Pseudotime does not
represent actual temporal progression, and the LM22 matrix cannot distinguish PVMs
from microglia or other brain-resident myeloid cells. The predicted regulators are likewise
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sequence-based inferences requiring validation. Thus, these analyses support coordinated
immuno-metabolic remodeling of PVMs in PD but do not establish pathway activation,
PVM-specific abundance changes, or causal regulatory relationships.

Osbpl3 and Rin3 were consistently upregulated in rotenone-induced in vivo and in vitro
models, providing cross-system support for their PD-associated expression changes. How-
ever, because rotenone induces mitochondrial complex I inhibition, oxidative stress, and
cellular injury [42,43], these alterations may reflect pathogenic susceptibility, downstream
stress responses, or compensatory adaptation. Moreover, the experimental measurements
were not PVM-specific. PVM-targeted perturbation and rescue experiments, combined with
PVM-endothelial cell or PVM-dopaminergic neuron coculture, will therefore be required
to determine their effects on barrier integrity, inflammation, phagocytosis, and neuronal
survival. Because the selected murine MHC class Il readout was below the reliable detection
limit, the HLA-DRA-associated antigen-presentation program should be evaluated using
additional murine MHC class II markers or human PVM-like cellular systems.

This study integrated human midbrain single-nucleus transcriptomics, genetic causal
inference, bulk transcriptomic validation, and experimental PD models to characterize PVM-
associated molecular alterations and prioritize candidate genes. However, several limitations
should be acknowledged. First, the single-nucleus transcriptomic dataset contained a limited
number of postmortem samples, and the markers used to annotate PVMs, including CSFIR,
C1QB, and CD163, may overlap with other BAM and myeloid-cell states. Second, the MR
analyses relied on blood-derived cis-eQTLs and therefore could not establish brain- or PVM-
specific genetic effects. Third, cell-cell communication, pathway enrichment, motif analysis,
immune deconvolution, and pseudotime reconstruction were computational inferences
that require spatial and functional validation. Fourth, bulk transcriptomic data could not
distinguish altered cellular composition from cell-intrinsic transcriptional changes. Finally,
although Osbpl3 and Rin3 expression changes were reproduced in experimental PD models,
these analyses were not PVM-specific, did not include direct genetic perturbation or rescue
experiments, and did not confirm protein-level change.

4. Materials and Methods
4.1. Single-Nucleus RNA Sequencing and Bioinformatic Analysis
4.1.1. Data Collection and Preprocessing

Human midbrain snRNA-seq data were obtained from the GEO database (https:
//www.ncbinlm.nih.gov/geo/ (accessed on 20 September 2024)), including dataset
GSE157783 with 11 samples (5 PD and 6 normal controls), which was generated from
postmortem tissue and is well suited to preserving PVMs [44,45]. Bulk substantia nigra
transcriptomic data from GSE20292 (GPL96 platform; 11 PD and 18 controls) were used for
immune infiltration analysis.

The snRNA-seq expression matrix was processed using the R (v4.3.0) and Seu-
rat package (v4.3.0). Cells were filtered based on quality metrics including nFea-
ture_RNA, nCount_RNA, mitochondrial transcript proportion (percent.mt), and ribosomal
transcript proportion (percent.ribo) [46]. Cells with nFeature_RNA < 1000 or >5500,
nCount_RNA < 1000 or >60,000, and percent.mt > 5% were excluded, and additional out-
liers were removed using a 3-median absolute deviation (MAD) criterion [47]. Doublets
were identified and removed using DoubletFinder (v2.0.4).

The filtered datasets were normalized using NormalizeData, followed by identifica-
tion of 2000 highly variable genes (HVGs) using Find VariableFeatures and scaling with
regression of mitochondrial, ribosomal, and cell-cycle effects. PCA was performed, and
the first 20 principal components were used for downstream analysis. Batch effects were
corrected using Harmony (v1.1.0) with sample identity as the integration variable. UMAP
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visualization and graph-based clustering were performed using FindNeighbors and Find-
Clusters with a resolution of 0.2. Cell types were annotated based on canonical marker
genes, the CellMarker and PanglaoDB databases, published literature, and SingleR (v2.4.0)
prediction [48].

For differential expression analysis, cell-level differential expression was performed
using Seurat FindMarkers (Wilcoxon rank-sum test) and is reported as exploratory, as
nuclei from the same donor are not independent observations. To account for this nested
structure, a donor-level pseudobulk analysis was additionally performed using limma-
voom (v3.58.1), in which PVM counts were aggregated within each donor and donors were
treated as the biological replicates (5 PD vs. 6 controls), thereby collapsing nuclei into one
observation per donor. Multiple testing was corrected using the Benjamini—Hochberg
procedure (FDR < 0.05). The number of PVM nuclei retained per donor after quality
control is summarized in Table S1; no additional minimum-nuclei threshold was imposed,
as donor-level aggregation renders the analysis robust to uneven nuclei numbers. Marker
genes for each cell subpopulation were identified using the Find AllMarkers function with
thresholds of avg_log2FC > 1 and p_val_adj < 0.05, and the top five markers with the
highest fold change were visualized using MarkerVolcano.

4.1.2. Cell-Cell Communication and Functional Enrichment Analysis

Cell—cell communication analysis was performed using CellChat (v1.6.1) to infer
ligand-receptor-transcription factor (L-R-TF) signaling networks based on gene expression
profiles. Pathway enrichment analysis was conducted using GSEA and GSVA (v1.50.0).
GSEA was performed using MSigDB gene sets (v7.0) with genes ranked according to
differential expression statistics, and pathways with adjusted p < 0.05 were considered sig-
nificant. GSVA was applied to quantify sample-level pathway activity based on predefined
gene sets [49-52].

4.1.3. Transcriptional Regulation and Immune Infiltration Analysis

Transcription factor activity was inferred using RcisTarget (v1.19.2) based on motif
enrichment analysis. Motif-associated gene set enrichment was evaluated using the area
under the recovery curve (AUC), and motifs with NES > 3 were considered significantly
enriched. Immune cell composition was estimated using CIBERSORT (original web version,
http://cibersort.stanford.edu/) based on the LM22 signature matrix containing 547 immune
marker genes. The relative abundance of 22 immune cell subsets was inferred from bulk
substantia nigra transcriptomic profiles, followed by correlation analysis between candidate
genes and immune cell fractions [53].

4.1.4. Pseudotime Trajectory Analysis
Cell-state transitions were investigated using Monocle3 (v2.30.0) pseudotime trajectory
analysis. Cells were ordered along transcriptional trajectories based on gene expression

similarity, and dynamic gene expression changes associated with cellular state transitions
were identified [54,55].

4.2. Mendelian Randomization
4.2.1. MR Study Design

A two-sample MR framework was used to evaluate the causal effects of genetically
predicted gene expression on PD susceptibility. Blood-derived cis-eQTL summary statis-

tics were used as exposure datasets, and PD GWAS summary statistics were used as
outcome datasets.
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4.2.2. eQTL and PD GWAS Data Source

Blood-derived cis-eQTL summary statistics were obtained from the eQTLGen Con-
sortium (https://www.eqtlgen.org), including SNP identifiers, genomic positions, effect
alleles, effect sizes (PB), standard errors, and effect allele frequencies. PD GWAS summary
statistics were obtained from the IEU OpenGWAS database (ID: ebi-a-GCST90018894),
including 2638 PD cases and 477,380 controls.

4.2.3. Instrument Selection

For each candidate gene, SNPs associated with gene expression were selected as
instrumental variables (IVs) using a locus-wide significance threshold (p < 1 x 107°). In-
dependent genetic instruments were obtained through LD clumping (r*> < 0.001, window
size = 10,000 kb), and instrument strength was assessed using F-statistics (F > 10). Causal
estimates were primarily derived using the inverse-variance-weighted (IVW) method,
with MR-Egger regression, weighted median, and weighted mode analyses performed as
sensitivity approaches. For genes with a single available IV, the Wald ratio method was
applied [56]. The p < 1 x 10~° threshold was applied solely for instrument selection and
does not correct the gene-level tests. Eighteen genes with valid cis-eQTL instruments were
tested by IVW Mendelian randomization, and gene-level p values are reported unadjusted
(Table S2). Candidates were prioritized by sensitivity analyses (MR-Egger, weighted me-
dian, leave-one-out) and colocalization rather than by nominal significance. No association
is claimed to reach genome-wide or FDR-level significance, and replication in independent
cohorts is required.

4.2.4. Sensitivity Analysis

The robustness of MR estimates was assessed using Cochran’s Q test for heterogeneity,
MR-Egger intercept analysis for horizontal pleiotropy, and leave-one-out analysis to evaluate
the influence of individual SNPs on causal estimates [57-59].

4.2.5. Colocalization Analysis

Bayesian colocalization analysis was performed using the coloc (v5.2.3) framework
by integrating cis-eQTL and PD GWAS summary statistics to determine whether gene
expression and PD susceptibility shared causal variants. Posterior probabilities were cal-
culated within a 100 kb genomic region surrounding the lead SNP across five hypotheses
(PP.HO-PP.H4). PP.H3 indicates association of both traits with distinct causal variants,
whereas PP.H4 represents a shared causal variant. A PP.H4 > 0.90 was considered strong
evidence of colocalization [60,61]. Default prior probabilities of p1l = p2 =1 x 10~ and
p12 =1 x 10~ were used (Table S3).

4.3. Statistical Analysis

All statistical analyses were performed using R software version 4.3.0. For MR analyses,
causal inference was based on three core assumptions: relevance of genetic instruments to
exposure, independence from potential confounders, and exclusion of alternative pathways
between instruments and outcomes [62]. All statistical tests were carried out using a
two-sided test, and p < 0.05 was considered statistically significant.

4.4. Animals

Male C57BL/6] mice (8-10 weeks old) were obtained from the Laboratory Animal
Center of Shanxi Medical University and housed under standard conditions (22 + 2 °C,
12 h light/dark cycle). All procedures were approved by the Institutional Animal Care
and Use Committee of Shanxi Medical University (Approval No. SYXK-2024-0007) and
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performed according to NIH guidelines. Mice were randomly divided into two groups
(n = 6/group). The rotenone group received daily oral gavage of rotenone (20 mg/kg) for
28 days, while the control group received an equal volume of vehicle (DMSO, Tween-80, and
PEG-300 in PBS). Behavioral tests were performed during the fourth week. Mice were then
anesthetized with isoflurane (2% induction, 1% maintenance in oxygen) and euthanized
for brain tissue collection.

4.5. Behavioral Experiments
4.5.1. Open-Field Test

The open-field test was performed to assess spontaneous locomotor activity. Mice
were placed in the center of the arena and monitored for 5 min using a video-tracking
system (SMART v3.0; Bioseb, Vitrolles, France). Total distance traveled was analyzed as an
indicator of locomotor activity.

4.5.2. Rotarod Test

Motor coordination was assessed using an accelerating rotarod (ZB-200; Chengdu
Taimeng Software Co., Ltd., Chengdu, China). Mice were placed on the rotating rod, with
the speed gradually increased from 4 to 40 rpm over 5 min, and latency to fall was recorded.
Mice were trained for 3 consecutive days before testing, and the average latency from three
trials was used for statistical analysis.

4.5.3. Pole Test

Mice were placed on the top of a vertical wooden pole (50 cm in length and 1 cm in
diameter) with a spherical top (2.5 cm in diameter) and allowed to descend freely (SA111;
Jiangsu SANS Biological Technology Co., Ltd., Nanjing, China). The time required to reach
the base of the pole was recorded. Each mouse underwent five trials, and the mean descent
time was calculated for statistical analysis.

4.5.4. Y-Maze

Y-maze test was performed to assess spatial working memory. Mice were placed in the
center of a Y-shaped maze (XR-XY1032; Shanghai Xinruan Information Technology Co.,
Ltd., Shanghai, China) with three arms positioned at 120° and allowed to explore freely
for 5 min. Arm entries and spontaneous alternations were recorded, and the alternation
percentage was calculated.

4.6. Cell Culture

RAW264.7 macrophages (HySigen Biosciences, Suzhou, China, Cat#TCM-C766) were
used as an in vitro macrophage model due to the lack of a well-characterized immortalized
PVM cell line. RAW264.7 mouse macrophages were cultured in DMEM (Gibco, New
York, NY, USA, Cat#C11995500BT) supplemented with 10% FBS (10099-141C) and 1%
penicillin-streptomycin (Solarbio, Beijing, China, Cat#P1400) at 37 °C in a humidified 5%
CO, incubator (Thermo Fisher Scientific, Waltham, MA, USA). Cells were treated with
rotenone (final concentration: 10 yM) for 18 h and then collected for qRT-PCR analysis.

4.7. Quantitative Real-Time PCR

Total RNA was extracted from brain tissues and cultured cells using RNAiso Plus
(Takara, Shiga, Japan; Cat#9109) and reverse-transcribed into cDNA using the PrimeScript
RT reagent kit (Takara, Shiga, Japan; Cat#RR047A). qRT-PCR was performed using the
TB Green PCR reagent system (Takara, Shiga, Japan; Cat#RR820A), and relative gene
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expression was calculated using the 22 —AACt method with Actb as the internal control.
Primer (synthesized by BGltech, Shenzhen, China) sequences are listed in Table S4.

5. Conclusions

This study identifies PVMs as a potentially important component of neurovascular
immune remodeling in PD and prioritizes HLA-DRA, OSBPL3, and RIN3 as candidate
genes associated with distinct PVM-related processes, including antigen presentation, lipid
metabolism, and endosomal trafficking. These findings provide an integrative cellular
and molecular framework for investigating PVM dysfunction in PD, while PVM-specific
functional studies are required to establish the causal roles and therapeutic relevance of
these genes.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijms27219688/s1.

Author Contributions: This study was designed and conceived by Z.W., K.-L.L. and W.C. In vitro
experiments were performed by Z.W., M.W. and Z.L. In vivo experiments were conducted by Z.L. and
L.L. provided technical and material support. K.-L.L., L.L. and W.C. supervised the project. Z.W. and
Z.L. drafted the manuscript. M.W., L.L., K.-L.L. and W.C. contributed to critical review and revision
of manuscript. All authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the National Natural Science Foundation of China [82603059]
and the China Postdoctoral Science Foundation [2025M781387].

Institutional Review Board Statement: All animal experiments complied with the regulations and
guidelines of the ARRIVE Guidelines 2.0. (PLoS Bio 8(6), €1000412,2010). The protocols were
approved by the Animal Research Ethics Committee at the Shanxi Medical University (Approval No.
SYXK-2024-0007, approved on 10 March 2026).

Informed Consent Statement: Not applicable.

Data Availability Statement: The publicly available human midbrain snRNA-seq (GSE157783) and
human substantia nigra bulk transcriptomic (GSE20292) data were obtained from the NCBI GEO
database. As both are de-identified and publicly available, their secondary reanalysis was exempt
from additional ethics approval under the regulations of the Ethics Committee of Shanxi Medical
University. All datasets generated and analyzed during this study are included in this article and
its Supplementary Materials. Further information is available from the corresponding authors upon
reasonable request. The original code used for data processing and analysis is openly available on
GitHub at https://github.com /bioinfo-Li/Single-cell-and-Mendelian-randomization (accessed on
17 October 2026).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Tolosa, E.; Garrido, A.; Scholz, S.W.; Poewe, W. Challenges in the diagnosis of Parkinson’s disease. Lancet Neurol. 2021, 20, 385-397.
[CrossRef] [PubMed |

2. Xu, T.; Dong, W,; Liu, J.; Yin, P; Wang, Z.; Zhang, L.; Zhou, M. Disease burden of Parkinson’s disease in China and its provinces
from 1990 to 2021: Findings from the global burden of disease study 2021. Lancet Reg. Health West. Pac. 2024, 46, 101078.
[CrossRef] [PubMed]

3. Li, M.; Ye, X.; Huang, Z.; Ye, L.; Chen, C. Global burden of Parkinson’s disease from 1990 to 2021: A population-based study. BM]
Open 2025, 15, €095610. [CrossRef] [PubMed]

4. Su, D,; Cui, Y,; He, C; Yin, P; Bai, R;; Zhu, ]J.; Lam, ].5.T,; Zhang, J.; Yan, R.; Zheng, X.; et al. Projections for prevalence of
Parkinson’s disease and its driving factors in 195 countries and territories to 2050: Modelling study of Global Burden of Disease
Study 2021. BMJ 2025, 388, e080952. [CrossRef] [PubMed ]

5. Wang, C.; Yang, T.; Liang, M.; Xie, J.; Song, N. Astrocyte dysfunction in Parkinson’s disease: From the perspectives of transmitted

x-synuclein and genetic modulation. Transl. Neurodegener. 2021, 10, 39. [CrossRef] [PubMed]

https://doi.org/10.3390/ijms27219688


https://www.mdpi.com/article/10.3390/ijms27219688/s1
https://www.mdpi.com/article/10.3390/ijms27219688/s1
https://github.com/bioinfo-Li/Single-cell-and-Mendelian-randomization
https://doi.org/10.1016/s1474-4422(21)00030-2
https://www.ncbi.nlm.nih.gov/pubmed/33894193
https://doi.org/10.1016/j.lanwpc.2024.101078
https://www.ncbi.nlm.nih.gov/pubmed/38745974
https://doi.org/10.1136/bmjopen-2024-095610
https://www.ncbi.nlm.nih.gov/pubmed/40288800
https://doi.org/10.1136/bmj-2024-080952
https://www.ncbi.nlm.nih.gov/pubmed/40044233
https://doi.org/10.1186/s40035-021-00265-y
https://www.ncbi.nlm.nih.gov/pubmed/34657636
https://doi.org/10.3390/ijms27219688

Int. J. Mol. Sci. 2026, 27, 9688 18 of 20

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Choi, I.; Zhang, Y.; Seegobin, S.P.; Pruvost, M.; Wang, Q.; Purtell, K.; Zhang, B.; Yue, Z. Microglia clear neuron-released x-synuclein
via selective autophagy and prevent neurodegeneration. Nat. Commun. 2020, 11, 1386. [CrossRef] [PubMed ]

Serrats, J.; Schiltz, J.C.; Garcfa-Bueno, B.; van Rooijen, N.; Reyes, T.M.; Sawchenko, P.E. Dual roles for perivascular macrophages in
immune-to-brain signaling. Neuron 2010, 65, 94-106. [CrossRef] [PubMed ]

Faraco, G.; Park, L.; Anrather, J.; Iadecola, C. Brain perivascular macrophages: Characterization and functional roles in health and
disease. J. Mol. Med. 2017, 95, 1143-1152. [CrossRef] [PubMed ]

Masuda, T.; Amann, L.; Monaco, G.; Sankowski, R.; Staszewski, O.; Krueger, M.; Del Gaudio, F.; He, L.; Paterson, N.; Nent, E.;
et al. Specification of CNS macrophage subsets occurs postnatally in defined niches. Nature 2022, 604, 740-748. Correction in
Nature 2022, 610, E1. https://doi.org/10.1038/s41586-022-04596-2. [CrossRef] [PubMed ]

Zhan, X.; Wang, S.; Béchet, N.; Gouras, G.; Wen, G. Perivascular macrophages in the central nervous system: Insights into their
roles in health and disease. Cell Death Dis. 2025, 16, 350. [CrossRef] [PubMed |

Kovacs, G.G.; Breydo, L.; Green, R;; Kis, V.; Puska, G.; Lérincz, P.; Perju-Dumbrava, L.; Giera, R.; Pirker, W.; Lutz, M.; et al.
Intracellular processing of disease-associated x-synuclein in the human brain suggests prion-like cell-to-cell spread. Neurobiol.
Dis. 2014, 69, 76-92. [CrossRef] [PubMed ]

Schonhoff, AM.; Figge, D.A.; Williams, G.P; Jurkuvenaite, A.; Gallups, N.J.; Childers, G.M.; Webster, ].M.; Standaert, D.G.;
Goldman, J.E.; Harms, A.S. Border-associated macrophages mediate the neuroinflammatory response in an alpha-synuclein
model of Parkinson disease. Nat. Commun. 2023, 14, 3754. [CrossRef] [PubMed ]

Rafi, FR.; Heya, N.R.; Hafiz, M.S,; Jim, ].R.; Kabir, M.M.; Mridha, M.F. A systematic review of single-cell RNA sequencing
applications and innovations. Comput. Biol. Chem. 2025, 115, 108362. [CrossRef] [PubMed ]

Sanderson, E.; Glymour, M.M.; Holmes, M.V.; Kang, H.; Morrison, J.; Munafo, M.R.; Palmer, T.; Schooling, C.M.; Wallace, C.;
Zhao, Q.; et al. Mendelian randomization. Nat. Rev. Methods Primers 2022, 2, 6. [CrossRef] [PubMed ]

Hu, X.; Cai, M.; Xiao, J.; Wan, X.; Wang, Z.; Zhao, H.; Yang, C. Benchmarking Mendelian randomization methods for causal
inference using genome-wide association study summary statistics. Am. J. Hum. Genet. 2024, 111, 1717-1735. [CrossRef]
[PubMed ]

Majumder, P.; Gomez, J.A.; Boss, ].M. The human major histocompatibility complex class I HLA-DRB1 and HLA-DQA1 genes
are separated by a CTCF-binding enhancer-blocking element. J. Biol. Chem. 2006, 281, 18435-18443. [CrossRef] [PubMed]
Kulski, ].K.; Suzuki, S.; Shiina, T.; Pfaff, A.L.; Kdks, S. Regulatory SVA retrotransposons and classical HLA genotyped-transcripts
associated with Parkinson’s disease. Front. Immunol. 2024, 15, 1349030. [CrossRef] [PubMed]

Ahmed, I.; Tamouza, R.; Delord, M.; Krishnamoorthy, R.; Tzourio, C.; Mulot, C.; Nacfer, M.; Lambert, ].C.; Beaune, P.; Laurent-
Puig, P; et al. Association between Parkinson’s disease and the HLA-DRB1 locus. Mov. Disord. 2012, 27, 1104-1110. [CrossRef]
[PubMed ]

Ozono, T.; Kimura, Y.; Suenaga, T.; Beck, G.; Jinno, J.; Aguirre, C.; Ikenaka, K.; Krainc, D.; Mochizuki, H.; Arase, H. Extracellular
transportation of x-synuclein by HLA class II molecules. Biochem. Biophys. Res. Commun. 2023, 644, 25-33. [CrossRef] [PubMed ]
Kajiho, H.; Saito, K.; Tsujita, K.; Kontani, K.; Araki, Y.; Kurosu, H.; Katada, T. RIN3: A novel Rab5 GEF interacting with
amphiphysin II involved in the early endocytic pathway. J. Cell Sci. 2003, 116, 4159-4168. [CrossRef] [PubMed ]

Yu, X; Zhu, K.; Wang, T.; Li, HY.; Zhang, X.; Zhong, X.; Wang, L. The Correlation Between RIN3 Gene Methylation and Cognitive
Impairment in Parkinson’s Disease. Neuropsychiatr. Dis. Treat. 2025, 21, 511-524. [CrossRef] [PubMed ]

Liu, Z; Liu, S.; Chang, Y.; Rong, J. From omics to function: Role of DNAJC13, RIN3, SERPINBY, SLC11A1, and TGFBR1 in
Parkinson’s disease-associated microglia. Eur. . Med. Res. 2026, 31, 579. [CrossRef]

Singh, PK.; Mugit, M.M.K. Parkinson’s: A Disease of Aberrant Vesicle Trafficking. Annu. Rev. Cell Dev. Biol. 2020, 36, 237-264.
[CrossRef] [PubMed ]

Martinez-Menarguez, J.; Martinez-Alonso, E.; Cara-Esteban, M.; Tomas, M. Focus on the Small GTPase Rab1: A Key Player in the
Pathogenesis of Parkinson’s Disease. Int. J. Mol. Sci. 2021, 22, 12087. [CrossRef] [PubMed]

Kentala, H.; Weber-Boyvat, M.; Olkkonen, V.M. OSBP-Related Protein Family: Mediators of Lipid Transport and Signaling at
Membrane Contact Sites. Int. Rev. Cell Mol. Biol. 2016, 321, 299-340. [CrossRef] [PubMed ]

Wang, L.; Tu, H,; Zeng, L.; Gao, R.; Luo, S.; Xiong, C. Identification and in silico Analysis of Nonsense SNPs of Human Colorectal
Cancer Protein. J. Oleo Sci. 2022, 71, 363-370. [CrossRef] [PubMed ]

Yan, D.; Lehto, M.; Rasilainen, L.; Metso, J.; Ehnholm, C.; Yla-Herttuala, S.; Jauhiainen, M.; Olkkonen, V.M. Oxysterol binding
protein induces upregulation of SREBP-1c and enhances hepatic lipogenesis. Arterioscler. Thromb. Vasc. Biol. 2007, 27, 1108-1114.
[CrossRef] [PubMed]

D’Souza, R.S.; Lim, J.Y,; Turgut, A,; Servage, K.; Zhang, J.; Orth, K.; Sosale, N.G.; Lazzara, M.].; Allegood, J.; Casanova, J.E.
Calcium-stimulated disassembly of focal adhesions mediated by an ORP3/IQSecl complex. eLife 2020, 9, e54113. [CrossRef]
[PubMed]

Gulyas, G.; Sohn, M.; Kim, Y.J.; Varnai, P; Balla, T. ORP3 phosphorylation regulates phosphatidylinositol 4-phosphate and Ca?*
dynamics at plasma membrane-ER contact sites. J. Cell Sci. 2020, 133, jcs237388. [CrossRef] [PubMed ]

https://doi.org/10.3390/ijms27219688


https://doi.org/10.1038/s41467-020-15119-w
https://www.ncbi.nlm.nih.gov/pubmed/32170061
https://doi.org/10.1016/j.neuron.2009.11.032
https://www.ncbi.nlm.nih.gov/pubmed/20152116
https://doi.org/10.1007/s00109-017-1573-x
https://www.ncbi.nlm.nih.gov/pubmed/28782084
https://doi.org/10.1038/s41586-022-04596-2
https://doi.org/10.1038/s41586-022-04596-2
https://www.ncbi.nlm.nih.gov/pubmed/35444273
https://doi.org/10.1038/s41419-025-07592-2
https://www.ncbi.nlm.nih.gov/pubmed/40295513
https://doi.org/10.1016/j.nbd.2014.05.020
https://www.ncbi.nlm.nih.gov/pubmed/24878508
https://doi.org/10.1038/s41467-023-39060-w
https://www.ncbi.nlm.nih.gov/pubmed/37365181
https://doi.org/10.1016/j.compbiolchem.2025.108362
https://www.ncbi.nlm.nih.gov/pubmed/39919386
https://doi.org/10.1038/s43586-021-00092-5
https://www.ncbi.nlm.nih.gov/pubmed/37325194
https://doi.org/10.1016/j.ajhg.2024.06.016
https://www.ncbi.nlm.nih.gov/pubmed/39059387
https://doi.org/10.1074/jbc.M601298200
https://www.ncbi.nlm.nih.gov/pubmed/16675454
https://doi.org/10.3389/fimmu.2024.1349030
https://www.ncbi.nlm.nih.gov/pubmed/38590523
https://doi.org/10.1002/mds.25035
https://www.ncbi.nlm.nih.gov/pubmed/22807207
https://doi.org/10.1016/j.bbrc.2022.12.082
https://www.ncbi.nlm.nih.gov/pubmed/36621149
https://doi.org/10.1242/jcs.00718
https://www.ncbi.nlm.nih.gov/pubmed/12972505
https://doi.org/10.2147/ndt.S509510
https://www.ncbi.nlm.nih.gov/pubmed/40078451
https://doi.org/10.1186/s40001-026-04151-z
https://doi.org/10.1146/annurev-cellbio-100818-125512
https://www.ncbi.nlm.nih.gov/pubmed/32749865
https://doi.org/10.3390/ijms222112087
https://www.ncbi.nlm.nih.gov/pubmed/34769517
https://doi.org/10.1016/bs.ircmb.2015.09.006
https://www.ncbi.nlm.nih.gov/pubmed/26811291
https://doi.org/10.5650/jos.ess21313
https://www.ncbi.nlm.nih.gov/pubmed/35236796
https://doi.org/10.1161/atvbaha.106.138545
https://www.ncbi.nlm.nih.gov/pubmed/17303778
https://doi.org/10.7554/eLife.54113
https://www.ncbi.nlm.nih.gov/pubmed/32234213
https://doi.org/10.1242/jcs.237388
https://www.ncbi.nlm.nih.gov/pubmed/32041906
https://doi.org/10.3390/ijms27219688

Int. J. Mol. Sci. 2026, 27, 9688 19 of 20

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

Zhao, P; Li, S.Y,; Liu, Q.; Peng, X.C.; Liu, L.; Yang, F.Y.; Wang, C.; Qian, F.; Tang, F.R. Reprogramming brain-resident macrophages:
From disease drivers to therapeutic allies in neurological disorders. Front. Cell Neurosci. 2026, 20, 1726194. [CrossRef] [PubMed ]
Fiorini, M.R; Li, J.; Fon, E.A,; Farhan, S.M.K.; Thomas, R.A. Neural networks reveal novel gene signatures in Parkinson disease
from single-nuclei transcriptomes. NPJ Park. Dis. 2025, 11, 304. [CrossRef] [PubMed]

Ma, X.; Shi, X.; Li, Y.; Cong, L.; Yao, H.; Lu, Q.; Tian, Y. STAT6 Overexpression Attenuates Parkinson’s Disease Pathology Through
mTOR Activation. Discov. Med. 2025, 37, 2744-2757. [CrossRef]

Li, W.; Wei, J.; Tan, C.; Liu, X.; Chen, L. Integrated bulk, single-cell, and spatial transcriptomic analyses prioritize NOTCHI1 as
a candidate gene associated with neurovascular and immune-related alterations in Parkinson’s disease. Front. Neurosci. 2026,
20, 1862571. [CrossRef] [PubMed ]

Sayd, A.; Vargas-Caraveo, A.; Perea-Romero, I.; Robledo-Montaiia, ].; Caso, J.R.; Madrigal, ].L.M.; Leza, ].C.; Orio, L.; Garcia-Bueno,
B. Depletion of brain perivascular macrophages regulates acute restraint stress-induced neuroinflammation and oxidative/ni-
trosative stress in rat frontal cortex. Eur. Neuropsychopharmacol. 2020, 34, 50-64. [CrossRef] [PubMed ]

Gajbhiye, A;; Jin, S.; Lyu, AR,; Kim, S.J.; Kim, T.H.; Shin, S.A.; Huh, YH.; Je, A,; Sohrabji, F.; Park, M.].; et al. Adriamycin
nephropathy induces sensorineural hearing loss via blood-labyrinth barrier breakdown in BALB/c mice. Sci. Rep. 2025, 16, 2342.
[CrossRef] [PubMed |

Mendes, N.F.; Velloso, L.A. Perivascular macrophages in high-fat diet-induced hypothalamic inflammation. J. Neuroinflamm. 2022,
19, 136. [CrossRef] [PubMed ]

Blum, J.S.; Wearsch, P.A.; Cresswell, P. Pathways of antigen processing. Annu. Rev. Immunol. 2013, 31, 443-473. [CrossRef]
[PubMed ]

Im, C.M.; Oh, H.H.; Park, S.Y,; Park, Y.L.; Kim, J.S.; Joo, Y.E. Oxysterol-binding Protein-like 3 Promotes Tumor Progression by
Regulating Apoptosis and Angiogenesis in Colorectal Cancer. Cancer Genom. Proteom. 2025, 22, 1025-1043. [CrossRef] [PubMed ]
Alza, N.P; Iglesias Gonzélez, P.A.; Conde, M.A.; Uranga, R.M.; Salvador, G.A. Lipids at the Crossroad of x-Synuclein Function
and Dysfunction: Biological and Pathological Implications. Front. Cell Neurosci. 2019, 13, 175. [CrossRef] [PubMed ]

Naushad, S.M.; Hussain, T.; Alrokayan, S.; Kutala, V.K. Alpha synuclein (SNCA) rs7684318 variant contributes to Parkinson’s
disease risk by altering transcription factor binding related with Notch and Wnt signaling. Neurosci. Lett. 2021, 750, 135802.
[CrossRef] [PubMed ]

Lyu, S.; Xing, H.; Liu, Y.; Girdhar, P.; Zhang, K.; Yokoi, F.; Xiao, R.; Li, Y. Deficiency of Meis1, a transcriptional regulator, in mice
and worms: Neurochemical and behavioral characterizations with implications in the restless legs syndrome. ]. Neurochem. 2020,
155, 522-537. [CrossRef] [PubMed ]

Sun, L.; Lang, J.; Xiong, Z. Neuroprotective effects of paederoside against mitochondrial dysfunction in rotenone-induced cell
models of Parkinson'’s disease. Front. Neurosci. 2026, 20, 1853888. [ CrossRef] [PubMed ]

Adetuyi, O.A.; Wimalasena, K. Exposure to Mitochondrial Toxins: An In Vitro Study of Energy Depletion and Oxidative Stress in
Driving Dopaminergic Neuronal Death in MN9D Cells. Toxics 2025, 13, 637. [CrossRef] [PubMed ]

Smaji¢, S.; Prada-Medina, C.A.; Landoulsi, Z.; Ghelfi, J.; Delcambre, S.; Dietrich, C.; Jarazo, J.; Henck, J.; Balachandran, S.;
Pachchek, S.; et al. Single-cell sequencing of human midbrain reveals glial activation and a Parkinson-specific neuronal state.
Brain 2022, 145, 964-978. [ CrossRef] [PubMed ]

Garcia, FJ.; Sun, N.; Lee, H.; Godlewski, B.; Mathys, H.; Galani, K.; Zhou, B.; Jiang, X.; Ng, A.P.; Mantero, ].; et al. Single-cell
dissection of the human brain vasculature. Nature 2022, 603, 893-899. [CrossRef] [PubMed]

Wang, Y.; Sun, X.; Zhao, H. Benchmarking automated cell type annotation tools for single-cell ATAC-seq data. Front. Genet. 2022,
13, 1063233. [CrossRef] [PubMed |

Luecken, M.D.; Theis, EJ. Current best practices in single-cell RNA-seq analysis: A tutorial. Mol. Syst. Biol. 2019, 15, e8746.
[CrossRef] [PubMed]

Dooley, N.L.; Chabikwa, T.G.; Pava, Z.; Loughland, J.R.; Hamelink, J.; Berry, K.; Andrew, D.; Soon, M.S.F.; SheelaNair, A.; Piera,
K.A,; et al. Single cell transcriptomics shows that malaria promotes unique regulatory responses across multiple immune cell
subsets. Nat. Commun. 2023, 14, 7387. [CrossRef] [PubMed |

Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential expression analyses for
RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, e47. [CrossRef] [PubMed ]

Yao, X.; Wang, P.; Huang, Z.; Li, L. Differential gene expression and immune profiling in Parkinson’s disease: Unveiling potential
candidate biomarkers. BMC Neurol. 2025, 25, 354. [CrossRef] [PubMed]

Cantu, E.; Lederer, D.J.; Meyer, K.; Milewski, K.; Suzuki, Y.; Shah, R.J.; Diamond, ].M.; Meyer, N.J.; Tobias, ] W.; Baldwin, D.A.;
et al. Gene set enrichment analysis identifies key innate immune pathways in primary graft dysfunction after lung transplantation.
Am. ]. Transplant. 2013, 13, 1898-1904. [CrossRef] [PubMed]

Zhao, Y.H.; Ning, ] H.; Zhang, X.; Qu, R.; Lv, C.C.; Zhang, Y.Z. Identification of potential drug targets for Alzheimer’s disease
from genetic insights: A Mendelian randomization study. Medicine 2026, 105, €45715. [CrossRef] [PubMed]

https://doi.org/10.3390/ijms27219688


https://doi.org/10.3389/fncel.2026.1726194
https://www.ncbi.nlm.nih.gov/pubmed/41737534
https://doi.org/10.1038/s41531-025-01147-0
https://www.ncbi.nlm.nih.gov/pubmed/41120302
https://doi.org/10.24976/Discov.Med.202537202.229
https://doi.org/10.3389/fnins.2026.1862571
https://www.ncbi.nlm.nih.gov/pubmed/42465723
https://doi.org/10.1016/j.euroneuro.2020.03.004
https://www.ncbi.nlm.nih.gov/pubmed/32245674
https://doi.org/10.1038/s41598-025-32154-z
https://www.ncbi.nlm.nih.gov/pubmed/41453965
https://doi.org/10.1186/s12974-022-02519-6
https://www.ncbi.nlm.nih.gov/pubmed/35681242
https://doi.org/10.1146/annurev-immunol-032712-095910
https://www.ncbi.nlm.nih.gov/pubmed/23298205
https://doi.org/10.21873/cgp.20553
https://www.ncbi.nlm.nih.gov/pubmed/41151863
https://doi.org/10.3389/fncel.2019.00175
https://www.ncbi.nlm.nih.gov/pubmed/31118888
https://doi.org/10.1016/j.neulet.2021.135802
https://www.ncbi.nlm.nih.gov/pubmed/33705925
https://doi.org/10.1111/jnc.15177
https://www.ncbi.nlm.nih.gov/pubmed/32910473
https://doi.org/10.3389/fnins.2026.1853888
https://www.ncbi.nlm.nih.gov/pubmed/42395321
https://doi.org/10.3390/toxics13080637
https://www.ncbi.nlm.nih.gov/pubmed/40863913
https://doi.org/10.1093/brain/awab446
https://www.ncbi.nlm.nih.gov/pubmed/34919646
https://doi.org/10.1038/s41586-022-04521-7
https://www.ncbi.nlm.nih.gov/pubmed/35158371
https://doi.org/10.3389/fgene.2022.1063233
https://www.ncbi.nlm.nih.gov/pubmed/36583014
https://doi.org/10.15252/msb.20188746
https://www.ncbi.nlm.nih.gov/pubmed/31217225
https://doi.org/10.1038/s41467-023-43181-7
https://www.ncbi.nlm.nih.gov/pubmed/37968278
https://doi.org/10.1093/nar/gkv007
https://www.ncbi.nlm.nih.gov/pubmed/25605792
https://doi.org/10.1186/s12883-025-04388-x
https://www.ncbi.nlm.nih.gov/pubmed/40859216
https://doi.org/10.1111/ajt.12283
https://www.ncbi.nlm.nih.gov/pubmed/23710539
https://doi.org/10.1097/md.0000000000045715
https://www.ncbi.nlm.nih.gov/pubmed/41630303
https://doi.org/10.3390/ijms27219688

Int. J. Mol. Sci. 2026, 27, 9688 20 of 20

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Cheng, Z.; Liu, B.; Liu, X. Circadian gene signatures in the progression of obesity based on machine learning and Mendelian
randomization analysis. Front. Nutr. 2024, 11, 1407265. [CrossRef] [PubMed]

Lin, L.; Li, D.; Cai, G.; Zheng, G.; Huang, D.; Liu, H.; Lin, S.; Zhao, F. Exploring the molecular mechanisms underlying
intervertebral disc degeneration by analysing multiple datasets. Sci. Rep. 2025, 15, 14748. [CrossRef] [PubMed ]

White, B.S.; de Reyniés, A.; Newman, A.M.; Waterfall, ].].; Lamb, A.; Petitprez, F.; Lin, Y.; Yu, R.; Guerrero-Gimenez, M.E,;
Domanskyi, S.; et al. Community assessment of methods to deconvolve cellular composition from bulk gene expression. Nat.
Commun. 2024, 15, 7362. Correction in Nat. Commun. 2024, 15, 9783. https://doi.org/10.1038/s41467-024-50618-0. [CrossRef]
[PubMed]

Kappen, S.; Bottigliengo, D.; Caliebe, A.; Del Greco, M.F.; Konig, L.R. Systematic review of Mendelian randomization studies on
Parkinson’s disease. Med. Genet. 2022, 34, 143-150. [CrossRef] [PubMed ]

Qiu, R.; Su, Y; Pan, L.; Fan, K.; Sun, Z,; Liang, Y.; Lin, X.; Zhang, Y. Causal relationship between immune mediators and parkinson’s
disease: A Mendelian randomization analysis. Sci. Rep. 2025, 15, 24884. [CrossRef] [PubMed ]

Du, Y;; Tang, D.; Yang, G.; Xu, D. Depression and the risk of Parkinson’s disease: A Mendelian randomization study. Medicine
2025, 104, e41658. [CrossRef] [PubMed ]

Zhang, Y.; Zhong, M.; Yang, Z.; Wang, X.; Dong, Z.; Zhou, L.; Yin, Q.; Wang, B.; Liu, J.; Li, Y.; et al. Understanding Causal
Relationships Between Imaging-Derived Phenotypes and Parkinson’s Disease: A Mendelian Randomization and Observational
Study. Biomedicines 2025, 13, 747. [CrossRef] [PubMed]

Fanelli, G.; Franke, B.; Fabbri, C.; Werme, J.; Erdogan, I.; De Witte, W.; Poelmans, G.; Ruisch, I.H.; Reus, L.M.; van Gils, V.; et al.
Local patterns of genetic sharing between neuropsychiatric and insulin resistance-related conditions. Transl. Psychiatry 2025,
15, 145. [CrossRef] [PubMed ]

Hormozdiari, F.; van de Bunt, M.; Segre, A.V.; Li, X,; Joo, ].W.J.; Bilow, M.; Sul, ].H.; Sankararaman, S.; Pasaniuc, B.; Eskin, E.
Colocalization of GWAS and eQTL Signals Detects Target Genes. Am. . Hum. Genet. 2016, 99, 1245-1260. [CrossRef] [PubMed ]
Nguyen, K.; Mitchell, B.D. A Guide to Understanding Mendelian Randomization Studies. Arthritis Care Res. 2024, 76, 1451-1460.
[CrossRef] [PubMed]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury

to people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/ijms27219688


https://doi.org/10.3389/fnut.2024.1407265
https://www.ncbi.nlm.nih.gov/pubmed/39351493
https://doi.org/10.1038/s41598-025-98070-4
https://www.ncbi.nlm.nih.gov/pubmed/40289127
https://doi.org/10.1038/s41467-024-50618-0
https://doi.org/10.1038/s41467-024-50618-0
https://www.ncbi.nlm.nih.gov/pubmed/39191725
https://doi.org/10.1515/medgen-2022-2139
https://www.ncbi.nlm.nih.gov/pubmed/38835916
https://doi.org/10.1038/s41598-025-11198-1
https://www.ncbi.nlm.nih.gov/pubmed/40640367
https://doi.org/10.1097/md.0000000000041658
https://www.ncbi.nlm.nih.gov/pubmed/39993114
https://doi.org/10.3390/biomedicines13030747
https://www.ncbi.nlm.nih.gov/pubmed/40149723
https://doi.org/10.1038/s41398-025-03349-9
https://www.ncbi.nlm.nih.gov/pubmed/40221434
https://doi.org/10.1016/j.ajhg.2016.10.003
https://www.ncbi.nlm.nih.gov/pubmed/27866706
https://doi.org/10.1002/acr.25400
https://www.ncbi.nlm.nih.gov/pubmed/39030941
https://doi.org/10.3390/ijms27219688

	Introduction 
	Results 
	Transcriptomic Remodeling of Midbrain Cells in PD 
	Transcriptome-Wide Mendelian Randomization Identified Candidate Genes Associated with PD Risk 
	Colocalization and Reverse MR Prioritize HLA-DRA, OSBPL3 and RIN3 as Candidate PD-Associated Genes 
	Functional Analyses Link Prioritized PD-Associated Genes to Immune, Metabolic, and Proteostatic Pathways 
	MR-Prioritized PD-Associated Genes Are Associated with the Immune Context of the PD Substantia Nigra 
	MR-Prioritized PD Susceptibility Genes Define Disease-Associated PVM States 
	Validation of HLA-DRA, OSBPL3, and RIN3 Alterations in Rotenone-Induced In Vivo and In Vitro PD Models 

	Discussion 
	Materials and Methods 
	Single-Nucleus RNA Sequencing and Bioinformatic Analysis 
	Data Collection and Preprocessing 
	Cell–Cell Communication and Functional Enrichment Analysis 
	Transcriptional Regulation and Immune Infiltration Analysis 
	Pseudotime Trajectory Analysis 

	Mendelian Randomization 
	MR Study Design 
	eQTL and PD GWAS Data Source 
	Instrument Selection 
	Sensitivity Analysis 
	Colocalization Analysis 

	Statistical Analysis 
	Animals 
	Behavioral Experiments 
	Open-Field Test 
	Rotarod Test 
	Pole Test 
	Y-Maze 

	Cell Culture 
	Quantitative Real-Time PCR 

	Conclusions 
	References



