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Abstract 

To better illustrate the genetic etiology of Parkinson’s disease (PD), we integrated xQTL 

weights derived from bulk RNA-seq (n=931), single-nucleus RNA-seq (n=415), and bulk 

proteomics (n=716) data of dorsolateral prefrontal cortex (DLPFC) with the largest available 

GWAS summary data of PD. Through integrative Omnibus TWAS and PWAS analyses, we 

detected risk genes whose genetic effects are mediated through bulk or cell-type-aware gene 

expression, or bulk protein abundances in DLPFC. We detected 39 significant risk genes by 

bulk TWAS, 66 by cell-type-aware TWAS across six brain cell types, and 17 by bulk PWAS. 

Importantly, 57.9% bulk and 62.5% cell-type-aware independent TWAS risk genes are 

replicated by bulk PWAS. Protein–protein interaction analyses reveal strong connectivity of 

our detected risk genes with known PD risk genes such as MAPT, SNCA, and LRRC37A. Our 

detected TWAS and PWAS risk genes are shown enriched in apoptosis signaling and T-cell 

activation pathways. 

  



Introduction 

Parkinson’s disease (PD) is the second most prevalent neurodegenerative disorder 

worldwide, and its incidence is rising in step with global population aging1. Recent large-

scale genome-wide association studies (GWASs) have uncovered ~90 independent PD risk 

loci2,3. However, the underlying genetic etiologies of these identified GWAS risk loci are still 

largely unknown. A recently developed transcriptome-wide association study (TWAS) and 

proteome-wide association study (PWAS) approach integrates other molecular quantitative 

traits such as gene expression or protein abundance with GWAS summary data, with the goal 

of illustrating molecular mechanisms of identified PD risk genes4-7. 

TWAS/PWAS tools often first estimate molecular quantitative trait loci (xQTL) weights 

using a reference panel that contain data of both genetic and the molecular trait, and then 

conduct gene-based association tests by integrating these xQTL weights and large-scale 

GWAS summary data. A recent study also shows that the TWAS/PWAS approach is 

equivalent to the probability Mendelian Randomization analysis, which can test if the causal 

genetic effect of the target gene is mediated through the considered molecular trait8. 

Recent TWASs of PD9-12 have nominated dozens of susceptibility genes, yet these studies 

relied on bulk RNA-seq reference panels and used a single statistical model to estimate xQTL 

weights, limiting the discovery power for exploring cell-type-aware causal genes and genes 

whose genetic effects are mediated through protein abundances. These analyses are critical to 

advance integrative single-nucleus multi-omics studies that have reported the potential 

importance of astrocyte, microglia, and oligodendrocyte cells in the disease mechanisms 

underlying PD13-15. For example, PD-associated variants displayed cell-type-specific 

enhancer enrichment in mouse, with strong signals in microglia and oligodendroglia14. 

Single-nucleus RNA-seq (snRNA-seq) analysis of mid-brain and cortex in PD cases has 

revealed pronounced, cell-type-specific transcriptional dysregulation, particularly within 

microglia and astrocytes, and shown significant enrichment of PD heritability in microglial 

open-chromatin regions13,16. Another snRNA-seq analysis of cis-regulatory elements in 

substantia nigra in PD cases has uncovered new potential biomarkers, delineating disease-

perturbed pathways, and highlighting the pathogenic roles of astrocytes and microglia cells15. 



Together, these findings highlight the importance of integrating large cohorts of bulk RNA-

seq, snRNA-seq, and bulk proteomics data, with GWAS summary data for elucidating the 

varied genomic mechanisms underlying PD. 

To bridge these knowledge gaps about the genetic etiology of PD, this study integrated 

the expression quantitative trait loci (eQTL) weights derived from large cohorts of older 

adults with bulk RNA-seq (n=931) and snRNA-seq (n=415) data of dorsolateral prefrontal 

cortex (DLPFC) tissue17,18 with PD GWAS summary data2 (n=~1.45M), for mapping risk 

genes (i.e., TWAS) of PD. Cell-type-aware TWAS was conducted using the eQTL weights 

derived within six major cortical cell types –– astrocytes, microglia, excitatory neurons, 

inhibitory neurons, oligodendrocytes, and oligodendrocyte precursor cells (Opcs). Additional 

analyses integrated protein quantitative trait loci (pQTL) weights derived from a large cohort 

of tandem mass tag (TMT) proteomics data (n=716) of DLPFC tissue18 with GWAS summary 

data of PD2 (i.e., PWAS).  

Three sets of xQTL weights18 were estimated by three complementary methods: 

nonparametric Bayesian Dirichlet Process Regression (TIGAR/DPR)19, penalized regression 

with Elastic-Net penalty (PrediXcan/EN)20, and the best-performing model selected by 

FUSION based on 5-fold cross-validation (CV) 𝑅2 (FUSION/BestModel)21. We utilized our 

recently developed Omnibus TWAS/PWAS (xWAS-O) method22 to aggregate TWAS/PWAS 

p-values based on these three sets of xQTL weights per test gene, for detecting significant 

risk genes of PD with improved power than considering only one set of xQTL weights23. We 

identified 39 significant risk genes by bulk TWAS, 66 by cell-type-aware TWAS, and 17 by 

PWAS, resulting in 19, 32, and 11 independent risk genes by bulk TWAS, cell-type-aware 

TWAS, and bulk PWAS, respectively. 

By comparing significant risk genes detected by bulk TWAS and cell-type-aware TWAS 

with the ones detected by bulk PWAS, we examined if the test eQTL of significant TWAS 

risk genes overlapped with the test pQTL of significant PWAS risk genes. If overlapped, the 

genetic effects of these TWAS risk genes are potentially mediated through their gene 

expression and the corresponding protein abundances, which can be viewed as a validation of 

identified TWAS risk genes. Importantly, 11 out of 19 (57.9%) independent bulk TWAS risk 



genes, and 20 of 32 (62.5%) independent cell-type-aware TWAS risk genes, were replicated 

by bulk PWAS.  

To identify possible causal variants for identified significant TWAS and PWAS risk 

genes, we a) implemented fine-mapping using the Genomic Integration Fine-mapping Tool24 

(GIFT); b) conducted protein–protein interaction (PPI) analyses by STRING25; and c) 

explored enriched gene pathways by pathDIP26. PPI network analyses demonstrated that cell-

type-aware TWAS risk genes were interconnected with known PD risk genes such as 

MAPT27, SNCA28, and LRRC37A29, and enriched in apoptosis signaling and T-cell activation 

pathways. TWAS and PWAS risk genes detected in this study were both found enriched in 

cholecystokinin receptor (CCKR) signing map and T-cell activation pathways. 

 

Results 

Identifying TWAS-O and PWAS-O risk genes of PD by xWAS-O framework 

In this study, we utilized our previously developed xWAS-O framework22 to integrate 

large-scale GWAS summary data of PD2 (n=~1.45M) with three sets of estimated xQTL 

weights of DLPFC17,18 by TIGAR/DPR19, PrediXcan/EN20, and the FUSION/BestModel21 

based on complementary statistical models with (see Methods). Bulk RNA-seq, snRNA-seq, 

and bulk TMT proteomics data that were profiled from the DLPFC samples of the 

ROS/MAP30-33 cohorts, along with their genetic data, were used to estimate these xQTL 

weights for each quantitative molecular trait17,18. The GWAS summary data (n=~1.45M) of 

PD were generated by meta-analysis of European cohorts2, including a total of 37,688 

clinically diagnosed PD cases, 18,618 proxy PD cases, and approximately 1.4 million 

controls.       

The genetically regulated molecular traits that have 5-fold cross-validation (CV) 𝑅2 >
0.5% for any one of these three statistical methods in the reference data were tested against 

the PD phenotype in the PD GWAS summary data2. Using the Aggregated Cauchy 

Association Test (ACAT) method34, xWAS-O19 combines TWAS/PWAS p-values based on 

each set of the xQTL weights per gene to obtain xWAS-O p-values. In total, we tested 13,397 

bulk gene expression traits, about 13,000 cell-type-aware gene expression traits for each of 



the six cortical cell types (astrocytes, microglia, excitatory neurons, inhibitory neurons, 

oligodendrocytes, and Opcs), and 4,710 protein abundance traits. Significant TWAS-O genes 

were defined as those with TWAS-O p-values < 2.5 × 10⁻⁶ (genome-wide significance level 

for gene-based association studies). Because only a subset of protein coding genes were 

tested by PWAS-O (4,710), significant PWAS-O genes were defined as those with false 

discovery rate (FDR) q-values < 0.05 after genomic control factor adjustment35 and multiple 

test correction by Benjamin-Hochberg procedure36.  

Using the Gene-based Integrative Fine-mapping through conditional TWAS method 

(GIFT)24 (see Methods), we fine-mapped independent TWAS-O/PWAS-O signals in nearby 

genomic regions containing multiple significant risk genes for calibrated the inflated false 

positive rate. Briefly, for each genomic region defined as ±1 Mb around a top significant 

gene, GIFT jointly modeled the genetically regulated molecular traits of all genes in the 

region while accounting for linkage disequilibrium (LD) in the test genome region and 

correlations among the considered molecular traits. TWAS-O risk genes that either have fine-

mapped GIFT p-values <0.05 or contain no overlapped test cis-SNPs with other nearby 

significant TWAS-O genes are considered as independent signals.  

 

Bulk TWAS-O findings 

Quantile-Quantile plots of bulk TWAS results based on three statistical methods and by 

TWAS-O are presented in Fig. S1. As expected, inflated false positive rates are observed in all 

TWAS results. This arises from several contributing factors: inflated GWAS summary statistics 

due to LD, overlapping test regions among nearby genes, and correlations among the molecular 

traits of neighboring genes. We identified 39 TWAS-O significant risk genes of PD, 17 of which 

were reported as associated with PD-related traits in GWAS Catalog37 (Table 1; 

Supplementary Data 1).  

By GIFT, from the total of 39 TWAS-O significant risk genes, we fine-mapped 19 

independent signals (Fig. S9) that were colored in red and labeled in the Manhattan plot Fig. 

1A. Among those 19 independent risk genes, 7 are not reported as associated with PD in GWAS 

Catalog37 (bold in Table 1) –– ACOX2 encoding a peroxisomal enzyme involved in the β-

oxidation of branched-chain fatty acids38; NUPL2 identified as part of protein ubiquitination 



and degradation pathways that were shown implicated in PD pathology such as α-synuclein 

aggregation and impaired protein clearance11; ABCB9 encoding ATP binding Cassette 

Subfamily B member 9 whose methylation was associated with PD39; MRPS34 that was 

associated with mitochondrial translation and suspected causing Leigh syndrome, might also 

promote neuronal vulnerability in PD40; AC005670.2 and ADORA2B were associated with PD 

in previous studies41,42; NCOR1 coding a nuclear receptor corepressor, whose gene expression 

was shown significantly upregulated in the substantia nigra of PD patients43, implicating its 

involvement in PD pathogenesis41. As described here, several of these bulk TWAS-O risk genes 

are not reported in GWAS Catalog but are shown with PD related biological functions in 

previous studies. 

 

Cell-type-aware TWAS-O findings 

Quantile-Quantile plots of the cell-type-aware TWAS results are shown in Figs. S2-S7. 

The Manhattan plots of cell-type-aware TWAS-O results are shown in Fig. 2. Independent cell-

type-aware TWAS-O risk genes are listed in Table 2. We compared cell-type-aware TWAS-O 

to bulk TWAS-O findings. A cell-type-aware TWAS-O risk gene was considered an 

overlapping finding in bulk if it was also detected by bulk TWAS-O, or if its tested eQTLs 

overlapped with that of a significant bulk TWAS-O gene. Cell-type-aware TWAS-O risk genes 

are considered novel findings if they are not reported in GWAS Catalog or overlapped with any 

bulk TWAS-O risk gene (bolded in Table 2).   

For astrocytes, we identified 21 significant TWAS-O risk genes (Fig. 2A; Supplementary 

Data 2), including 5 that were previously linked to PD clinical or pathological traits in GWAS 

Catalog37. Using GIFT, we identified 10 independent signals (Table 2; Fig. 3) including 3 novel 

findings –– ACBD3 encoding a Golgi-resident acyl-CoA-binding domain-containing protein 

that participates in lipid trafficking, apoptosis, and neuronal differentiation44; CLEC3B 

encoding tetranectin, a C-type lectin that promotes plasminogen activation, normally presents 

in serum, CSF, and extracellular matrix. Particularly, CSF tetranectin is shown reduced in PD 

patients45. The genetic or siRNA depletion in CLEC3B accelerates p53/Bax-mediated 

dopaminergic neurodegeneration and motor impairment, while the over-expression of CLEC3B 

is neuroprotective, supporting CLEC3B as both a potential biomarker and therapeutic target for 



PD45. EIF2S2 encodes eukaryotic initiation factor subunit 2 (EIF2) and EIF2 signaling is 

observed in dopaminergic neurons from PD patients46. 

For microglia, we identified 24 significant cell-type-aware TWAS-O risk genes (Fig. 2B; 

Supplementary Data 3), including 8 that were previously reported to be associated with PD-

related traits in the GWAS Catalog37. Using GIFT, we identified 8 independent signals (Table 

2; Fig. 3), including 1 novel finding - KHK encoding ketohexokinase, the rate-limiting enzyme 

that converts fructose to fructose-1-phosphate. A previous study revealed that KHK-dependent 

fructose metabolism in microglia drives NOX4-mediated oxidative stress, a pathway pertinent 

to dopaminergic neurodegeneration47. 

In neurons, we identified 25 significant cell-type-aware TWAS-O risk genes in excitatory 

neurons (Supplementary Data 4) and 19 in inhibitory neurons (Supplementary Data 5), 

including 6 and 9 that were previously associated with PD-related traits in GWAS Catalog37. 

We fine-mapped 5 and 8 independent signals by GIFT, respectively (Table 2; Fig. 3). One 

novel independent gene was identified in excitatory neurons - GPR171 encoding an orphan 

class-A GPCR for the neuropeptide BigLEN. The blockade of this receptor was shown to 

unleash antitumor T-cell activity48, and the BigLEN precursor proSAAS protects dopaminergic 

neurons and limits α-synuclein spread in rodent models49. One novel independent gene was 

identified in inhibitory neurons –– OTOF encoding otoferlin, a multi-C2-domain Ca²⁺ sensor 

essential for ribbon-synapse vesicle fusion in auditory inner hair cells. Importantly, single-cell 

profiling of MPTP-parkinsonism macaques identified FOXP2+ OTOF⁺ inhibitory neurons 

within the nigrostriatal system50. 

In oligodendrocytes and Opcs, we respectively identified 21 and 23 significant cell-type-

aware TWAS-O risk genes (Supplementary Data 6-7), including 9 and 6 that were previously 

associated with PD-related traits in GWAS Catalog37. We fine-mapped 4 and 8 independent 

signals by GIFT, respectively (Table 2; Fig. S10). We identified no novel independent risk 

genes in oligodendrocytes, and two novel independent risk genes in Opcs –– GPR17148,49 that 

was also detected in excitatory neurons as described above; TOX3 encoding a protein with a 

high-mobility-group (HMG) box that can bend and unwind DNA, thereby modulating 

chromatin architecture51. A previous case-control analysis of SNPs at the TOX3 locus revealed 

that homozygous carriage of rs3104767 nominally increases PD risk52. 



 

Bulk PWAS-O findings 

Quantile-Quantile plots of PWAS results by three tools and PWAS-O are presented in Fig. 

S8. We identified 17 PWAS-O significant risk genes of PD with q-values<0.05, including 4 

reported as associated with PD-related traits in GWAS Catalog (Supplementary Data 8). By 

GIFT, we fine-mapped 11 independent PWAS signals (Fig. S11). We detected 3 novel findings 

that were not reported as associated with PD in GWAS Catalog, nor detected by our bulk 

TWAS-O analyses (Table 3) – SNX17 whose depletion was shown decreasing steady-state 

levels of amyloid precursor protein with a concomitant increase in Aβ generation53; EXOSC7 

encoding Exosome Component 7; VPS26B, a core retromer subunit, whose upregulation 

protects neuronal function, suggesting its neuroprotective role in PD54. 

Out of 17 unique PWAS-O risk genes, 5 (29.4%) were detected by bulk TWAS-O and 6 

(35.3%) were detected by cell-type-aware TWAS-O, as shown by the Venn diagram in Fig. 

S12. We further calculated the pairwise Jaccard Similarity Indexes55 using the same lists of 

genes by bulk TWAS-O, cell-type-aware TWAS-O, and PWAS-O, which quantifies the overlap 

proportion of significant risk genes (Fig. S12). Here, only the same genes identified in both 

analyses are considered as overlapping. We found that the pair-wise cell-type-aware TWAS-O 

findings have 10%~36% overlaps, with top overlaps 36% between excitatory neurons and 

microglia, 35% between excitatory neurons and astrocytes, and 35% between oligodendrocytes 

and astrocytes. Further, we found that cell-type-aware TWAS-O findings have 4%~15% 

overlaps with bulk TWAS-O findings, with top overlaps found in excitatory neurons (14%) and 

oligodendrocytes (15%). We found that cell-type-aware TWAS-O findings have 3%~14% 

overlaps with PWAS-O findings, with top overlaps also found in excitatory neurons (14%), and 

oligodendrocytes (9%). These results show important roles of excitatory neurons and 

oligodendrocytes.  

 

Validating cell-type-aware TWAS-O findings 

We further use PWAS-O findings to validate our detected independent cell-type-aware 

TWAS-O risk genes. For each of the independent cell-type-aware TWAS-O risk genes, if its 

test gene region is overlapped with the test regions of any significant PWAS-O genes, it is 



considered as validated in proteomics (Table 4).  

In astrocytes, we identified 6 of 10 (60%) independent TWAS-O signals overlapping 

with PWAS-O findings, 5 of which (CLEC3B, C1QL1, GFAP, LRRC37A, and LRRC37A2) 

were specific for astrocytes. C1QL1 encodes a secreted C1q/TNF-related protein that engages 

C1ql1-Bai3 signaling that mediates CF synaptogenesis in mature Purkinje cells56. Its central 

role in cerebellar synaptic homeostasis and the motor-coordination changes observed in 

C1ql1-deficient mice suggest it may modulate motor impairment derived from neuronal 

degeneration in PD models57. GFAP encodes one of the major intermediate filament proteins 

of mature astrocytes. In PD patients, plasma GFAP is elevated and may have utility for 

subtyping PD traits and their conversion to PD over time58. LRRC37A/2 encodes a 

membrane-associated protein involved in cellular migration, chemotaxis and astroglia 

inflammation, which has been reported to be co-localized with Lewy bodies in PD brain 

tissue29. 

In microglia, 5 out of 8 (63%) independent TWAS-O signals overlapped with PWAS-O 

findings (Table 4) but only 2 of 5 genes were validated in microglia (KHK47 and BST1). Bone 

marrow stromal cell antigen-1 (BST1), is a glycosylphosphatidylinositol-anchored surface 

protein expressed by stromal cells that promotes pre-B-cell proliferation59 and rs4698412 SNP 

in BST1 is associated with disease progression in PD60. 

In excitatory neurons, 3 of 8 (38%) independent TWAS-O signals overlapped with PWAS-

O findings; in inhibitory neurons, 6 of 8 (75%) independent TWAS-O signals overlapped with 

PWAS-O (Table 4). None of genes in excitatory neurons validated in proteomics are cell-type-

specific, and 5 of the validated genes in inhibitory neurons (OTOF50, CC2D2A, NME3, 

DCAKD, and PLEKHM1) are cell-type-specific. In particular, coiled-coil and C2 domain-

containing protein 2A, encoded by CC2D2A, forms a scaffold protein at the ciliary transition 

zone61. SNPs near BST1, a TWAS-O risk gene in microglia that was validated in proteomics, 

are linked to altered CC2D2A expression in astrocytes of PD patients, suggesting its potential 

role in PD62. A previous study63 showed that NME3 encodes a nucleoside diphosphate kinase, 

whose reduced expression in the substantia nigra is associated with the protection against 

dopaminergic neurodegeneration in a 1-methyl-4-phenyl-1,2,3,6-tetrahydropyridine (MPTP)-

induced PD mouse models. DCAKD enables dephospho-CoA kinase activity, which has been 



highlighted in a previous TWAS of PD64. Pleckstrin homology domain–containing family M 

member 1 (PLEKHM1) is a lysosomal adaptor supporting endosome- and autophagosome- 

lysosome fusion65, whose dysregulated expression is causally linked to PD risk, implicating 

defective protein clearance in PD pathogenesis66. 

 In oligodendrocytes, 3 of 4 (75%) independent TWAS-O signals overlapped with PWAS-

O findings; in Opcs, 3 of 8 (38%) independent TWAS-O signals overlapped with PWAS-O 

findings (Table 4). We found that 2 (C16orf91, WNT3) and 1 (NCOR141,43) of these validated 

genes in oligodendrocytes and Opcs were cell-type-specific, respectively. Interestingly, 

C16orf91 is involved in mitochondrial respiratory chain complex assembly67. Wnt family 

member 3 (WNT3) encodes a canonical Wnt ligand that engages the β-catenin pathway. 

Astrocyte-secreted Wnt3 in the dentate gyrus has been shown to accelerate adult hippocampal 

neurogenesis, and recombinant Wnt3 is routinely incorporated into protocols that push human 

embryonic stem cells toward mid-brain dopaminergic lineages68.  

 

Replicating TWAS-O/PWAS-O risk genes in ROS/MAP cohort 

 To further assess whether significant PD risk genes detected by the above TWAS-

O/PWAS-O analyses are also related to motor impairment and PD neuropathologic traits 

within ROS/MAP, we performed follow-up replication analyses using individual-level 

phenotypes of global parkinsonian score (n=1,187) and pathologic PD69,70 (n=1,194), and 

WGS genotype data (i.e., GWAS data). Global parkinsonism score is a continuous trait for 

assessing four parkinsonian signs (parkinsonian gait, rigidity, bradykinesia, and tremor) using 

26 items from a modified Unified Parkinson’s Disease Rating Scale71,72. Pathologic PD is a 

binary trait defined here as the presence of either nigral neuronal loss or Lewy body 

pathology (see detailed descriptions in Methods). Covariates age at death, sex, study indicator 

(ROS or MAP), and the top two genotype principal components were adjusted for in the 

analyses. Given a much smaller sample size in the individual ROS/MAP genotype and 

phenotype data (compared to the PD GWAS summary data2), we consider a gene is related to 

the tested trait and replicated if its TWAS-O/PWAS-O p-value < 0.05 using individual 

ROS/MAP GWAS data.  

 A total of 8 cell-type-aware TWAS-O risk genes and 1 bulk TWAS-O risk gene were 



found related to the global parkinsonian score (Supplementary Data 9), including OTOF in 

bulk tissue, GPRIN3 and TSR3 in astrocyte, SNCA in excitatory neurons, CTSB and NELFA 

in inhibitory neurons, CLEC3B and CCDC43 in microglia, and HEXIM2 in both excitatory 

neurons and microglia. Among these, SNCA is notable given its established role in α-

synuclein aggregation and PD pathobiology28, suggesting that genetically regulated 

expression signals identified by TWAS may also relate to variation in motor impairment 

severity. 

A total of 13 cell-type-aware TWAS-O risk genes, 4 bulk TWAS-O risk genes, and 7 bulk 

PWAS-O risk genes were found related to the pathologic PD, including several genes 

highlighted in the above TWAS-O and PWAS-O analyses using PD GWAS summary data: 

OTOF, CLEC3B, ACOX2, BST1, KHK, ACBD3, VPS26B, and ADORA2B (Supplementary 

Data 9). Notably, OTOF showed significant association with pathologic PD across multiple 

molecular contexts - bulk tissue, excitatory neurons, inhibitory neurons, and OPCs; CLEC3B, 

ACOX2, and BST1 showed strong associations in both excitatory neurons and microglia; 

glial-lineage signals including BST1, IDUA, and CD38 were associated with pathologic PD in 

microglia, oligodendrocytes, or Opcs.  

 

PPI network and enrichment analyses 

Using the STRING webtool73 (Methods), we conducted PPI network analyses using the 

lists of bulk TWAS-O risk genes, PWAS-O risk genes, and combined cell-type-aware TWAS-

O risk genes of all six brain cell types. The edges of the PPI network represent PPI links and 

were colored according to different data sources as shown in the color legend (Fig. 1B, Fig. 

4B, Fig. 5A). In addition, pathways significantly enriched with our bulk TWAS-O, PWAS-O, 

and cell-type-aware TWAS-O findings were found by the pathDIP tool26 (Fig. 1C; Fig. 4C; 

Fig. 5B; Supplementary Data 10).  

 A total of 25 of 39 (64.1%) bulk TWAS-O risk genes were interconnected in the PPI 

network plot (Fig. 1B). Notable genes include MAPT and CRHR1, which have been implicated 

in PD pathology. MAPT, which encodes the microtubule-associated protein tau, carries two 

major inversion haplotypes on chromosome 17. The common H1 haplotype has been reported 

to significantly over-represent in PD overall and conferred roughly a two-fold increase in risk 



for the non-tremor-dominant (NTD) motor subtype27. CRHR1, which encodes G-protein 

coupled receptor that binds to neuropeptides of the corticotropin-releasing hormone family, is 

shown associated with decreased risk of PD74.  

Pathway enrichment analyses with bulk TWAS-O risk genes revealed PD relevant 

significant pathways (Fig. 1C). Specifically, the Heterotrimeric G-protein signaling pathway-

Gi alpha and Gs alpha mediated pathway (FDR=6.36E-03; with leading risk genes of 

ADORA2B, CRHR1, GAK, and SH3GL2) is relevant to striatal cAMP regulation and motor 

loop imbalance in PD75. The pathway of Huntington disease risk genes (FDR=1.42E-02; with 

leading risk genes of GAK, HEXIM1, MAPT, NCOR1, and UBE2I), converges with PD on basal 

ganglia circuitry, reflecting shared vulnerability of striatal pathways76. The pathway of T cell 

activation (FDR=2.18E-02; with leading risk genes of CD38, MAPT, NSF, SH3GL2, and 

UBE2I) indicates immune dysregulation that promotes neuroinflammation and dopaminergic 

loss77. The TGF-beta signaling pathway78 (FDR=4.33E-02; with leading risk genes of MAPT, 

NCOR1, UBE2I), is important for dopaminergic neuron survival and glial immune balance in 

PD-related neuroinflammation78. The p38 MAPK pathway (FDR=4.61E-02; with leading risk 

genes of MAPT and UBE2I) links microglial activation and oxidative stress to PD-related 

neurodegeneration79. 

 A total of 11 of 17 (64.7%) PWAS-O risk genes were interconnected in the PPI network 

plot (Fig. 4B). Notable genes include GPNMB and SNX1753 that have been linked to 

neuroinflammation and PD risk –– GPNMB has been presented as a PD risk gene that is 

elevated in PD plasma associating with PD severity80. The pathway enrichment analysis with 

PWAS-O risk genes (Fig. 4C) highlighted the CCKR signaling map (FDR=1.41E-02; with 

leading risk genes of CD38, GFAP, RPS2, and SNX17) that regulates dopamine release and 

glial inflammation81; the ATP synthesis pathway (FDR=1.42E-02; with leading risk genes of 

HEXIM1 and PDHB) that reflects mitochondrial dysfunction in PD82; and the T cell activation77 

pathway (FDR=1.93E-02; with leading risk genes of CD38, PDHB, and SNX17). 

 A total of 39 of 66 (59.1%) cell-type-aware TWAS-O risk genes in all six brain cell types 

formed a big interconnected PPI network, featuring well-established PD risk genes such as 

MAPT27, SNCA, and LRRC37A229 as hubs (Fig. 5A). The corresponding pathway enrichment 

analysis (Fig. 5B) revealed significant pathways of Huntington disease76 (FDR=3.11E-03; with 



leading risk genes of ARHGAP27, EFTUD2, HEXIM1, MAP3K14, MAPT, NCOR1, NMT1, 

and SNCA); T cell activation77 (FDR=2.16E-02; with leading risk genes of ARHGAP27, CD38, 

MAP3K14, MAPT, NSF, and SNCA); Synaptic vesicle trafficking (FDR=2.90E-02; with leading 

risk genes of NSF, SNCA) and Adrenaline and noradrenaline biosynthesis pathway 

(FDR=2.95E-02; with leading risk genes of NSF, SNCA) that are both closely linked to PD-

related neurotransmitter dysfunction83,84; CCKR signaling map81 (FDR=3.06E-02; with 

leading risk genes of ARHGAP27, CD38, CDC27, GFAP, MAP3K14, MAPT, NCOR1, SNCA); 

and Parkinson disease (FDR=3.29E-02; with leading risk genes of EFTUD2, ERCC8, FAM13A, 

HEXIM1, MAP3K14, MAPT, and SNCA). 

Especially, T-cell activation pathway is enriched with risk genes detected by omnibus 

xWAS using bulk RNA-seq, snRNA-seq, and proteomics reference data; the CCKR signaling 

map pathway is enriched in the xWAS-O risk genes based on both proteomics and snRNA-seq 

reference data; and the Huntington disease pathway is enriched in the xWAS-O risk genes 

based on both bulk RNA-seq and snRNA-seq reference data. These overlapped pathways 

suggest shared immune and neurotransmission processes underlying PD.  

 

Discussion 

Cell-type-aware TWAS-O risk genes validated in bulk transcriptomics and proteomics 

We integrated large-cohort of bulk RNA-seq85 (n=931), snRNA-seq31 (n=415), and bulk 

TMT proteomics data86 (n=716) of DLPFC with the latest GWAS summary data of PD2 

through the xWAS-O framework22, with the goal of mapping risk genes of PD whose genetic 

effects are potentially mediated through bulk or cell-type-aware gene expressions or protein 

abundances in DLPFC. As a result, we identified 39 significant risk genes by bulk TWAS-O, 

66 by cell-type-aware TWAS-O, and 21 by PWAS-O, which were respectively fine-mapped 

to 19, 32, and 11 independent signals (Fig S14). Comparing TWAS-O findings to the PWAS-

O findings, we validated 11 out of 19 (57.9%) independent bulk TWAS-O signals, and 20 out 

of 32 (62.5%) independent cell-type-aware TWAS-O signals, that have overlapped test 

eQTLs with the test pQTLs of at least one of the significant PWAS-O risk genes. These 



results show that majority of TWAS-O risk genes have genetic effects mediated through both 

genetically regulated gene expressions and protein abundances.  

Our cell-type-aware TWAS-O analysis yielded independent association signals largely 

concordant with bulk TWAS-O findings, demonstrating that majority PD associated risk 

genes might have genetic effects mediated through gene expressions in >1 brain cell types in 

DLPFC (see Table 4). Pairwise comparisons across six cell types also revealed substantial 

overlaps in the independent cell-type-aware TWAS-O findings (Fig. S13). A previous 

stratified-LDSC analysis integrating snRNA-seq study across multiple brain cell types 

including astrocytes, microglia, and oligodendrocytes etcs87 also showed that Parkinson’s 

disease risk loci are not enriched in genes specific to individual brain cell types or regions, 

but rather in gene sets involved in global cellular processes, especially those related to 

lysosomal function and genes intolerant to loss-of-function mutations, which are broadly 

expressed across multiple glial and neuronal subtypes. This previous study also showed that 

PD heritability did not localize to a single brain cell type but instead enriched in global 

processes of lysosomal, autophagy and LoF-intolerant pathways87. 

 

Cell-type-specific and novel TWAS-O signals were mapped 

Nevertheless, we still identified a subset of independent signals that are cell-type-

specific, e.g., ACBD3, CLEC3B, and EIF2S2 in astrocytes, TOX3 and NCOR1 in Opcs. 

Especially, ACBD3 and CLEC3B are also novel findings in astrocytes, linking PD genetic 

risks in pathways involving Golgi-mediated lipid trafficking and lectin-dependent 

neuroprotective regulation that could modulate dopaminergic resilience. In Opcs, TOX3 and 

NCOR1 are also novel findings that implicate chromatin remodeling and transcriptional 

repression in myelin-lineage vulnerability, an aspect of PD biology that has received 

comparatively little attention. 

 

TWAS-O/PWAS-O risk genes replicated in ROS/MAP 

TWAS-O/PWAS-O risk genes detected using PD GWAS summary data2 were subjected 

to follow-up replication TWAS-O/PWAS-O analyses using individual level global 

parkinsonian score and pathologic PD traits and WGS genotype data in ROS/MAP cohort. 



The individual TWAS-O/PWAS-O results in ROS/MAP further supported the relevance of 

several prioritized risk genes to parkinsonism (8 unique genes) and neuropathologic 

manifestations of PD (24 unique genes), including OTOF, CLEC3B, ACOX2, BST1, KHK, 

ACBD3, and VPS26B that were highlighted in our primary TWAS-O/PWAS-O results with 

PD relevant biological functions. As expected, more genes are related to pathologic PD than 

the parkinsonism that quantifies motor functions. The TWAS-O/PWAS-O results in 

ROS/MAP provide additional evidence linking the TWAS-O/PWAS-O risk genes detected 

from publicly available large-scale PD GWAS summary data with refined motor function trait 

and PD pathology. 

 

PPI and pathway analyses illustrate biological functions of TWAS-O/PWAS-O signals 

Further PPI network analyses of our bulk TWAS-O, cell-type-aware TWAS-O, and 

PWAS-O risk genes detected inter-connected PPI networks with hub genes of known PD risk 

genes, such as MAPT27, SNCA28, and LRRC37A29. Interestingly, gene pathway enrichment 

analyses identified several PD-related pathways that were significantly enriched with xWAS-

O findings based on multiple reference omics data –– T-cell activation, CCKR signaling map, 

and Huntington Disease. Collectively, these findings emphasize both shared and 

complementary insights from different omics layers in shaping PD risk, through common 

gene pathways. 

 

Limitations of this study 

Despite the strength of this study, it has several important limitations common to all 

TWAS and PWAS studies that rely on GWAS summary statistics. We observed genomic 

inflation in the findings using all three omics panels. To account for the inflation issue, we 

implemented the GIFT tool to identify independent signals, and used the bulk PWAS-O 

findings to validate significant TWAS-O risk loci. Second, the reference transcriptomics and 

proteomics data were profiled from a single prefrontal cortical region and it would be 

important to profile more than one site including other sites within and outside the brain 

given the widespread sites that accumulate PD pathology. Our study did not account for risk 

genes that act primarily in other PD-relevant brain tissues such as substantia nigra dopamine 



neurons or peripheral tissues. Consequently, it is unclear to what extent the phenotypic 

heterogeneity of PD depends on differences in sites specific underlying genetics differences. 

However, our study demonstrated the feasibility of integrating multi-omics data with GWAS 

summary data to map risk genes for PD. The xWAS-O procedure can be easily applied to 

integrate omics data profiled from other brain regions and GWAS data to map risk genes of 

PD and other complex diseases. Finally, functional follow-up in cellular and in-vivo systems 

will be essential to reveal the underlying biological mechanisms of detected risk genes. 

 

Conclusions 

In summary, we demonstrated that by integrating large-scale bulk RNA-seq, snRNA-seq, 

and TMP proteomics data of DLPFC with the latest GWAS summary data2 of PD through the 

xWAS-O framework yielded a thorough view of the risk genes of PD. We identified TWAS 

risk genes that were linked to PD-related traits in GWAS Catalogue, as well as novel risk genes, 

especially novel cell-type-specific risk genes, that we were able to validate in the proteomics 

data from the same DLPFC tissue and replicated in individual-level GWAS data of ROS/MAP. 

From a translational perspective, our results provide a prioritized list of bulk and cell-type-

aware candidate TWAS risk genes for functional validation and therapeutic targeting. Our 

findings highlight the importance of integrative multi-omics data and GWAS summary data in 

unraveling the complex molecular mechanisms underlying human diseases like PD. 

  



Methods 

xWAS-O analytical framework 

The xWAS-O pipeline recently developed by our group19 can integrate multi-omics data 

(i.e., bulk-RNAseq, sn-RNAseq, and bulk proteomics) with GWAS summary data using 

multiple complementary statistical methods. In brief, Stage I of xWAS-O trains cis-xQTL 

imputation models using individual-level genotype and transcriptomic/proteomic expression 

data. Stage II performs gene-based association testing by integrating estimated xQTL weights 

with GWAS summary statistics data, followed by omnibus p-values aggregation through 

ACAT88. This framework has been shown to improve statistical power and maintain well-

calibrated type I error rates17,23.  

 

Stage I. xQTL weight estimation. As described in our previous studies17, for each gene and 

for each corresponding molecular trait, cis-xQTL weights were estimated using genotype data 

 within ±1 Mb of the transcription start/termination site as predictors. The target molecular (ࡳ)

trait was first adjusted for known covariates (e.g., age, sex, batch effects, PEER factors89 and 

genotype PCs) and log2-transformed, where the residuals were used as the quantitative traits 

 Three complementary statistical methods were implemented to estimate cis-xQTL .(ࢍࢀ)

weights (Equation 1): (i) Nonparametric DPR implemented in TIGAR6,7, (ii) Penalized 

regression with EN penalty implemented in PrediXcan4; (iii) the best predictive model 

selected from FUSION, which considers penalized regression with LASSO, EN, BLUP, and 

Top1-QTL5. ࢍࢀ = ࢝ࡳ + ࣕ;                ૓ ∼ ܰ(0,  ఢ2۷).      (Equation 1)ߪ

 

Stage II. Gene-based Association testing. Genes with CV 𝑅2>0.5% for their corresponding 

molecular traits were retained for association testing. As shown by the TIGAR-V2 paper7, a 

relaxed threshold does not inflate type I error, because TWAS Z-scores are linear combinations 

of GWAS statistics weighted by estimated eQTL effects, imprecise weights reduce power but 

do not introduce bias. 



In Stage II, xWAS-O first uses these three sets of xQTL weights (̂ܟ) in Equation 1 from 

Stage I to predict the genetically regulated genetic component of expression (GReX) in the 

GWAS test data by ܩ௚௪௔௦ݓ, and then test the association between the phenotype ܻ and the 

GReX component as follows:  ([܇]۳)܎ = :ܗ۶  ;(ܟ̂ܛ܉ܟ܏۵)ߙ ߙ = :܉۶   ,0 ߙ ≠ 0.    (Equation 2) 

When individual genotype data of the GWAS cohort (۵ܛ܉ܟ܏ ) are not available, it is 

equivalent to take ̂ܟ as variant weights to implement gene-based burden test as shown in the 

S-PrediXcan paper90. A gene-based association Z-score test statistic can be calculated using the 

summary-level GWAS test data as follows: ܖ܉܋܆ܑ܌܍ܚ۾_܁ ܈ = ∑ ܟ̂܄′ܟ̂√૚=ܔܕ(ܔ܈ఙ೗̂ܔ̂ܟ) ; = ௟2ߪ  ;(ܔ,۵૙)ܚ܉܄ ܄   =  (Equation 3)  . (۵૙)ܞܗ۱

Here, ܔ܈ denotes the single-variant Z-score test statistics in GWAS summary data for the ݈௧ℎ 

genetic variant, ߪ௟2  denotes genotype variance of the ݈௧ℎ genetic variant, and ܄ denotes 

the genotype variance-covariance matrix. Both ߪ௟2  and ܄ could be approximated from 

individual-level genotype data of an external reference panel of the same ancestry as the test 

GWAS data (with genotype matrix ۵૙).  

Reference LD derived from the WGS genotype data of the ROS/MAP cohorts30 was used 

for deriving xWAS Z-score test statistics in this study. Gene-based association test (two-

sided) p-values can be easily derived from the Z-score statistic in Equation 3 that has a 

standard normal distribution under the null hypothesis of no association exists between 

genetically regulated molecular traits and the phenotype of interest. 

 

Derive omnibus xWAS p-values. As shown by our previous studies23,91, there is no single 

statistical method that can achieve optimal performance of modeling the underlying genetic 

architecture of genome-wide genes. Thus, to enhance the robustness and statistical power of 

gene-based association testing, xWAS-O utilizes the ACAT34 to combine p-values from all 

three imputation tools based on complementary statistical methods as: 

஺ܶ஼஺் = 1௞∑ గ2]݊ܽݐ (0.5 − ௞)]௄=3௞=1݌ ; ݌  ∈ [0,1] .          (Equation 4) 

Here, ܭ denotes the total number of xWAS p-values per gene, and ݌௞ denotes the p-value 



obtained from a gene-based association test by each of these three tools. The ACAT test 

statistic ( ஺ܶ஼஺்) approximately follows a standard Cauchy distribution19 under the null 

hypothesis.  

An omnibus test p-value (two-sided) for each test molecular trait of a test gene can be 

calculated by Equation 5 and is then used to identify significant xWAS risk genes23.  ்݁ݑ݈ܽݒ݌ ≈ 0.5 − {arctan(்)} π ߨ                   , ≈ 3.14.              (Equation 5) 

By comprehensive simulation studies and real studies of complex traits, previous studies23,91 

have shown that improved power and calibrated type I error rates were obtained using ACAT 

omnibus xWAS p-values. 

 

Fine-map xWAS-O risk genes by GIFT 

To fine-map risk genes within genomic regions containing multiple significant xWAS-O 

signals, we applied Gene-based Integrative Fine-mapping through conditional TWAS, 

referred to as GIFT24. First, for each candidate locus containing multiple significant xWAS-O 

risk genes, we considered the merged test regions of all nearby significant xWAS-O risk 

genes whose test regions were overlapped with the top significant risk gene. GIFT then 

jointly models the genetically regulated expression or protein abundance of all significant 

xWAS-O risk genes in the region, explicitly accounting for both LD structure and correlations 

among predicted molecular traits. As a result, GIFT can effectively pinpoint conditionally 

independent signals. 

Here, we briefly describe the underlying model assumptions by GIFT for using summary 

xQTL and GWAS data. For each gene ݅, the marginal association Z-scores from the xQTL 

data can be modeled as: ܑ܂ ܈ = √(݊1 − 1)઱૚ܑܑܟ + ૓ܑ܂ , ݅ = 1,… , ݇ .        (Equation 6) 

Here, ݊1 is the sample size for xQTL summary data, ઱૚࢏ is the LD correlation matrix 

of cis-SNPs for gene ݅ , ܑܟ  represents the vector of cis-SNP effect sizes on gene 

expression or protein abundance as in Equation 1, and ૓ܑ܂ captures residual errors. 

 The marginal Z-score statistics of all cis-SNPs in the target genetic region from the 

GWAS summary data can be modeled as: 



ܡ ܈ = √(݊2 − 1)઱૛(ܟ1ߙ૚܂, … , ܂(܂ܓܟ௞ߙ + ૓ܡ .        (Equation 7) 

Here, ݊2 is the sample size for GWAS summary data; ઱૛ is the LD correlation matrix 

of all cis-SNPs; ܑܟ  are xQTL effect sizes defined in Equation 6; ߙ௜  denotes the 

conditional effect of the GReX or genetically regulated protein abundance (GRP) of gene ݅ on the phenotype, while accounting for the genetic components of all neighboring genes 

 represents residual errors. A ܡin the same multiple linear regression model; and ૓ (௜−ߙ)

gene with significant conditional effect ߙ௜ will be the independent signal prioritized by 

GIFT. A gene with most significant marginal TWAS-O p-value may not always be the one 

prioritized by GIFT in a joint model of all significant genes in the same target genetic 

region as in Equation 7. 

Since our omnibus framework does not provide a combined xQTL weights, we 

implemented GIFT with xQTL and GWAS summary data. We generated xQTL summary 

data (ܑ܂ ܈) and the corresponding LD (઱૚࢏) from the individual-level snRNA-seq, TMT 

proteomics, and whole genome sequencing data of ROS/MAP samples30. We used GWAS 

LD (઱૛) derived from the UK Biobank92 reference panel. Reference LD derived from 

different reference panels are recommended by GIFT developers for resolving potential 

computational issues. 

 

PPI network analyses 

Protein-protein interaction (PPI) networks were constructed for significant risk genes 

using the STRING25,73,93 webtool (version 12.0), which integrates public data sources of 

protein-protein interaction information to construct connected networks of proteins (nodes in 

the PPI network). Protein-protein edges represent the predicted functional associations, 

colored differently to indicate seven categories –– co-expression, text-mining, experiments 

(biochemical/genetic data), databases (previously curated pathway and protein complex 

information), gene co-occurrence, gene fusion, and neighborhood. Gene co-occurrence, 

fusion, and neighborhood represent predicted association based on genome-wide 

comparisons. Each edge in the network represents a predicted functional association. Lists of 



significant risk genes by bulk TWAS-O, cell-type-aware TWAS-O, and PWAS-O analyses 

were submitted to the STRING webtool to assess their corresponding PPI network 

connectivity. 

 

Enrichment analyses by pathDIP 

PathDIP 594 integrates pathways from 6,500‑plus curated records across many databases, 

unifying them with a KEGG‑/Reactome‑based ontology so enrichment results can be filtered, 

consolidated, and mapped into 53 functional categories, with FDR q-values calculated by the 

Benjamini-Hochberg method. Specific pathway sources can be selected for gene enrichment 

analyses which aim to detect pathways that are significantly enriched with the curated gene list 

versus a similar list of random genes. We utilized the pathDIP webtool to conduct gene pathway 

enrichment analyses with respect to data bases of Panther95, PathBank96, and Reactome97 with 

the lists of bulk TWAS-O, cell-type-aware TWAS-O, and PWAS-O risk genes of PD. 

 

Global parkinsonian score and pathologic PD traits in ROS/MAP 

As described in previous publication about studying parkinsonism and PD pathologies in 

ROS/MAP older adults64, the global parkinsonian score is profiled annually by trained nurse 

clinicians through assessing four parkinsonian signs (parkinsonian gait, rigidity, bradykinesia, 

and tremor) using 26 items from a modified Unified Parkinson’s Disease Rating Scale71,72; the 

pathologic PD is a binary variable defined as either nigral neuronal loss or Lewy body 

pathology exists.  

A score for each of the four parkinsonian signs was based on the sum of the scores for each 

of its individual items assessed, e.g., 8 items for bradykinesia. The scores for the 4 parkinsonian 

signs were averaged to provide a continuous global parkinsonian score as previously 

described.71 The distribution of global parkinsonian score was positively skewed and was 

square root transformed prior to our analyses. 

Nigral neuronal loss was assessed in the substantia nigra in a hemisection of the mid to 

rostral midbrain near or at the exit of the 3rd nerve in hematoxylin and eosin stained 6um 

sections using a semi-quantitative scale (0-3). Lewy body was defined as either existing in one 



of the six regions (substantia nigra, anterior cingulate cortex, entorhinal cortex, midfrontal 

cortex, superior or middle temporal cortex, inferior parietal cortex), which were assessed using 

a monoclonal phosphorylated antibody to a-synuclein (1:20,000; Wako Chemical USA Inc., 

Richmond, VA).  
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Data availability 

All omics data of ROS/MAP samples are available from Synapse 

(https://www.synapse.org/Synapse:syn3219045), which can be requested through 

www.radc.rush.edu and www.synapse.org. GWAS summary data of PD by the Nalls et. al. 

2019 exclude the 23andMe cohort are available from google drive 

(https://drive.google.com/drive/folders/10bGj6HfAXgl-JslpI9ZJIL_JIgZyktxn). Trained bulk 

cis-eQTL weights, cell-type-aware cis-eQTL weights, cis-pQTL weights are available from 

SYNAPSE (syn66644078; https://doi.org/10.7303/syn66644078). Omnibus TWAS/PWAS 

summary data of PD will be shared through SYNAPSE once this work is published. 

 

Code availability 

Analysis scripts used to produce all results in this work is available at https://github.com/Leo-

LiuQiang/CTS-TWAS. 
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Figure 1. Bulk TWAS-O results of PD. A.) Manhattan plot of -log10(bulk TWAS-O p-

values): Transcriptome-wide significance threshold -log10(2.5E-06) was plotted as the 

dashed horizontal line. Independent significant TWAS-O risk genes are colored in red and 

labelled. Other non-independent ones are colored in orange. B.) PPI network of significant 

bulk TWAS-O risk genes: Edges in the PPI network plot represent PPI links, with different 

colors representing different sources of connection evidence as shown in the legend. C.) 

Pathways significantly enriched with our bulk TWAS-O findings are plotted, with the -

log10(enrichment FDRs) in the x-axis. 

 
  



Figure 2. Cell-type-aware TWAS-O results of PD in astrocytes, microglia, excitatory 

neurons, inhibitory neurons, oligodendrocytes, and Opcs. Transcriptome-wide significant 

threshold -log10(2.5E-06) was plotted as the dashed horizontal line. Independent significant 

genes are colored in red and labelled, including the ones detected by GIFT and the ones 

having no overlapped test regions with other significant cell-type-aware TWAS-O risk genes. 

Other non-independent cell-type-aware TWAS-O risk genes are colored in orange. 

 

  



Figure 3. Fine-mapped cell-type-aware TWAS-O risk genes of PD by GIFT in 

astrocytes, microglia, excitatory neurons, and inhibitory neurons. The -log10(p-values) 

were plotted on the y-axis, and -log10(0.05) was plotted as the dashed horizontal line. Gray 

dots: SNPs by GWAS; Blue squares: genes identified by TWAS; Red diamond: results by 

GIFT. Causal significant genes are labeled. 

 

  



Figure 4. Bulk PWAS-O results of PD. A.) Manhattan plot of -log10(bulk PWAS-O q-

values): Significance threshold -log10(0.05) was plotted as the dashed horizontal line. 

Independent significant PWAS-O risk genes are colored in red and labelled. Other non-

independent ones are colored in orange. B.) PPI network of significant PWAS-O risk genes: 

Edges in the PPI network plot represent PPI links, with different colors representing different 

sources of connection evidence as shown in the legend. C.) Pathways significantly enriched 

with PWAS-O findings are plotted, with the -log10(enrichment FDRs) in the x-axis. 

 

  



Figure 5. PPI network and pathway enrichment analyses results with cell-type-aware 

TWAS-O risk genes of PD in six major brain cell types. A.) Edges represent PPI links, 

with different colors representing different sources of connection evidence. TWAS risk genes 

not connected in the network are not included in the network plot. B.) Enrichment pathways 

significantly enriched with cell-type-aware TWAS-O risk genes of PD, with the -

log10(enrichment FDRs) in the x-axis. 



Table 1: Significant risk genes by bulk TWAS-O in DLPFC. Superscript a denotes a gene is reported as associated with PD in GWAS Catalog. A risk gene is 

considered as replicated by PWAS-O if it is either detected as significant by PWAS-O or has test xQTLs overlapped with the ones of a significant bulk PWAS-

O risk gene, denoted by superscript b. Independent significant genes noted here are either not overlapping with other bulk TWAS-O risk genes or fine-mapped 

by GIFT, denoted by c. Independent risk genes that are not subjected to GIFT fine-mapping have NA GIFT p-values. Gene names of bulk TWAS-O risk genes 

that are independent signals and not reported as associated with PD in GWAS Catalog are bold. 

 

Gene Name CHR Start Position TWAS p-values GIFT p-values Gene Name CHR Start Position TWAS p-values GIFT p-values 

EFNA3a,c 1 155078872 6.00e-07  NA ACBD4b 17 45132600 1.01e-18 1.00 

RAB29a,c 1 205767986 8.53e-09  NA ADORA2Bb,c 17 15944917 5.41e-07 2.28e-02 

ACOX2b,c 3 58505136 8.99e-08  NA ARL17Ab 17 46516702 6.33e-07 6.24e-01 

CD38a,b,c 4 15778275 3.82e-16  NA CRHR1a,b 17 45784280 5.38e-20 1.00 

GAKa,c 4 849276 3.37e-10 4.31e-05 HEXIM1b 17 45148502 1.18e-19 1.00 

IDUA 4 986997 4.95e-10 1.61e-01 LINC02210a,b,c 17 45620328 6.94e-20 1.31e-05 

MMRN1a,c 4 89879532 8.38e-18  NA LRRC37Ab 17 46292733 8.66e-08 5.11e-02 

SCARB2a,c 4 76158733 1.63e-10  NA LRRC37A17Pb 17 46978481 2.11e-18 1.00 

TMEM175a 4 932387 5.36e-07 1.13e-01 LRRC37A2b 17 46511511 7.20e-10 1.00 

NDUFAF2a,c 5 60945129 1.01e-07  NA LRRC37A4Pb 17 45506741 2.57e-20 1.00 

GPNMBa,b,c 7 23235967 8.83e-09 5.46e-03 MAPTa,b 17 45894382 4.94e-20 1.00 

NUPL2b,c 7 23181827 7.70e-08 8.53e-03 MAPT-AS1a,b 17 45799390 1.44e-07 1.00 

CTSBa,b,c 8 11842524 1.65e-06  NA MAPT-IT1b 17 45895783 1.86e-20 1.00 

SH3GL2a,c 9 17579082 1.24e-06  NA NCOR1b,c 17 16029157 6.70e-07 4.36e-02 

ABCB9c 12 122920951 7.16e-07  NA NSFa,b,c 17 46590669 9.04e-20 3.11e-02 

MRPS34b,c 16 1771890 7.29e-08 1.26e-04 PLCD3b 17 45108967 9.28e-10 1.00 

TSR3b 16 1349240 1.79e-06 4.42e-01 TTC19b 17 15999380 1.13e-06 7.97e-01 

UBE2Ib 16 1308880 1.42e-06 4.47e-01 WNT3a,b 17 46762506 1.29e-19 1.00 

AC005670.2b,c 17 46923133 1.35e-17 1.37e-02 ZSWIM7b 17 15976560 3.76e-07 2.42e-01 

AC142472.1b 17 45146730 2.30e-12 1.00  

 a. Known risk genes reported in GWAS Catalogue. 

 b. Replicated by PWAS-O. 

 c. Independent bulk TWAS-O risk genes. 

  



Table 2: Independent significant cell-type-aware TWAS-O risk genes in DLPFC. All significant genes listed in this table are independent risk genes that 

either not overlapping with other nearby significant cell-type-aware TWAS-O risk genes, or fine-mapped by GIFT. Independent risk genes that are not subjected 

to GIFT fine-mapping have NA GIFT p-values. Superscript a denotes a gene is reported as associated with PD in GWAS Catalog. A risk gene is considered as 

overlapped with significant bulk TWAS-O (or PWAS-O) risk genes if it is either detected as significant by bulk TWAS-O (or PWAS-O) or has test xQTLs 

overlapped with the ones of a significant bulk TWAS-O (or PWAS-O) risk gene, denoted by superscript b (or c). A risk gene is considered as cell-type-specific 

if it is only detected as significant by this cell type, denoted by superscript d. Independent risk genes that are not reported as associated with PD in GWAS 

catalog or bulk TWAS-O are bold. 

 

Gene Name CHR Cell type TWAS p-values GIFT p-values Gene Name CHR Cell type TWAS p-values GIFT p-values 

ACBD3d 1 Ast 3.81e-07  NA GPNMBa,b,c 7 Ex, In, Mic 7.60e-08, 2.33e-07, 2.41e-08  NA, NA, NA 

KHKc 2 Mic 2.26e-06  NA C16orf91b,c 16 Oli 6.45e-07  NA 

OTOFc 2 In 7.15e-07 1.61e-03 FAHD1b,c 16 Ast, Opc 6.28e-08, 1.26e-07  NA, NA 

TMEM163a 2 In, Mic 6.64e-07, 2.16e-11  NA, NA NME3b,c 16 In 1.63e-07 5.23e-05 

CLEC3Bc,d 3 Ast 1.69e-06  NA SPSB3b,c 16 Ex, Mic 1.55e-07, 1.55e-07 5.02e-14, 1.82e-02 

GPR171 3 Ex, Opc 1.88e-06, 2.60e-07  NA, NA TOX3d 16 Opc 1.36e-06  NA 

BST1a,b,c 4 Mic 1.06e-06  NA C1QL1b,c 17 Ast 6.32e-17 1.29e-02 

CC2D2Aa,b,c 4 In 4.75e-07  NA DCAKDb,c 17 In 2.84e-19 1.50e-24 

CCSER1a,b 4 In, Opc 6.26e-08, 6.55e-07 1.06e-02, 1.67e-08 GFAPb,c 17 Ast 7.24e-08 6.97e-03 

CD38a,b,c 4 Ex, Oli 4.41e-10, 4.73e-13  NA, NA LRRC37Ab,c 17 Ast 6.23e-12 3.64e-02 

FAM13Ab 4 Mic, Opc 5.01e-09, 1.17e-09 3.59e-36, 3.45e-06 LRRC37A2b,c 17 Ast 1.30e-10 1.72e-02 

FGFRL1b 4 Ex 3.01e-15  NA NCOR1b,c,d 17 Opc 2.36e-06  NA 

GPRIN3a,b 4 Ast 1.75e-07, 9.75e-07  NA, NA PLEKHM1a,b,c 17 In 1.49e-09 2.23e-16 

NELFAb 4 Opc 2.36e-06  NA RPRMLb,c 17 Mic, Opc 2.21e-16, 3.22e-20 5.03e-10, 6.35e-03 

ERCC8b 5 Ast 1.43e-09  NA WNT3a,b,c 17 Oli 5.32e-08 4.25e-02 

ZSWIM6b 5 Mic 1.30e-08  NA EIF2S2d 20 Ast 1.00e-06  NA 

 a. Known risk genes reported in GWAS Catalogue. 

 b. Overlapped with significant bulk TWAS-O risk genes. 

 c. Replicated by bulk PWAS-O. 

 d. Cell-type-specific. 

  



Table 3: Significant PWAS-O risk genes in DLPFC. Superscript a denotes a gene is reported as associated with PD in GWAS Catalog. PWAS-O risk genes 

that are also overlapped with bulk TWAS-O risk genes are denoted by superscript b. Independent PWAS-O risk genes that are either not overlapping with other 

nearby significant PWAS-O risk genes, or fine-mapped by GIFT, are denoted by superscript c. All PWAS q-values were obtained from p-values adjusted by 

genomic control factor. Independent risk genes that are not subjected to GIFT fine-mapping have NA GIFT p-values. Gene names of bulk PWAS-O risk genes 

that are fine-mapped independent signals, not reported as associated with PD in GWAS Catalog or detected by our bulk TWAS-O analyses, are bold. 

 

Gene Name CHR Start Position PWAS p-values PWAS q-values GIFT p-values 

SNX17c 2 27370496 1.28e-05 6.73e-03 NA 

EXOSC7c 3 44976249 2.35e-06 1.58e-03 NA 

FAM107Ab,c 3 58564112 1.27e-04 3.76e-02 8.64e-16 

PDHBb 3 58427630 8.72e-05 3.75e-02 9.37e-01 

CD38a,b,c 4 15778308 3.30e-14 5.19e-11 NA 

GPNMBa,b,c 7 23246697 4.20e-08 4.96e-05 NA 

CTSBa,b,c 8 11842525 1.04e-04 3.76e-02 NA 

SEC23IPa,c 10 119892573 1.62e-04 4.49e-02 NA 

VPS26Bc 11 134224605 1.36e-06 1.07e-03 NA 

MLST8b 16 2205177 1.26e-04 3.76e-02 8.01e-01 

RAB26b 16 2148144 1.12e-04 3.76e-02 7.69e-01 

RPS2b 16 1962061 7.68e-05 3.63e-02 1.73e-01 

GFAPb 17 44905626 5.67e-06 3.35e-03 1.99e-01 

GOSR2b,c 17 46923120 2.73e-14 5.19e-11 3.34e-08 

HEXIM1b 17 45147317 8.58e-08 8.10e-05 2.77e-01 

NMT1b,c 17 45061299 3.71e-17 1.75e-13 2.83e-10 

TTC19b,c 17 15999380 1.15e-04 3.76e-02 NA 

 a. Known risk genes reported in GWAS Catalogue. 

 b. Overlapped with significant bulk TWAS-O risk genes. 

 c. Independent PWAS-O risk genes. 

  



Table 4: Summary of cell-type-aware TWAS-O risk genes. 

 

Cell Types Number of 

significant cell-type-

aware TWAS-O risk 

genes 

Number of risk genes 

reported as associated 

with PD-related traits in 

GWAS Catalog  

Number of 

independent cell-type-

aware TWAS-O risk 

genes 

Number of 

independent cell-type-

aware TWAS-O risk 

genes overlapped with 

bulk TWAS-O 

Number of 

independent cell-type-

aware TWAS-O risk 

genes overlapped with 

PWAS-O 

Number of 

independent cell-

type-aware TWAS-O 

risk genes that are 

cell-type-specific 

Astrocytes 21 5 10 7 6 3 

Microglia 24 8 8 6 5 0 

Excitatory neurons 25 6 5 4 3 0 

Inhibitory neurons 19 9 8 6 6 0 

Oligodendrocytes 21 9 4 4 3 0 

Opcs 23 6 8 6 3 2 
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