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Page rank-based target prioritization using 
Random Walk with Restart (RWR)3.

PD-KG Content 

PD-KG: A Multi-Omic Knowledge Graph for Parkinson’s 
Disease Discovery

Heterogeneity of Parkinson’s disease1

Varied patient progression and pathology1

Our Solution: A knowledge graph to empower Parkinson’s disease researchers

PD-KG: Comprehensive Parkinson’s Disease KG
Composed of:  6.7m Edges, 222k Nodes
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● Random walks across heterogeneous 
bipartite layers of PD-KG

● Prioritize targets (genes) based on 
probability scores between genes and 
Parkinson’s disease

● Contextualize results using the broader 
KG heterogeneity in a metapath-based 
search

Methods

References

RWR-Based Target Prioritization

● Ranked known PD targets highly showing PD-KG is suitable for identifying novel targets
● Graph heterogeneity enables accurate mechanistic contextualization via pathway 

enrichment analysis

Introduction Results

● Heterogeneous Graph 
Transformer (HGT) 
trained on edge 
prediction task 

● Initial benchmarking 
utilized random splits 
stratified by edge type

●
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● Curated a list of 49 clinically 
validated targets in PD from 
Minikel et al.4

● Evaluated ranking performance 
of multiXrank3

● Evaluated pathway context using 
a metapath based approach

Neuroinflammation

Clinical Phenotypes

Genetic Predispositions

Pathophysiological 
mechanisms

Sex differences

Host immune responses

Exogenous infectious 
agents

Limited number of specific biomarkers to monitor disease progression2
No resource that properly integrates disparate, multi-omic data sources3

15 external 
public databases

2 proteomics 
datasets

3 transcriptomics 
datasets

1 clinical dataset

KG Build Engine

Bioinformatics 
Engine

Analyze ~10 years of 
multi-omics data 

(>100TB)

Example bipartite layers:

       Reaction          Gene
              Gene          Disease
         Disease           Phenotype

PD-KG

Embedding based approach to edge prediction.

Edge Prediction 
Model

Colors represent different 
types of nodes

Drugs, diseases, genes, 
etc.
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UCHL1 1

SNCA 4

LRRK2 7

PRKN 10

PINK1 11

PARK7 12

Graph Foundation Model - HGT Architecture

Conclusions and Future Directions

2

Parkinson’s 
disease

Gene
Reaction

Pathway

Identify targets

Metapath-based search

High-scoring, prioritized gene set

● Large, multi-omic PD-KG applicable to clinical and genomics focused analyses.
● Network-Based prioritization approaches perform well on target prediction tasks 

relevant to PD.
● GNN-based embeddings accurately predict both PD-relevant and other held-out 

relationships and demonstrates neurological-disease relevant context, will be 
applied to patient subtyping and target prediction tasks.

Dataset Description

PPMI Clinical Data
Longitudinal participant-level 

behavioral and PD subtype data
AMP-PD Targeted 

Proteomics
Differential abundance analysis 

for CSF and Plasma

PDBMS Somascan5k
Differential abundance analysis 

for CSF
AMP-PD Bulk RNAseq Differential expression analysis

Allen Brain Atlas 
snRNAseq 

(ASAP-CRN)

Cell-type specific differential 
expression analysis

Lange et al., 20252 
GWAS 

GWAS results

Integration of PD Experimental Datasets
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Edges can 
be predicted 
between pairs 
of nodes of a 
broad range 
of types.

Node 
embeddings 
encode 
biological 
and 
ontological 
context.

Figure 5. (A) A decoding edge prediction model was applied to the HGT-based embeddings for all edge types, and 
ROC-AUC curves are provided for disease-gene and disease-phenotype node pairs. (B) Cosine similarity of embeddings 
for disease nodes of each neurological disease class within (blue bars) and across (red dashed line) classes.
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Figure 1. Schematic representation 
of PD-KG, according to node type 
and the relationships between all 
types. Thickness of the lines 
represents how many unique edges 
exist between nodes of those types. Figure 2. Heatmap showing jaccard similarity of patient clinical representation 

at first visit (sample-phenotype edges) across spectral clusters (k=3). This 
reveals distinct subgroups with differing phenotypic burden.

Figure 4. Summarized 
disease-linked pathway 
context through the defined 
metapath-based approach 
using data from Reactome. 
For each pathway, we 
aggregated the number of 
distinct candidate genes linked 
through the metapath (bubble 
size). Statistical overlap with 
the top 100 gene set from the 
multiXrank ranking was 
summarized per pathway 
using a hypergeometric test 
(P-value by color). Annotations 
of the well studied genes 
involved in PD are also 
included. 

Figure 3. Enrichment of known PD targets from MultiXrank gene prioritizations of 15,703 genes from PD-KG. The 
curve demonstrates the recovery of 49 high-confidence targets (Minikel et al.)5 from the PD-KG genes. Well studied 
genes involved in PD are provided in an accompanying table, showing how they ranked.6

Heterogeneity of 
PD-KG enables 
genomic and 
phenotype-based 
analyses.
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