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Research Background Virtual Screening (VS)

1. Key Challenges in VS

• Vast search space: Over 1060 candidate compounds make exhaustive search computationally intractable, necessitating VS.

• Low-label regime: Screening must begin with only a handful of known active compounds.

• Core challenge: Identifying true hits from billions of candidates using minimal labeled data, while ranking them at the top.

2. Limitations of Existing Methods under Low-label Regime

• Supervised Models: Require large-scale labeled data; prone to severe overfitting and high false positive rates under limited 

supervision.

• Foundation Models: Score molecules independently, failing to capture inter-molecular dependencies during inference.

3. Structural Limitations of Related Works

• Network Propagation (NP):

• Limited expressivity: Relies on pre-defined generic fingerprints (e.g., ECFP), failing to capture activity-determining subgraph patterns.

• False positive inflation: Topological bias over-promotes high-degree nodes, regardless of true bioactivity.

• Representation-centric models: Both traditional fingerprints and deep learning models miss 

key bioactivity patterns, treating molecules in isolation.

• Label-efficient NP: A promising strategy for low-label settings, yet still fails to overcome 

generic fingerprint dependency and false positive control.
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4-6 years

Introduction to Virtual Screening



Research Objectives

Problem Formulation

✓ Virtual screening as the problem of ranking a large set of unlabeled 

candidate compounds, especially under a low-label regime.

Our approach

1. Overcoming the limitations of pre-defined fingerprints (FP)
→ Extract assay-based, class-discriminative subgraph patterns to redefine molecular 

fingerprints beyond pre-defined descriptors

2. Incorporating inter-molecular relationships
→ Leverage chemical similarity networks and network propagation to incorporate inter-

molecular relationships into predictions

3. Controlling graph-induced bias and reducing false positives
→ Enhance prediction reliability and interpretability via node-level ranking and LFDR-based 

false positive control
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Model Pipeline SubDyve
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Subgraph Extraction Algorithm

Dynamic Signal Propagation 

& FP Control

SubDyve: Subgraph-Driven Dynamic Propagation for Virtual Screening Enhancement Controlling False Positive



DUD-E Results 10 DUD-E Virtual Screening
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Performance Comparison

Ten DUD-E Targets Zero-shot Screening Performance

Virtual Screening Benchmark Dataset DUD-E

• Active (ChEMBL)

• Decoy (Similar structure to Active compounds)

BEDROC 

Degree to which active compounds are enriched at 

the top of the ranking

EFN% 

Fold enrichment of active compounds in the top N% 

of the ranked list relative to random selection



PU-Style Results PU-Style Virtual Screening
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Performance Comparison

PU-Style Screening Performance

• Target : CDK7

• Dataset

• Hundreds of CDK7-related compounds from PubChem

• ~10 million compounds from ZINC

• Method

1. Subgraph pattern mining from CDK7 active compounds

2. Filtering ZINC and PubChem compounds using mined patterns

3. Network construction based on structural similarity

• Experimental Setup

10% of CDK7 active compounds are held out; 

remaining actives serve as seeds to evaluate recovery of masked 

active compounds



Results Effectiveness of SubDyve components
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Ablation Study

Effects of Subgraph Network & LFDR Seed Refinement

Performance under Varying Seed Set Sizes

FP-pressure via LFDR threshold

Subgraph Pattern Size



Results
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Case Study

Substructure Similarity in CDK7-Target Compound Retrieval

A. SubDyve yields highly cohesive structural clusters, whereas RDKit-based retrieval produces scattered embeddings

B. SubDyve identifies functionally relevant substructures overlooked by pre-defined RDKit fingerprints

C. SubDyve maintains higher subgraph-level similarity than RDKit across retrieved compounds

➔ SubDyve demonstrates greater sensitivity to activity-relevant substructures, 

facilitating the discovery of functionally similar compounds.



Results
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Case Study
Ranking gap analysis for structurally similar pairs



Results
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Time and Memory Cost

Time 

÷2.74 vs. DrugCLIP

Memory

÷ 15.06 vs. DrugCLIP

BEDROC

+4.4% vs. RDKit+NP

+42.76% vs. GRAB

Subgraph mining incurs 

a one-time preprocessing overhead



Thank you
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