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@ Diffusion Models - 9 (39.1%) @ Transformers - 5 (21.7%)

@ cChecked - 39% @ Not Checked - 61%

. E-GNNs - 6 (26.1%) RL-Guided - 3 (13.0%)

® Transition from virtual screening
to de novo multi-objective
generation

® 3D conformation-aware E-GNNs &

® Closing the computational-to-wet-lab
reality gap

® Integrating retro-synthesis filters &
toxicity profiles early

® Prospective experimental wet-lab
validation

@ Standardized benchmark datasets
for reproducibility

1. Study Design: Conducted in strict adherence to the PRISMA 2020
guidelines.

2. Search Strategy: Comprehensive search performed across PubMed,
Scopus, IEEE Xplore, and Web of Science for literature published

between 2025 and 2026.
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large library generation generating invalid

chemical structures.
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cancer detection and prevention method with developed deep learning
approach. Prostate Cancer. 2025;2025(1):2019841.

3. Zarei A, Javidnezhad E, Meysami MS. Deep Markov Neural Clustering:
An Optimized Framework for Accurate Detection of Hepatitis B. In: 2026
International Biennial Conference on Advances in Artificial Intelligence
and Data Science (IBAAIDS); 2026. p. 1-7.
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