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Highlights

* Can incorporating ELF-derived descriptors into GNNs improve model
performance?

 ELF descriptors provide quantum-level, quantitative information on
atom and bond properties.

» Utilizing a database of 44K WFX files with TopChem2 to extract
topology descriptors improves model performance compared to
models relying only on atom and bond features from molecular
graphs.

Background

Drug discovery is a high-dimensional optimization process, with
Quantitative Structure Activity Relationship (QSAR) models playing a
key role in linking molecular descriptors to biological activity.

Extending molecular representations used by Graph Neural Networks
(GNNSs) with quantum level features extracted from ELF (Electron
Localization Function) analysis offers the potential to enhance model’s
predictive performance. These ELF descriptors include critical points
(nuclear, bond and ring) as well as lone pairs.

Workflow
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e DFT static calculations (B3LYP/6-31G)
o 44K WEFX files from 44K randomly selected QM9 molecules (excluding those
containing fluorine atoms)
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Conclusion and Perspectives

e Preliminary results show that training on 11k graphs was sufficient to
achieve better performance compared to models using only atom and
bond features.

e Future work will involve utilizing the full 44K molecule dataset,
extending the approach to additional datasets, and applying it across
diverse machine learning architectures to enhance property
predictions
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