
Machine Learning-Guided Protein Disulfide Bond Engineering
Binjie Chen1, Giovanni Stracquadanio2

1 School of Informatics, The University of Edinburgh, Edinburgh EH8 9AB, U.K.
2 Scchool of Biological Sciences, The University of Edinburgh, Edinburgh EH9 3BF, U.K.

Motivation

Acknowledgements

This work was supported by the United Kingdom Research and Innovation (grant EP/S02431X/1), UKRI Centre for Doctoral Training in Biomedical AI at the University of Edinburgh, School of Informatics.

Machine learning-guided disulfide engineering pipeline

Protein stability is a key bottleneck in 
therapeutic and industrial protein 
engineering. Engineered disulfide bonds can 
improve thermal stability and robustness, 
but selecting mutation sites remains difficult 
because successful candidates must satisfy 
both local disulfide geometry and global 
structural compatibility.

Results visualization: top candidate bonds Schematic validation summary

Protein stability is a key challenge for biologic drug 
development, motivating computational strategies for 
stabilising mutation design.

Native disulfide annotations from PDB structures are used as proxy 
supervision to learn disulfide-like structural patterns. The trained models rank 
mutation-to-cysteine candidates, which are then refolded, geometrically 
filtered and evaluated by molecular dynamics before experimental 
prioritisation.

Structure-Informed Models

Direction-aware graph models gave the strongest held-
out disulfide-pair prediction under matched capacity.

Shortlisted candidates should be evaluated after refolding and MD as per the 
figure illustrated on the right. Stable designs should maintain S–S distances 
near the disulfide-compatible range while showing limited local and global 
backbone deviation.

Representative local views of shortlisted engineered disulfide candidates, 
showing candidate cysteine pairs in their surrounding backbone environment.


	Slide 1

