MAPPING REACTION CONDITIONS WITH MACHINE LEARNING
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Introduction ----======== \ficual Abstract ----===-----

Reaction condition selection is critical to synthetic
success, yet identitying optimal combinations of conditions
remains challenging' 2. Machine learning for reaction
prediction has focused primarily on reactant
representations; condition encoding has received
comparatively less attention®*. Frequently used encodings
based on molecular fingerprints may struggle to
extrapolate to unseen components, whilst physicochemical
descriptors can capture reactivity-relevant information but
understanding which parameters are relevant apriori is not
straightforward.

The rise of High-Throughput Experimentation (HTE)
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Key Findings
» Learnt fingerprints are intuitive: individual dimensions correlate strongly with established solvent

properties (Kamlet-Taft, Catalan parameters).

- The local neighbourhood of the learnt embedding space captures reactivity more etfectively than
other representations across three held-out HTE datasets (using LOOCV, kNN models).

- Diverse plate sampling in the learnt space increases maximum yield and hit probability in early-stage
condition screening.
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