Predicting Reaction Conditions: A Data-Driven Perspective
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Introduction

= Reaction conditions play a pivotal role in determining the outcomes of chemical syntheses, but despite this importance, there are still relatively few computational tools to predict
optimal reaction conditions directly.

= Underlying problems with reaction data are well documented’-3 but have underdiscussed implications for the design and evaluation of condition prediction models.
= These problems manifest themselves in poor model performance?, where state-of-the-art approaches cannot significantly improve upon a literature popularity baseline.

= We suggest alternative approaches for the design and evaluation of condition prediction models and investigate the impact that reaction representation can have on existing model
performance.

The Impact Of Reaction Representation

I. Reaction Equation II. Atom Map lll. Superimpose R + P = |t has previously been suggested that ML models cannot significantly improve upon
literature popularity baselines, for a range of models and input representations.
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sparsity, assuming intra-class reactivity is consistent.
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