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Synthetic Accessibility Assessment Using Auxiliary Responses
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Despite of the recent advances in computational approaches to discovering new compounds, synthetic accessi-
bility assessment of chemical compounds is still an Al-hard task. Therefore human computation approaches are
potentially promising. We introduce a new aggregation method of semi-expert judgments that consist of five-grade
synthetic accessibility scores along with annotations of obstructive substructures to their synthesis. Our proposed
two-stage method treats the obstructive substructures as auxiliary responses. The first stage divides both the
semi-experts and the atoms in the substructures into clusters using stochastic block models. The second stage
generates five-grade responses based on the clusters. Our experiments show that the use of the auxiliary responses

improves the prediction performance.
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