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SCIENCE AND TECHNOLOGY OF ADVANCED MATERIALS :
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Prediction and optimization of epoxy adhesive strength from a small dataset
through active learning
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Three pitfalls to avoid
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As scientists from myriad fields rush to perform algorithmic analyses,
Google's Patrick Riley calls for clear standards in research and reporting.
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Chem. Mater. 2019, 31, 9579-95811
Citrine Informatics Bryce Meredig

C M [ — =

Five High-Impact Research Areas in Machine Learning for Materials
Science
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very large, high dimensional design spaces.
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