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Deep learning in drug design and discovery
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Abstract: Among various technologies used in drug design and discovery, deep learning is still in its infancy.
Recently, deep learning approaches have been rapidly developed and applied to address various problems in drug
discovery, including generation of virtual compound library, prediction of compound activity, metabolism and
toxicity, and prediction of organic synthesis routes. Compared with the traditional machine learning methods,
the prediction power of deep learning did not show significant improvement. However, proactively learning and
automatically feature extraction bring advantages for deep learning approaches. Compared to first principle-based
computational chemistry methods, deep learning can not be generalized because it depends on large-scale and high-
quality annotated data sets. But its molecular representation with single-atom atomic environment vectors could be
useful for computational chemists. As an emerging technology, deep learning, especially the unsupervised learning
method that does not rely on large datasets with labels, is gradually improving. It is expected that someday deep
learning method will become practical for drug discovery.
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