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[ Abstract] Machine learning could make predictions and decisions more efficiently based on information, which plays an
important role in data—driven models. Feature engineering is a decisive factor in improving the efficiency of machine learning
systems, but it is one of the most time —consuming tasks. In view of human error and extreme time cost, automated feature
engineering came into being.In recent years, automatic feature engineering has been developed rapidly, liberating a large number of
tedious and monotonous manual operations. In this paper, the algorithms of automatic feature engineering are systematically

summarized. The research provides a reference for the subsequent research.
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Fig. 1 The expansion—reduction architecture
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