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Abstract: Enzyme engineering serves as a crucial foundation for research in biocatalysis, synthetic biology, and
related fields. While natural enzymes possess excellent catalytic properties, those used in actual production often
suffer from poor stability, low affinity, and low catalytic activity, necessitating their modification. Traditional enzyme
modification methods primarily include rational design and non-rational design, which can yield mutants with
certain benefits but with lengthy testing cycles and high trial-and—error costs. With the advancement of computer

technology, artificial intelligence has begun to be applied to enzyme design. Machine learning algorithms are widely
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used. Methods such as random forests and support vector machines can uncover patterns in sequence—function data
to guide rational design and narrow down the scope of potential mutants. On the other hand, deep learning offers
end—to—end modeling capabilities, enabling the direct extraction of features from enzyme sequences and structures
for predicting structure, function, and dynamic behavior. Furthermore, combining Al methods with molecular
dynamics simulations and quantum chemistry calculations allows for a physical analysis of mutation effects,
providing valuable insights for screening. Enzyme design research is evolving from past empirical trial-and—error

approaches toward data—driven and model—driven rational design, and is gaining increasing attention in fields such

as synthetic biology, biomedicine, and green biomanufacturing.
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Fig.5 Framework of the GVP-MSA deep neural network model"
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Table 3 Application of deep learning in different classes of enzymes
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