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Abstract: As natural catalysts, enzymes have excellent characteristics like high catalytic efficiency, high substrate
specificity, mild reaction conditions, environmental friendliness, and so on. However, natural enzymes still suffer

the shortages like low catalytic activity, poor stability, and promiscuous substrate specificity. The continuous
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advancement of synthetic biology and artificial intelligence put forward higher requirements and provide new

insights for understanding the catalytic mechanisms, engineering the catalytic properties, and designing enzymes

with novel functions. Currently developed and maturely applied enzyme engineering methods include directed

evolution, rational and semi-rational design, new enzyme design, etc. Meanwhile, machine learning also provides

new possibilities for enzyme engineering and design. This paper outlines the classical and machine learning-guided

enzyme engineering and design methods, focuses on the advancements and applications of enzyme engineering and

design technologies, so as to provide reference and basis for the engineering of key enzymes serve in synthetic

biology.
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