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Abstract: In recent years, with the rapid development of artificial intelligence (AI) technology, its
application in the field of enzyme engineering has demonstrated tremendous potential, particularly in the
directed evolution of enzyme molecules. Al-assisted enzyme molecule design provides predictive guidance for
directed enzyme evolution, offering new design strategies and tools for enzyme engineering. The basic process
of directed evolution of enzyme molecules includes constructing a gene mutation database, simulating
mutation conditions, screening for ideal enzyme protein mutants, and extracting their genes to achieve
continuous enzyme evolution. This work introduces the basic technical background and principles of directed
evolution of enzyme molecules, focuses on the application of Al in the field of enzyme molecule design and
directed evolution, including related algorithms, database esta7blishment, and online platform technology
routes, and the future development prospects.
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