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natural enzymes in industrial production is unsatisfactory owing to challenges such as misfolding of proteins and
limited functions. Compared with traditional methods, enzyme design and engineering with the help of artificial
intelligence (Al) have advantages of high efficiency, high speed and low cost, but most work does not consider the
‘foldability’ in the process of enzyme engineering. A designed enzyme may fold to another state for minimum energy,
so called misfolding. As we all know, protein design is regarded as an inverse folding process. Can we utilize protein
folding tools to constrain the foldability of the designed enzyme? In recent years, protein structure prediction tools
represented by AlphaFold2 have made breakthroughs with the help of Al for accuracy at atomic levels, which enriches
existing enzyme structure data for subsequent studies to address the above question. Therefore, we discuss applying
protein structural tools to fulfill the task of enzyme design and engineering, increase the proportion of reliable enzymes
designed and reduce the cost of experiments. Firstly, we review the application of artificial intelligence technology in
enzyme design and engineering from the perspective of sequence and structure. Then, we summarize existing protein
structure prediction tools into four types and introduce their methods and prediction ability respectively. Furthermore,
taking AlphaFold2 as an example, we group the applications which improve the rationality of enzyme modification and
the “foldability” of design into three categories: 1) Structure ‘Analyzer’, 2) Mutation 'Filter' and 3) Folding ‘Monitor’.
Finally, we highlight drawbacks with existing algorithms for further improvements. With the rapid development of Al

and understanding on protein function mechanism, the precision of enzyme modifications and designs will be increased.

AlphaFold2

v Enzyme design

v

RMSD

Protein structure Protein function

2
2

Protein sequence pAE

Enzyme modification
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Fig. 1 Specific aspects for the application of structure prediction tools in the intelligent design and transformation of enzymes
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