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Abstract: Protein engineering is one of the important research fields of synthetic biology. However, de novo design
of protein functions based on rational design is still challenging, because of the limited understanding on biological

fundamentals such as protein folding and the natural evolution mechanism of enzymes. Directed evolution is capable of
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optimizing protein functions effectively by mimicking the principle of natural evolution in the laboratory without
relying on structure and mechanism information. However, directed evolution is highly dependent on high-throughput
screening methods, which also limits its applications on proteins which lack high-throughput screening methods. In
recent years, artificial intelligence has been developed very rapidly for integrating into multidisciplinary fields. In
synthetic biology, artificial intelligence-assisted protein engineering has become an efficient strategy for protein
engineering besides rational design and directed evolution, which has shown unique advantages in predicting the
structure, function, solubility of proteins and enzymes. Artificial intelligence models can learn the internal properties
and relationships from given sequence-function data sets to make predictions on properties for virtual sequences. In this
article, we review the application of artificial intelligence-assisted protein engineering. With the basic and process of
the strategy introduced, three key points that affect the performance of the predictive model are analyzed: data,
molecular descriptors and artificial intelligence algorithms. In order to provide useful tools for researchers who want to
take advantage of this strategy, we summarize the main public database, diverse toolkits and web servers of the
common molecular descriptors and artificial intelligence algorithms. We also comment on the functions, applications
and websites of several artificial intelligence-assisted protein engineering platforms, through which a complete
prediction task including protein sequences representation, feature analysis, model construction and output can be
completed easily. Finally, we analyze some challenges that need to be solved in the artificial intelligence-assisted
protein engineering, such as the lack of high-quality data, deviation in data sets and lacking of the universal models.
However, with the development of automated gene annotations, ultra-high-throughput screening technologies and
artificial intelligence algorithms, sufficient high-quality data and appropriate algorithms will be developed, which can
enhance the performance of artificial intelligence-assisted protein engineering and thus facilitate the development of

synthetic biology techniques.
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Fig.1 Schematic diagram for rational design, directed evolution and artificial intelligence-assisted protein engineering

(Rational design relies on sequence and structural information to design mutant libraries accurately. However, it is difficult for being applied to pro-

teins lacking structural and functional information. In the directed evolution strategy, multiple rounds of mutation and screening experiments are per-

formed on target genes, which are not limited by structural and functional information, but high-throughput screening methods are required. Artificial

intelligence-assisted protein engineering requires a large amount of sequence-function data, which can be derived from experiments, calculations, and

databases. Through the predictive model, the sequence space of protein mutants can be explored more effectively)
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Fig.2 Workflow for predicting the GT1 glycosyltransferase model (GT-Predict)"”

(The function-based algorithmic learning approach, GT-Predict, uses a diverse training set of enzymes, electrophiles,
and nucleophiles to create a physicochemical and local-sequence-based classifier for predicting the novel
transformations and functional annotation of GT group-transfer enzymes.)
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Fig.3 Workflow for machine learning-guided channelrhodopsin engineering
[102 ChR proteins characterized in the recombinant library, together with 61 variants reported in the literature, constitute the training set of the
classification model (1). Then the trained classification model was used to predict whether 12000 uncharacterized ChR sequence variants are
functional, and three regression models (2) were trained, one for each of the ChR photocurrent properties of interest: photocurrent strength,

off-kinetics and wavelength sensitivity of the photocurrents.]
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Fig. 4 Schematic diagram of the supervised learning process"”

Step (a): Preparing data. The data from experiments, calculations or databases are usually converted to a format that the computer can recognize and
split into the training and test parts. Step(b): Constructing a predictive model. Using the training set to train different algorithms to find decision
boundaries, such as random forests, neural networks and support vector machines, so as to build predictive models.

Step (c): Validating the model. An appropriate evaluation method should be selected for tasks with classification or regression.
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Fig.5 Schematic diagram for 4-fold cross-validation

(The training data is further subsplit into & subsets, and the training workflow is repeated & times with each of the

k subsets holding for evaluation and the remaining k-1 subsets used for training)
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Fig. 6 Schematic diagram for one-hot encoding

(A certain position of the L amino acids in the N protein mutant sequence contains S different amino acids. The one-hot encoding represents all

S amino acids as an S-dimensional vector including S—1 zeros and one 1. The position of 1 indicates the type of amino acid at that position.)
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Fig. 7 Workflow for the UniRep model™”

[In the training part, 24 million amino acid sequences are used to train the UniRep model. Then the trained model is used to predict the next amino

acid (minimizing the cross-entropy loss), so as to learn how to correctly represent the amino acid. In the application part, by extracting and assessing

the numerical vector associated with the amino acid, the trained model is used to generate a single fixed-length vector representing the input

sequence. Next, these vectors can be used to train top models, which can be applied to various sequence-function prediction tasks.]
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