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Data-driven prediction and design for enzymatic reactions
ZENG Tao, WU Ruibo
(School of Pharmaceutical Science, Sun Yat-Sen University, Guangzhou 510006, Guangdong, China)

Abstract: Enzymes are efficient catalysts with substrate specificity and stereo- and regioselectivity, which are widely
used in producing chemicals, drugs and materials. Enzymes are cores for biocatalysis, and thus prediction on their
functions and design of enzymatic reactions are driving forces for intelligent biomanufacturing through biocatalysis. So
far limited understanding on enzymatic catalysis hinders the exploration of enzymatic reactions for industrial
applications. For example, it is difficult to predict enzymatic activities on unreported substrates, to elucidate synthetic
routes for newly found structures of enzymes, and to redesign enzymes for specific scenarios. In the era of big data,
data-driven approaches have exhibited powerful capabilities for exploring enzymatic reactions, by filling gap between
the large corpora of enzymatic data and limited understanding on functions of the enzymes. Recently, computational
tools and platforms have greatly accelerated experimental research, and improved the design-build-test-learn cycle.

Herein we review progress in computational tools for enzymatic reaction prediction and design, focusing on the
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application of deep learning methods in this field. Referring to key elements (substrate, product and enzyme) for
enzymatic reactions, related databases are summarized. Then, the data-driven approaches for forward and backward
prediction of enzymatic reaction routes and functions of enzymes, their design and theoretical calculation for enzymatic
catalysis are addressed. Finally, the status and prospective of data-driven approaches for enzymatic catalysis prediction

and design, including the data, model, algorithm and platform, are discussed.

Enzyme

Big
Data

Substrate

Product

Keywords: big data; machine learning; enzymatic catalysis; enzyme design; biosynthesis
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Fig.1 Key elements (substrate, enzyme and product) of enzymatic reactions and their information representations
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Fig. 2 Prediction of forward and backward enzymatic reactions

[Prediction starts with an enzyme molecule (green node) to deduce its substrate or product (yellow nodes), the lines represent transformation

reactions between two molecules, with arrow from substrate (enzyme) to product (a) and the reverse (b). A reaction network is developed after the

iterative prediction in which both known (solid nodes) and unknown (hollow nodes) molecules are included. The forward prediction is generally

random while a target (blue node, such as a building block) is specified in the backward prediction, and the exploration will lead to the target with the

help of iterative algorithms.]
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Table 2 Tools for the prediction and design of enzymatic reactions
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Fig.3 Models for searching and predicting enzymes

(c) [ e [El = T
(c) Regression model

[Circular and square nodes represent sequences and reactions, respectively, and yellow filling indicates known data while green filling mean objects
to be predicted. Similarity search (a) is to find a similar object in known enzyme-reaction pairs (connected nodes) to predict reactions (or enzymes)
for target object. Classification model (b) is trained by enzymes with known function (usually discrete), in which the classification rule (white

boundary) is clarified, and then the model can be used to classify an enzyme with unknown function. Regression model (c) is adapted to draw fitness

landscape to predict continues variables such as the activity or stability of enzymes, which can then be used for enzyme design.]
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Fig. 4 Perspective of data-driven prediction and design of enzymatic reactions
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