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The outbreak of COVID-19 has increased the demand for new drug development. That has led to a growing interest in chemoinformatics, which is valuable information technology to predict chemical reactions. The use of enzymes
as catalysts is gaining importance in terms of the environment and reaction efficiency. In order to predict the best enzyme to obtain the desired product, the target chemical equation is compared with typical chemical equations of
enzymes classified by Enzyme Commission Number (EC number) using clustering. The EC number of the chemical equation that is evaluated to have the highest similarity is predicted.
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