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Prediction of Pharmaceuticals Groups using Compound Similality
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Drug development is carried out by modifying the chemical structures that determine the properties of the compound.
If it is possible to predict what kind of efficacy and adverse events the drug prepared there will have, it can be
expected that the entire drug development process will be extremely efficient. Therefore, this time, we will target
"functionally similar drug groups" that can be expected to be directly related to the structural information of
compounds, and predict the drug group by supervised learning from the data of each drug and compounds similar
to that drug. I tried. The data covers the Drug, Compound, and Classes of DGroup (22 classes such as antiviral
drugs and gastrointestinal drugs) in KEGG MEDICUS is used to extract similar compounds. I used SIMCOMP in.
A support vector machine was used for supervised machine learning. As a result, it was suggested that the drug
group could be predicted from the similar compounds for the drug group for which there is sufficient teaching data.
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