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in silico prediction of volume of distribution using fraction unbound in plasma
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The volume of distribution data were collected from multiple databases such
as ChEMBL and curated to construct the data set containing 1314 compounds. Then, the distribution
volume was predicted by a regression model using a machine learning method, and the prediction
results in the test set were R2=0.63 and RMSE=0.40, showing accuracy equivalent to that of existing
models. Furthermore, a comparison of the accuracy with and without the input of plasma protein
binding values as descriptors was conducted, and it was shown that the prediction model showed
equivalent accuracy regardless of the input of plasma protein binding values.
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LightGBM Random Forest Support Vector Machine Artificial Neural Network k-Nearest
Neighbors Partial Least Square Adaboost

LightGBM R?=0.538,
5-fold cross validation
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