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RMSD from high-RMSD poses, and affinity prediction.
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Base model ResNet GooglLeNet

GooglLeNet. These types of networks have shown strong performance in N
image recognition. In this experiment, we evaluate their performance in
predicting protein-ligand binding poses and affinities.
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Combined test performance on the pose scoring and affinity prediction tasks is shown. Pose scoring is evaluated by the percentage of targets where a low RMSD (<2A) pose is top ranked.

Affinity prediction is evaluated using Pearson R correlation. Note that the performance of the DenseNet models and the ResNet and GooglLeNet models cannot be compared as they were not This work is supported by R0O1GM108340 from the National Institute

evaluated using the same procedure. of General Medical Sciences.




