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Figure 1- The overall schematic of the proposed approach. the network EGCN is utilized to incorporate the molecular bond

knowledge into the feature extraction step.
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Table 1- Comparison of our approach and other approaches on BACE dataset. In this experiment, the ROC-AUC score is

reported. 10+/10- indicates that there are ten positive and ten negative samples in the labeled target data. 1+/1- indicates that
there are one positive and one negative sample in the labeled target data.
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0.47+0.06 0.55+0.03 GraphConv (GC)
0.54+0.02 0.62+0.03 Multitask(Source+labeled target data)
0.59+0.03 0.69+0.03 Abbasi, et al 2019
0.60+0.04 0.71+0.02 ool s,
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Table 2- Comparison of our approach with nine states-of-the-art models on BACE dataset. The comparable models are trained
with 80% of compounds per each task and are tested on 10% of compounds.
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Table 3- Comparison of our approach and other approaches on HIV dataset. In this experiment, the ROC-AUC score is

reported. 10+/10- indicates that there are ten positive and ten negative samples in the labeled target data. 1+/1- indicates that
there are one positive and one negative sample in the labeled target data.
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Table 4- Comparison of our approach with nine states-of-the-art models on HIV dataset. The comparable models are trained
with 80% of compounds per each task and are tested on 10% of compounds.
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Abstract

In this paper, a new method for the problem of predicting the compound molecule
properties in the lead optimization step in drug design is presented. In the lead optimization
step, the amount of available biological data on small molecule compounds is low. In recent
years, this challenge has been considered and transfer learning and deep learning
techniques have been used to solve it. For this purpose, similar data sets have been used as
auxiliary data to learn a reliable model. In this method, compound feature extraction plays
an essential role in transferring knowledge from similar (auxiliary) data sets to the target
data set. In this paper, the effect of using Edge weighted Graph Convolutional Network
(EGCN) is assessed which able to consider the feature vector of the compound bond as well
as the atom feature vector. To evaluate the method, we have applied the proposed approach
on BACE and HIV datasets. The obtained results show that the proposed method is able to
extract more efficient knowledge from similar data sets to transfer to the target data set.

Keywords: Edge weighted Graph Convolutional Network, Molecular bonds, Deep

learning, Transfer learning, Drug Design.
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