2P091

—a—SJIRry FO—=O ZRAWVESFOYMERED T
'HPC o AT b AR S, 2 R
OMEEFIER ', A5 RE 2

Prediction of physical properties of molecules with neural networks
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[Abstract] In order to predict molecular properties on the basis of existing datasets, we
utilize neural networks algorisms. The accuracy of predicted results strongly depends upon a
way to construct the structure of neural network to illustrate the physical properties of a
molecule. In the present study, we illustrate the performance of convolutional neural networks
involving graph convolutional network (GCN) and WeaveNet layers to take into account
molecular structures that are independent from the molecular size for prediction of
HOMO/LUMO energy levels and some other physical properties of a molecules. Fully
connected (FC) layers and recurrent neural network (RNN) layers are also employed to test the
description of local features of a molecule calculated from the convolutional neural network
approaches. We then constructed a predictor of molecular properties using these networks for
the input of atomic and bonding parameters of molecules. Finally, we discuss a role of a
molecular structure to predict a molecular nature.
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Fig. 1. Scatter plots of HOMO (left) and LUMO (right). Fig. 2. Comparison of loss function
Horizontal: ground truth, vertical: predicted value with a of LUMO prediction between GCN
learned GCN. with RNN layers and FC layers.
[2%3CHR]

[1] L. Ruddigkeit, R. van Deursen, L. C. Blum, J.-L.. Reymond, Enumeration of 166 billion organic
small molecules in the chemical universe database GDB-17, J. Chem. Inf. Model. 52, 2864-2875,
2012.

[2] Maho Nakata and Tomomi Shimazaki, "PubChemQC Project: a Large-Scale First-Principles
Electronic Structure Database for Data-driven Chemistry", J. Chem. Inf. Model., 2017, 57 (6), pp
1300-1308.

[3] M. Schlichtkrull et al., arXiv:1703.06103, 2017

[4] Steven Kearnes, Kevin McCloskey, Marc Berndl, Vijay Pande, and Patrick Riley, Journal of
computer-aided molecular design, 30(8):595—-608, 2016.



http://pubs.acs.org/doi/abs/10.1021/ci300415d
http://pubs.acs.org/doi/abs/10.1021/ci300415d

