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The values of the internuclear distances and the dipole moments of 14 small molecules have been estimated by

machine learning with only molecular orbital energies as the explanatory variables. We use four regression methods,

partial least square (PLS), random forest (RF), Radial Basis Function Kernel Regularized Least Squares (krlsRadial),

and Baysian Regularized Neural Networks (BRNN) and we report only BRNN results for the internuclear distances,

and PLS results for the dipole moments. The coefficients of determination for the internulear distances and the

dipole moments are 0.9318 and 0.7265, respectively. It has been proved that the internuclear distances and the dipole

moments can be predicted by the molecular orbital energies only.

Keywords: Dipole moments, Equilibrium geometries, Eigenvalues of molecular orbital, Machine learning, Baysian

regularized neural networks
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Fig.1 Plots of Training and Predicted Values of (a), (b) Internuclear Distances and (c), (d) Dipole Moments. Regressiion Methods are

(a), (b) BRNN and (c), (d) PLS, respectively,
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