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The values of the entropy of 148 small organic molecules have been estimated by machine learning with only

molecular orbital energies as the explanatory variables. Out of 148 molecules, we used 104 molecules for the training

set and 44 molecules for the test set. We used 139 regression methods of R/caret package for machine learning. We

evaluated values by RMSE (Root Mean Squared Error) and R’ (coefficient of determination). From those evaluation,

xgbLinear (eXtreme Gradient Boosting) and RRFglobal (Regularized Random Forest) are considered better than

other regression methods. It has been proved that the entropy can be predicted by the molecular orbital energies only.
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Figure 1. Correlation Plots of values of entropy of experiment and prediction with respect to training and test set for 11 regression
methods. Regression methods are (a) qrf, (b) RRF, (c) Rborist, (d) parRF. (e) ranger, (f) rf, (g)xgbLinear, (h)xgbDART, (i)
RRFglobal, (j)bstTree, and (k) kknn, respectively.
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Table 1. Coefficients of determination (Rz), root mean
squared errors (RMSE) and numbers of molecular orbitals for
11 different regression methods.

Number of
method R’ (train+test) RMSE (test) molecular
orbital

qrf 0.900 0.0538 10
RRF 0.897 0.0538 10
Rborist 0.895 0.0540 10
parRF 0.895 0.0541 10
ranger 0.893 0.0537 10
rf 0.892 0.0540 10
xgbLinear 0.891 0.0579 8
xgbDART 0.888 0.0590 10
RRFglobal 0.875 0.0589 8
bstTree 0.867 0.0536 10
kknn 0.841 0.0555 10

Gradient Boosting), RRFglobal (Regularized Random Forest),
bstTree (Boosted Tree), kknn (k-Nearest Neighbors),
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