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The values of the DPPH free radical scavenging ability values (ICso) of ferulic acid and its derivatives have been

estimated by machine learning with only molecular orbital (MO) energies as the explanatory variables. We use four

machine learning regression methods, Partial Least Square (pls), Random Forest (rf), Multi-Layer Perceptron Neural

Network with Optional Monotonicity Constraints (monmlp) and eXtreme Gradient Boosting with Linear model

(xgbLinear), using R-package caret. We use 22 molecules for the training set and 6 molecules for the test set. The root

mean square (RMS) errors of predicted values for the test set are used for estimating the precision of the training. The
best result is obtained by xgbLinear just using two MO energies (HOMO and LUMO). It has been proved that the

ICso values can be predicted by the molecular orbital energies only.
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Table 1. RMS errors of test set with number of orbitals

Table 2. R* values of training set with number of orbitals

# of orbitals 2 4 6 8 10 # of orbitals 2 4 6 8 10
xgbLinear 0.276 0434 0333 0.672 0.692 xgbLinear 0.998 1.000 1.000 1.000 1.000
monmlp 0.542  0.667 0.948 0.860 0.944 monmlp 0.530 0.888 0.955 1.000 1.000
rf 0.387 0354 0.374 0409 0.423 rf 0.832 0.851 0.851 0.876  0.905
pls 0.568 0.511 0.468 0.489 0.489 pls 0.333 0324 0.325 0344 0.334
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Figure 1 Plots of training and test sets of ICso values of ferulic acid derivatives. Regression

methods are (a) xgbLinear, (b) monmlp, (c) rf, and (d) pls, respectively. Numbers of orbitals
are 2 for (a) and (b), and 4 for (c¢) and (d). The black circles denote the training set, and the red

circles denote the test set.
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