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We constructed a mathematical model to predict the 2,2-diphenyl-1-picrylhydrazyl (DPPH) free radical

scavenging capacity (ICso) for recently synthesized ferulic acid derivatives by machine learning with molecular

orbital energy as an explanatory variable and ICso as an objective variable. We compared 96 regression models

including xgbLinear and neuralnet included in R/caret package. We were able to construct ICso prediction models for

these new ferulic acids by using xgbLinear, M5, ppr, and neuralnet as regression methods.
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Table 1. Coefficient of determination R? for test data and R? for test data and training data at the number of

orbitals giving the minimum RMS error (RMSE) between the predicted and experimental values of the test data

within the range of 2 to 80 molecular orbitals for 14 different regression methods.

Method # of orbitals R*(Test set) R’(Total) RMSE
SBC 36 0.980 0.992 0.164
mlp 40 0.979 0.993 0.171
qrnn 62 0.965 0.991 0.183
monmlp 38 0.961 0.991 0.186
mlpWeightDecay 42 0.976 0.986 0.209
xgbLinear 14 0.959 0.986 0.242
M5 2 0.953 0.831 0.272
ppr 4 0.927 0.368 0.272
xgbTree 66 0.942 0.981 0.277
neuralnet 14 0.942 0.980 0.284
kknn 26 0.973 0.866 0.303
svmLinear3 18 0.881 0.738 0.354
HYFIS 20 0.869 0.924 0.357
gamboost 14 0.828 0.756 0.391
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Figure 1. Correlation between experimental and predicted values with (a)
xgbLinear, (b) M5, (c) ppr, (d) neuralnet, (e) kknn, (f) svmLinear3, (g)
HYFIS, and (h) gamboost.
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