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Table 1 Evaluation of prediction results of different algorithms

SVR KRR RF GBDT XGB LGBM BPNN  RBFNN
R2 0.79 0.83 0.89 0.88 0.93 0.94 0.93 0.91
RMSE 0.02 0.014 0.01 0.01 0.009 0.008 0.009 0.009
i FE S 10005 75% 81% 88% 85% 90% 91% 90% 89%
FE FE TE £0.01 80% 84% 91% 90% 93% 94% 92% 91%
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