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HAEJFA (TREE) | max_depth € [3,4,5,6]

7YX LT7+ VAT | max.depth € [3,4,5,6], forest_size= 100
(RF) select_feature_num € [10,20,...,70]
HEL 7 — 27 4 >~ 2 | max_depth € [3,4,5,6]

PER (GBDT) tree_num € [50, 100,200,350, 500]
learn_rate € [0.01,0.05,0.1,0.5,1.0]
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Electronic Properties Prediction of Phosphines using Tree-based Ma-
chine Learning Models
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manaka, Hisae Yoshida, and Toshinobu Korenaga (Iwate University)
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Table 2: & F 51D FE{E

Linear ~ TREE RF GBDT
) T -12118  0.7366  0.9071  0.8268
FEHEMRE 12,9540  0.0170  0.0599  0.0853
iy 10.6317  4.4592  2.5803  3.7086

RMSE e
FEHEfR 563538 1.5223  1.1713  1.1404

Table 3: Rl DR % U 712355 O FHE

76 K 50 f# 20 f# 5 f@

R F 0.9071  0.9087 0.8995 0.9139
FEHE(RZ%  0.0599  0.0037  0.0041  0.0042

RMSE $i’;7 25803 2.5318 27161 2.4151
FEHEfRZE 11713 1.3809  1.2123 13568
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Table 4: JIfHT— Xt v b DY A4 X HIEHE

AT — & 75% 50% 25%

) T 0.9139 0.8771  0.7892
e (R 0.0042 0.0027  0.0112
RMSE 2] 24151 32115  4.2094
TR 2 1.3568 0.8097  1.2097
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