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Mid Class (B&) | 3-0 = Score = 42| 3.821429 168 3.46 1680 34.29
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5 Results
EWMLE Y Gini{o. sxe[ vy A e, P I S A,
Model 1 Model 2 Model 3
Entropy Gini Entropy Gini Entropy Gini
Training 0.058447 0.058447 0.339732 0.206806 0.376672 0.290867
(Misclassification Rate) Validation 0.1013 0.1013 0.5342 0.487004 0.577291 0.463064
- (K-S ) Training 0.902 0.906 0.417 0.624 0.364 0.457
(Kolmogorov - Smirnov Statistic) Validation 0.891 0.891 0.143 0.299 0.099 0.303
AUROC Training 0.986 0.991 0.806 0.903 0.767 0.827
(Area Under ROC) Validation 0.98 0.984 0.562 0.654 0.554 0.678

*Training: Validation=7:3
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L
-Terminal Node(Leaf) 4 Y
Modell (11), Model2 (68), Model3 (51)
-x © {| <L (Depth) — CELywow s ko Ow
Modell (4), Model2 (7), Model3 (7) TerminalNode(Leaf): B =0 wpw § Kp Ow p &
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3.4 Results
Model1: P DA4 5wp w yOwow 7 %I 1 3wp LEpp AN WA,
Node - L
(Training) (Validation)
High 0 0 2.5
. Mid 0 2.78% 3.5
Low 100% 97.22% t 100% (Low)
925 360
High 0 0 25 45
A Mid 7.41% 16.67% 2.5
Low 92.59% 83.33% b 92.6% (Low)
135 60
High 100% 100% 4.5
o Mid 0 0 4.5 _
Low 0 0 t 100% (High)
980 417
High 100% 100% 4.5
1 Mid 0 0 2:2 , 4.5
Low 0 0 b 100% (High)
34 9
A 0Oy w2a1 Loy S°H<Pv)§§xﬂ6’| §J—-|o=|"Y3i $ 1 (Low)
A e ovXxw w' Ya=p X {&i <Lp3g Y2 i $1 (Low
A > e ovxwes Y2 &{&T “YoLepOwXFs2"YW eg "Yd i -2 (High)
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