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SN 132 300 600 1000 | 8004
DecisionTree 93.3 948 | 943 | 939 936
RandomForest 96.2 977 | 976 96.7 | 96.5
GradientBoosting 95.1 96.4 96.3 959 | 96.6
AdaBoost 94.0 95.4 95.3 949 | 94.7
XGBoost 94.2 95.7 | 965 | 959 | 951

[ k)

5]
o
N
fo
@
bl
ich
TN
o
ofN
o
dot
i

oM FE3 EHHMES nlE SR Decision Tree
Classifier [7], Random Forest Classifier [8], Gradient
Boosting Classifier [9], Ada Boost Classifier (Adaptive
Boosting) [10], XGBoost Classifier (Extreme Gradient
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Voting Classifier TestSet(7H) 7HEA T %A G007

Acc Precision Recall FNR

923 2,000 97.5 96.2 96.9 3.1

4,000 96.9 91.5 98.4 1.6

3z 2,000 97.7 95.9 97.9 2.0

4,000 96.5 89.7 98.5 1.5

423 2,000 97.8 96.0 97.9 2.0

4,000 96.2 89.4 98.2 1.8

= 2,000 96.9 94.1 97.7 2.3
5%%

4,000 95.3 86.9 97.8 2.2

[ 3. Voting Classifier 23 =9 X4]
& ol v dwelF eI 99 dag nd g

6) https://scikit-learn.org/stable/modules/ensemble.html
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[ 4. Confusion Matrix]

Accuracy ( TP+TN / TP+FP+TN+FN ) x 100
Precision ( TP / TP+FP ) x 100

Recall ( TP / TP+FN ) x 100

False Negative Ratio(FNR) | ( FN / TP+FN ) x 100

[¥ 5 g% 24 A5 AxE]
Experiment Test Accuracy Precision Recall FNR
2000 96.7 95.4 95.7 43
ol HET}
4000 96.0 899 96.7 33
2000 973 965 96.2 38
Random Forest =50, 97.0 92.0 978 2.2
A - 2000 975 96.2 96.9 31
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