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Adaptive Integrated Method Based on Sorting Selection Metrics

SHEN Xian-bao SONG Yu-qing LIU Zhe

(Department of Computer Science and Communication Engineering,Jiangsu University, Zhenjiang,Jiangsu 212013, China)
Abstract Aiming at the problem that the rigor of model selection is not high and the system simplification design is dif-
ficult to achieve due to the lack of accurate measurement of the integration priority of the base classifier in the integra-
tion process,an integrated method based on sorting selection metrics and adaptive weighting setting was proposed.
Firstly,the K-fold cross-validation and the combined index metric method constructed by combining the error entropy of
the design and the complementarity of the classifier are utilized to select two classi-fiers with the highest integration prio-
rity. Then, considering the integration influence between the remaining candidate classifiers and the selected classifier
subsets, the overall combination index metric based on combination index is constructed to realize the prioritization of
different models. Finally,the best weights are found for different models for integration classification by adaptive weight
method. The experimental results on the UCI dataset show that compared with other classification models, the classifi-
cation evaluation indicators of the proposed method are improved, proving the feasibility of the integration method. This
method selects quantitative basis of design model and adaptive weight setting mechanism through the designed model,
making the whole integrated classification system have the stratification for model selection and the characteristics of

adaptive simplification system.
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Table 1 Information of data set
Bk AR R # AL 4 # x5 % B
Breast_cancer 683 11 2
Financial anti-fraud 95210 88 2
Bank_customer_churn 17 240 179 2

R T BAEA ST B Y W AT R AR R 4 KNN, C4. 5,
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Table 2 Average accuracy of cross-validation of each model on

different training sets

CHAT 2 )

Model Breast_ Financial_anti- Bank_customer
cancer fraud churn
KNN 97.05 93.05 92.72
C4.5 93.37 89. 67 98. 63
LR 95. 69 93.09 95. 64
SVM 96.09 93.11 89. 80
RF 95.49 93.12 98. 87
ET 96. 26 93. 14 93.87
GBDT 96. 46 93.05 98. 94
XGB 97.06 93.15 98.76
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Table 3 Score of cross-validation of each model on different

training sets

Model Breast_ Financial_anti- Bank_customer_
cancer fraud churn
KNN 97.07 93.05 92.72
C4.5 93.94 89. 65 98.65
LR 95.70 93.09 95.63
SVM 96.09 93.10 89. 81
RF 96. 48 93.11 98.92
ET 96.09 93.13 93. 64
GBDT 96. 48 93.06 98.93
XGB 97.07 93.15 98. 74
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Table 4 Number of misclassified samples of each model on different

training sets

Model Breast_ Financial_anti Bank_customer_
cancer fraud churn

KNN 15 1633 527
C4.5 31 6895 lo4
LR 22 1605 375
SVM 20 4593 879
RF 18 4590 83
ET 20 1578 548
GBDT 18 1628 80
XGB 14 4562 96
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Table 5 Combination index of optimal model and model to be

investigated on different training sets

Model Breast_ Financial_anti- Bank_customer
cancer fraud churn
KNN 0.0229 0.0020 0.0834
C4.5 0.0886 0.0859 0.1052
LR 0.0349 0.0011 0.1160
SVM 0.0626 0.0346 0.0182
RF 0.0441 0.0009 0.0686
ET 0.0273 0.0005 0.0023
GBDT 0.0122 0.0021 *
XGB * * 0.1318
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Table 6 Overall combination index of selected model subsets and

models to be investigated on different training sets

Model Breast_ Financial_anti- Bank_customer_
cancer fraud churn
KNN 0.0314 0.0290 0.0407
C4.5 * * 0.0306
LR 0.0368 0.0127 0.0467
SVM 0.0440 0.0213 0.0386
RF 0.0411 0.0179 0.0390
ET 0.0337 0.0151 0.0318
GBDT 0.0291 0.0221 *
XGB * * %

KT RBHF L PEES R

Table 7 Sorting selection results of classifier

ok Breast_ Financial_anti- Bank_customer

cancer fraud churn

1 XGB XGB GBDT

2 C4.5 C4.5 XGB

3 SVM KNN LR

4 RF GBDT KNN

5 LR SVM RF

6 ET RF SVM

7 KNN ET ET

8 GBDT LR C4.5
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Table 8 Weights of models on different datasets

Model Breast_ Financial_anti- Bank_customer_
cancer fraud churn
KNN 0.1251 0.1434 0.3987
C4.5 0.1252 0.1429 0.0019
LR 0.1253 0.1406 0.0021
SVM 0.1252 0.1343 0.0003
RF 0.1245 0.1400 0.0016
ET 0.1252 0.1401 0.0028
GBDT 0.1240 0.1354 0.2615
XGB 0.1254 0.1633 0.3012
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Table 9 Evaluation index on Breast_cancer test set

Model  Accuracy Precision Recall F1 AUC
KNN 0.98 0.99 0.99 0.99 0.98
C4.5 0.95 0.96 0.96 0.96 0.95

LR 0.98 0.99 0.99 0.99 0.98
SVM 0.97 0.98 0.98 0.98 0.98

RF 0.98 0.98 0.98 0.98 0.97

ET 0.98 0.98 0.98 0.98 0.98
GBDT 0.97 0.97 0.97 0.97 0.98
XGB 0.98 0.98 0.98 0.98 0.98
SSAW 0.99 0.99 0.99 0.99 0.98
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Table 10  Evaluation index on Financial_anti-fraud test set

Model  Accuracy Precision Recall F1 AUC

KNN 0.94 0.92 0.94 0.93 0.62
C4.5 0.91 0.92 0.91 0.91 0.61
LR 0.94 0.92 0.94 0.93 0.67
SVM 0.94 0.92 0.93 0.92 0.69
RF 0.94 0.93 0.94 0.93 0. 65
ET 0. 94 0.94 0.94 0.94 0.67
GBDT 0.94 0.93 0.94 0.93 0.76
XGB 0.94 0.94 0.94 0.94 0.78
SSAW 0.98 0.97 0.98 0.97 0. 86

2 11 Bank_customer_churn MR 4 A9 PEM 8 b5

Table 11  Evaluation index on Bank_customer_churn test set

Model  Accuracy Precision Recall F1 AUC
KNN 0.92 0.91 0.92 0.91 0.87
C4.5 0.93 0.92 0.92 0.92 0. 89
LR 0.94 0.95 0.95 0.94 0.93
SVM 0.90 0.81 0.90 0. 85 0.78
RF 0.95 0.94 0.94 0.94 0.94
ET 0.94 0.93 0.93 0.93 0.92
GBDT 0.96 0.95 0.94 0.94 0.94
XGB 0.96 0.96 0.95 0.95 0.95
SSAW 0.98 0.97 0.96 0.96 0.96
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