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Table 1 Basic information of imbalanced datasets
Kb 4 BEE HEARGE BIENE IR
caesarian UCI 80 5 1.35
ecoli2 KEEL 336 7 5.46
fertility_Diagnosis UCI 100 9 7.33
glass]1 KEEL 214 9 1.82
glass0123vs456 KEEL 214 9 3.20
Lymphography UCI 142 18 1.33
new-thyroid1l KEEL 215 5 5.14
new-thyroid2 KEEL 215 5 5.14
shuttle-2vs5 KEEL 3 316 66. 17
vehicleO KEEL 846 18 3.25
vowel0 KEEL 988 13 9.98
page-blocks0 KEEL 5472 10 8.79
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Table 2 FM values of different datasets classified by various methods

o 4 o : T
ROS RUS SMOTE CBU RUSBOOST  EasyEnsemble ~EATWSVM <3073
caesarian 61.21 59.50 65.85 64.35 62. 08 61.35 55.71 67.23
ecoli2 71.92 70.75 70.92 71.90 71.93 71.23 59. 64 73.09
fertility_Diagnosis  24. 13 29.91 28. 16 25.02 24. 68 20. 19 25.00 35.00
glass1 58.58 57.36 55.61 54.47 55.87 55.30 41.76 62.39
glass0123vs456 83.98 85.76 82.98 86.15 83.20 84. 64 60. 72 86. 16
Lymphography 77.92 80. 05 79.82 79.96 77.30 79.92 63.50 82.13
new-thyroid1 97.13 96. 17 97.33 93.67 91.57 97.33 71. 64 100. 00
new-thyroid2 97.13 95. 14 98. 67 90. 14 88.30 96. 00 70. 05 100. 00
shuttle-2vs5 93.61 75. 60 93.61 72. 34 83. 64 78.30 93.02 98. 00
vehicle0 91. 64 92.45 91.91 89. 06 77.94 93.48 83.15 94. 49
vowel0 80. 11 73.07 81.74 70. 87 75.87 71.01 64.82 82. 69
page-blocks0 22.87 22.59 18.38 31.54 66. 00 26. 64 46. 84 80. 96
FM 18 71. 69 69. 86 72.08 69. 12 71.53 69. 62 61.32 80. 18
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Table 3 GM values of different datasets classified by various methods
" GM/ %
Hd 4k ;
ROS RUS SMOTE CBU RUSBOOST  EasyEnsemble EATWSVM A& Jy¥:
caesarian 60. 60 58.97 63.72 63. 85 60. 67 59.75 52.28 66. 31
ecoli2 90. 58 89.77 90. 21 90. 15 88. 16 89.98 79. 89 90.93
fertility_Diagnosis 58. 16 62. 46 61.16 56.52 56.61 50. 32 45.07 63.72
glass1 61.26 57.62 54.08 52.34 64.92 55. 64 51.36 63.71
glass0123vs456 90. 96 91. 26 90. 01 90. 77 91.23 91.28 70. 61 91.94
Lymphography 80. 16 82.32 81. 80 82.07 80. 15 82.13 67. 82 83.58
new-thyroid1 98.25 99. 16 99. 44 98.59 94.73 99. 44 77. 44 100. 00
new-thyroid2 98.24 98. 87 99.72 97.74 93. 89 99. 16 76.07 100. 00
shuttle-2vs5 96. 69 99. 49 96. 69 99. 39 99. 69 99.57 97.76 99.97
vehicleO 94.91 96. 64 95.97 95.02 87.22 96. 67 90. 64 97. 68
vowelO 95.50 95.71 96.75 94.43 86. 19 94. 86 70. 41 97. 80
page-blocksO 50.26 46. 02 38.21 48. 85 83.51 43.70 57.36 91.20
GM #4118 81.29 81.52 80. 65 80. 81 82.25 80. 21 69. 74 87.24
1.0
—
——ROS
= RUS
08 ——SMOTE
” CBU
@ 06 = RUSBOOST
3 EasyEnsemble
— EATWSVM
047 — A
02 s ‘ s ! ] s s . s
0 0.2 04 0.6 0.8 1.0 0 0.2 0.4 0.6 0.8 1.0
REFH BEHKE
(a) vehicle0 (b) page-blocks0
B2 AEFESEARHEERN ROC ML
Figure 2 ROC curves of different methods in classifying various datasets
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Figure 3 P-R curves of different methods in classifying various datasets
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Imbalanced Data Evidential Classification with Composite Reliability

TIAN Hongpeng, ZHANG Zhen, ZHANG Siyuan, XIAO Zongrong, DONG Jiabing

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: To address the problem that traditional classification models mainly focused on majority class while igno-
ring minority class for classifying imbalanced data, an imbalanced data evidential classification method with com-
posite reliability was proposed. This method could improve the classification ability of the model for each imbal-
anced test sample by evaluating the global reliability and local reliability of the classification model. Firstly, the
method implemented under-sampling for majority class multiple times. The sampled subsets combined with minority
class to form multiple training subsets. Multiple classification models were trained using these subsets. The maxi-
mum mean discrepancy measured the difference of data distribution before and after sampling, which could measure
global reliability of the classification results obtained by classification models. Then, the local reliability of the clas-
sification result of the test sample in the training set was evaluated by using its nearest neighbors. The test sample
and its nearest neighbors had similar data distribution and spatial structure. The smaller the deviation between the
classification result of the classification model and the ground truth, the greater the local reliability of the classifica-
tion result obtained by the classification model. Finally, under the framework of evidential reasoning, the global re-
liability and local reliability were combined as composite reliability factors to discount the classification results ob-
tained from different classification models. Partial probability values were assigned to completely unknown classes to
represent the uncertainty of classes. Dempster-Shafer ( DS) rule was employed to fuse the classification results after
multiple discounts for decision analysis. The experimental results showed that the average FM and GM of the pro-
posed method for the classification of 12 imbalanced data in KEEL and UCI database were 80. 18% and 87.24% ,
respectively, which were 8. 1% and 4. 99% higher than those of other best imbalanced data classification methods,
respectively. This proved the effectiveness of the proposed method in classifying imbalanced data.
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