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A Noise-Probability Based Multiple Kernel Boosting Algorithm
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Abstract: To solve the problem that the Multiple Kernel Boosting (MKBoost) algorithm was sensitive to noise, the
characteristic that noise data and normal data were treated differently by the optimal classifier was considered, and a
MKBoost algorithm applied to datasets polluted by noise data was proposed. The fuse of KNN (K-nearest neighbor)
algorithm and logistic regression was used for the construction of noise probability function, and calculating the
probability of each instance being noise. A new loss function was constructed via the noise probability function, and
addictive model was utilized for computing the coefficients corresponded to base classifier in each iteration.
Experiments on the datasets from UCI show that the proposed method could efficiently reduce the sensitivity of

MKBoost algorithm to noise, and improved the robustness
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Datasets Samples ~ Features Classes
Balance-scale 567 4 2
Breast-cancer 569 32 2

Tonosphere 351 34 2
Blood-transfusion 748 5 2
Diabetic-retinopathy 1151 20 2
Pima-indians 768 8 2
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Datasets Noise ~ MKB_DI MKB_D2 MKB_NP
0% 0.8854  0.9080 0.877 2
10% 0.8434  0.8524  0.9014
Balance Scale
20% 0.8018 0.8635 0.8726
30% 0.8273 0.8106 0.8568
0% 0.8164 0.8278 0.8375
10% 0.8031 0.797 6  0.8452
Breast Cancer
20% 0.7823 0.7681 0.8128
30% 0.7517 0.8128 0.807 8
0% 0.8588 0.8957  0.867 8
10% 0.8646 0.8437 0.8524
Ionosphere
20% 0.8205 0.8114 0.8398
30% 0.8032 0.8010 0.8145
0% 0.7866  0.8053  0.8024
Blood 10% 0.7923 0.7538  0.7747
Transfusion 20% 0.765 8 0.7658  0.796 6
30% 0.7406  0.7521 0.7923
0% 0.8125 0.8056 0.8195
Diabetic 10% 0.8082 0.7932  0.8000
Retinopathy 20% 0.7523  0.7992 0.7867
30% 0.7492  0.7545  0.7796
0% 0.7123 0.7172  0.7287
Diabetic 10% 0.6943 0.6828 0.7405
Retinopathy 20% 0.6742 0.6758  0.708 7
30% 0.6485 0.6534  0.6859
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