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Abstract

In the intelligent diagnosis of breast cancer, the classifier is not stable and the sample distribution
adaptability is poor. This paper proposes a classifier construction algorithm based on AdaBoost
ensemble BP, RBF and Naive Bayes. First, three different classification algorithms are used to train
different weak classifiers. Then, by means of weight redistribution strategy, the weight of the dis-
eased samples in which are misclassified is increased and reduces the weight of healthy samples
misclassified to diseased samples. Finally, a strong classifier is constructed by reorganizing the
weak classifier with the adjusted weights. The comparison and verification of the algorithm based
on the Wisconsin breast cancer data in UCI database show that the proposed classification model
is superior to the single algorithm.
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Figure 1. Hybrid ensemble classifier architecture
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Figure 2. Graph of relation between contribution rate and accuracy rate
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Figure 3. Contribution rate histogram
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Figure 4. Contribution rate histogram. (a) Specificity box diagram of the four models; (b) Sensitivity box diagram of the
four models; (c) Boxes of missed diagnosis rates of the four models; (d) Boxes of accuracy of the four models; (¢) Error box
diagram of the four models; (f) Youden index box diagram of the four models
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