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[ Abstract] With the development of medical technology, different tumor characteristics for the diagnosis of breast cancer have
been collected in clinical medicine. However, how to select feature information from a huge medical data set to support clinical
disease diagnosis is a difficult and time—consuming task. In order to extract useful information in the data set and diagnose breast
cancer, a combined model based on hierarchical clustering and support vector machine (H-SVM) is proposed, in which the
hierarchical clustering algorithm is used for feature selection , to identify hidden patterns of benign and malignant tumors
respectively, and then calculate the similarity between the original tumor data and the hidden pattern through the membership
function to perform feature reconstruction. The reconstructed data set is used as a new feature set to train the classifier through the
support vector machine algorithm to test the classification effect. The results show that the algorithm extracts 15 abstract tumor
features from the 32 original features in the training stage on the Wisconsin Breast Cancer ( WDBC) dataset, which not only
improves the classification accuracy to 97.50% , but also greatly reduces the model training time .
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