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Abstract; In order to complete the sensitive classification of medical data, text classification technology is used to study the privacy
protection of medical information from the perspective of classification of medical sensitive data. Based on the traditional medical text
classification, a text classification method based on LSI-TF-IDF two-stage feature selection is proposed to classify medical text data.
The experiment uses the traditional text classification method based on TF-IDF and the text classification method based on LSI-TF-IDF
two-stage feature selection to classify the sensitivity of diabetes text data,with three types of naive Bayes, KNN and SVM. For the com-
parison of experiments , precision ratio,recall ratio and F, value are used as evaluation criteria. The experiment shows that the text classifi-
cation method based on LSI-TF-IDF two-stage feature selection has improved in precision ratio, recall ratio and F,; value compared with
traditional text classification method based on TF—IDF. It is proved that the proposed method has better classification effect on the
sensitivity classification of medical text data.
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