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Research on Classification of Diagnosis Data of Breast Cancer
Based on Logistic Regression Algorithm
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Abstract:Breast cancer is one of the miajor causes of death for women worldwide,and accurate diagnosis is one of the

most important steps in the treatment of breast cancer.This paper explains the knowledge of the logistic regression model

in detail,and classifies the data set of breast cancer by using the Logistic Regression algorithm of Sklearn machine learning

library.The classification label of the data set is divided into 2 classes (malignant and benign),which is appropriate for the

logistic regression model.The classification results based on the logistic regression model with two features show that the

classification accuracy is the highest (95.72%) when the two characteristics of the mean radius and the largest perimeter are

selected.In comparison toprevious methods,the performance has been improved to some extent.
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Tab.1 Wisconsin breast cancer data set
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3 B 5 B4 #l(Drawing scatter plot)
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Fig.1 Scatter plot of classified samples
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Fig.4 Prediction results and real classification
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