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Machine learning based breast cancer prediction and SHAP feature analysis
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Abstract; Breast cancer is the most prevalent cancer in the world and has a serious impact on the quality of life. The aim of this
paper is to improve the accuracy of breast cancer prediction models by applying machine learning algorithms to support doctors”
decision making, to achieve " three early" prevention and to provide new clues for further research on the cause of the disease.
Using a public dataset of breast cancer from the state of Wisconsin published on the Kaggle platform, firstly the data is pre—
processed and then the recursive feature elimination method of random forests is used to rank the importance of variables and select
features. Secondly, a grid search method is used to optimize the hyperparameters, and the LightGBM algorithm is applied to
construct a prediction model, and SHAP values are introduced to enhance the interpretability of the model to further reveal the risk
factors associated with breast cancer and their mechanisms of action. Finally, the predictive performance of the model is assessed by
evaluation indicators such as AUC values. The results shows that the model outperforms the traditional model, with a prediction
accuracy of 97% and an AUC value of 0. 97, effectively improving the correct identification of breast cancer.
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Table 3 Important parameter values
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