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Abstract

Breast cancer, as one of the most prevalent malignancies among women globally, poses a significant
public health challenge due to its high incidence and mortality rates. With the advancement of med-
ical informatization and big data technologies, prognostic prediction models for breast cancer
based on data mining and machine learning have emerged as a focal point in precision medicine
research. This paper systematically reviews the research progress of data mining and machine
learning techniques in the field of breast cancer survival prediction. It begins by elucidating the
critical data preprocessing steps in constructing breast cancer prediction models, including data
cleaning, missing value imputation, and feature selection, along with their primary methods, ad-
vantages, and limitations. Subsequently, it systematically categorizes various machine learning
models applied to breast cancer survival prediction, ranging from traditional models such as Bayes-
ian networks, logistic regression, and support vector machines to advanced deep learning tech-
niques, and analyzes their application scenarios and performance characteristics. Furthermore, it
critically examines the prevalent challenges in current research, such as missing data, class imbal-
ance, and model interpretability, and summarizes mainstream coping strategies including SMOTE
oversampling, hybrid model imputation, and Generative Adversarial Network-based data augmen-
tation. Finally, it discusses future directions in this field, encompassing cutting-edge technologies
such as multi-modal data fusion, fully automated model construction, and causal inference-based
feature selection. This review aims to provide a systematic theoretical reference for precision med-
icine and clinical decision support in breast cancer.
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