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Abstract

Machine learning, as a crucial underpinning technology for artificial intelligence, has found exten-
sive applications in various domains such as image recognition, natural language processing, and
medical diagnosis. This study focuses on the analysis and diagnosis of breast cancer using four
classification algorithms from machine learning: k-nearest neighbors, naive Bayes, decision trees,
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and neural networks. Specifically, this paper utilizes these algorithms for data collection and pre-
processing of the Wisconsin Hospital Breast Cancer Data Set. Subsequently, employing machine
learning classification methods to generate corresponding confusion matrices and calculate per-
formance evaluation metrics for each classifier; furthermore, assessing the reliability of the re-
sults through 10-fold cross-validation to identify the most suitable machine learning diagnostic
approach. The experimental findings indicate that k-nearest neighbors exhibit the highest evalua-
tion index values and lowest misjudgment rates compared to other classifiers, making it more
suitable for breast cancer diagnosis.
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Figure 1. Schematic diagram of an artificial neuron model
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Table 2. Feature name and feature explanation
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Table 4. Performance evaluation metrics for each classifier
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Figure 2. Average misclassification rate for 10-fold cross-validation
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Table 5. Misclassification rate for each classifier at each fold
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