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[Abstract] Objective: This study aims to explore the application value of medical big data mining technology in
disease prediction, and empirically analyze the performance of different machine learning algorithms in disease
prediction. Method: Selecting medical datasets such as electronic medical records and laboratory test data, four
typical algorithms including logistic regression, support vector machine, random forest, and deep neural network
were used for comparative experiments to evaluate the performance of each model in four indicators: accuracy,
recall, F1 score, and AUC. Result: Deep neural networks performed the best in all evaluation metrics, with an
AUC value of 0.94, demonstrating strong classification ability and generalization; Random forest comes second,
with higher robustness and prediction accuracy. Conclusion: The experimental results indicate that deep
learning algorithms have great potential in disease prediction. The proposed algorithm improvement suggestions
include feature engineering, parameter tuning, and ensemble learning methods, which can help improve the
accuracy and reliability of disease prediction and provide empirical support for the optimization of medical big
data mining technology.
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