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Abstract

As the global prevalence of diabetes continues to rise, early screening and intervention have be-
come key measures to reduce the disease burden. This paper proposes a machine learning-based
prediction model to achieve accurate diabetes prediction. First, a diabetes dataset containing 1006
clinical samples was cleaned, standardized, and subjected to feature selection: 8 core predictive in-
dicators were extracted via correlation analysis and recursive feature elimination. Then, five pre-
dictive models (logistic regression, decision tree, random forest, support vector machine, and
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XGBoost) were constructed, with parameter optimization performed using grid search combined
with 5-fold cross-validation. Finally, through a comprehensive multi-metric evaluation, the random
forest model was identified as the optimal predictive model (accuracy: 84.16%, AUC = 0.9096). This
model provides efficient technical support for early diabetes screening, can assist primary medical
institutions in conducting risk assessment, and holds significant clinical application value and so-
cial significance.
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Figure 1. Feature correlation heatmap
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Table 2. Basic information of model construction
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Table 3. Optimal parameter combinations
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Figure 2. ROC values of different models
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Table 4. Test set performance metrics of each model
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