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Diabetes Prediction and Interpretability Analysis Based
on Improved Residual Network and SHAP
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Abstract; To address the lack of reliability and interpretability in the field of diabetes prediction, a prediction algorithm
based on improved deep residual network is proposed. The algorithm embeds a feature self-attention mechanism designed ac-
cording to the characteristics of the dataset, and is complemented by the SHAP model to enhance the interpretability, which
can pinpoint and visualise the key factors affecting the prediction of diabetes mellitus, and enhance the transparency and
practical value of the prediction logic. The experiments were carried out on the public dataset of Pima and the private dataset
of a tertiary general hospital in Qingdao, and the RAC model was compared with the plain Bayes, logistic regression, and
support vector machine models. The results show that the classification accuracy, sensitivity, specificity, and F1 score val-
ues of RAC are better than those of other models, validating its potential for early warning or assisted diagnosis in clinical
practice.
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