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Abstract

Diabetes is a common chronic disease in the world, so it is necessary to check and treat it in time. In
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the current digital context, combining machine learning with medical security is of great signifi-
cance. The genetic classification and identification of potential diabetes patients in the hospital in-
spection population were studied. Because the feature values for classification and recognition of
diabetes patients are more and more intensive, and the main demand of this paper is to ensure the
accuracy of their recognition, it is improved on the basis of the KNN algorithm, using the improved
GCC-KNN model to classify and recognize them, determining the optimal parameters of K value
through the grid search optimization algorithm, and comparing different distances, selecting the
optimal distance Chebyshev distance of this model, realizing the preliminary division of the genetics
of potential diabetes patients in the hospital inspection population. Through experimental compar-
ison, the accuracy of GCC-KNN model is superior to other comparison models in genetic classifica-
tion and recognition of potential diabetes patients.
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2.3.1. BXJLE B #EE (Euclidean Distance)
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Table 1. Dataset patient information
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Figure 1. Sex type
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Figure 2. GCC-KNN algorithm model diagram
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Table 2. KNN Algorithm and Accuracy
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Figure 3. KNN algorithm comparison
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