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Abstract

Peripheral polyneuropathy is one of the most common complications in patients with diabetes mellitus,
and it results in neuropathic pain, falling tendency, and foot ulcers as well as sensory and motor
impairments. Numerous risk factors for diabetic neuropathy had been revealed through statistical
analysis; however, statistics draw population inferences and might not be suitable for providing real-
time prediction for each patient in clinical practice. Machine learning techniques were developed to
find any predictive patterns based on input data. Such strategies can help predict neuropathy in diabetic
patients, enabling prevention or early treatment to increase quality of life in diabetic patients. This article
summarizes recent studies concerning the prediction of diabetic neuropathy using machine learning
techniques, and suggests approaches for useful translation of these methods in the medical field.
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Fig. 1. Comparison of the flow of analysis between

machine learning and deep learning/artificial neural
network algorithms.
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Table 1. Previous studies on the prediction of diabetic neuropathy using machine learning algorithms

Study (f::::: :; /ND(IG) DM type Diagnostic criteria ML algorithm  AUC/accuracy
Kazemi et al. [19] 175/325 I/ Clinical SVM UcC/0.76
Dagliati et al. [20] ucC I ucC LR 0.726/0.746
Maeda-Gutiérrez et al. [22] 70/70 II Clinical RF 0.65/UC
Fan et al. [21] 97/68 II uUcC EM 0.847/0.783
Shin et al. [5] 197/273 II Electrophysiological RF 0.825/0.747

DN, diabetic neuropathy; DM, diabetes mellitus; ML, machine learning; AUC, area under the curve; SVM, support vector machine;
LR, logistic regression; RE, random forest; EM, ensemble model; UC, uncheckable.
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