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Classification of diabetes based on K-Nearest Neighbor and neural network
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Abstract: In order to achieve the early screening for diabetes and improve the accuracy of classification of diabetes, on the basis
of studying the risk factors of diabetes, glycosylated hemoglobin is added as one of the features in the early screening for diabetes.
Herein cynomolgus monkeys that are most similar to humans were selected as the study subjects. Several features, such as age,
blood pressure, abdominal circumference, body mass index, glycated hemoglobin and fasting blood glucose, are chosen as inputs,
while normal, prediabetes and diabetes are output as categories. Both K-Nearest Neighbor (KNN) and neural network are used
to classify diabetes. When glycosylated hemoglobin is added as one of the classification features, the accuracy of classification
using KNN (K=3) and neural network is 81.8% and 92.6%, respectively, significantly higher than the accuracy which is obtained
without considering the feature of glycosylated hemoglobin (68.1% and 89.7%). Therefore, both KNN and neural network can
classify and identify the data of cynomolgus monkey and achieve an early screening for diabetes.
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Fig.1 Single neuron structure
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Fig.2 Neural network pattern recognition process
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Tab.1 General information of cynomolgus monkey (Mean+SD)

Parameter Normal group Prediabetes group  Diabetic group
Age/year 16.00+9.00 17.00+9.00 22.00+4.00
Systolic pressure/mmHg 122.50+20.50 126.50+27.50 119.50+27.50
Diastolic pressure/ mmHg 58.00£15.00 64.50+13.50 64.00+£22.00
Abdominal circumference/cm 43.00+16.00 43.00+16.00 34.50+12.50
BMI/kg - m” 46.56+17.26 40.56+12.76 33.33+4.73
Sebum thickness/mm 11.75+6.95 11.77+6.97 7.58+5.38
GHb/% 3.85+0.35 4.45+0.65 8.40+3.80
FBG/mmol-L" 4.11£1.37 5.79+2.24 13.84+7.48

BMI: Body mass index;GHb: Glycated hemoglobin; FBG: Fasting blood glucose
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Tab.2 Effect of different K values on accuracy (%)

K
Number of feature inputs
3 5 7 9
8 81.8 772  68.1 63.6
7 68.1 772  68.1  63.6
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Tab.3 Effect of different feature inputs on the results (%)

Number of feature inputs Training set Test set
8 92.8 90.9
7 89.7 81.8
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Tab.4 Accuracy of different training functions for training set and test set (%)

Set Trainlm Trainb Traingdx  Traingdm  Traingda  Trainscg
Training 92.6 91.2 92.6 89.7 92.6 92.6
Test 90.9 90.9 90.9 81.8 86.4 90.9
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