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Abstract

The incidence of diabetes mellitus is increasing year by year and towards lower age, which has a
serious impact on the health and safety of our country and the world, so there is a need to study
the prediction of diabetes mellitus. In this paper, the Pima Indians diabetes dataset was catego-
rized by first reducing the data from 8 dimensions to 3 dimensions using Principal Component
Analysis (PCA), followed by BP neural network modeling using these 3 dimensions of data. The
PCA and BP neural network based model was compared with the BP neural network model alone.
The results show that the model based on PCA and BP neural network is significantly better than
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BP neural network in five performance indicators: precision, recall, F-value, checking accuracy
and Matthews correlation coefficient MCC, and it can be used as an effective method for diabetes
prediction.
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Figure 1. BP neural network and variables
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Table 1. Confusion matrix

=1 RBEM
T mfE

. Yes No sum
HLSH i
Yes TP FN P
No FP TN

FEUER: AR =(TP+TN)/(TP+TN+FP+FN)
A% recall=TP/(TP+FN)

#UES:  precision =TP/(TP+FP)

Ffti: F=2*TP/(2*TP+FP+FN)
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Table 2. Variance and proportion of variance of each component
2 BERNBERFELS
PR E HHE M EAE EEEE HERER=E BMI  MEROmHENE R
Vi 2.157 1.740 1.038 0.879 0.752 0.619 0.424 0.404
77 7= Ll 0.269 0.217 0.130 0.110 0.094 0.077 0.053 0.050
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Figure 2. Proportion of variance by attribute

2. BRMAELS

HI P 2 AT, B AR B A MR = R SR TR E L BRI AT sklearn R FRTK) PCA
Rl b =4 . R PR AE 5 1 = 4ER BEAT —ZE T AL R B 3 B

4 4

3 A

Figure 3. Data visualization after dimensionality reduction
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Figure 4. BP neural network confusion matrix
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Figure 5. PCA + BP neural network confusion matrix
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Table 3. Comparison of test set classification results
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Figure 6. ROC curves and AUC values for BP and PCA + BP models
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