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Diabetic feature selection method based on mRMR and improved MOPSO
LI Xuelin, RONG Zhijun, DAN Binbin, FU Ting, PANG Aokang, YANG Xin

( College of Machinery and Automation, Wuhan University of Science and Technology, Wuhan 430081, China)

Abstract: The paper proposes a diabetes feature selection method based on feature interaction and improved multi—objective particle
swarm optimization algorithm to address the characteristics of multimodality, high dimensionality, redundancy, and complexity in
diabetes prediction. Firstly, multimodal data is fused to construct a diabetes feature set using both textual and numerical data. Then,
redundant features are eliminated through mRMR and the improved multi—objective particle swarm optimization algorithm to select
important features highly correlated with diabetes. Finally, a composite indicator feature set is constructed based on correlation
analysis. Four prediction models including SVM, Random Forest, Logistic Regression and Decision Tree are employed for
classification evaluation. The results show that the prediction accuracy of the composite indicator feature set reaches 90% , indicating
a high accuracy in diabetes prediction.
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Fig. 1 Diabetes feature selection model
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Fig. 2 Text feature score based on TF-IDF
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Fig. 3 Determining the number of features based on MOPSO
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Fig. 4 Top 11 feature importance ranking
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Table 2 Analysis of four factors of blood lipid

£zt B bz 2z ZE P>zl
TC 0.264 1 0.039 6.794 0. 000
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LDL-C 0.2813 0. 086 3.284 0. 001
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Table 3 Classification accuracy rate
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Table 4 Classification recall rates
FRAE e 2R SVM BEOLARAR RS BEEIA
JRIRRHELE 0,692 0.639 0.673 0. 676
HERHEE 0,615 0.719 0.750 0. 653
x5 DEF1IE
Table 5 Classification F1 values
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Fig. 5 ROC curve of combination index feature set based on

Random Forest
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