F14% 5B F-
Vol.14 No.5

it 82 M 5 & A
Intelligent Computer and Applications

2024 £5 A
May 2024

KB K, RHAT. 2T RF-RFECV Ml Stacking 5 Jli 2~ B2 Pt i 5 [ 1], B RETHEHL5 I HT, 2024, 14(5) : 252-256.
DOI: 10.20169/].issn.2095-2163.240536

E F RF-RFECV #0 Stacking £ 5% 3 =] B iy 2= A o1 i 7 53

KERTE, RET
(FAttklk K= HLETEZFR, BR/RIE 150040)

OB AT A RO JET B RN BOR A R RO S R BURIAST B T NI 2 B2 2 )
HFRE LAy e AT RO 10 500 5 WL 287 ST MR O 008 E SR 2 R 7 1 MR 9 T, 48y T —
P T RE-RFECV i Stacking S > AOBACH By b . 8 S0 M, 160 1 T AT MM IR A 4 2, S D 5
T, 5 HA) S L % H A S R B AR He , Stacking RABNIKS FE 1 8 4R, T LA AU BOM s o
SE: SMOTE §}ik; RF-RFECV; Stacking HUH; 4S5 fLi)

hESES: TP181 XERIRRES: A XEHS: 2095-2163(2024)05-0252-05

Research on stroke prediction based on
RF-RFECV and Stacking integrated learning

ZHANG Xiaofei, SONG Qijiang

(School of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: Stroke has the characteristics of high incidence rate, high mortality and high disability rate. Early detection and treatment
are essential. Among stroke prediction methods, machine learning has better performance than other methods. Aiming at the
limitation of traditional single machine learning model in prediction accuracy or stability, stroke prediction method based on RF-
RFECV and Stacking ensemble learning is proposed. Experiments show that this method can effectively reduce feature dimensions
and obtain the optimal feature subset. Compared with other single models and other integrated algorithm models, the prediction
accuracy of Stacking model is significantly improved. The research can more effectively predict stroke.
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Table 1 Characteristic attributes of the dataset
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Fig. 1 Label distribution of the dataset
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Fig. 2 SMOTE balanced dataset label distribution
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Fig. 3 Average cross—validation accuracy of different feature subsets
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Table 2 Parameters setting and prediction results of each model
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Fig. 5 Stacking integrated learning model process
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Table 4 Model performance comparison before and after feature

selection
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DT Precision 0.946 089 0.951 664

F1 0.946 074 0.951 427

RF Precision 0.971 242 0.974 358
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F1 0.974 454 0.975 714
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Table 5 Performance comparison of different models
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