EFEESRE 2019 FE40 HE1H JOURNAL OF MEDICAL INFORMATICS 2019, Vol. 40,No. 1

He T A A 20 S BE TR o B

BORRYE HAmE A L A

S

P
i

(PURZHEFENZITENZER [ IN510006)  (PUARFPUEZRENEZ TIER [ )N 510080)

(WE) ABERFIANFE, BRERFIT A LBTAN TG RA, EFARFLAG R, 48 %
RF Wk, RRA&RMEE | B ERR I A RALARAR AL AL A e BB SR AT TR, IR R AW Z ik
X o H LA B3 6 TR AR B S Al B A M AR R b S F AR

(E@iF)  aBFml; BEH; EXFT

(HESHHEE) R-056 (STEkARIEAD) A (DOI] 10.3969/j. issn. 1673 —6036. 2019. 01. 013

Blood Glucose Prediction Based on Ensemble Learning Fusion Model = WANG Rongzheng, LIAO Xianyi, CHEN Xiangping,
ZHOU Fan, School of Computer and Data Science, Sun Yat — sen University, Guangzhou 510006, China; ZHOU Yi, School of Biomedic-
al Engineering, Sun Yat — sen University, Guangzhou 510080, China

(Abstract]  The paper introduces the ensemble learning prediction method and dilates on the application of ensemble learning in blood
glucose prediction. Based on individual routine physical examination data, it predicts blood glucose through the ensemble learning method
that is combined with linear regression, gradient boosted decision tree, random forest and other models. The experimental results indicate
that the method boasts higher prediction precision for blood glucose and is able to identify individuals with abnormal blood glucose more
accurately.
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