66 - ZEFP 2025 4F 11 A 420D

2 F AL TE XU W E AR B iy S B 4R iR

AR R E 2 B, U ER RS, ) {20
(l.¥k T KFWEHNMNER BEAIA, I 350 434020;2 Kz KF E 53R, 35 M 434000)

(HWE] BB LR E N AN A WU XU T Y () b e K 30 A% B0, PPN ARG PR i iy vy FivT gk . ik %90
FIZRIR T B AE AR R R P E M T3 75\ PubMed 55 %5045 J22 v A7 G 2 41 LA R XU G F9 %8 A5 £ 1549 A O SC K, A 2R IR BR Sy 2
PEZE 2024 4F 6 11 B IEXSSCHRBEAT O RIS 45, SR KR 8279 f A A 15 B W 20 2 AR LA RE XU
T ALY, B SCHR A T V5 R Logistic 181 . i AT A AR TIUI PR 40 5 4F % | 0 B &t 8 40 /NBR B BRI 1 56, S5 A
ZAE LD R T A5 R 1 T50I0 A 8 A AL B A i e IXURG: 2650 85 o 2R SFe IO JF J RIS L 22 s 119 S0 B 6 SE T 5 o £ 9 A AR 1 K
Mol AN SE M55 T2 4R ANHE

[REIR] BENWUDARE BB 5 et £y XU 5 90 B 25 i
d0i:10.3969/].issn.2097-1826.2025.11.016

[FESES] R47  [XHEHFEIREB] A [XEHFS]
Scoping Review of Risk Early Warning Models for Sarcopenia in the Elderly

ZHANG Qian',CHEN Chun',LIU Yuhua' ,KUANG Jiagian', CHEN Tingting’, LIU Ren’ (1.Department
of Rehabilitation, Jingzhou Hospital Affiliated to Yangtze University Jingzhou 434020, Hubei Province,

2097-1826(2025)11-0066-05

China;2.Medical Science Center, Yangtze University,Jingzhou 434000, Hubei Province,China)
Corresponding author: CHEN Chun, Tel:0716-8910002

[ Abstract] Objective
nia in the elderly at home and abroad, and to assess the potential and possibility in clinical application.

Methods

To review the construction and validation of risk early warning models for sarcope-

According to the methodological framework of the scope review, relevant literature on the risk
early warning model of sarcopenia in the elderly was systematically retrieved from databases such as
CNKI, Wanfang,and PubMed. The retrieval period was from the inception to June 11,2024 ,and the litera-
ture was screened,extracted,and summarized.Results A total of 8,279 articles was retrieved,and 15 were
finally included, covering 20 risk early warning models of sarcopenia in the elderly. The main literature
modeling method was Logistic regression,and the high-frequency modeling predictors included age, body
mass index,calf circumference and exercise habits,etc.Conclusions The predictive performance of the ex-
isting risk early warning models for sarcopenia in the elderly is relatively good,but the overall risk of bias
is relatively high.In the future,large-scale, multi-center external validation studies should be carried out to
promote the clinical transformation of the models and truly serve the elderly population.
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