BERERKFFIR 2025 £5 50 £5 10 83 (Journal of Chongging Medical University 2025.Vol.50 No.10 ) — 1379 —

v

ZEIR  DOI.10.13406/).cnki.cyxb.003882
N TGN 1 Mo pain vl iy oF 5 30 e

PR AR A
(B BE R 755 — M s BE BRI}, BRI 650000)

[ E]GEEMHRSEEPMEEAE, RYESGE (difficult airway , DA )2 PREEE P AG— KPR, ISR A BE SR TR0 H: A&
Az, AT RE 2 T B A ORI S NUE 25 7™ F AN R o ARBER PEAS A0 00 m] B8 Hh BLAY DA 2GR 2, AR GE i ITAil R G
5 A 9 22 6 R A R, SRAORE IS, T L AR S5 PR ) A5 S8 o N T BE (artificial intelligence , AR FE5E K1 24 =) AU 7
ety , it 3 G 2RI EIE , 7EHLES 5 2 (machine learning, ML) FIREE 2% 2 (deep learning, DL) ) JE Al A4 ZE /1) DA Pl 45%
Y, AT DAR R AR o X0 S8 5 A ) 4540 i TR I AOR AR , W Sl B2 TR0 503, AT ol 2 Bt % 1k Ty 58, St A A B, B DR RR
g AR o AR SOU AR SR I ATERT DA T AT 64T T 2538
[ SC 8838 |2 VEA 5 PROGE U 5 TR AL s T8 AR s TREE 27~ s HLAR 27~
(HESES]R614.1 (kAR ERD A

Research advances in artificial intelligence for difficult airway prediction
Zhou Guilin,Shao Jianlin
(Department of Anesthesiology , The First Affiliated Hospital of Kunming Medical University )

[ Abstract] Airway assessment is an important prerequisite for airway management. Difficult airway (DA ) is a major challenge in anes-
thesia management, and failure to predict DA in advance may lead to serious adverse events such as failed intubation and hypoxemia.
Accurate assessment and prediction of possible DA before surgery is of vital importance. Traditional assessment systems rely on the ex-
perience of the physician experience for interpretation, with a low sensitivity and difficulties in identifying hidden anatomical abnor-
malities. Relying on powerful learning and data analysis capabilities , artificial intelligence (Al) establishes a predictive model for DA
by integrating multimodal data on the basis of machine learning and deep learning, thereby improving the efficiency and accuracy of
identifying abnormal anatomical structures in the airway, which helps to significantly improve prediction efficiency, develop a targeted
regimen, implement effective management, and ensure the safety and quality of anesthesia. This article reviews the research on the ap-
plication of Al in predicting DA in recent years.
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