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Summary

This narrative review examines artificial intelligence (AI) applications in airway management through a structured literature 

search completed in July 2025. AI shows promise in predicting difficult airways through facial recognition, voice analysis, and 

multiparametric assessment. AI models demonstrate improved positive predictive values compared with conventional 

bedside tests, though prediction remains imperfect. The fundamental challenge of low positive predictive values persists, 

albeit at reduced levels. For videolaryngoscopy, AI-powered systems provide real-time structure identification, procedural 

guidance, tracheal tube placement verification, and potentially fewer complications. AI also offers cognitive support during 

critical scenarios by mitigating decision biases, providing intelligent alarms, and ensuring guideline adherence when human 

performance might be compromised by stress. In education, AI-enhanced virtual reality simulations create realistic practice 

environments with personalised feedback tailored to learners’ needs. Experimental robotic intubation systems guided by AI 

algorithms demonstrate performance comparable with experts in controlled settings, though primarily for training and 

remote applications. Despite these advances, AI should complement rather than replace human expertise. Important chal-

lenges remain, including the risk of clinician deskilling, the ‘black box’ nature of some algorithms limiting transparency, and 

the need for robust validation before widespread implementation. The ideal approach involves human-machine collabora-

tion where AI compensates for cognitive limitations while physicians contribute clinical judgement, context awareness, and 

empathy. As AI continues evolving, appropriate ethical frameworks and regulatory oversight must be developed in parallel to 

ensure these technologies enhance patient safety while preserving the essential human element of healthcare.
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videolaryngoscopy; virtual reality training

Editor’s key points

• AI shows promise in predicting difficult airways 

through facial recognition, voice analysis, and mul-

tiparametric assessment.

• For videolaryngoscopy, AI-powered systems provide 

real-time structure identification, procedural guid-

ance, tracheal tube placement verification, and 

potentially fewer complications.

• AI offers cognitive support during critical scenarios 

by mitigating decision biases, providing intelligent 

alarms, and ensuring guideline adherence.

• In education, AI-enhanced virtual reality simulations 

create realistic practice environments with person-

alised feedback tailored to learners’ needs.

• AI should complement rather than replace human 

expertise.

Received: 29 July 2025; Accepted: 15 December 2025

© 2026 The Author(s). Published by Elsevier Ltd on behalf of British Journal of Anaesthesia. This is an open access article under the CC BY-NC-ND license 

(http://creativecommons.org/licenses/by-nc-nd/4.0/).

For Permissions, please email: permissions@elsevier.com

1606

British Journal of Anaesthesia, 136 (5): 1606—1615 (2026)

doi: 10.1016/j.bja.2025.12.052

Advance Access Publication Date: 4 February 2026 

Review Article

http://creativecommons.org/licenses/by%2Dnc%2Dnd/4.0/
mailto:luigilavia7@gmail.com
Delta:1_given-name
https://orcid.org/0000-0002-9331-2788
Delta:1_surname
https://orcid.org/0000-0002-2156-7554
Delta:1_given-name
https://orcid.org/0009-0003-0215-5620
Delta:1_surname
Delta:1_given-name
Delta:1_surname
Delta:1_given-name
Delta:1_surname
http://creativecommons.org/licenses/by%2Dnc%2Dnd/4.0/
mailto:permissions@elsevier.com
https://doi.org/10.1016/j.bja.2025.12.052
mailto:imprint_logo


AI will not replace humans, but those who use AI will replace 

those who don’t.

Ginni Rometty, Former CEO of IBM

What is artificial intelligence?

There are many definitions of artificial intelligence (AI), but 

probably one of the most appropriate is provided on the official 

IBM website 1 : Artificial intelligence is technology that enables 

computers and machines to simulate human learning, 

comprehension, problem solving, decision making, creativity and 

autonomy. This definition suggests that AI mimics natural 

intelligence but operates faster and without emotion, 

theoretically reducing emotional and cognitive biases. 2 

However, Yudkowsky stated: ‘by far, the greatest danger of 

artificial intelligence is that people conclude too early that they 

understand it’. 3 Applications of AI in anaesthesia have been 

explored since the late 1980s, 4 with research expanding to 

include neural networks, depth of anaesthesia monitoring, 

event prediction, and operating room logistics. 5—7 The 

COVID-19 pandemic accelerated AI applications in health-

care, 8—10 with airway management emerging as an important 

application area. The main objective of this narrative review is 

to provide an overview of the available evidence related to the 

clinical uses of AI in airway management. We aim to assess 

the current status of investigations, classify AI models used for 

airway management, and identify gaps in existing literature to 

guide future research.

Methods

A literature search was performed on Medline and Scopus up 

to July 20, 2025 by three experienced researchers (LLV, AM and 

ECLG). 11 We combined Medical Subject Headings (MeSH) and 

free-text keywords. Boolean operators (‘AND’, ‘OR’) and trun-

cation (*) were also used. The complete search strategy used is 

as follows: (‘artificial intelligence’ [MeSH Terms] OR ‘machine 

learning’ [MeSH Terms] OR ‘deep learning’ [MeSH Terms] OR 

‘neural networks (computer)’ [MeSH Terms] OR ‘computer 

vision’ OR ‘support vector machine’ OR ‘convolutional neural 

network’ OR ‘AI’ OR ‘ML’) AND (‘airway management’ [MeSH 

Terms] OR ‘intubation, intratracheal’ [MeSH Terms] OR 

‘extubation’ [MeSH Terms] OR ‘difficult airway’ OR ‘video 

laryngoscopy’ OR ‘airway assessment’ OR ‘ventilation’ OR 

‘laryngeal mask airway’). This strategy was adapted to the 

syntax of each database.

We included original research articles involving human 

participants undergoing airway management in any clinical 

setting (operating theatre, intensive care, emergency depart-

ment) where AI techniques (machine learning, deep learning, 

neural networks, computer vision, support vector machines, 

or related algorithms) were applied. Both observational (pro-

spective and retrospective cohort studies, case-control 

studies) and interventional (randomised controlled trials) 

studies published up to July 20, 2025 were eligible, with no 

language restrictions applied.

Three reviewers (MS, DSP, and ML) independently screened 

titles and abstracts against the eligibility criteria. Disagree-

ments at any stage were resolved through consensus. We 

consulted ChatGPT 12 to determine the review structure and 

identify key AI aspects requiring focus: AI for predicting

(difficult) airway management, assistive AI for 

videolaryngoscopy and intubation, AI-based cognitive sup-

port, and role of AI and virtual reality in training. Table 1 

provides a structured summary of current AI applications 

across these domains, highlighting key performance metrics, 

clinical benefits, and implementation challenges.

Artificial intelligence in prediction of airway 
management

Purely mathematical and statistical approaches for preproce-

dural airway assessment demonstrate poor positive and 

negative predictive values. 13 A recent editorial suggests that 

difficult airways represent a syndrome involving complex 

interactions among multiple factors, requiring individualised 

case-by-case assessment. 14 Modern airway assessment 

should use multiple tests, address all potential difficulties 

(ventilation, laryngoscopy, intubation, supraglottic airway 

rescue, and front-of-neck access), and incorporate context-

sensitive evaluation, 15 considering anatomical 

measurements, 16 airway history, the patient’s 
pathophysiological derangements, 17 clinical scenarios, the 

environment, and the clinical team.

AI represents a powerful tool for airway assessment by 

extracting knowledge from large datasets faster and more 

accurately than traditional methods. 18 Machine learning can 

analyse a large amount of information and generate an 

algorithm/model to recognise patterns and perform 

predictive tasks without the need for explicit instructions. 19 

AI, using either supervised or unsupervised machine 

learning, 20 could understand the relationships among 

multiple variables to improve the accuracy of prediction. 21,22 

AI models have been studied in thyroid, 23,24 head and neck 

procedures, and maxillofacial surgeries, 25 including obese 

patients, 26 paediatric patients, 27,28 and trauma patients. 29 

Most of the analysed AI models outperform clinical 

evaluation in terms of precision and accuracy. Predictive 

performance improves as the number of variables included 

in the AI models increases, similar to learning from clinical 

experiences. 30 Models using only two or three 

parameters 31,32 perform worse than multiparametric models 

in both elective and emergency settings. 33—37 AI models 

could analyse radiological imaging data 38—40 to identify fea-

tures associated with difficult airway, 41—43 provide airway 

segmentation and confirm tracheal tube position. 44 A 

landmark paper by Tavolara and colleagues 45 applied deep 

learning models for difficult airway identification using 

frontal face image analysis with a database of celebrities’ 
portraits. Other studies analysed predictive airway 

assessment from facial images, 46—48 including difficult face 

mask ventilation, 49 difficult laryngoscopy, 50 difficult 

videolaryngoscopy, 51 and sleep apnoea 52 in both experienced 

and inexperienced medical personnel. 53 These AI models 

achieved positive predictive values of 45—76% when 

compared with 5—20% for conventional bedside evaluations, 

while maintaining comparable negative predictive values 

(92—98% vs 94—99%), representing a clinically meaningful 

improvement in correctly identifying patients with difficult 

airway while minimising false reassurance. 16,54,55 Xia and 

colleagues 54 report that AI outperforms conventional bedside 

evaluations in videolaryngoscopy because mouth, larynx, 

pharynx, and airway structures are readily visible during 

videolaryngoscopy. 56,57
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Voice patterns and acoustic features 58,59 have also been 

used to predict difficult mask ventilation, difficult 

laryngoscopy, and undiagnosed sleep apnoea syndrome. 60 

Certain voice patterns were associated with difficult 

laryngoscopy with 76.1% accuracy. 61 Similarly, the area 

under the curve (AUC) for the prediction of difficult mask 

ventilation with voice patterns was 74%. 62

Many AI models have been tested using smartphones, 

which are readily accessible to anaesthesiologists for difficult 

airway recognition based on a patient’s subjective facial 

assessment. To date, systematic and narrative reviews indi-

cate that AI models exhibit average-to-good discriminative 

ability to recognise difficult airways. 55,63 Based on these 

findings, we envision a future with handheld devices to 

video/audio record the patient for airway evaluation and 

management. 64,65 A recent study testing Chat-GPT-4’s ability 

to develop perioperative anaesthetic plans revealed 

important AI limitations, with the system occasionally

failing to meet minimum standards. 66 Best practice remains 

combining AI predictive models and physician experiences 

to take care of the patient. 67,68

Artificial intelligence in videolaryngoscopy 
and intubation

Once an airway management plan is established, video-

laryngoscopy and intubation can be enhanced by assistive 

AI. 69 AI models can support laryngoscopy and intubation 

through anatomical structure recognition (upper airway, 

larynx, trachea, bronchi), tracheal tube position verification, 

and robotic intubation system guidance. 70

The first AI models designed for anatomy recognition were 

applied in bronchoscopy 71 to identify normal and pathological 

structures, with a performance comparable with that of the 

most experienced experts. 72 When applied to

Table 1 Artificial intelligence applications in airway management: summary of current evidence. AGATI, automated glottic action 

tracking by artificial intelligence; AI, artificial intelligence; AR, augmented reality; CNN, convolutional neural network; TT, tracheal 

tube; NPV, negative predictive value; PPV, positive predictive value; VR, virtual reality.

Domain AI method Clinical use Performance Key benefits Main limitations

Airway prediction Deep learning, CNN, 

machine learning

Difficult intubation/ 

ventilation 

prediction via 

facial images, 

voice analysis, 

imaging, 

multiparametric 

models 

PPV 45—76% vs 5 

—20% 

conventional; 

NPV 92—98% vs 94 

—99% 

conventional

Noninvasive; 

smartphone-

compatible; 

outperforms 

bedside tests; 

multiparametric 

integration

Prediction remains 

imperfect; 

population-

dependent; low 

PPV persists 

(albeit improved)

Videolaryngoscopy

assistance

CNN, deep learning 

(AGATI, Mask R-

CNN, U-Net)

Real-time vocal 

cord/glottis/ 

trachea 

identification; 

procedural 

guidance

Specificity 0.97 

—0.99; sensitivity 

0.87—0.89

Real-time feedback; 

educational tool; 

supports 

inexperienced 

clinicians

Blade-specific 

training; variable 

performance 

across anatomy; 

dedicated 

hardware 

required

Emergency support Neural networks, 

AI-enhanced 

ultrasound

TT position 

verification; 

oesophageal 

intubation 

detection; 

cognitive decision 

support; 

intelligent alarms 

Variable (TT: 

sensitivity 95%, 

specificity 50%)

Rapid verification; 

reduces errors; 

mitigates 

cognitive bias; 

guideline 

adherence

Limited specificity 

for some 

applications; 

better for 

education than 

real-time 

decisions 

currently 

Robotic systems AI-guided robotics 

with haptic 

feedback

Semi-autonomous 

intubation in 

controlled/ 

simulated 

settings

Comparable with 

experts in 

simulators

Potential for 

remote/ 

hazardous 

settings; tele-

mentoring

Prohibitive cost; 

simulator-to-

clinic gap; liability 

unresolved; 

limited clinical 

validation

Training and 

education

VR/AR with AI 

feedback

Laryngoscopy,

bronchoscopy,

neonatal

intubation

simulation

Skills transfer 

demonstrated

Safe practice; rare 

scenarios; 

personalised 

learning; no 

patient risk 

High cost; lacks 

standardised 

validation; long-

term outcome 

benefit unproven 

Overall challenges All AI systems Clinical

implementation

N/A Human-AI 

collaboration 

potential

‘Black box’ 
algorithms; 

deskilling risk; 

data bias; 

validation gaps; 

ethical/regulatory 

frameworks 

lagging
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videolaryngoscopy, AI models must be tested specifically for 

different types of videolaryngoscopy blades (shape, 

curvature, design). 73 Bronchoscopy and laryngoscopy images 

were incorporated into AI convolutional neural network 

models to provide real-time classification and identification 

of vocal cords and trachea. The best performing models 

showed specificity of 0.971—0.985 and sensitivity of 

0.865—0.892 74 with real-time feedback. Similar results were 

described with an open-source model ‘AGATI - automated 

glottic action tracking by artificial intelligence’, 75 convolute 

neural network models, 76 and various other AI 

algorithms. 77—86 These algorithms offer virtual assistance 

during laryngoscopy, and improve intubation success rates, 

particularly for less experienced clinicians. However, the 

clinical value of improved positive predictive values must be 

weighed against potential overconfidence in AI outputs, which 

might paradoxically increase risks or reduce vigilance.

Figure 1 shows videolaryngoscopy views with integrated AI 

support (LarynGuideTM software, aiEndoscopic, Zurich, 

Switzerland; https://www.aiendoscopic.com/projects/ 

larynguide) from an ongoing study in our institution. The 

ability of AI to identify airway structures and provide real-

time information is valuable and carries significant implica-

tions. AI may provide support in teaching and training, man-

aging difficult airways, integrating multiple datasets (CT 

scans, MRI, preoperative endoscopy), and cognitive supports. 

Models for neonatal videolaryngoscopy and intubation 

have also been developed, 87,88 but with lower performance in 

identify structures when compared with adult models. 

However, opportunities for adequate training are rare, and

neonatal airways are fragile. 89 The need for AI assistance in 

the neonatal field is tremendous.

Artificial intelligence in videolaryngoscopy 
during emergency

AI assistance offers significant potential during intubation by 

providing real-time, dynamic cognitive support. This capa-

bility is particularly valuable in difficult or emergency airway 

management, where stress could increase the risk of cognitive 

biases. 90 AI assistance can also rapidly provide reliable 

information about tube depth and position. Multiple studies 

demonstrate excellent performance analysing chest 

radiographs and CT scans to identify airway issues. 44,91 

Detection of oesophageal intubation 92 could be improved 

by neural network models capable of providing automated 

tube position check 93 and oesophageal intubation 

recognition 94 to reduce errors. However, a recent study 

evaluating AI’s ability to differentiate correct from incorrect 

tube placement showed a sensitivity of 95% but specificity of 

only 50%. 95 The accompanying editorial notes that current AI 

systems may be more valuable for education and cognitive 

support (providing alerts, guidelines, and intelligent 

summaries) rather than for real-time clinical decision-

making during airway management. 96 For oesophageal 

intubation detection, AI models interpreting lung sliding may 

be more reliable than analysis of laryngoscopic imaging. 97 

AI-assisted drug delivery and closed-loop systems may 

reduce peri-intubation cardiovascular complications in high-

Cartilage

Epiglottis

Cuff

Tube

EpiglottisEpiglottis

Fig 1. Airway images obtained from a videolaryngoscope connected to a laptop equipped with an advanced AI model for structure

recognition and assistive information (see text for details). The system can provide real-time anatomy labelling, movement suggestions

and adjustments, confirmation of correct positioning, and offline performance data analysis. AI, artificial intelligence.
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risk patients by adjusting induction agents based on moni-

toring of physiological parameters. 98,99 Finally, intelligent 

alarms may be enhanced through AI application in 

laryngoscopy and intubation, resulting in increased patient 

safety. 100

Artificial intelligence in robotic intubation

Parallel advances in micromotors, electronics, and servo-

assisted mechanisms have enabled robotic prototypes with 

potential applications in airway management. Various robotic 

intubation systems have been developed and tested in simu-

lated airway scenarios. Initial tests were performed using the 

DaVinci surgical robot equipped with a flexible broncho-

scope, 101 followed by intubation robots. 102,103 Most robotic 

systems, particularly newer versions, 82,104—106 showed intu-

bation times and success rates comparable with expert phy-

sicians’ performance. Inclusion of haptic feedback, pressure, 

and localisation sensors may create robotic systems capable of 

performing swift intubation while reducing potential airway 

trauma.

Despite technological sophistication, robotic intubation 

faces formidable barriers to clinical adoption: prohibitive 

costs, space requirements, interface complexity, and unre-

solved liability issues regarding AI-driven decisions in critical 

situations. These systems currently demonstrate value pri-

marily in training and remote or hazardous settings 107—110 

(such as tele-mentoring or airborne contagion scenarios), not 

in routine clinical practice. Claims of expert-level performance 

require critical scrutiny―controlled simulator studies poorly 

predict performance in emergency scenarios with anatomical 

variations, physiological instability, and time pressure. The 

gap between laboratory success and clinical utility remains 

substantial.

Artificial intelligence in airway management 
training

AI has become a valuable tool in training healthcare pro-

fessionals in airway management, providing innovative 

methods to enhance skill acquisition and decision-making. 

Through advanced simulations, virtual reality, and personal-

ised feedback systems, AI enables trainees to practice complex 

procedures in a safe and controlled environment, improving 

their confidence and competence. Additionally, AI-driven 

training platforms can adapt to individual learning needs, 

identify areas for improvement, and offer targeted guidance, 

thereby accelerating the learning curve. As technology con-

tinues to advance, AI-based training programs are poised to 

transform airway management education by offering more 

realistic, accessible, and effective training experiences for 

clinicians at all levels. 4

Studies have demonstrated associations between video 

game use and improved laryngoscopy/intubation skills, sug-

gesting that neural and behavioural priming facilitates motor 

skill development. 111 Application of virtual reality for 

laryngoscopy and airway management training has been 

examined in several studies, 112—116 including 

bronchoscopy 117—119 and simulation. 13,120—122 AI-assisted 

cognitive support improves both technical and non-technical 

airway management skills without patient risk, while simul-

taneously enhancing task-specific neural pathways. 123 Virtual 

reality has also been used, although with less demonstrated

benefit, for cardiopulmonary resuscitation training of lay 

people and healthcare professionals. 124,125 High-fidelity vir-

tual reality systems may transform airway management ed-

ucation by enabling extended training, simulating rare 

scenarios, and reducing patient-associated training risks.

The future of artificial intelligence in airway 
management

Technological evolution has provided new airway manage-

ment tools, devices, and techniques; changed the definition of 

‘difficult’ airway; and improved patient safety. Substantial 

evidence indicates that human factors, cognitive biases, and 

non-technical issues remain the leading causes of airway 

management-related complications. 

AI applications can support both technical skill develop-

ment (through virtual/augmented reality and 3D-printed 

simulators) and non-technical skills (through improved 

communication, guideline access, data interpretation, and 

clinical decision support). 126—129 However, substantial con-

cerns temper this optimism and warrant careful consider-

ation. Excessive reliance on AI risks clinician deskilling―a 

phenomenon whereby automation-induced erosion of 

manual and cognitive skills leaves practitioners unprepared 

when technology fails. 130 This concern extends beyond 

individual competence: widespread AI adoption may 

diminish professional roles, reduce clinical experience 

opportunities, and undermine the experiential learning 

foundation necessary for effective clinical teaching. AI and 

robotic intubation systems may particularly accelerate these 

effects by reducing hands-on practice opportunities. The 

‘black box’ nature of many deep learning algorithms presents 

a critical transparency problem because outputs emerge from 

processes neither clinicians nor developers fully understand, 

raising accountability questions when errors occur. Data pri-

vacy, algorithmic bias, and informed consent protocols remain 

unresolved. 131 

Furthermore, most AI models discussed remain experi-

mental or have been tested only in controlled environments. 

Few demonstrate definitive improvements in clinical out-

comes or real-world safety metrics. The gap between labora-

tory performance and bedside implementation is substantial 

and poorly characterised. 132 Commercial systems often lack 

standardised validation metrics, and their superiority over 

traditional methods remains unproven in rigorous 

comparative studies measuring actual patient outcomes or 

long-term skill retention. In airway management, an excel-

lent editorial by Heidegger and colleagues 133 raised several 

points that depict the current role of AI in airway 

management. 

Although AI models outperform clinical examination in 

predicting difficult airways, 16,54,55 these improvements must 

be contextualised against fundamental prediction 

limitations. Yentis 134 demonstrated conventional approaches 

yield poor positive predictive values, and the Cochrane 

review by Roth and colleagues 135 confirmed the limited 

discriminative ability of bedside tests. AI does not 

fundamentally solve the low positive predictive value 

problem; it improves these values modestly while 

maintaining high negative predictive values. The practical 

implication is that AI shifts the risk—benefit balance: accept-

ing more false-positive predictions (requiring unnecessary 

advanced preparation) to reduce false-negative predictions
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(unprepared difficult airways). This trade-off aligns with 

modern safety culture emphasising preparedness over 

precision.

Moreover, even perfect prediction cannot, by itself, prevent 

poor airway management or adverse outcomes. The value of 

AI lies not solely in predictive accuracy, but in its potential to 

support the entire airway management ecosystem: predictive 

preparation, procedural guidance, cognitive support during 

execution, and post-event analysis for system improvement. 

AI models can incorporate and interpret vast datasets, pro-

vided the data are available and properly structured. Contex-

tual factors in clinical scenarios, including emotional and 

relational elements, may not translate into data that AI can 

interpret, resulting in inadequate system outputs. 

Implementation of AI requires prudence, responsibility, 

and new ethical frameworks. For example, ‘Algorithmic Clin-

ical Accountability’ could define shared responsibility be-

tween AI systems and healthcare providers in clinical 

decision-making. Regulatory and legal safeguards must 

evolve in parallel with AI’s accelerating integration into clin-

ical practice. 127 Moreover, healthcare providers should be 

educated about how AI models are created, their limitations, 

and how clinicians can leverage them to our patients’ 
advantage.

The optimal goal is cautious, evidence-based human-ma-

chine collaboration where AI complements, not replaces, 

clinician expertise. However, AI may reduce demand for hu-

man clinicians, erode experiential learning opportunities 

essential for teaching, and introduce new failure modes when 

algorithms malfunction or misinterpret clinical context. Pa-

tients benefit from both accurate predictions and empathetic 

human connection 136 ―AI provides only the former. 

Recognising these challenges, the Anesthesia Research 

Council steering committee recently formed an expert 

workgroup to define current and future AI incorporation in 

anaesthesia while exploring implementation needs, 

limitations, and barriers. This workgroup emphasises that AI 

developers must remain focused on patient-centred solu-

tions that support healthcare providers and improve health-

care systems. 137
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analysis for fully automatic prediction of difficult endo-

tracheal intubation. IEEE Trans Biomed Eng 2016; 63: 328—39

47. Garcı́a-Garcı́a F, Lee DJ, Mendoza-Garc� es FJ, Garcı́a-

Guti� errez S. Reliable prediction of difficult airway for 

tracheal intubation from patient preoperative photo-

graphs by machine learning methods. Comput Methods 

Programs Biomed 2024; 248, 108118

48. Connor CW, Segal S. Accurate classification of difficult 

intubation by computerized facial analysis. Anesth Analg 

2011; 112: 84—93

49. Pei B, Jin C, Cao S, Ji N, Xia M, Jiang H. Geometric mor-

phometrics and machine learning from three-

dimensional facial scans for difficult mask ventilation 

prediction. Front Med (Lausanne) 2023; 10, 1203023

50. Kim JH, Jung HS, Lee SE, Hou JU, Kwon YS. Improving 

difficult direct laryngoscopy prediction using deep 

learning and minimal image analysis: a single-center 

prospective study. Sci Rep 2024; 14, 14209

51. Xia M, Jin C, Zheng Y, et al. Deep learning-based facial 

analysis for predicting difficult videolaryngoscopy: a 

feasibility study. Anaesthesia 2024; 79: 399—409

1612 ■  Sorbello et al.

http://refhub.elsevier.com/S0007-0912(26)00002-4/sref17
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref17
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref18
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref18
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref18
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref19
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref19
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref20
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref20
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref20
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref21
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref21
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref21
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref22
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref22
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref22
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref22
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref23
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref23
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref23
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref23
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref24
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref24
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref24
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref24
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref25
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref25
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref25
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref25
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref25
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref26
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref26
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref26
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref27
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref27
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref27
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref28
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref28
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref28
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref29
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref29
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref29
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref29
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref29
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref30
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref30
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref30
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref31
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref31
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref31
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref31
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref32
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref32
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref32
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref33
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref33
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref33
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref33
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref34
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref34
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref34
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref35
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref35
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref35
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref35
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref35
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref36
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref36
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref36
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref36
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref37
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref37
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref37
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref37
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref38
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref38
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref38
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref38
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref39
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref39
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref39
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref39
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref40
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref40
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref40
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref41
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref41
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref41
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref41
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref42
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref42
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref42
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref42
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref43
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref43
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref43
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref43
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref44
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref44
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref44
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref44
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref44
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref45
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref45
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref45
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref45
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref46
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref46
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref46
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref47
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref47
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref47
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref47
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref47
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref48
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref48
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref48
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref49
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref49
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref49
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref49
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref50
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref50
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref50
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref50
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref51
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref51
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref51


52. Monna F, Ben Messaoud R, Navarro N, et al. Machine 

learning and geometric morphometrics to predict 

obstructive sleep apnea from 3D craniofacial scans. Sleep 

Med 2022; 95: 76—83

53. Hayasaka T, Kawano K, Kurihara K, Suzuki H, Nakane M, 

Kawamae K. Creation of an artificial intelligence model 

for intubation difficulty classification by deep learning 

(convolutional neural network) using face images: an 

observational study. J Intensive Care 2021; 9: 38

54. Xia M, Cao S, Zhou R, et al. Acoustic features as novel 

predictors of difficult laryngoscopy in orthognathic sur-

gery: an observational study. Ann Transl Med 2021; 9: 1466

55. Abosamak MF, Zaki HA, Shaban EE, et al. Artificial in-

telligence in airway management: a systematic review 

and meta-analysis. Anaesth Crit Care Pain Med 2025; 44, 

101589

56. Kim JH, Han SW, Hwang SM, Lee JJ, Kwon YS. Machine 

learning predictions and identifying key predictors for 

safer intubation: a study on video laryngoscopy views. 

J Pers Med 2024; 14: 902

57. Naik NB, Mathew PJ, Kundra P. Scope of artificial intel-

ligence in airway management. Indian J Anaesth 2024; 68: 

105—10

58. Cao S, Xia M, Zhou R, et al. Voice parameters for difficult 

mask ventilation evaluation: an observational study. Ann 

Transl Med 2021; 9: 1740

59. Wei M, Du J, Wang X, Lu H, Wang W, Lin P. Voice disor-

ders in severe obstructive sleep apnea patients and 

comparison of two acoustic analysis software programs: 

MDVP and Praat. Sleep Breath 2021; 25: 433—9

60. de Carvalho CC, da Silva DM, de Carvalho Junior AD, et al. 

Pre-operative voice evaluation as a hypothetical predic-

tor of difficult laryngoscopy. Anaesthesia 2019; 74: 

1147—52

61. de Carvalho CC, da Silva DM, de Carvalho Jr AD, 

N� obrega FJF, de Orange FA. Evaluation of the association 

between voice formants and difficult facemask ventila-

tion. Eur J Anaesthesiol 2019; 36: 972—3

62. Connor CW, Segal S. The importance of subjective facial 

appearance on the ability of anesthesiologists to predict 

difficult intubation. Anesth Analg 2014; 118: 419—27

63. Wilk M, Pikiewicz W, Florczak K, Jak� obczak D. Use of 

artificial intelligence in difficult airway assessment: the 

current state of knowledge. J Clin Med 2025; 14: 1602

64. Zhang W, Du L, Huang Y, et al. Artificial intelligence for 

difficult airway assessment: a protocol for a systematic 

review with meta-analysis. BMJ Open 2025; 15, e096744

65. De Rosa S, Bignami E, Bellini V, Battaglini D. The future of 

artificial intelligence using images and clinical assess-

ment for difficult airway management. Anesth Analg 

2025; 140: 317—25

66. Abdel Malek M, van Velzen M, Dahan A, et al. Generation 

of preoperative anaesthetic plans by ChatGPT-4.0: a 

mixed-method study. Br J Anaesth 2025; 134: 1333—40

67. Mendoza Garces F, Garcia S, Garcia B, Vargas J, Lee D. 

Development of machine learning system for airway 

prediction from facial image with mobile device. bcam 

2022. Available from, https://bird.bcamath.org/handle/ 

20.500.11824/1531. [Accessed 13 January 2026]

68. Daccache N, Zako J, Morisson L, Laferri� ere-Langlois P. 

The applications of ChatGPT and other large language 

models in anesthesiology and critical care: a systematic 

review. Can J Anaesth 2025; 72: 904—22

69. Ravindran B. Innovations in the management of the 

difficult airway: a narrative review. Cureus 2023; 15, 

e35117

70. Yoo JY, Kang SY, Park JS, et al. Deep learning for 

anatomical interpretation of video bronchoscopy im-

ages. Sci Rep 2021; 11, 23765

71. Chen C, Tang F, Herth FJF, et al. Building and validating 

an artificial intelligence model to identify tracheo-

bronchopathia osteochondroplastica by using broncho-

scopic images. Ther Adv Respir Dis 2024; 18, 

17534666241253694

72. Kim JH, Cheon BR, Kim H, Hwang SM, Lee JJ, Kwon YS. 

Influence of curved video laryngoscope blade sizes and 

patient heights on video laryngoscopic views: a ran-

domized controlled trial. J Pers Med 2024; 14: 209

73. Matava C, Pankiv E, Raisbeck S, Caldeira M, Alam F. 

A convolutional neural network for real time classifica-

tion, identification, and labelling of vocal cord and 

tracheal using laryngoscopy and bronchoscopy video. 

J Med Syst 2020; 44: 44

74. Adamian N, Naunheim MR, Jowett N. An open-source 

computer vision tool for automated vocal fold tracking 

from videoendoscopy. Laryngoscope 2021; 131: E219—25

75. Cho WK, Choi SH. Comparison of convolutional neural 

network models for determination of vocal fold 

normality in laryngoscopic images. J Voice 2022; 36: 

590—8

76. Choi SJ, Kim DK, Kim BS, et al. Mask R-CNN based mul-

ticlass segmentation model for endotracheal intubation 

using video laryngoscope. Digit Health 2023; 9, 

20552076231211547

77. Carlson JN, Das S, De la Torre F, et al. A novel artificial 

intelligence system for endotracheal intubation. Prehosp 

Emerg Care 2016; 20: 667—71

78. Kim DK, Kim BS, Kim YJ, et al. Development and vali-

dation of an artificial intelligence algorithm for detecting 

vocal cords in video laryngoscopy. Medicine (Baltimore) 

2023; 102, e36761

79. Kim JS, Cho Y, Lim TH. Prediction of the location of the 

glottis in laryngeal images by using a novel deep-

learning algorithm. IEEE Access 2019; 7: 79545—54

80. Ding H, Cen Q, Si X, et al. Automatic glottis segmentation 

for laryngeal endoscopic images based on U-Net. Biomed 

Signal Process Control 2022; 71, 103116

81. Chin CL, Chang CL, Liu YC, et al. Automatic segmenta-

tion and indicators measurement of the vocal folds and 

glottal in laryngeal endoscopy images using mask R-

CNN. Biomed Eng Appl Basis Commun 2021; 33, 2150027

82. Chen W, Tian Y, Wang Y, et al. Emerging technologies in 

airway management: a narrative review of intubation 

robotics and anatomical structure recognition algo-

rithms. Biomed Eng Online 2025; 24: 77

83. Ren J, Jing X, Wang J, et al. Automatic recognition of 

laryngoscopic images using a deep-learning technique. 

Laryngoscope 2020; 130: E686—93

84. Laves MH, Bicker J, Kahrs LA, Ortmaier T. A dataset of 

laryngeal endoscopic images with comparative study on 

convolution neural network-based semantic segmenta-

tion. Int J Comput Assist Radiol Surg 2019; 14: 483—92

85. Zang Q, Cui H, Guo X, Lu Y, Zou Z, Liu H. Clinical value of 

video-assisted single-lumen endotracheal intubation 

and application of artificial intelligence in it. Am J Transl 

Res 2022; 14: 7643—52

AI applications in airway management ■  1613

http://refhub.elsevier.com/S0007-0912(26)00002-4/sref52
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref52
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref52
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref52
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref53
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref53
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref53
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref53
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref53
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref54
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref54
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref54
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref55
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref55
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref55
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref55
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref56
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref56
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref56
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref56
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref57
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref57
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref57
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref58
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref58
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref58
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref59
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref59
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref59
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref59
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref60
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref60
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref60
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref60
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref61
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref61
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref61
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref61
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref62
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref62
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref62
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref63
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref63
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref63
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref64
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref64
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref64
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref65
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref65
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref65
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref65
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref66
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref66
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref66
https://bird.bcamath.org/handle/20.500.11824/1531
https://bird.bcamath.org/handle/20.500.11824/1531
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref68
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref68
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref68
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref68
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref69
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref69
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref69
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref70
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref70
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref70
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref71
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref71
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref71
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref71
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref71
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref72
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref72
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref72
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref72
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref73
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref73
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref73
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref73
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref73
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref74
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref74
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref74
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref75
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref75
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref75
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref75
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref76
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref76
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref76
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref76
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref77
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref77
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref77
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref78
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref78
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref78
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref78
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref79
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref79
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref79
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref80
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref80
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref80
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref81
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref81
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref81
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref81
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref82
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref82
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref82
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref82
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref83
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref83
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref83
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref84
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref84
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref84
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref84
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref85
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref85
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref85
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref85


86. Fadillah MA, Rachmawati LM, Jahja M, Suhendi A. Con-

volutional neural networks based on Raspberry Pi for a 

prototype of vocal cord abnormalities identification. 

Jurnal INFOTEL 2020; 12: 82—8

87. Nakamura H, Fukuda K, Asano T, Masue T. Development 

of an artificial intelligence-assisted system for tracheal 

intubation using a video laryngoscope in infants and 

neonates. J Clin Anesth 2025; 106, 111914

88. Majeedi A, Peebles PJ, Li Y, McAdams RM. Glottic opening 

detection using deep learning for neonatal intubation 

with video laryngoscopy. J Perinatol 2025; 45: 242—8

89. Massimiliano S, Daniele T. From Brobdingnag to Lilliput: 

Gulliver’s travels in airway management guidelines. Br J 

Anaesth 2024; 132: 21—4

90. Stiegler MP, Tung A. Cognitive processes in anesthesi-

ology decision making. Anesthesiology 2014; 120: 204—17

91. An JY, Hwang EJ, Nam G, et al. Artificial intelligence for 

assessment of endotracheal tube position on chest ra-

diographs: validation in patients from two institutions. 

AJR Am J Roentgenol 2024; 222, e2329769

92. Sorbello M, De Jong A, De Robertis E, Greif R. Dubito ergo 

sum. From philosophy towards prevention of unrecog-

nised oesophageal intubation. Eur J Anaesthesiol 2023; 40: 

310—2

93. Brown MS, Wong KP, Shrestha L, et al. Automated 

Endotracheal Tube Placement Check Using Semantically 

Embedded Deep Neural Networks. Acad Radiol 2023; 30: 

412—20

94. Schultheis WG, Lakhani P. Using deep learning seg-

mentation for endotracheal tube position assessment. 

J Thorac Imaging 2022; 37: 125—31

95. Fuchs A, Raeber A, Lippuner R, et al. Artificial 

intelligence—assisted tracheal intubation in humans: a 

prospective observational study. Anaesthesia Advance 

Access published on November 17, 2025, doi:10.1111/ 

anae.70063.

96. Cook TM, Hartley MA. Artificial intelligence and the 

airway: first steps toward continuous evaluation and 

improvement. Anaesthesia Advance Access published 

on November 4, 2025, doi: 10.1111/anae.70063.

97. Fiedler HC, Prager R, Smith D, et al. Automated real-time 

detection of lung sliding using artificial intelligence: a 

prospective diagnostic accuracy study. Chest 2024; 166: 

362—70

98. Le� on MA, R€ as€ anen J. Neural network-based detection of 

esophageal intubation in anesthetized patients. J Clin 

Monit 1996; 12: 165—9

99. Kornas RL, Owyang CG, Sakles JC, Foley LJ, Mosier JM, 

Society for Airway Management’s Special Projects Com-

mittee. Evaluation and management of the physiologi-

cally difficult airway: consensus recommendations from 

Society for Airway Management. Anesth Analg 2021; 132: 

395—405

100. Puri GD, Mathew PJ, Biswas I, et al. A multicenter eval-

uation of a closed-loop anesthesia delivery system: a 

randomized controlled trial. Anesth Analg 2016; 122: 

106—14

101. Westenskow DR, Orr JA, Simon FH, Bender HJ, 

Frankenberger H. Intelligent alarms reduce anesthesiol-

ogist’s response time to critical faults. Anesthesiology 

1992; 77: 1074—9

102. Tighe PJ, Badiyan SJ, Luria I, Lampotang S, Parekattil S. 

Robot-assisted airway support: a simulated case. Anesth 

Analg 2010; 111: 929—31

103. Biro P, Hofmann P, Gage D, et al. Automated tracheal 

intubation in an airway manikin using a robotic endo-

scope: a proof of concept study. Anaesthesia 2020; 75: 

881—6

104. Ma X, Pan B, Song T, Sun Y, Fu Y. Development of a novel 

anesthesia airway management robot. Sensors (Basel) 

2021; 21: 8144

105. Qi Q, Lv J, Sun K, Sun Y, Jiang A, Ji A. Design and motion 

control of master-slave control endotracheal intubation 

robot. Robot Comput Surg 2024; 20, e2669

106. Guo J, Zhang J, Li X, et al. Special robotic stylet for 

assisting endotracheal intubation based on multiseg-

ment continuum mechanism. Adv Intell Syst 2025; 7, 

2400602

107. Khan MJ, Karmakar A. Emerging robotic innovations and 

artificial intelligence in endotracheal intubation and 

airway management: current state of the art. Cureus 

2023; 15, e42625

108. Marescaux J, Leroy J, Gagner M, et al. Transatlantic robot-

assisted telesurgery. Nature 2001; 413: 379—80

109. Nathan N. Robotics and the future of anesthesia. Anesth 

Analg 2024; 138: 238

110. Levin BS, Chang MG, Bittner EA. Teleguidance technology 

for endotracheal intubation: a scoping review. Crit Care 

Explor 2021; 3, e0582

111. Randell T, Antila H. Developments in laryngoscopy and 

tracheal intubation: videogames and practical tools. Acta 

Anaesthesiol Scand 2008; 52: 3—5

112. Kanschik D, Bruno RR, Wolff G, Kelm M, Jung C. Virtual 

and augmented reality in intensive care medicine: a 

systematic review. Ann Intensive Care 2023; 13: 81

113. Rolland J, Davis L, Hamza-Lup F, et al. Development of a 

training tool for endotracheal intubation: distributed 

augmented reality. Stud Health Technol Inform 2003; 94: 

288—94

114. Kerner KF, Imielinska C, Rolland J, Tang H. Augmented 

reality for teaching endotracheal intubation: MR imaging 

to create anatomically correct models. AMIA Annu Symp 

Proc 2003; 2003: 888

115. Davis L, Ha Y, Frolich S, et al. Augmented reality and 

training for airway management procedures. Stud Health 

Technol Inform 2002; 85: 121—6

116. Fei GT, Guo AW, Booth T, et al. Development of an 

augmented reality system for tracheal intubation guid-

ance of airway management. Proc SPIE Int Soc Opt Eng 

2024; 12818, 1281808

117. Boet S, Bould MD, Schaeffer R, et al. Learning fibreoptic 

intubation with a virtual computer program transfers to 

’hands on’ improvement. Eur J Anaesthesiol 2010; 27: 31—5

118. Wong DT, Mehta A, Singh KP, et al. The effect of virtual 

reality bronchoscopy simulator training on performance 

of bronchoscopic-guided intubation in patients: A rand-

omised controlled trial. Eur J Anaesthesiol 2019; 36: 227—33

119. Cailleau L, Geeraerts T, Minville V, et al. Is there a benefit 

for anesthesiologists of adding difficult airway scenarios 

for learning fiberoptic intubation skills using virtual re-

ality training? A randomized controlled study. PLoS One 

2023; 18, e0281016

120. Rodrigues PG, Leandro DMK, de Azevedo SS, et al. 

Transforming neonatal care: a position paper on the 

potential of augmented and mixed reality. Front Digit 

Health 2025; 7, 1571521

121. Dias PL, Greenberg RG, Goldberg RN, Fisher K, Tanaka DT. 

Augmented reality-assisted video laryngoscopy and

1614 ■  Sorbello et al.

http://refhub.elsevier.com/S0007-0912(26)00002-4/sref86
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref86
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref86
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref86
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref87
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref87
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref87
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref87
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref88
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref88
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref88
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref89
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref89
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref89
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref90
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref90
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref91
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref91
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref91
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref91
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref92
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref92
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref92
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref92
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref93
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref93
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref93
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref93
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref94
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref94
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref94
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref97
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref97
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref97
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref97
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref98
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref98
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref98
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref99
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref99
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref99
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref99
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref99
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref99
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref100
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref100
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref100
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref100
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref101
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref101
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref101
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref101
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref102
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref102
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref102
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref103
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref103
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref103
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref103
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref104
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref104
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref104
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref105
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref105
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref105
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref106
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref106
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref106
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref106
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref107
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref107
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref107
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref107
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref108
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref108
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref109
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref109
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref110
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref110
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref110
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref111
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref111
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref111
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref112
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref112
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref112
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref113
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref113
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref113
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref113
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref114
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref114
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref114
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref114
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref115
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref115
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref115
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref116
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref116
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref116
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref116
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref117
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref117
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref117
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref118
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref118
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref118
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref118
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref119
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref119
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref119
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref119
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref119
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref120
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref120
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref120
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref120
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref121
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref121


simulated neonatal intubations: a pilot study. Pediatrics 

2021; 147, e2020005009

122. Zhao S, Xiao X, Wang Q, et al. An intelligent augmented 

reality training framework for neonatal endotracheal 

intubation. Int Symp Mix Augment Real 2020; 2020: 672—81

123. Chen C, Ji J, Ding Z, Shen N. Expanding clinical applications 

of augmented reality laryngoscopy: a need for further 

exploration and validation. Anaesthesia 2025; 80: 336—7

124. Nas J, Thannhauser J, Vart P, et al. Effect of face-to-face 

vs virtual reality training on cardiopulmonary resusci-

tation quality: a randomized clinical trial. JAMA Cardiol 

2020; 5: 328—35

125. Cheng A, Fijacko N, Lockey A, et al. Use of augmented 

and virtual reality in resuscitation training: a systematic 

review. Resusc Plus 2024; 18, 100643. Education Imple-

mentation Team Task Force of the International Liaison 

Committee on Resuscitation (ILCOR)

126. Bellini V, Rafano Carn� a E, Russo M, et al. Artificial intel-

ligence and anesthesia: a narrative review. Ann Transl 

Med 2022; 10: 528

127. Sallam M. ChatGPT utility in healthcare education, 

research, and practice: systematic review on the prom-

ising perspectives and valid concerns. Healthcare (Basel) 

2023; 11: 887

128. Mehta N, Devarakonda MV. Machine learning, natural 

language programming, and electronic health records: 

the next step in the artificial intelligence journey? 

J Allergy Clin Immunol 2018; 141: 2019—20121.e1

129. Cabitza F, Rasoini R, Gensini GF. Unintended conse-

quences of machine learning in medicine. JAMA 2017; 

318: 517—8

130. Lonsdale H, Jalali A, G� alvez JA, Ahumada LM, Simpao AF. 

Artificial intelligence in anesthesiology: hype, hope, and 

hurdles. Anesth Analg 2020; 130: 1111—3

131. Naik N, Hameed BMZ, Shetty DK, et al. Legal and ethical 

consideration in artificial intelligence in healthcare: who 

takes responsibility? Front Surg 2022; 9, 862322

132. Henckert D, Malorgio A, Schweiger G, et al. Attitudes of 

anesthesiologists toward artificial intelligence in anes-

thesia: a multicenter, mixed qualitative-quantitative 

study. J Clin Med 2023; 12: 2096

133. Heidegger T, Ghulam A, Bischoff M, Luedi MM. Beyond 

artificial intelligence: a critical appraisal from an airway 

management perspective. Anesth Analg 2025; 140: 1111—3

134. Yentis SM. Predicting difficult intubation―worthwhile 

exercise or pointless ritual? Anaesthesia 2002; 57: 105—9

135. Roth D, Pace NL, Lee A, et al. Airway physical examina-

tion tests for detection of difficult airway management in 

apparently normal adult patients. Cochrane Database Syst 

Rev 2018; 5: CD008874

136. Schwalbe N, Wahl B. Artificial intelligence and the future 

of global health. Lancet 2020; 395: 1579—86

137. Lonsdale H, Burns ML, Epstein RH, et al. Strengthening 

discovery and application of artificial intelligence in 

anesthesiology: a report from the Anesthesia Research 

Council. Anesth Analg 2025; 140: 920—30

Handling Editor: Jiapeng Huang

AI applications in airway management ■  1615

http://refhub.elsevier.com/S0007-0912(26)00002-4/sref121
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref121
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref122
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref122
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref122
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref123
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref123
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref123
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref124
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref124
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref124
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref124
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref125
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref125
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref125
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref125
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref125
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref126
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref126
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref126
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref127
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref127
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref127
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref127
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref128
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref128
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref128
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref128
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref129
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref129
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref129
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref130
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref130
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref130
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref131
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref131
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref131
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref132
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref132
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref132
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref132
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref133
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref133
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref133
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref134
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref134
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref135
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref135
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref135
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref135
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref136
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref136
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref137
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref137
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref137
http://refhub.elsevier.com/S0007-0912(26)00002-4/sref137

	Artificial intelligence in airway management: a narrative review
	Editor’s key points
	What is artificial intelligence?
	Methods
	Artificial intelligence in prediction of airway management
	Artificial intelligence in videolaryngoscopy and intubation
	Artificial intelligence in videolaryngoscopy during emergency
	Artificial intelligence in robotic intubation
	Artificial intelligence in airway management training
	The future of artificial intelligence in airway management
	flink9
	flink10
	aclink2
	References


