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The Future of Artificial Intelligence Using Images and 
Clinical Assessment for Difficult Airway Management
Silvia De Rosa, MD,*† Elena Bignami, MD,‡ Valentina Bellini, MD,‡ and Denise Battaglini, MD, PhD§

Artificial intelligence (AI) algorithms, particularly deep learning, are automatic and sophisticated 
methods that recognize complex patterns in imaging data providing high qualitative assess-
ments. Several machine-learning and deep-learning models using imaging techniques have 
been recently developed and validated to predict difficult airways. Despite advances in AI mod-
eling. In this review article, we describe the advantages of using AI models. We explore how 
these methods could impact clinical practice. Finally, we discuss predictive modeling for dif-
ficult laryngoscopy using machine-learning and the future approach with intelligent intubation 
devices. (Anesth Analg 2024;XXX:00–00)

Difficult airway management is a scenario in 
which the clinician encounters challenges with 
oxygenation, ventilation, laryngoscopy, and/

or tracheal intubation.1 Several algorithms for difficult 
airway management and prediction exist, although 
current protocols demonstrate low sensibility and 
specificity.2 One-size-fits-all solutions are ill-suited for 
complex issues like airway management, where the 
complexity of an emergency setting can synergize with 
patient’s comorbidities and unstable vital signs.3

Artificial intelligence (AI) algorithms are auto-
matic and sophisticated methods that recognize com-
plex patterns by combining imaging data with clinical 
assessments (Table 1). Deep-learning (DL) models 
aim to represent complex data using more superfi-
cial hierarchized structures defined from specific fea-
tures.4 AI has been developed and implemented in 
health care with the potential to reduce health ineq-
uities and improve global health and anesthesiology 
outcomes.5,6 AI tools use big data from electronic 
health records and complex datasets, integrating dif-
ferent types of information. They identify clusters 
and extract value to transform large volumes of data 
into predictive models, thereby enhancing the quality 

of decision-making quality.4 A variety of AI models is 
machine learning or machine-learning models that 
use a mathematical formula to predict future events. 
Although physical airway examination remains an 
essential tool to identify difficult airways, a multidi-
mensional analysis using machine-learning models 
to predict difficult airways could be helpful (Table 2). 
AI and machine-learning represent new advances 
in airway management.4 If machine-learning can 
predict difficult airways in adults, AI may offer pro-
viders real-time clinical decision support during 
intubation.4 Several X-ray machine-learning and DL 
models have recently been developed and validated 
to predict difficult airways and identify tracheal tube 
malpositioning. Other imaging techniques, such as 
ultrasound (US), computed tomography (CT) scan, 
and magnetic resonance imaging (MRI), can be help-
ful for adequately reconstructing airway anatomy.1 
Nevertheless, the pivotal value of imaging techniques 
for clinical application may be limited by factors such 
as radiation, medical costs, equipment requirements, 
and burden of medical staff can limit their use in clin-
ical practice.7

This narrative review aimed to explore the influence 
of AI models using images and clinical assessment 
on difficult airway management in clinical practice. 
Finally, we discuss predictive models for difficult 
laryngoscopy using machine-learning models and the 
future application of intelligent intubation devices.

METHODS
Search Strategy
Our search strategy was designed to address the fol-
lowing questions:

 1. What are the main indications for Tracheal 
Intubation?

 2. Does DL using images and/or clinical assess-
ment improve the diagnostic abilities of 
anesthesiologists?
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 3. What are the other applications of AI in this 
field?

 4. Are there any limitations for AI in this field?

To define the aforementioned research questions, we 
searched in the PubMed database for all published 
observational studies, randomized trials, systematic 
reviews, and metanalysis, from inception to January 24, 
2024. The following MeSH terms and Boolean opera-
tor were used: ((airways management) OR (difficult 
tracheal intubation)) AND ((artificial intelligence) OR 
(deep learning) OR (stratification)). We combined the 
terms and cross-referenced the publications to exclude 
cases published more than once. We set inclusion crite-
ria to refine the selection of articles based on our subjec-
tive assessment of their relevance, novelty, and English 

language. According to the narrative nature of this 
review, we did not follow a rigorous methodology for 
the selection strategy, and we therefore recorded only 
the total number of publications analyzed (n = 945), the 
total number of multiple publication cases (n = 72), and 
the number of publications written in languages other 
than English (n = 26). A total of n = 847 articles were 
finally reviewed for titles and abstracts by 2 authors 
(S.D.R. and D.B.), and n = 31 of them were included for 
full review. We analyzed the references of each selected 
article to ensure that other publications missed during 
the initial search were included.

Interpretation and Definitions
The relationship between area under the receiver 
operating characteristic curve (AUROC), positive 

Table 1. Example of Tools Used by Artificial Intelligence and Their Applications in Airway Management
Tool Abbreviation Definition Airway outcome 
Machine 

learning
ML A field of computer science that deals with 

teaching computers to perform tasks by giving 
them the ability to study patterns in data, 
without being explicitly programmed

• Us ed for airways segmentation with predefined image 
features

• Th rough the measurement of neck circumference and 
thyromental distance, it develops a prediction model of 
difficult laryngoscopy

Deep 
learning

DL A type of ML that learns on its own how best to 
represent data as a hierarchy of concepts, 
with each concept defined through its relation 
to simpler concepts.

• Po werful tool used to analyze medical images and to 
provide human visuals more accurately than laboratory 
predictions

• Mo del using frontal images of faces and classifying difficult 
intubations

Artificial 
neural 
networks

ANN network composed of nodes or “neurons” that 
each perform a computational operation and 
through which information flows by means of 
weighted interconnections; to learn to perform 
a specific task, these weights can be tuned

• With CAD are used to assess the correct positioning of ETTs
• Au tomatically they extract relevant images for airways 

segmentation
• CN N detect laryngeal adductor reflex events in laryngeal 

endoscopy videos
Big data BD A large amount of electronic health data, difficult 

to manage by traditional software
• Th e large amount of frontal images of faces used to create 

AI algorithm
Wearable 

device(s)
WDs intelligent devices that can be wearable and not 

only assist people in pursuing a healthier 
lifestyle but also provide a constant stream 
of health care data for disease diagnosis and 
treatment by actively recording physiological 
parameters and tracking metabolic status.

• Mo dern tool designed to detect changes in resistance and 
pressure during intubation, providing real-time feedback 
to the operator

Abbreviations: CAD, computer-aided detection; CNN, convolutional neural network; ETTs, endotracheal tubes.

Table 2. Principal Scores Used to Evaluate Airways
Score Name Definition 
LEMON Look externally Trauma or face anatomy

Evaluate 3–3–2 rule Three fingers between the incisors
The mandible length 3 fingers from the mentum to the hyoid bone
Two fingers between the hyoid and thyroid

Mallampati score >3
Obstruction or obesity
Neck mobility

Mallampati 1 Visualization of soft palate
2 Visualization of the uvula
3 Visualization of only the base of the uvula
4 Not visualization of soft palate

El-Ganzouri Mouth opening ><4 cm
Thyromental distance <6 cm–>6.5 cm
Mallampati class I–IV
Neck movement <80°–>90°
Body weight <90 kg–>110 kg
Previous difficult intubation
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predictive value (PPV), and negative predictive value 
(NPV) is complex.8 AUROC is used to assess a binary 
classification model’s efficacy, by differentiating 
between positive and negative cases.2,9–12 An optimal 
classification is represented by a value of 1, while a 
random classification is represented by a value of 0.5 
for AUROC: higher AUROC values are indicative of 
improved discriminating between difficult and non-
difficult airways, but they do not directly reflect the 
model’s accuracy in each of its individual predictions. 
Furthermore, the proportion of difficult airways in 
the population under test affects the PPV and NPV. 
PPV and NPV are indicators of how well the predic-
tion model distinguishes between real positive and 
true negative outcomes.8 PPV is the probability that a 
patient identified by the model as having a challeng-
ing airway actually does have a challenging airway. 
The possibility that a patient who is identified by a 
model as not having a difficult airway is truly free of a 
difficult airway is indicated by NPV.2,8–12

Workflow for the DL Segmentation
DL, a subset of machine-learning and representation 
learning, aims to unravel complex data representa-
tions using hierarchized structures defined from 
specific features.13 In health care, DL segmentation 
provides instrumental analysis of medical images, 
such as CT scans, MRI scans, and X-rays. DL segmenta-
tion involves dividing an image into multiple regions 
or segments, each representing a distinct part of the 
image. The workflow for DL segmentation requires 
careful data preparation, model selection, design, 
training and validation, testing, and postprocessing to 
achieve accurate and robust segmentation results:

 1. Data collection: New datasets should include 
both input images and corresponding ground 
truth (real or true information, provided by 
direct observation) segmentation maps14;

 2. Image preprocessing: Implement fixed 
sequences of operations performed at each 
image pixel, including resizing the images, nor-
malizing the pixel values, and augmenting the 
dataset through data augmentation techniques.14

 3. Model selection and design: Select a suitable 
DL model for segmentation, such as a convo-
lutional network for biomedical image (U-Net) 
or mask region-based convolutional neural 
network (Mask R-CNN) and customize it for 
your specific use case. This may involve adjust-
ing the architecture, hyperparameters, and loss 
function.15

 4. Training: Train the model using the prepro-
cessed dataset by feeding input images into 
the model and comparing output segmentation 
maps with the ground truth maps. The goal is 

to minimize the difference between the pre-
dicted and ground truth segmentation maps.16

 5. Validation: Validate the trained model on a sep-
arate validation dataset to assess its generaliza-
tion ability and detect potential overfitting.17 
The validation data set provides an unbiased 
evaluation of the model fit on the training data 
set.

 6. Testing: Test the model on a separate test data-
set to evaluate its performance on new, unseen 
data.

 7. Postprocessing: Postprocess the segmentation 
maps to refine the final results, incorporating 
techniques such as thresholding, morphologi-
cal operations, and smoothing.18

 8. Deployment: Deploy the trained model in 
a production environment to segment new 
incoming data.19

Figure 1 shows the potential clinical use of DL seg-
mentation for difficult airway assessment.

AI in X-ray Identification of Difficult Airways
Several X-ray machine-learning and DL models have 
been based on X-ray imaging and have recently 
been developed and validated to predict difficult 
airways.9,20 X-rays are commonly used to verify the 
placement of any lifesaving equipment such as endo-
tracheal tubes (ETTs) and tracheostomy tubes (TTs), 
to determine the appropriate size of ETT/TT, and to 
identify complications arising from complex airway 
management.

X-rays serve as a valuable tool for predicting dif-
ficult airways by assessing airway structures, allow-
ing visualization of both bony and soft tissues. This 
enables the identification of various conditions such 
as tumors, masses, trauma, abscesses, epiglottitis, 
tracheal compression, degenerative diseases, or ste-
nosis.21 AI models for difficult airway assessment 
incorporate objective parameters, including hyo-
mandibular distance (≥20 cm) and extension angle 
(≥38°). Measurements are taken from the anteroinfe-
rior point of the upper central incisor tooth to the 
anteroinferior point of the body of the sixth cervical 
vertebra, extending anteriorly to the body of the first 
cervical vertebra.22

X-ray is also commonly used to detect malposition-
ing of ETTs/TTs. Malposition of ETTs occurs in 3% to 
14% of cases.23 A chest X-ray is typically obtained in 
the obtained in anteroposterior view, which can limit 
accuracy in identifying possible malpositioning. Over 
the last decades, computer-aided detection (CAD) 
and convolutional neural networks (CNNs) have 
advanced to assess the correct positioning of ETTs. 
Lakhani et al24 used a deep CNN to demonstrate that 
X-ray can detect the positioning of ETT with an area 
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under the curve (AUC) of 0.99 for the best-performing 
network and 0.81 for the most difficult dataset. They 
classified chest X-rays into 12 categories according 
to the distance between the ETT tip and carina from 
0 to 10 cm and >10 cm.25 Harris et al26 used a box-
based machine-learning model to localize the ETT 
and carina, measuring the distance in centimeters. 
This strategy offered information about malposition-
ing and distance measurement, allowing quantitative 
information about how many centimeters the tube 
should be moved to achieve the correct positioning. 
Chen et al27 developed an automatic tool for the detec-
tion of ETT and carina using portable chest X-ray 
using an AI model (Mask R-CNN). DL models dem-
onstrated high interobserver agreement compared to 
radiologists, typically predicting ETT-carina distance 
within 1 cm. Notably, the definition of malpositioning 
may vary among radiologists, influencing data inter-
pretation. AI models exhibit sensitivity and specific-
ity in identifying low ETT locations.25 However, pixel 
segmentation-based models for tube and carina iden-
tification did not produce accurate findings (as the 
CarinaNet model). This suggests the need for imple-
menting a novel segmentation-based model for more 
precise localization of the tube tip.28

AI in CT Identification of Difficult Airways
CT scans are often used for 3-dimensional recon-
struction of airway anatomy. The cross-sectional area 
from the hard palate to the hyoid bone represents 
the airway volume. In contrast, the airway length is 
defined as the vertical distance from the hard palate to 
the hyoid bone in the median sagittal plane. Airway 
length was an essential variable in predicting apnea 
and hypopnea indices in patients with severe obstruc-
tive sleep apnea disorder (OSAS; AHI, r = 0.523, P < 
.000), while airway volume was irrelevant. Age (odds 

ratio, OR =1.084, P = .002) and tongue area (OR, 1.002, 
P = .014) were independent risk factors for difficult 
laryngoscopy.29 Han et al30 made a 3-dimensional 
model for the reconstruction of difficult airways. This 
model helped doctors adopt an individualized man-
agement algorithm for difficult airway assessment 
tailored to a patient’s airway characteristics.

Grimes et al31 found that CT scan had a predictive 
value and PPV of 90.7% and 71.4% to predict diffi-
culties in nasal intubation. The authors found that a 
nasal diameter of ≤6.3 mm can indicate nasal intuba-
tion difficulty. CT scan can also be useful for detect-
ing complications of endotracheal intubation, such as 
selective intubation of the right bronchus.32

CT scans also identify structural abnormalities of 
the airway tree, such as bronchiectasis (widening of 
the airways) and thickness of the airway wall, which 
can be evaluated with thoracic CT segmentation of 
the airway tree. The airway diameter, wall thickness, 
and tapering are helpful parameters to quantitatively 
assess airways on CT scan. The bronchial tree is an 
intricate, 3-dimensional structure with numerous 
branches of various sizes and orientations. If airways 
are manually or semiautomatically segmented, it 
takes more than 15 hours and 2.5 hours for each scan 
for manual or semiautomatic segmentation.32,33

A complete automated airway segmentation 
approach can offer precise, simple, and operator-bias-
free airway tree segmentation.33 Machine-learning 
algorithms are used for airway segmentation with 
predefined image features (multiscale Gaussian, 
Hessian-based features, or image texture features with 
local binary patterns), allowing more complete airway 
tree predictions with fewer false positives. However, 
the limitations of these methods include high depen-
dency on the image features used to train the classifier 
and the long time needed. Current and more recent 

Figure 1. A deep-learning seg-
mentation workflow for difficult 
airway assessment.
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methods include CNNs, which automatically extract 
relevant images for airway segmentation.33

AI in MRI Identification of Difficult Airways
AI can be used to assist in the identification and 
assessment of difficult tracheal intubations using 
MRI.10 Despite the ability to safely image soft tis-
sue, MRI inherently suffers from low signal-to-noise 
ratio (SNR), which causes long scan times,34 but it is 
also expensive and time-consuming. However, MRI 
is a good tool for evaluating the influence of air-
way soft tissue structure on difficult laryngoscopy. 
One potential application of AI in this context is the 
use of image recognition algorithms to analyze MRI 
scans of the neck and airway to identify anatomical 
features that may make intubation challenging. For 
example, AI algorithms can be trained to identify the 
presence of anatomical variants such as a high-arched 
palate, a narrow oropharynx, or a short neck, which 
can increase the difficulty of intubation. Additionally, 
AI can be used to analyze patient data, such as their 
medical history, age, weight, and previous intubation 
experiences, to help predict the likelihood of difficult 
intubation.

Münster et al35 reported in 142 patients a correla-
tion between difficult laryngoscopy and the anatomi-
cal position of the vocal cords concerning the cervical 
vertebrae as assessed by MRI. Unfortunately, beyond 
this study, there is very little research evidence to sup-
port the effectiveness of MRI in assessing difficult 
airways.36

AI in Facial Image Identification of Difficult 
Airways
Cuendet et al11 described a model for the identifica-
tion of difficult endotracheal intubation by analyzing 
the faces of 900 patients in various positions (open 
mouth, protruding tongue, upturned gaze, and later-
ally rotated head) to identify typical morphological 
traits and create a fully automated method for diffi-
cult airway prediction with an AUC 0.81.

Tavolara et al2 applied AI to this analysis system 
and developed a DL model using frontal images of 
faces; they created a large database with images of 
celebrities to train 11 CNNs on 11 facial regions to 
obtain the predictive model. The model showed an 
AUC of 0.7105, with high sensitivity and low speci-
ficity. This study represents only a preliminary stage 
in developing a method for clinical application of AI 
at the bedside. Nevertheless, given the considerable 
amount of data on which it is based, it could provide 
an excellent basis for future models.

Hayasaka et al10 applied DL and CNNs to create 
an AI model by classifying difficult intubations from 
images of patients’ faces. Through an observational 
study of 205 patients, they used photographs of each 

patient in 16 different positions. They collected age, 
gender, body mass index (BMI), comorbidity, upper 
lip bite test, Mallampati score, jaw length, dentition, 
interincisive distance, neck movement, and thyromen-
tal distance. Patients who presented with a Cormack 3 
or 4 had a 26.7% rate of difficult intubations. Applying 
2 DL methods and a dataset as a test, they identified 
the best predictive model with an AUC of 0.864, accu-
racy of 80.5%, sensitivity of 81.8%, and specificity of 
83.8%. This model analyzes images of the patient’s 
face placed in a supine position with the airway in the 
neutral position, and the mouth closed, allowing to 
analyze the shape of the neck and to identify difficult 
and nondifficult intubations.

These predictive models of facial analysis can be 
easily used during preoperative assessment and can 
enrich the anesthetist’s capabilities, providing fast and 
safe results. However, these algorithms require numer-
ous images of the patient’s face, in various positions. 
The use of other new technologies combined with AI, 
as new mobile devices, could optimize the usability 
of these techniques. An example of this technological 
combination is the study of Mendoza et al,37 in which 
the authors developed a machine-learning system 
based on 2 types of photographs taken from patients, 
in frontal position with the mouth open, and in lat-
eral position with the head in vertical extension, via 
a smartphone with a camera. This could lay the foun-
dations for rationalizing the collection of preoperative 
images by creating registries that can be accessible at 
each perioperative stage and in critical care setting.

Predictive Model Using Clinical Assessment For 
Difficult Airways Using Machine-Learning
Zhou et al9 used 10 DL and machine-learning algo-
rithms in patients undergoing thyroid surgery and 
identified as the 5 most important factors in deter-
mining a difficult airway: age, gender, weight, 
height, and BMI. In a retrospective analysis of 500 
patients, 48 of them showed a difficult laryngos-
copy, and the best predictive model was found to be 
Gradient Boosting with an AUC >0.8, an accuracy 
>90%, and a precision of 100%.

The same group had previously dealt with obese 
patients using at least 6 machine algorithms and iden-
tified a model termed Xgbc as the best model with an 
accuracy >80%.38

On the contrary, Jong Ho Kim et al38 developed a 
prediction model for difficult laryngoscopy using 
machine-learning through neck circumference and 
thyromental distance measurements. Individually, 
these were not good predictors, but put together in 
the BRF machine-learning algorithm they achieved an 
AUROC of 0.79 with a sensitivity of 90%.39 These data 
can be further improved by entering new data, vari-
ables, and model combinations.
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Langeron et al40 demonstrated that computer-
based augmentation models are better than other 
conventional methods and identified the after 
parameters as the best predictors of difficult intu-
bation: BMI, age, Mallampati grade, thyromental 
distance, mouth opening, macroglossia, gender, 
receding chin, and snoring. Moustafa et al12 instead 
chose 9 predictors of difficult intubation (interin-
cisive distance, thyromental distance, modified 
Mallampati score, upper lip bite test, joint exten-
sion) and created a predictive DL method with an 
AUROC of 0.79.

Yamanaka et al20 used many parameters to be 
entered into 7 machine-learning algorithms: LEMON 
parameters (age, gender, estimated height and 
weight, and BMI), preintubation vital parameters 
(blood pressure, heart rate, respiratory rate, satura-
tion), and Glasgow coma score. First-attempt intuba-
tion was also analyzed, which was mainly influenced 
by the use of laryngeal pressure, and the models 
developed with machine-learning performed deci-
sively better (P > .01, sensitivity of 0.67, specificity 
of 0.70, PPV of 0.09, and NPV of 0.98). Although 
these predictive models demonstrate excellent per-
formance in research, enhanced by the addition of 
data, implantation into clinical practice has still not 
happened.41

Intelligent Intubation Devices
An intelligent initiation device (IID) is a modern tool 
designed to detect changes in resistance and pres-
sure during intubation, providing real-time feedback 
to the operator. Some examples of intelligent intu-
bation devices include video laryngoscopes, auto-
mated intubation devices, and wireless endoscopy 
systems.42

Visualization techniques and AI can improve the 
accuracy rate of tracheal intubation procedures by 
providing users with real-time guidance and feed-
back and automatically adjusting the intubation 
device based on the patient’s anatomical features. 
These devices are equipped with AI algorithms to 
improve accuracy and success rate. For example, an 

intelligent ETT may be designed to adjust its shape 
or size based on the patient’s anatomical features or 
to detect and correct any tube misplacement during 
intubation. They can help reduce the risk of complica-
tions such as esophageal intubation or damage to the 
vocal cords.

AI algorithms can automatically identify the phar-
ynx and trachea based on a video laryngoscopy. Deep 
CNNs can automatically detect laryngeal adductor 
reflex events in laryngeal endoscopy videos.43 A user-
friendly software tool for automated quantification 
of vocal fold movements from previously recorded 
video-laryngoscopy examinations has been created, 
termed automated glottic action tracking by artifi-
cial intelligence (AGATI). This tool may be helpful in 
the diagnosis and tracking of outcomes of vocal fold 
movement disorders.44 AI algorithms can also assist 
doctors during intubation and positioning, allowing 
automatic identification of blood vessels and the tra-
chea based on fiberoptic bronchoscopy.36 Intelligent 
intubation devices are becoming increasingly com-
mon in hospitals and other medical settings due to 
their ability to improve the accuracy and safety of 
intubation procedures. However, they should always 
be used under the supervision of a trained health 
care professional to ensure proper placement of the 
ETT and minimize the risk of complications. Figure 2 
shows how AI associated with traditional evalua-
tion of difficult airways can lead to a new model of 
decision-making, which is more than the sum of the 
2 components.

Future Perspectives
Airway management for difficult intubation is a com-
plex and multifactorial process. Machine-learning 
models using either images or clinical assess-
ments demonstrated significantly higher sensitivity 
(approximately 80%–90%) and specificity (approxi-
mately 90%–100%)2,9–12 than conventional airway 
examination methods for unanticipated difficult intu-
bation (low sensitivity of 20%–62% and specificity 
of 82%–97%).2 Despite the unquestionable growing 
utility and efficacy of machine-learning models for 

Figure 2. Clinical evaluation and traditional 
scores associated with AI led to hybrid decision-
making which is more than the simple sum of 
these 2 components. AI indicates artificial 
intelligence.

D
ow

nloaded from
 http://journals.lw

w
.com

/anesthesia-analgesia by B
hD

M
f5eP

H
K

av1zE
oum

1tQ
fN

4a+
kJLhE

Z
gbsI

H
o4X

M
i0hC

yw
C

X
1A

W
nY

Q
p/IlQ

rH
D

3i3D
0O

dR
yi7T

vS
F

l4C
f3V

C
4/O

A
V

pD
D

a8K
2+

Y
a6H

515kE
=

 on 09/12/2024



Copyright © 2024 International Anesthesia Research Society. Unauthorized reproduction of this article is prohibited.

E  NARRATIVE REVIEW ARTICLE  

XXX 2024 • Volume XXX • Number 00 www.anesthesia-analgesia.org 7

supporting the clinical practice of anesthesiologists45 
and critical care physicians in difficult airway assess-
ment, models of AI have some limitations that need 
to be addressed. First, these models have mostly been 
developed in specific and predefined scenarios that 
might not reflect situations of unpredictable difficult 
intubation or emergency laryngoscopy. Indeed, some 
studies included only patients who were scheduled 
for surgery. As a result, compared to an emergency 
scenario, the elective setting does not reflect all pos-
sible cases of unpredictable difficult intubation or 
intensive care unit (ICU) setting, where many other 
factors can influence airway management.10 Second, 
self-reporting and measurement bias may affect the 
data, for instance, underreporting difficult airways. 
Since procedural expertise is difficult to define and 
assess in real-world circumstances, they may have 
lacked specific information on each beholder’s exper-
tise and preference.20 Third, in some studies, only 
patients of specific ethnic categories were included 
(ie, Asian, European), limiting the generatability on a 
larger scale.46

The main challenge of finding an effective AI 
model for difficult intubation is to capture multiple 
confounders that cannot be easily extrapolated by a 
simple machine but should be contextualized with 
the beholder’s needs, experience, and expectations. 
This may include the effective laryngeal view, oper-
ator experience, patient’s vital signs, physiological 
status, appropriate preoxygenation, choice of initial 
technique, and many more. These important factors 

for difficult airway management are still poorly 
considered and difficult to capture in current AI 
models, suggesting the need for implementation. 
An ideal machine-learning model would capture all 
known correlates of difficult intubation from patient 
instability to radiographic exams to physical char-
acteristics like neck circumference to environment. 
AI models should be designed to support human 
decision-making without replacing physicians’ deci-
sion, for example, for converting a planned asleep 
intubation into awake intubation, or to facilitate 
the choice of using video laryngoscopy rather than 
direct laryngoscopy for the first intubation attempt. 
Table 1 includes the current available AI models for 
difficult intubation and the study outcomes. Further 
studies are needed to design new AI models for dif-
ficult airways in specific settings (ie, emergency, 
ICU), populations (ie, Afro-American, European, 
mixed, etc.), and accounting for confounding vari-
ables (ie, hemodynamic stability, operator experi-
ence, etc.).3 Figure 3 shows a possible approach to 
airway management using AI and machine-learning 
algorithms.

CONCLUSIONS
Techniques using AI and DL models offer promise in 
difficult airway management. What is next needed are 
large, multicenter trials focused on the best available 
technology as a prelude to including these in clini-
cal pathways. Specifically, those patients undergoing 

Figure 3. Possible approach to airway management using AI and machine-learning algorithms. AI indicates artificial intelligence
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preoperative head and neck imaging could have their 
degree of difficulty of intubation predicted, based on 
the data already available, and assessing this against 
actual outcomes would be insightful. A combined 
approach with images and clinical assessment is 
needed. E 
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