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Abstract

Copyright ©The authors 2025 Background Artificial intelligence (AI) systems have been implemented to improve the diagnostic yield

and operators’ skills within endoscopy. Similar AI systems are now emerging in bronchoscopy. Our
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s version 18 cistributed under objective was to identify and describe AI systems in bronchoscopy.
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permissions@ersnet.org . ) . g . . P - . -
Results 1196 studies were identified, with 20 passing the eligibility criteria. The studies could be divided
Received: 4 Dec 2024 into three categories: nine studies in airway anatomy and navigation, seven studies in computer-aided
Accepted: 23 Feb 2025 detection and classification of nodules in endobronchial ultrasound, and four studies in rapid on-site

evaluation. 16 were assessment studies, with 12 showing equal performance and four showing superior
performance of AI compared with human ratings. Four studies within airway anatomy implemented their
Al all favouring AI guidance to no AI guidance. The methodological quality of the studies was moderate
(mean MERSQI 12.9 points, out of a maximum 18 points).

Interpretation 20 studies developed Al systems, with only four examining the implementation of their Al
The four studies were all within airway navigation and favoured Al to no Al in a simulated setting. Future
implementation studies are warranted to test for the clinical effect of AI systems within bronchoscopy.

Introduction
Artificial intelligence (AI) is increasingly replacing and supplementing human tasks, with new Al
applications to be beneficial in increasing the effectiveness of bronchoscopy. AI applications in other
endoscopic procedures such as colonoscopy and gastroscopy have already proven their effect by increasing
the detection rate of tumours [1, 2] through computer-aided detection (CADe) and computer-aided
diagnosis (CADx), where an Al identifies and classifies lesions [1], and computer-aided quality assurance,
where the AI provides the endoscopist with feedback to increase their technical abilities [3]. As novices
have lower yields of diagnostic biopsy material, higher complication rates and increased patient discomfort
[4-6], several efforts have been made to improve bronchoscopy’s safety and diagnostic yield. Emerging
techniques in navigational bronchoscopy such as electromagnetic navigation bronchoscopy and robotic
bronchoscopy increase the diagnostic yield [7-12]; however, the summary diagnostic yield is still only
77.5% [7]. Rapid on-site evaluation (ROSE) of biopsy material can also increase the diagnostic yield
a [13, 14] and decrease the need for additional bronchoscopy procedures [15]. However, it requires an
5r_nC on-site trained cytopathologist. The proposed efforts towards the best possible yield seem to come with the
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same limitation: the need for highly specialised and skilled healthcare personnel [4-6, 16-19]. Al can
assist in developing the required skills by potentially replacing more supervision from more experienced
bronchoscopists for correct navigation and identification of tumours as seen in endoscopy or replace the
cytopathologists using ROSE to improve the diagnostic yield of bronchoscopy. The evidence is still scarce,
and no combined overview exists.

This systematic review aims to identify and describe Al-based systems in bronchoscopy.

Methods

The systematic review adhered to the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA-AI) guidelines (see supplementary material for the PRISMA-AI checklist) [20].
The systematic literature review utilised searches in MEDLINE (via PubMed), Embase and Scopus. The
search strategy, developed by the primary investigator (K.M. Cold) in collaboration with an information
specialist from the University of Copenhagen, employed Boolean operators and focused on the two key
elements of the research question (bronchoscopy and AI). The initial search string was developed for
PubMed and adapted for Embase and Scopus (see supplementary material for applied search strings).

All retrieved articles were imported into Covidence systematic review software (Veritas Health Innovation,
Melbourne, Australia) to identify and remove duplicates. Subsequently, two authors (K.M. Cold and
A. Vamadevan) independently screened the remaining articles by title and abstract, followed by full-text
assessment for eligibility and then data extraction. Any discrepancies were resolved through consensus
between K.M. Cold and A. Vamadevan; in cases where consensus could not be reached, a third author
(L. Konge) provided the final decision. Just before submission, the search was updated to include all
eligible articles published since the initial search to ensure a timely review. These articles underwent the
same screening process and data extraction as the initial search.

Additionally, forward and backward citation searches were employed, meaning that articles citing the
included study and the references of those included studies were assessed for eligibility through the Web of
Science platform (Clarivate, Philadelphia, PA, USA). References of identified systematic reviews were also
screened for additional relevant studies.

Eligibility criteria

All original studies investigating or developing adaptable AI doing the bronchoscopy procedure from
insertion to extraction of the scope were considered for inclusion. To meet eligibility criteria, articles
would have to satisfy the requirements of the inclusion and exclusion criteria.

Inclusion criteria
The two inclusion criteria adhered to the two elements of the search string (supplementary material).

Inclusion criteria 1 (bronchoscopy). The study must focus on any part of the bronchoscopy procedure from
insertion to extraction of the scope. Pre-procedure route planning, risk analysis and virtual bronchoscopy
were therefore not included. Both pre-clinical and clinical studies would be included along with procedures
as part of the bronchoscopy, such as ROSE.

Inclusion criteria 2 (AI). Defining AI systems can be difficult. We used a broad definition through
automatic image or video identification, relying on a training and test dataset. The AI had to be tested by
medical staff (medical students, doctors, etc.) and compared with human raters to determine whether it
could replace or assist human decision making.

Exclusion criteria
Conference abstracts and articles not available in English were excluded.

Data extraction

Data extracted from the included studies were categorised into four tables to summarise the findings.
Table 1 summarises the general study characteristics, including year of publication, country, study design,
etc. Table 2 summarises the descriptions of identified AI system categories: the AI systems were
categorised and their standard features within their category were described. Table 3 summarises the
development of the AI systems: data sources used for training, internal and external validation, testing, and
comparison to human ratings. Table 4 summarises the performance of the AI systems: reported Al
performance metrics for internal and external validation were chosen based on a model card for developing
Al within endoscopy [21].
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TABLE 1 General study characteristics

M3IINTY AHOLVYIdSIY NVY3Id0odN3

Study Year Category Country Setting: Patient population or phantom  Bronchoscopies Endoscopists Mean Study design
clinical or (amount) collected (n) performing bronchoscopies
simulation the procedure per endoscopist
(n)
Ozcerik [32] 2020 CADx in EBUS Turkey Clinical NA NA 4 experienced NA Observational
bronchoscopists study
Marava [23] 2020 Airway Canada Clinical Age 1-23 years NA NA NA Observational
anatomy and study
navigation
Yoo [24] 2021 Airway South Clinical NA 3216 NA NA Observational
anatomy and Korea study
navigation
Lin [39] 2021 ROSE Taiwan Clinical Age 23-92 years 104 Bronchoscopists with 104 Observational
(China) >10 years experience study
Li [33] 2021 CADx in EBUS China Clinical NA NA NA NA Observational
study
Al [41] 2022 ROSE China Clinical NA NA NA NA Observational
study
Li [25] 2022 Airway China Clinical NA 342 NA NA Observational
anatomy and study
navigation
Hotta [34] 2022 CADx in EBUS Japan Clinical NA NA NA NA Observational
study
Wane [40] 2022 ROSE Taiwan Clinical NA NA NA NA Observational
(China) study
Yone [35] 2022 CADx in EBUS South Clinical Patients suspected of lung 310 1 experienced 310 Observational
Korea cancer referred for EBUS bronchoscopist study
Znou [38] 2023 CADx in EBUS China Clinical Asthma or COPD 25 NA NA Observational
(EB-OCT) study
Xu [36] 2023 CADx in EBUS China Clinical NA NA NA NA Observational
elastography study
CHen [26] 2023 Airway China Clinical Patients with normal 200 NA NA Observational
anatomy and bronchoscopy anatomy study
navigation >14 years old
Covp [27] 2024 Airway Denmark Simulation Bronchoscopy phantom* 24 24 untrained medical 1 RCT
anatomy and students
navigation
Continued

IV 13 @100 ‘WY | AdODSOHINOHE



¥20T-7.20°LT90009T/€8TT"0T/340"10p//:sdy

TABLE 1 Continued

Study Year Category Country Setting: Patient population or phantom  Bronchoscopies Endoscopists Mean Study design
clinical or (amount) collected (n) performing bronchoscopies
simulation the procedure per endoscopist
(n)
Yan [42] 2024 ROSE China Clinical NA 575 NA NA Observational
study
ZuanG [31] 2024 Airway China Simulation® Porcine model NA NA NA Prospective
anatomy and non-randomised
navigation trial
Covp [28] 2024 Airway Denmark Simulation Bronchoscopy phantom® 52 52 bronchoscopists of 1 Observational
anatomy and (52 bronchoscopies) varying experience study
navigation level (prospective)
Cotp [29] 2024 Airway Denmark Simulation Bronchoscopy phantom* 202 101 bronchoscopists of 2 RCT
anatomy and (202 bronchoscopies) varying experience
navigation level
Ervik [37] 2024  CADx in EBUS Norway Clinical Referred for EBUS 30 2 pulmonologists with 15 Observational
experience of >500 study
EBUS procedures
conducted all study
acquisitions
Cotp [30] 2024 Airway Denmark Simulation Bronchoscopy phantom® 24 24 untrained medical 1 RCT
anatomy and (24 bronchoscopies) students
navigation
Mean 2023 Airway Asia: 14 Clinical: 15 Patient population: 6 425 (24-3216) 26 (1-101) 62 (1-310)" Observational: 16
(range) or  (2020-  anatomy and Europe: 5  Simulation: 5 Porcine model: 1 Prospective
summary 2024) navigation: 9 North Bronchoscopy phantom®: 4 non-randomised: 1
number of CADx in America: 1 NA: 9 RCT: 3
studies EBUS: 7
ROSE: 4

CADx: computer-aided diagnosis; EBUS: endobronchial ultrasound; NA: not applicable (not included by the authors in the article); ROSE: rapid on-site evaluation; EB-OCT: endobronchial optical
coherence tomography; RCT: randomised controlled trial. *: the study was also conducted in a porcine model, but since no human subjects were used, it was classified as simulation;
‘. Ultrasonic Bronchoscopy Simulator LM-099 (Koken, Tokyo, Japan); *: non-weighted mean of bronchoscopies per bronchoscopist.
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TABLE 2 Description and primary findings of identified artificial intelligence (Al) applications

Al applications

Description and subclassification

Primary findings

Airway anatomy
and navigation

Real-time navigation [27, 29, 30]: three RCTs tested the use of
a real-time navigational system that identifies bronchial
segments in a simulated setting, and one study assessed its
performance compared to expert ratings
Bronchial identification of images [23-26, 28]: four studies
developed Al to identify bronchial anatomy from the glottis
to the bronchial segmental level [23-26]; one study gathered
validity evidence for the Al used in the included RCTs [28]
Al copilot [31]: one study developed an Al copilot for steering
to the fifth bronchial level

Navigation was superior with than without Al for all
experience levels; mastery learning was superior to directed
self-regulated learning

Al showed equal or superior performance to experienced
bronchoscopists in classifying bronchoscopy images to their
correct anatomical location; Al could accurately assess
performance in a simulated setting
One junior bronchoscopists using the Al copilot was able to
navigate and steer as well as a senior bronchoscopists not

using it in a porcine model

CADe or CADx in CADe or CADx in EBUS: six studies developed CADe to Al showed equal or superior performance to experienced

EBUS identify or CADx to classify malignant or benign LNs in EBUS bronchoscopists in predicting LNs as malignant or benign
[32-37] based on the EBUS image
EBUS elastography: one study applied EBUS elastography to Al showed equal performance to experienced
check illness progression in asthma and chronic obstructive bronchoscopists in predicting wall thickness based on the
lung disease [38] EBUS image
ROSE Four studies [39-42] developed Al in ROSE to detect Al showed equal or inferior performance to experienced

malignant from benign lesions histopathologists detecting malignant from benign lesions

RCT: randomised controlled trial; CADe: computer-aided detection; CADx: computer-aided diagnosis; LN: lymph node; EBUS: endobronchial
ultrasound; ROSE: rapid on-site evaluation.

Quality assessment

Each included study was evaluated using the Medical Education Research Study Quality Instrument
(MERSQI) on an 18-point scale [22]. The included Als function as assessment systems, best analysed
through a validity framework. We chose this instrument to analyse their competence assessment
capabilities as done in a similar review [3].

Results

Study selection

The searches were conducted on 19 February 2024 and 7 November 2024, identifying 1196 studies after
removal of duplicates (see figure 1 for PRISMA flowchart). No additional studies were identified through
forward and backward citation searches. 20 studies passed the eligibility criteria and could be categorised
into the following three categories: nine studies within airway anatomy and navigation [23-31], seven
studies within CADx in endobronchial ultrasound (EBUS) [32-38], and four studies within ROSE [39-42]
(see table 2 for a description of the categories).

General study characteristics

General study characteristics are presented in table 1. The studies were recent publications from 2020 to
2024, spanning three continents (Asia: 14 studies, Europe: 5 studies and North America: 1 study). 18
studies were single-centre studies and two studies utilised data from two institutions [29, 39].

Categorisation, description and performance of the Als
Details of the categorisation, description and performance comparisons of the Als are presented in tables 2
and 3.

In the category of airway anatomy, three Als showed equal performance [23, 24, 28] and two Als showed
superior performance [25, 26] to experienced bronchoscopists’ ratings, indicating AI can be trained to
recognise images of anatomical locations better than experienced raters.

In CADx in EBUS, five Als showed equal performance [32, 35-38] and two Als showed superior
performance [33, 34] to experienced bronchoscopists’ ratings in classifying lymph nodes (LNs) as benign

or malignant based on EBUS images.

In ROSE, all four Als showed equal or inferior performance [39-42] to experienced histopathologists’
ratings.

https://doi.org/10.1183/16000617.0274-2024 5
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TABLE 3 Development of the artificial intelligence (Al) systems

Study

Al capability

Procedures for

Procedures for

Procedures for

Procedures for

Human comparator

Assessment or

Comparison to

training of Al validation of Al testing of Al testing of Al implementation comparator
(internal) (external; video)
Ozceuik [32]  CADe: malignant or 300 LN images NA 45 LN images NA Performing Assessment Equal
non-malignant LN bronchoscopist
Marava [23] Airway anatomy: 395 bronchoscopy NA 62 bronchoscopy 1 bronchoscopy Performing Assessment Equal
identification of images images video bronchoscopist
tracheal rings and
vocal cords
Yoo [24] Airway anatomy: 6806 1191 images from 511 images from NA 3 anaesthesiologists Assessment Equal
identification of bronchoscopy 3216 patients 3216 patients and 3 pulmonologists
carina, right main  images from 3216 with varying
bronchus and left patients experience levels
main bronchus
Lin [39] ROSE: malignant or 499 ROSE images NA 66 ROSE images NA Experienced Assessment Equal
non-malignant from 97 patients from 14 patients cytopathologist
Li [33] CAD: malignant or ~ Number of images NA Number of images NA 3 experienced and Assessment Superior
non-malignant LN not reported from not reported from 3 trainee
245 LNs 49 LNs bronchoscopists
Al [41] ROSE: malignant or 374 ROSE images 91 ROSE images 162 ROSE images NA 1 experienced and Assessment Inferior to expert
non-malignant 2 junior cytopathologist, superior
cytopathologists to junior cytopathologist
Li [25] Airway anatomy: 22746 5695 bronchoscopy NA 372 images from 4 senior and 4 junior Assessment Superior: improves
31 anatomical bronchoscopy images 12 bronchoscopies bronchoscopists bronchoscopists’
locations images from 342 identification of images
bronchoscopies regarding anatomical
locations of the
bronchial tree with
feedback from Al
Horta [34] CAD in EBUS: 2421360 EBUS NA 26 674 EBUS 42 peripheral 2 experienced and Assessment Superior
malignant or images from 171 images from pulmonary lesions 2 trainee
non-malignant LN peripheral 42 peripheral bronchoscopists
pulmonary lesions pulmonary lesions
Wane [40] ROSE: malignant or 46 ROSE images NA 76 ROSE images NA 2 experienced Assessment Equal
non-malignant cytopathologists
Yone [35] CAD in EBUS: 2394 images from NA NA NA 2 experienced Assessment Equal
malignant or 310 patients bronchoscopists
non-malignant LN
Znou [38] CAD in EBUS: wall 13078 images 1620 images from 2700 images from 5 NA 2 experienced Assessment Equal
thickness using from 25 patients 3 patients patients bronchoscopists’
oCcT manual segmentation
Xu [36] CAD in EBUS: Number of images NA NA NA 3 experienced Assessment Equal
malignant or not reported, 727 bronchoscopists
non-malignant EBUS
elastography
videos
Continued
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TABLE 3 Continued

Study Al capability Procedures for Procedures for Procedures for Procedures for Human comparator Assessment or Comparison to
training of Al validation of Al testing of Al testing of Al implementation comparator
(internal) (external; video)
CHeN [26] Airway anatomy: 1527 images 475 images from 50 images from the NA 21 bronchoscopists of Assessment Superior
9 anatomical from 200 72 bronchoscopies  validation dataset varying experience
locations bronchoscopies level
Couo [27]* Airway anatomy: NA NA NA 24 bronchoscopies, Al to no navigational Implementation Al superior to traditional
31 anatomical inspecting the entire assistance training
locations with bronchial tree
navigational
feedback scores
Yan [42] ROSE: malignant or 4106 ROSE images 544 images from 526 images from 1181 ROSE images 1 expert Assessment Equal
non-malignant from 575 patients 347 patients 337 patients from 145 patients cytopathologist
ZHANG [31] Airway anatomy: NA NA NA 3 paths through the Path and steering Implementation ~ Making a novice perform
path and bronchial tree to the without Al assistance as well as an expert in a
co-steering fifth bronchial level porcine model
assistant
Coup [28]* Airway anatomy: NA NA NA 52 bronchoscopies, 2 blinded experienced Assessment Equal; high level of
31 anatomical inspecting the entire bronchoscopists validity evidence for
locations with bronchial tree assessing competence
navigational
feedback scores
Couo [29]* Airway anatomy: NA NA NA 202 bronchoscopies, Al to no navigational Implementation Superior to no
31 anatomical inspecting the entire assistance navigation
locations with bronchial tree
navigational
feedback scores
Ervik [37] EBUS: annotation 882 EBUS images 145 EBUS images 134 images from NA 2 experienced Assessment Equal
of LNs and blood from 30 from 5 5 bronchoscopies bronchoscopists
vessels bronchoscopies bronchoscopies
Coup [30]* Airway anatomy: NA NA NA 24 bronchoscopies, Mastery learning to Implementation Mastery learning
31 anatomical inspecting the entire directed superior to directed
locations with bronchial tree self-regulated self-regulated learning
navigational learning
feedback scores
Mean Airway anatomy: 9 190 347 1394 2819 NA* NA* 16 assessment 12 assessment studies
(range) CAD in EBUS: 7 (46-2 421 360)" (91-5695)" (45-26 674)" 4 implementation  found Al equal to and 4
or ROSE: 4 studies found Al superior
summary to human ratings
number 4 intervention studies
of studies were in favour of Al

intervention

CADe: computer-aided detection; LN: lymph node; NA: not applicable (not included by the authors in the article); ROSE: rapid on-site evaluation; EBUS: endobronchial ultrasound; OCT: optical
coherence tomography; *: the underlying Al is developed and patented by a private company, therefore their reporting metrics are not accessible and not reported, which is discussed in Cotp
et al. [29]; *: only included studies that utilise images; *: mean and range not calculated due to heterogeneous data sources.
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TABLE 4 Performance metrics of the artificial intelligence (Al) systems

Study Internal validation External validation

Accuracy (internal) Sensitivity Specificity AUC PPV NPV Accuracy (external) Sensitivity Specificity AUC PPV NPV
OzceLik [32] 0.82 0.89 0.72 0.83 0.81 0.78 NA NA NA NA NA NA
Matava [23] NA 0.85 0.98 NA NA NA NA NA NA NA NA NA
Yoo [24] 0.89 NA NA NA NA 0.98 0.84 NA NA NA NA 0.98
Lin [39] 0.99 0.99 0.99 0.99 0.98 NA NA NA NA NA NA NA
Li [33] 0.86 0.90 0.80 0.87 0.86 0.95 0.89 0.90 0.80 0.87 0.86 0.95
Al [41] 0.85 0.96 0.97 NA NA 0.98 NA NA NA NA NA NA
Li [25] 0.97 NA NA NA NA 0.96 0.54 NA NA NA NA NA
Horra [34] 0.83 0.95 0.53 0.84 0.82 NA 0.83 1.00 0.42 0.81 1.00 NA
Wane [40] NA 0.90 NA NA NA NA NA NA NA NA NA NA
Yone [35] 0.80 0.79 0.76 NA NA NA NA NA NA NA NA NA
Znou [38] NA NA NA NA NA NA NA NA NA NA NA NA
Xu [36] 0.81 0.85 0.75 0.88 0.76 0.87 NA NA NA NA NA NA
CHEN [26] 0.91 NA NA NA NA 0.98 NA NA NA NA NA NA
Coup [27]* NA NA NA NA NA NA NA NA NA NA NA NA
Yan [42] 0.93 0.94 0.90 0.95 0.90 NA 0.90 0.91 0.89 0.96 0.78 NA
ZHANG [31] NA NA NA NA NA NA NA NA NA NA NA NA
Coup [28]* NA NA NA NA NA NA NA NA NA NA NA NA
Couo [29]* NA NA NA NA NA NA NA NA NA NA NA NA
Ervik [37] NA 0.71 0.99 NA NA NA NA NA NA NA NA NA
Coup [30]* NA NA NA NA NA NA NA NA NA NA NA NA
Non-weighted mean 0.88 0.89 0.85 0.91 0.87 0.93 0.80 0.94 0.70 0.88 0.88 0.97

(range) (0.80-0.99) (0.71-0.99) (0.78-0.99) (0.83-0.99) (0.76-0.98) (0.78-0.98) (0.54-0.9) (0.90-1.00) (0.42-0.89) (0.81-0.96) (0.78-1.00) (0.95-0.98)

AUC: area under the curve; PPV: positive predictive value; NPV: negative predictive value; NA: not applicable (not included by the authors in the article), indicating the heterogenous and often
missing reporting conducted by the studies. *: the underlying Al is developed and patented by a private company, therefore their reporting metrics are not accessible and not reported, which is
discussed in Colp et al. [29].
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Identification of studies via databases and registers

- Records identified from:
2 PubMed (n=577) Records removed:
3 Scopus (n=924) Duplicate records
"é Embase (n=697) removed by Covidence
2 (n=1002)
Total (n=2198)
- v
Records screened Records excluded
(n=1196) (n=1171)
A 4
& Reports sought for .| Reports not retrieved
§ retrieval (n=25) (n=0)
S
(%)
A 4
Reports assessed for Reports excluded (n=5):
eligibility (n=25) No human ratings
comparator (n=5)
e v
E Studies included in
= review (n=20)

FIGURE 1 Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flowchart for the joint
literature searches conducted on 19 February 2024 and 7 November 2024.

Four studies tested the implementation of Als, all within the airway anatomy category [27, 29-31]. Three
randomised controlled trials (RCTs) tested the implementation of the same AI airway navigational system,
where the AI identified bronchial segments and kept track of inspected segments [27, 29, 30]. They
showed that with just a limited amount of training with the AI (median training time 217 min), complete
novices could systematically inspect the bronchial tree with the AI disabled [27]. Their performance was
comparable to experts’ performances [27]. The second RCT, with 101 participants spanning six continents,
showed that bronchoscopists with experience of more than 500 bronchoscopies performed better than those
without AT navigation [29]. Experienced bronchoscopists could inspect more segments in a more structured
order, with less time spent navigating between the segments [29]. The third RCT showed mastery learning
is superior to traditional directed self-regulated learning using the AI system [30]. The prospective
non-randomised trial found that novices using an Al copilot could navigate the bronchial tree as well as
experienced bronchoscopists in a porcine model [31].

The studies had a high range of images used for training (13 studies; mean 190 347, range 42-2 241 360),
internal validation (seven studies; mean 1394, range 91-5695) and external validation (11 studies, mean
2819, range 45-26 674).

Performance metrics of the Als

The studies used very heterogeneous reporting metrics of their Als (table 4). Accuracy was the most
frequently reported for internal validation (11 studies; mean 0.88, range 0.80-0.99) and for external
validation (five studies; mean 0.80, range 0.54-0.90). Due to the low volume of intervention studies and
heterogeneous study designs with varying outcome measures, a meta-analysis was not feasible.

Quality assessment

The MERSQI scores differed moderately (mean 12.9, range 11.5-16.5) (table 5). The three highest-scoring
studies were the RCTs, scoring 15.5 [27], 15.5 [30] and 16.5 points [29]. All studies scored maximum
points for “Response rate” (no studies reported on system failure and therefore all studies had an
assumed response rate >75%), “Type of data” (inherent when using automated/Al rating) and
“Validity (relationships to other variables)” (it was an inclusion criterion to compare to human ratings).

https://doi.org/10.1183/16000617.0274-2024 9



¥20T-7.20°LT90009T/€8TT"0T/340"10p//:sdy

TABLE 5 Medical Education Research Study Quality Instrument (MERSQI) score

Study Study Sampling Sampling Type of Validity Validity Validity (relationships Data analysis Data analysis  Outcomes Total

design (institutions)  (response rate) data (internal (content) to other variables) (appropriateness) (complexity) 3] [18]

3] [1.5] |1.5] 3] structure) [1] [1] |1] 2]
1]

OzceLik [32] 1 0.5 1.5 3 0 1 1 1 2 1.5 12.5
Matava [23] 1 0.5 1.5 3 0 0 1 1 2 1.5 11.5
Yoo [24] 1 0.5 15 3 0 0 1 1 2 15 115
Lin [39] 1 1 15 3 0 0 1 1 2 1.5 12
Li [33] 1 0.5 1.5 3 1 0 1 1 2 1.5 12.5
Al [41] 1 0.5 1.5 3 1 1 1 1 2 1.5 135
Li [25] 1 0.5 15 3 0 0 1 1 2 15 11.5
HotTa [34] 1 0.5 15 3 0 1 1 1 2 15 12.5
Wane [40] 1 0.5 1.5 3 0 1 1 1 2 15 12.5
Yone [35] 1 0.5 15 3 0 1 1 1 2 1.5 12.5
Znou [38] 1 0.5 15 3 0 1 1 1 2 15 12,5
Xu [36] 1 0.5 1.5 3 1 1 1 1 2 15 13,5
CHEN [26] 1 0.5 15 3 0 0 1 1 2 15 115
Coup [27] 3 0.5 15 3 1 1 1 1 2 1.5 155
Yan [42] 1 0.5 1.5 3 1 1 1 1 2 1.5 135
ZuanG [31] 2 0.5 1.5 3 0 1 1 0 1 1.5 11.5
Coup [28] 1 15 15 3 1 1 1 1 2 15 14.5
Coup [29] 3 1.5 1.5 3 1 1 1 1 2 15 16.5
Ervik [37] 1 0.5 1.5 3 0 0 1 1 2 15 115
Coup [30] 3 0.5 1.5 3 1 1 1 1 2 1.5 15.5
Mean (range) 14 0.6 15 3 0.4 0.7 1 1.0 2.0 15 129

(1-3) (0.5-1.5) (0-1) (0-1) (0-1) (1-2) (11.5-16.5)

Maximum points for each category indicated by |n|.
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All studies except one scored maximum points for “Data appropriateness” and “Data complexity”, as
ZHANG et al. [31] only included one participant in each group and therefore could not support their
statements with statistical tests.

Discussion
This is the first systematic review of AI applications in bronchoscopy. We identified 20 studies within
three elements of bronchoscopy: airway anatomy [23-31], CADx in EBUS [32-38] and ROSE [39-42].

Airway anatomy

Three RCTs in a simulated setting

In 2001, Corr et al. [43] highlighted a suboptimal performance by experienced physicians, as novices
could surpass their performance in a simulated setting by training on a virtual reality (VR) bronchoscopy
simulator. Ost et al. [44] showed that training on the same simulator translated into superior clinical
performance than traditional apprenticeship clinical training. However, VR simulators often do not provide
haptic feedback, and their automated metrics cannot always be used to assess competency [45]. With the
first systematic review and meta-analysis from 2013 in simulation-based training of bronchoscopy,
KeNNEDY et al. [46] concluded it to be effective, and that using plastic phantoms might be superior to VR
simulators. Al has been proposed to fuse the best of VR simulators and phantoms by providing automated
feedback metrics using real bronchoscopes providing haptic feedback [47]. An updated systematic review
from 2023 confirmed simulation-based training in bronchoscopy to be effective [48]. However, no studies
have followed Kennepy et al.’s [46] recommendations from 2013 on the use of mastery learning. Mastery
learning is a recommended training principle where trainees practice until performance targets are met
[49]. The third RCT in this systematic review showed mastery learning was superior to traditional directed
self-regulated learning using the AI system [30]. The three RCTs conclude that Al provides novices with a
large benefit from training [27], improves experienced bronchoscopists’ performance [29] and is suitable
with mastery learning as an effective training form [30]. In general, transfer studies to a clinical setting are
sparse [48], and how training with AI translates into clinical performance needs to be tested in future
studies [50, 51]. AI can induce dependence, causing users to rely on technology rather than honing their
skills, a concept known as guidance theory [52], which can be detrimental to long-term learning [53]. For
example, excessive use of Google Maps might hinder one’s ability to navigate independently. Notably, the
studies tested participants without Al assistance, highlighting its potential as a beneficial training tool
without causing dependence.

Developing bronchial identification systems

Four studies developed bronchial identification systems based on clinical bronchoscopy images [23-26] and
one study gathered validity evidence for the Al used in the RCTs [28]. Three Als showed equal performance
[23, 24, 28] and two Als showed superior performance [25, 26] in classifying anatomical locations
compared to experts. Such Als might be developed into real-time clinical bronchial identification systems.
However, testing the classification of still images of bronchial segments against expert ratings effectively
evaluates the experts’ assessments within the AI’s environment. Flexible bronchoscopy is a dynamic
procedure where bronchoscopists classify bronchial segments while manoeuvring through the bronchial tree,
with the route behind an essential part of knowing your location. To add actual clinical benefit, Als must be
equal or superior in the real-life clinical environment to experts. If such Als could be developed for real-life
bronchial navigational systems, they could improve the performance of bronchoscopists, as illustrated in a
simulated setting by the three RCTs [27, 29, 30]. To claim AI superiority should be done with the utmost
caution, as the focus should be on improving patient outcomes and not just outperforming expert ratings in
the AI training environment. This is highlighted by L1 et al. [25], who trained an AI to classify 31
anatomical locations of the bronchial tree (glottis, trachea, carina and the third bronchial division). The AI’s
low test accuracies (0.54 overall, 0.34 for segmental bronchi) highlight how similar bronchial segments
challenge even AI recognition [25]. However, the four expert raters had a lower accuracy (mean 0.39, range
0.35-0.42) but were able to improve their accuracy to the Al’s level when receiving a recommendation from
the Al (mean 0.54, range 0.52-0.58) [25]. The three other studies only trained their Als to recognise
bronchial anatomy to the carina [23], main bronchial [24] or lobar bronchial level [26]. None of the Als
were trained to identify bronchial lumens beyond the segmental level (RB1a, RB1b, etc.), where it might be
more useful in reaching peripheral tumours. L1 et al. [25] provided the most elaborate Al to one day function
real-time in a clinical setting. However, with an accuracy of only 0.34 at the segmental bronchial level, much
improvement is needed before the system will benefit bronchoscopists [25].

Al copilot
ZuANG et al. [31] developed an Al copilot controlled through a remote console. They compared the
performance of a junior doctor (less than 500 bronchoscopies) in steering to the fifth bronchial level on a
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porcine model, using the AT copilot, to a chief doctor (more than 4000 bronchoscopies), not using it. They
could both follow the designated routes, but the authors concluded the junior doctor had safer steering
[31]. The study only used descriptive statistics, and to make conclusions based on just two study
participants seems unfeasible. The development appears interesting in allowing safer peripheral steering.
Still, it needs to be tested on patients and in the hands of more doctors, like the similar Monarch (Johnson &
Johnson, New Brunswick, NJ, USA) and Ion (Intuitive Surgical, Sunnyvale, CA, USA) applications for
robot-assisted bronchoscopy [54].

CADx in EBUS

Six studies developed CADe/CADx to detect and/or discriminate malignant from benign LNs in EBUS
[32-37], and one study applied EBUS elastography to check illness progression in asthma and chronic
obstructive lung disease [38]. CADe was used as early as 1992 to help detect malignancy in breast
ultrasound [55], with several AI systems developed that decreased the rate of unnecessary biopsies
[56, 57]. In endoscopic ultrasound, a meta-analysis found CADe-assisted procedures superior to
non-CADe-assisted procedures in detecting subepithelial lesions [58]. CADe has, therefore, proven its
potential in other ultrasound disciplines to improve the detection of malignancy and lower the rate of
biopsies from benign lesions. Recommendations have been made as to when to biopsy LNs in EBUS [59],
and AI could help in this assessment by identifying malignant LNs and deciding when not to biopsy due
to an overwhelming chance of benign diagnosis. Five studies found their AI equal [32, 35-38] and two
studies found their AI superior [33, 34] to human ratings. The two studies showing superiority had the
same limitations as discussed in the airway anatomy section, where bronchoscopists were tested in the Al’s
training environment by only assessing images of LNs [33, 34]. Therefore, while CADx could prove
helpful in EBUS, it is beneficial to consider experiences from other endoscopic procedures before
conducting implementation studies. A meta-analysis in colonoscopy on the CADx-based “resect and
discard” strategy found no benefit or harm compared to sending polyps to histopathology, questioning its
clinical value and emphasising the need for improved CADx accuracy and explainability [60].
Additionally, will we rely on an Al prediction, when we cannot remove the potential malignancy but only
biopsy it as in EBUS? And if wrong, who is held liable? The first US Food and Drug
Administration-approved Al in healthcare, IDx-DR (Digital Diagnostics, Coralville, IA, USA), detects
diabetic retinopathy, and as an autonomous Al the company assumes liability [61, 62]. Al regulations have
swiftly changed in the last years. They will probably do so in the future, leaving much uncertainty for the
potential implementation of CADx in EBUS studies. Strong evidence from implementation studies is
needed if we are to depend on an Al suggestion not to biopsy an LN in EBUS.

ROSE

Four studies assessed the use of Al in ROSE, with three studies showing equal performance to experienced
histopathologists’ ratings [39, 40, 42], and one study showing inferior performance of the Al to experienced
histopathologist rating [41]. The studies indicate Al can potentially replace histopathologists in widening the
use of ROSE. ROSE does not improve the diagnostic yield but is associated with fewer needle passes during
EBUS-guided transbronchial needle aspiration and a lower requirement for additional bronchoscopy
procedures to make a final diagnosis [15]. However, ROSE depends on an on-site cytopathologist, providing
a good example of AI potentially widening the distribution of ROSE. Unfortunately, none of the studies
tested how ROSE would impact their bronchoscopy suite or performance in a prospective way, but they
were all assessment studies. Three studies showed equal performance [39, 40, 42] to expert cytopathologists
and one study showed inferior performance [41]. The only commonly reported metric for all studies was
sensitivity for internal validation (non-weighted mean 0.95, range 0.9-0.99) and only one study performed
external validation (sensitivity drop of 9.5%) [42]. A systematic review of Al in radiology found a pooled
performance drop of 6% at external validation [63]. As in the current study, it was also found that the
reporting metrics were highly heterogeneous, with accuracy only reported in 15% of studies [63]. Other
endoscopic societies have, therefore, issued guidelines when developing and reporting on the performance of
AT [21]. We recommend following these guidelines until thoracic societies issue similar recommendations.

ROSE generally has a pooled sensitivity of 0.92 and a pooled specificity of 0.95 for diagnosing lung cancer
during bronchoscopy [64]. The room for improvement is therefore limited, but as Al potentially can replace a
human cytopathologist, this is an interesting area for Al to expand a technology that is not widely available.

Limitations and future perspectives

Several limitations and future perspectives have been raised throughout the discussion of the individual
categories; however, the included studies had more general limitations. The studies had a moderate range
in MERSQI scores (mean 12.9, range 11.5-16.5), with the RCTs scoring highest, indicating a general lack
of implementation studies. Only one study used a validity framework [28]. In particular, ZuanG et al. [31]
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could have benefitted from using one, as general conclusions cannot be made from comparing one junior
to one senior doctor, which is reflected in the “Data analysis” aspect of MERSQI, where it was the only
study not to score maximum points. Al can amplify the bias it is trained on [65-67]. It is, therefore,
important to include several institutions and raters, whereas most studies only included data from one
institution and one rater for training. Less than half the studies scored points for “Validity (internal
structure)”, which could be made by assessing inter-rater reliability. Validity frameworks help to address
all these issues to design the best study for gathering validity evidence for assessment tools. This review
used MERSQI for methodological quality assessment, as it can be broadly applied across Al applications
[3]. Future reviews focusing on diagnostic accuracy for CADx in EBUS could apply more specific tools
like Quality Assessment of Diagnostic Accuracy Studies (QUADAS) [68]. This review only included Als
to be applied during the bronchoscopy. Pre-procedure route planning, risk analysis and virtual bronchoscopy
were not included, even though they are important parts of the bronchoscopy procedure.

Only one of the studies on diagnostic accuracy [35] used a relevant reporting guideline (Standards for
Reporting of Diagnostic Accuracy Studies (STARD)) [69]. This highlights the heterogeneous study design
and reporting metrics of the included studies, which made a meta-analysis unfeasible for the categories
identified. Bronchoscopist experience, patient population and AI performance metrics, among other
important aspects, were not consequently reported by the studies, highlighted by the many “NA” entries in
the summary tables. We therefore highly recommend future studies to follow the most recent guidelines
and report both within the assessment and Al literature.

Conclusions

Al was equal or superior to expert ratings within airway anatomy in identifying the correct segments, and
in CADx in EBUS and ROSE in classifying LNs as benign or malignant. Al-supported navigation through
the bronchial tree is the only application that has been implemented. However, no human or transfer trials
have been conducted. Future studies should adhere to recommended guidelines within developing
assessment tools and Al.

Points for clinical practice

» Al has been implemented in other endoscopic disciplines to increase the performance of the endoscopist.
»  This systematic review identified Als within airway anatomy and navigation, CADe/CADx of nodules in EBUS,
and ROSE, which showed promising results in improving bronchoscopy.

Questions for future research

» Implementation of the identified Als in clinical studies is highly warranted.
+  Future studies should follow current recommendations for developing and reporting Al.

Provenance: Submitted article, peer reviewed.
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