
1 of 19Digestive Endoscopy, 2026; 38:e70047
https://doi.org/10.1111/den.70047

Digestive Endoscopy

 SPECIAL ISSUE  Special Issue 2026: Current Status of AI in Endoscopic Practice

REVIEW OPEN ACCESS

Artificial Intelligence in Digestive Endoscopy 
Training—The Past, Present, and Future
Jacky C. L. Ho1  |  Zhouyao Qian1,2  |  Louis H. S. Lau1,2,3   |  Hon-Chi Yip3,4   |  Philip W. Y. Chiu3,4

1Department of Medicine and Therapeutics, Faculty of Medicine, The Chinese University of Hong Kong, Hong Kong  |  2Li Ka Shing Institute of 
Health Sciences, The Chinese University of Hong Kong, Hong Kong  |  3Institute of Digestive Disease, The Chinese University of Hong Kong, Hong 
Kong  |  4Department of Surgery, Faculty of Medicine, The Chinese University of Hong Kong, Hong Kong

Correspondence: Philip W. Y. Chiu (philipchiu@surgery.cuhk.edu.hk)

Received: 9 May 2025  |  Revised: 14 August 2025  |  Accepted: 6 October 2025

Funding: The authors received no specific funding for this work.

Keywords: artificial intelligence | CADe | CADx | capsule | education | endoscopy | hepatobiliary | luminal | therapeutic | training

ABSTRACT
Background and Objective: Artificial intelligence (AI) is reshaping gastrointestinal endoscopy, yet its role in training remains 
unexplored. This narrative review summarizes current evidence on AI-assisted endoscopy training, addresses potential draw-
backs, and envisions future directions.
Methods: This narrative review was performed via a systematic MEDLINE search (including articles from inception to January 
2025), with search terms covering ‘AI’, ‘endoscopy,’ and ‘training.’ Studies were excluded if they were reviews, letters, editorials 
or comments; focused solely on model development; lacked a training component; or were limited to simple comparisons be-
tween the performance of endoscopists and AI systems. After screening 1443 records, 27 articles were included in this review.
Results: AI demonstrates potential in enhancing the training of various types of endoscopy (including luminal, hepatobiliary, 
capsule, and therapeutic endoscopy) by improving quality metrics, enhancing lesion detection, and guiding anatomical land-
mark recognition, yet the current applications are mainly task-based. Future AI must evolve to provide comprehensive training 
and personalized performance tracking to endoscopists of different levels of experience. Further studies are needed to assess 
objective educational outcomes and cost-effectiveness. Key concerns for AI adoption, including deskilling, over-reliance, ethical 
considerations, and practicality, should be addressed through structured implementation, quality assurance, and regulatory 
framework.
Conclusion: In conclusion, AI can augment endoscopy training by improving skill acquisition and procedural quality, yet sig-
nificant gaps remain. More research is needed to support its widespread integration.

1   |   Introduction

1.1   |   The Past—History of AI Development

The concept of artificial intelligence (AI) was first described in 
the 1950s to reflect the use of computers to simulate human in-
telligence for multiple tasks. Over the past decades, the field of 

AI has gradually evolved from machine learning to deep learn-
ing and convolutional neural networks, which enabled the anal-
ysis of complex images and videos and led to diverse applications 
in medicine. In gastrointestinal (GI) endoscopy, AI application 
started with colonic polyps detection by computer vision, fol-
lowed by different innovations in upper GI and hepatobiliary 
endoscopy, capsule endoscopy, and advanced therapeutics [1, 2].
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1.2   |   Endoscopists' Perception

According to previous studies, although most endoscopists 
were positive toward AI in endoscopy, their acceptance var-
ied based on individual experience and specific scenarios. A 
survey from the United States revealed that most endoscopists 
expressed strong interest in AI-assisted technologies, partic-
ularly computer-aided polyp detection (CADe). Over half of 
endoscopists favored a “diagnose-and-leave” strategy utilizing 
computer-aided characterization (CADx) for polyp classifica-
tion. Yet, concerns were raised regarding potential drawbacks, 
including higher costs, operator dependency, and prolonged 
procedure duration [3]. Similarly, a survey conducted in the 
Asia-Pacific region showed that endoscopists demonstrated 
high acceptance and trust in AI-assisted colonoscopy for col-
orectal polyp management, with the trust level highest for 
CADe, followed by CADx and computer-aided intervention 
(CADi). The relationship between risk perception, acceptance, 
and trust in AI adoption within gastroenterology practice 
was complex. Surprisingly, less experienced endoscopists ex-
pressed stronger risk perception than experienced endosco-
pists [4]. While attitudes toward AI had little direct impact on 
acceptance, they indirectly shaped behavior through trust and 
beliefs, which should be prioritized in the process of AI educa-
tion and training [5].

2   |   Objective

The impact of AI on endoscopy training is not yet fully un-
derstood, and integrating AI into training curricula faces nu-
merous hurdles. This narrative review aims to summarize 
current evidence on AI-assisted endoscopy training and ex-
plore key aspects such as the efficacy of AI-driven education, 
potential drawbacks of AI adoption, and future directions for 
implementation.

3   |   Methods

3.1   |   Search Algorithm

This narrative review was performed by a systematic search 
via the MEDLINE database. Articles written in English pub-
lished from inception to January 31, 2025 were included. The 
complete search details were listed in Table 1. Briefly, the search 
strategy combined terms for AI (“artificial intelligence” or 
“deep learning” or “machine learning” or “neural network” or 
“computer-aided” or “computer-assisted”), training (“training” 
or “education”), and endoscopy (“luminal endoscopy” or “cap-
sule endoscopy” or “hepatobiliary endoscopy” or “therapeutic 
endoscopy”). The selection process of articles was summarized 

TABLE 1    |    Search strategy.

Strategy component Query

Artificial intelligence #1 “artificial intelligence”[Title/Abstract] OR “deep learning”[Title/Abstract] OR 
“machine learning”[Title/Abstract] OR “neural network”[Title/Abstract] OR 

“computer-aided”[Title/Abstract] OR “computer-assisted”[Title/Abstract]

Training #2 “training”[All Fields] OR “education”[All Fields]

Luminal endoscopy #3 “luminal endoscopy”[Title/Abstract] OR “esophagogastroduodenoscopy”[Title/Abstract] 
OR “EGD”[Title/Abstract] OR “OGD”[Title/Abstract] OR “colonoscopy”[Title/Abstract]

Capsule endoscopy #4 “capsule endoscopy”[Title/Abstract] OR “wireless capsule endoscopy”[Title/
Abstract] OR “video capsule endoscopy”[Title/Abstract]

Hepatobiliary endoscopy #5 “biliopancreatic endoscopy”[Title/Abstract] OR “endoscopic ultrasonography”[Title/
Abstract] OR “endoscopic ultrasound”[Title/Abstract] OR “EUS”[Title/

Abstract] OR “endoscopic retrograde cholangiopancreatoscopy”[Title/Abstract] 
OR “ERCP”[Title/Abstract] OR “cholangioscopy”[Title/Abstract]

Therapeutic endoscopy #6 “therapeutic endoscopy”[Title/Abstract] OR “endoscopic mucosal resection”[Title/Abstract] 
OR “EMR”[Title/Abstract] OR “endoscopic submucosal dissection”[Title/Abstract] OR 

“ESD”[Title/Abstract] OR “natural orifice transluminal endoscopic surgery”[Title/
Abstract] OR “NOTES”[Title/Abstract] OR “endoscopic full thickness resection”[Title/

Abstract] OR “EFTR”[Title/Abstract] OR “peroral endoscopic myotomy”[Title/Abstract] OR 
“POEM”[Title/Abstract] OR “endoscopic variceal ligation”[Title/Abstract] OR “EVL”[Title/

Abstract] OR “endoscopic resection”[Title/Abstract] OR “submucosal dissection”[Title/
Abstract] OR “endoscopic hemostasis”[Title/Abstract] OR “endoscopic ampullectomy”[Title/

Abstract] OR “polypectomy”[Title/Abstract] OR “mucosectomy”[Title/Abstract]

Merge

#7 #3 OR #4 OR #5 OR #6

#8 #1 AND #2 AND #7
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in Figure 1. After the removal of duplicated records, the initial 
search yielded 1443 publications, of which 1250 non-GI endos-
copy studies were excluded. The remaining 193 full-text articles 
were manually screened for relevance by the two authors (JCLH 
and ZQ) independently to minimize bias. Discordant selections 
were resolved through discussion. Studies were included if they 
featured an educational or training component and explicitly 
aimed to explore the application of AI in GI endoscopy training. 
Studies were excluded if they were reviews, letters, editorials or 
comments; focused solely on basic model development; lacked 
a training component; or were limited to simple comparisons 
between the performance of endoscopists and AI systems. As 
a result, 27 studies (11 RCTs and 16 prospective studies—8 in 
luminal endoscopy, 9 in hepatobiliary endoscopy, 5 in capsule 
endoscopy, and 5 in advanced therapeutics) were included in 
this narrative review (Table 2).

4   |   Results—The Present Landscape

Current AI applications are actively enhancing endoscopy 
training across various domains. The present landscape is dis-
cussed here.

4.1   |   Luminal Endoscopy

4.1.1   |   Computer-Aided Detection

Currently, computer-aided detection (CADe) for colonic polyps 
detection is the best-developed and well-validated AI applica-
tion in luminal endoscopy (Figure 2). Multiple randomized tri-
als have highlighted the potential benefits of CADe, and a recent 
meta-analysis [33] demonstrated that AI-assisted colonoscopy 
significantly improved adenoma detection rate (ADR), regard-
less of location, size, and morphology. While most of these stud-
ies involved experienced endoscopists, a few of them specifically 
assessed its performance in less-experienced operators, which 
were particularly relevant to endoscopy training and educa-
tion. A European study demonstrated a 22% increase in ADR 
and a 21% increase in adenoma per colonoscopy (APC) among 
non-expert endoscopists using CADe compared to controls 
[6]. Following that, our group performed a randomized trial to 
specifically assess the benefits of CADe in trainees. Trainees 
using CADe showed a 13% absolute and a 41% relative increase 
in ADR compared to those without CADe. Subgroup analysis 
revealed a stronger impact on the most junior trainees—58% 
relative increase in ADR among beginners and a 36% relative 

FIGURE 1    |    PRISMA flow diagram illustrates the study selection process for systematic review.
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increase in ADR among intermediate-level trainees [7]. Another 
clinical trial conducted in Japan compared the use of a com-
bined CADe and CADx system versus standard observation by 
trainees during colonoscopy. The AI-assisted group had a sig-
nificantly lower adenoma miss rate (AMR) and higher scores in 
pathology identification or location interpretation [8]. Moreover, 
a Chinese study compared novice endoscopists with or without 
AI assistance versus experts. The performance of novice endos-
copists with AI assistance was superior to those without AI, and 
achieved a result comparable to experts in terms of AMR and 
polyp miss rate. These promising and consistent results sup-
ported the potential integration of AI into colonoscopy training, 
especially in the early career stage to enhance the overall learn-
ing experience and quality control [9].

4.1.2   |   Computer-Aided Diagnosis

Moving forward from CADe, computer-aided diagnosis (CADx) 
systems to distinguish neoplastic and non-neoplastic polyps 
have been advocated in a number of prospective studies and 
meta-analyses (Figure 2) [34]. However, their role in endoscopy 
training remains nebulous. A pilot study by Peng et al. demon-
strated that CADx significantly improved trainees' negative 
predictive value for differentiating polyps' characteristics from 
50.0% to 88.2% [10]. Similarly, Weight et al. reported that non-
expert endoscopists using CADx achieved similar accuracy with 
experts, suggesting its possible value for trainees [11]. In con-
trast, Rex et al. found no meaningful improvement in sensitivity 
and only a marginal increase in specificity when evaluating a 
CADx system for general endoscopists, across all experience lev-
els [12]. Taken these into account, the heterogenous results pose 
uncertainties regarding the role of CADx in endoscopic training 
and require further validations.

4.1.3   |   Computer-Aided Quality Assessment

Apart from the well-known CADe and CADx, other novel 
AI-driven technologies in luminal endoscopy have the poten-
tial to enhance endoscopy training. Computer-aided quality 

assessment (CAQ) systems [35, 36] could evaluate endoscopic 
performance in real time, offering trainees actionable feedback 
to refine procedural skills. These systems typically assess qual-
ity metrics such as blind spot recognition, withdrawal speed, 
effective withdrawal time, movement patterns, and mucosal 
fold examination quality. Additionally, an AI-powered auto-
mated reporting system was proposed to streamline endoscopy 
documentation processes and improve accuracy [13]. These 
technological innovations illustrate the expanding role of AI in 
augmenting endoscopy training, decision-making, and work-
flow efficiency. Yet, more clinical trials would be necessary to 
prove their potential benefits due to the limited existing real-
world evidence.

4.2   |   Hepatobiliary Endoscopy

4.2.1   |   Endoscopic Ultrasound

AI applications in endoscopic ultrasound (EUS) training are 
advancing in three key domains, namely structure/station rec-
ognition, lesion diagnosis, and quality control (Figure 3). Robles-
Medranda et al. developed an AI system capable of identifying 
normal anatomical structures in both pre-recorded videos and 
real-time EUS. By improving image interpretation and high-
lighting critical landmarks, this tool may flatten the learning 
curve and maintain procedural consistency [14]. Furthermore, 
a deep learning-based EUS training system could achieve 90.0% 
accuracy in station classification with Dice coefficients of 0.77 
(blood vessel segmentation) and 0.813 (pancreas segmentation), 
matching expert-level performance. A crossover study revealed 
that this model boosted trainees' station recognition accuracy 
from 67.2% to 78.4% [15]. With system upgrades involving bile 
duct annotation and station recognition, it further raised nov-
ices' time-point accuracy from 60.8% to 76.3% [16].

For lesion diagnosis, a deep-learning-based system for real-
time capture and segmentation of solid pancreatic masses 
was introduced. In a crossover trial, trainees using the system 
showed improved performance metrics, with an increased in-
tersection over union (IoU) from 0.80 to 0.87. In addition, lesion 

FIGURE 2    |    Examples of AI application in luminal endoscopy. (a) Computer-aided detection (CADe; GI Genius, Medtronic) applied by Repici et al. 
[6] (b) Computer-aided characterization (CADx; CAD-EYE; Fujifilm) applied by Weight et al. [11]
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identification times decreased in the pancreatic body/tail (from 
22.75 to 17.98 s) and the head/uncinate process (from 34.21 to 
25.92 s) [17]. Cui et  al. developed a multi-modal AI system in-
tegrating clinical data and EUS images to distinguish pancre-
atic carcinoma from benign lesions. In the study, AI assistance 
improved novice endoscopists' diagnostic accuracy from 0.69 
to 0.90. It also enhanced expert endoscopists' acceptance of the 
predictions from AI by offering supplementary interpretability 
[18]. Moreover, a deep-learning radiomics (DLR) model was 
proposed to identify pancreatic ductal adenocarcinoma (PDAC), 
achieving high accuracy, sensitivity, and specificity. Junior en-
doscopists using the DLR system matched or exceeded the per-
formance of senior endoscopists, supporting its potential role as 
an educational aid [19].

Regarding quality control, an AI-based automatic EUS image 
reporting system was developed, which outperformed manual 
assessments in both accuracy and completeness for standard bil-
iopancreatic stations. This innovation could serve as a potential 
tool for training standardization [20].

4.2.2   |   Endoscopic Retrograde 
Cholangiopancreatography

AI in endoscopic retrograde cholangiopancreatography (ERCP) 
and cholangioscopy training is still emerging, with most efforts 
primarily focusing on procedural difficulty prediction and le-
sion detection (Figure 3). A deep-learning-based system was de-
veloped to evaluate the complexity of common bile duct (CBD) 
stone extraction during ERCP. The system automatically as-
sessed stone size, CBD diameter, and technical difficulty, which 
may offer actionable plans to trainees in selecting therapeutic 
strategies and minimizing adverse events [21]. Moreover, an AI 
model for real-time detection of neoplastic lesions during digital 
single-operator cholangioscopy was superior to non-expert en-
doscopists in diagnostic accuracy. This model may potentially 
boost trainees' diagnostic confidence, reduce missed lesions, 
and accelerate skill acquisition [22]. Nevertheless, the number of 
prospective clinical trials in the field of hepatobiliary endoscopy 
was still limited, providing promising yet premature evidence 
for implementation.

4.3   |   Capsule Endoscopy

AI is enhancing the training of capsule endoscopy (CE) by short-
ening the reading time, improving lesion detection, and creat-
ing an atlas with diverse pathologies for education (Figure  4). 
Postgate et  al. evaluated a computer-based CE training system 
among 28 trainees (14 medical students and 14 gastroenterol-
ogy trainees). Participants reviewed video clips of normal anat-
omy, incidental findings, and true pathologies, then completed 
multiple-choice questions with feedback. After training, the le-
sion recognition scores improved significantly in gastroenterol-
ogy trainees (49.5%–62.1%) and medical students (29.5%–46.7%) 
[23]. Subsequently, a deep learning-based screening tool for 
small-bowel CE (SBCE) was developed and tested in a crossover 
study. AI assistance significantly reduced trainees' reading time, 
though the lesion detection rate for erosions or ulcerations re-
mained unchanged. Notably, the subgroup analysis showed that 
trainees, regardless of any AI use, missed larger lesions (> 5 mm) 
detected by experts, implying a persistent gap in CE training [24]. 
Subsequently, another deep learning-based system for gastric 
and small-bowel lesion detection during CE was developed. With 
the support of AI, the video reading time was reduced, and more 
lesions were identified. In particular, junior endoscopists' diag-
nostic metrics and accuracies were improved [25]. In a validation 
study for automatic SBCE diagnosis, junior endoscopists using 
AI achieved higher overall accuracy and sensitivity while main-
taining similar specificity compared to unaided assessments, 
reinforcing its potential role in CE education [26]. Last but not 
least, a style-based generative adversarial network was developed 
to generate a high-quality synthetic atlas of highly realistic and 
diverse small bowel pathologies from anonymized patient data. 
This offers a scalable resource for CE training and education [27].

4.4   |   Advanced Therapeutic Endoscopy

Procedural phase recognition and real-time identification of crit-
ical features (e.g., blood vessels, dissection planes, and perfora-
tions) are essential elements for advanced therapeutic endoscopy 
training (Figure 5). Cao et al. developed a deep learning-based 
surgical workflow recognition system for endoscopic submuco-
sal dissection (ESD). The platform includes an online scoring 

FIGURE 3    |    Examples of AI application in hepatobiliary endoscopy. (a) Station recognition in endoscopic ultrasound (EUS) (EUS-based convo-
lutional neural network model developed by Robles-Medranda et al. [14]) (b) Detection of neoplasm during cholangioscopy (digital single-operator 
cholangioscopy-based convolutional neural network model developed by Robles-Medranda et al. [22]).
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system to evaluate procedural proficiency and smoothness, 
providing trainees with targeted expert feedback on techniques 
[28]. Furube et al. created an AI phase-recognition system for 
esophageal ESD with a 90% accuracy, facilitating rapid phase 
review for novice endoscopists [29]. Additionally, Ward et  al. 
extended this concept to peroral endoscopic myotomy (POEM), 
achieving a phase-identification accuracy of 87.6% with the po-
tential for training standardization [30].

To enhance the safety and precision during these complex 
procedures, Ebigbo et  al. designed an AI model based on still 
images to outline vessels and tissue structures. The algorithm 
achieved an 85% mean vessel detection rate with a false-positive 
rate of 0.75/min, potentially reducing intra-procedural compli-
cation risk and accelerating skill acquisition [31]. Furthermore, 
the same group validated this algorithm through video review 
by 19 endoscopists with different experience levels. The vessel 
detection rate increased from 56.4% to 72.4%, while the vessel 
detection time was reduced from 6.7 to 5.2 s [37]. On the other 

hand, an AI system was trained for perforation detection and 
localization and achieved an accuracy and AUC of 0.881 and 
0.869 respectively, which may assist intraoperative decision-
making by inexperienced endoscopists [32]. The existing level of 
evidence supports further development in this field, but further 
testing of these systems in clinical trial settings will be manda-
tory for future applications.

5   |   Discussion

5.1   |   The Future—Foreseeing the Next Generation 
Endoscopy Training With AI

The development of AI in GI endoscopy is thriving, but sig-
nificant gaps remain. Future AI systems must evolve beyond 
straightforward tasks like lesion identification to encompass a 
comprehensive and personalized training solution. In addition, 
AI may also reshape education for trainers.

FIGURE 4    |    Examples of AI application in capsule endoscopy. (a) Detection of erosions and ulcerations (Single Shot MultiBox Detector developed 
by Aoki et al. [24]) (b) Atlas creation (StyleGAN2-based generation of wireless capsule endoscopy images developed by Vats et al. [27]).

(a)
(b)

FIGURE 5    |    Examples of AI application in therapeutic endoscopy. (a) Phase recognition during endoscopic submucosal dissection (phase 
recognition-based deep neural network model developed by Furube et al. [29]) (b) Detection and delineation of vessels, tissue structures, and instru-
ments (artificial intelligence clinical decision support solution developed by Ebigbo et al. [31]).

(a)
(b)
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5.1.1   |   End-To-End Application—From Pre-Procedure 
to Post-Procedure

5.1.1.1   |   Pre-Procedure.  AI can facilitate pre-procedure 
learning through advanced simulation training [38]. For instance, 
augmented reality (AR) and virtual reality (VR) platforms pow-
ered by AI could create immersive, high-fidelity, and risk-free 
environments for trainees to practice. These simulations could 
replicate diverse pathological conditions, which may be difficult 
to encounter in real-world settings. Additionally, AI could assist 
in pre-procedure planning by analyzing patient history, imaging 
results, and risk factors to recommend personalized strategies, 
such as the mode of sedation [39]. This would not only enhance 
trainees' mental preparedness but also improve patient safety. 
Furthermore, using large language models in medical education 
has shown favorable results and deserves further exploration in 
cognitive skills training [40, 41].

5.1.1.2   |   Intra-Procedure.  With the rapid develop-
ment of CADe and CADx, future AI may support real-time 
decision-making regarding the necessity and modality of endo-
scopic resection—a common challenge to trainees [42]. Besides, 
AI also shows the potential to provide intraprocedural guidance 
and corrective feedback on endoscopic navigation, thereby expe-
diting the learning curve for fine motor control [43, 44]. In ther-
apeutic endoscopy, AI could guide trainees through complex 
interventions, such as hemostasis or submucosal dissection [45]. 
Such real-time assistance is particularly valuable for beginners 
with a huge need for mentorship.

5.1.1.3   |   Post-Procedure.  After endoscopic procedures, 
AI systems could provide detailed evaluations of trainees' per-
formance by analyzing metrics such as procedure time, lesion 
detection rates, navigation efficiency, and photo documentation 
quality [46–48]. This may serve as an objective assessment tool 
for trainees' competence and facilitate trainers in providing con-
structive feedback.

5.1.2   |   Personalized Training

Under the traditional apprenticeship-based training model, 
trainees' competency is often determined by training time or vol-
ume rather than their actual performance. Mastery learning is 
an emerging concept that tailors training according to trainees' 
skills, as they must attain a pre-determined level of proficiency 
before progressing to more advanced stages [49]. AI may assist 
mastery learning by converting subjective milestones to data-
driven and scalable proficiency assessments (e.g., performance 
scores, learning curves, or time-to-proficiency). For advanced 
trainees and trained endoscopists, AI-powered performance 
analytics may identify areas for improvement and recommend 
targeted training modules.

5.1.3   |   Train-The-Trainer Integration

Teaching attributes and endoscopy attributes are essential qual-
ities of an effective endoscopy trainer [50], but formal training 
for trainers is often lacking. Trainers may not recognize their 
own teaching gaps, and not all of them are equally skilled in 

coaching nuanced endoscopic techniques. For the teaching 
aspect, AI-based natural language processors may monitor 
trainer–trainee interaction with feedback, such as clarity of in-
struction and completeness of debriefing. In addition, AI may 
also elevate trainers' endoscopy aspect through targeted upskill-
ing and reskilling exercise.

5.2   |   Potential Harms of AI Integration

5.2.1   |   Deskilling

Integrating AI into endoscopic training risks deskilling, where 
trainees may lose essential basic competencies due to their de-
pendence on technology [51]. One of the major concerns is the 
decline in diagnostic proficiency. AI systems that automatically 
detect and characterize lesions may lead to underdeveloped vi-
sual recognition skills. Endoscopists-in-training might become 
dependent on AI to identify subtle mucosal changes, potentially 
compromising their ability to interpret endoscopic findings inde-
pendently without AI. Besides, studies have shown that AI can 
limit the visual tracking of endoscopists [52], a crucial skill and 
quality metric for a thorough examination of the gastrointestinal 
tract [53, 54]. While mitigation strategies have been proposed to 
enhance active visual tracking [55], the broader concern remains: 
transition from traditional teaching to AI-driven training may 
reduce learning by exploration, as trainees follow algorithmic 
guidance rather than engaging in the iterative discovery process. 
This shift could diminish critical thinking, as trainees might 
prioritize AI suggestions over foundational knowledge, such as 
understanding pathophysiology and clinical relevance [56]. Over 
time, this could diminish endoscopists' ability to integrate clini-
cal context into their judgment and decisions.

5.2.2   |   Over-Reliance

Another significant drawback is the over-reliance on AI, which 
can lead to unintended consequences. Automation bias is a 
well-documented phenomenon where users uncritically accept 
AI-generated outputs, even when they are incorrect [57]. In the 
context of endoscopic training, this could mean that trainees fail 
to challenge AI's mistakes, such as missed lesions or false-positive 
signals. Additionally, AI systems often prioritize common find-
ings and filter out “atypical” lesions that they were never trained 
on. This could reduce trainees' awareness and exposure to rarer 
pathologies, limiting their readiness for real-life encounters with 
uncommon and complex findings [58]. A further disadvantage is 
the reduced preparedness for emergencies in the event of system 
breakdowns, since automation may degrade situational aware-
ness [59]. Trainees accustomed to AI assistance may struggle 
to perform independently when the technology is unavailable. 
These points highlight the need for a balanced approach to AI 
integration into training curriculums to maintain endoscopists' 
ability to function effectively with or without AI support.

5.2.3   |   Ethics

Adopting AI in endoscopic training also raises ethical con-
cerns, particularly on liability, informed consent, and the 
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dehumanization of patient care. Liability issues are overwhelm-
ing as the legal framework for AI use in healthcare remains am-
biguous. In case of errors due to AI-generated advice, it is unclear 
whether the responsibility lies with the AI developer, the train-
ing institution, or the individual clinician. This legal ambiguity 
complicates risk management and could deter the adoption of 
AI in training programs. Moreover, informed consent presents 
another ethical dilemma, as patients may not fully understand 
the role of AI during their procedures. As AI algorithms are well-
known to contain “black boxes,” their decision-making process is 
notoriously difficult to explain to laymen. Ensuring transparency 
and obtaining consent in such scenarios is crucial but challeng-
ing [60]. Finally, the dehumanization of patient care is a growing 
concern [61]. Most AI systems focus on quality metrics, such as 
polyp detection rates, which may overshadow the importance 
of patient-centered clinical care. Trainees might become overly 
reliant on AI outputs and neglect the human aspects of patient 
care, such as empathy and contextual understanding. This could 
lead to a generation of clinicians who are technically proficient 
but less adept at building rapport with patients or addressing 
their psychological needs. Overcoming these ethical challenges 
requires robust frameworks that prioritize patient rights, data 
security, and the preservation of humanistic values in medical 
training.

5.2.4   |   Practical Limitations

AI systems may not be equitable across training centers due 
to the significant investment and technical support incurred. 
Besides, challenges related to AIs' compatibility with existing in-
frastructure can impede their integration. Additionally, gaps in 
educator literacy and familiarity with AI tools may restrict their 
utilization even when available. These practical hurdles may 
inadvertently widen disparities and compromise the standard-
ization of endoscopy training, creating a “two-tier” situation—
trainees in well-equipped centers can benefit from cutting-edge 
AI tools, while others would lack such exposure.

5.3   |   The Ways Forward

While utilization of AI in endoscopy training is expected, its 
integration must be carefully managed to address ethical, psy-
chological, and societal concerns. As AI's performance is highly 
dependent on the endoscopist's knowledge [62], the importance 
of traditional teaching must not be undermined. A holistic 
framework is vital to ensure that AI complements, rather than 
replaces, conventional training.

First, AI should be introduced into training programs in a struc-
tured and phased manner. This involves setting clear objectives 
for AI use, such as improving procedural skills or standardizing 
training outcomes. Institutions should also establish guidelines 
for AI adoption, ensuring that its use aligns with their respec-
tive educational goals and ethical standards. A hybrid training 
approach, combining AI with mentorship from experienced 
clinicians, is crucial for balancing technological and human 
elements. While AI can provide objective feedback and real-
time guidance, mentors offer invaluable insights into clinical 

judgment, patient communication, and gatekeeping for automa-
tion bias [63]. This human–AI synergy has shown promise in 
surgical skill instruction and is poised to yield similar results in 
endoscopy education [64].

While over-reliance on AI systems may result in de-skilling, AI 
can be tailor-made to enhance trainees' skills by offering per-
sonalized feedback based on one's strengths and weaknesses. 
Future AI should incorporate objective learning outcomes for 
progress tracking. In addition, practical barriers must be over-
come before the generalized adoption of AI. Although AI imple-
mentation was shown to be cost-saving in screening colonoscopy 
[65], its cost-effectiveness in endoscopy training remains uncer-
tain and warrants further investigation. Experienced endos-
copists should be equipped with knowledge of AI. Ultimately, 
universal adoption of AI may reduce variability and harmonize 
endoscopy training by delivering consistent and objective feed-
back—an advantage particularly relevant in units with limited 
access to expertise and mentorship.

To address concerns about algorithmic bias, all AI systems 
should be validated by experts in diverse clinical settings to en-
sure their accuracy and generalizability before incorporation 
into training curricula. On the other hand, an AI system trained 
predominantly on data from a particular demographic group 
might underperform in another group. Therefore, institutions 
must conduct regular audits of the AI systems to evaluate their 
performance continuously and ensure that they are equitable 
and dependable.

Navigating ethical concerns requires a multifaceted approach. 
To address the liability ambiguities, governing bodies should 
establish shared accountability frameworks that clearly define 
responsibilities among AI developers, clinicians, and healthcare 
organizations. For instance, developers could be held account-
able for algorithmic errors, while clinicians retain responsibility 
for final decisions, ensuring human oversight remains central. 
[66] Mandatory documentation of AI use in procedural reports, 
like when and how AI guidance was followed, would enhance 
traceability and clarify liability in case of untoward outcomes. 
To tackle the “black-box” critique, developers should prioritize 
explainable AI (XAI) methods that make algorithmic decisions 
interpretable to clinicians and patients [67, 68]. Regulatory 
bodies could further support transparency by mandating the 
disclosure of training data composition and the performance 
limitations of AI systems. Last but not least, engaging patients 
in informed consent processes explicitly, by outlining how their 
data is used and the AI's role in their clinical care, respects au-
tonomy and fosters trust in the use of AI.

6   |   Conclusion

AI is reshaping the landscape of GI endoscopy. Although AI 
can address many challenges that we are facing in endoscopic 
education, much is still unknown about how it should be incor-
porated. Undoubtedly, its implementation must be supported by 
a holistic framework that prioritizes ethical considerations, mit-
igates risks, and preserves the human elements of medicine. By 
adopting a hybrid and stepwise approach, ensuring quality of 
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AI models, and focusing on personalized development, we can 
benefit from the power of AI to enhance endoscopy training ef-
ficiency and ultimately improve patient care.
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