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Introduction

In the last few years, Artificial Intelligence (Al) has shot to
prominence in the public eye with the recent development of
platforms such as ChatGPT. Al is now diffusely incorporated
into our everyday human lives without most of us even
realising. The expanding use of Al in healthcare shows
exciting potential which could transform the future of
medicine.

This narrative review is an update on the role of Al in
gastrointestinal endoscopy.

What is Artificial Intelligence?

Artificial Intelligence is a broad term that refers to the
development of computer systems that can perform tasks that
usually would require human intelligence. This is created by
programming computers with algorithms that allow them
to learn from data, recognise patterns and make decisions
without explicit human instruction.'

When it comes to understanding Al systems they can be
subdivided into two main categories; Narrow/Weak Al and
General/Strong Al. Weak Al are specialised in a particular
domain and are only able to perform tasks within their pre-
programmed domain.? For example, the popular household
device Alexa is considered a weak Al as it is only able to
create responses based on pre-inputted data, meaning it
lacks broad understanding and capability to adapt to new
non-programmed information. = Whereas General/Strong
Al is the theorised development of software capable of
understanding and utilising knowledge across a broad range
of domains.? Strong Al is envisioned to be able to learn and
make decisions independent of trained inputted data, making
it scarily comparable to the intrinsic capabilities of the
human mind.?* The concept of Strong Al is demonstrated in
films like Terminator, where Skynet, the military Al gains
self-awareness and begins to wage war against humanity. In
the current year of 2025, no Strong Al exists.

Generative Al refers to Al that can create new original content
such as audio, videos, or text, based on its programmed
database, for example Open AI’s ChatGPT.* Vast amounts of
data, over 45 terabytes of text, was inputted into chat GPT’s
algorithm enabling it to use this information to learn and
create content.’ It is still considered to be a weak form of Al.

Al Terminology

It is important to have a basic understanding of types of Al
to help understand and interpret Al models and research
studies.

Machine Learning (ML) is a type of Al where the computer
uses inputted algorithms to analyse and learn patterns of
information from a given set of raw data.! For example,
fitness watches use ML to track and analyse user data,
providing insights into physical activity, sleep patterns, and
overall health. Similarly our email accounts have the ability
to detect incoming junk mail and adequately filter this into a
separate inbox (albeit not 100% accurate at all times).
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Figure 1:
Diagrammatic representation of the definitions of subsets of
Artificial Intelligence.'®

Representation Learning (RL) is a form of ML where the
computer uses the best features of inputted data to enable
them to classify data on their own. They do this via Artificial
Neural Networks (ANNs).® ANN’s are an Al creation of
mathematical models designed to function similarly to
the human brains complex connection of signaling neural
networks.!
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Deep Learning (DL) is a type of RL that uses Deep Neural
Networks (DNNs) to form multiple layers of links between
vast amounts of data thus enabling it to recognise patterns
and automatically make decisions on output.! For example,
facial recognition is a form of RL which enables smart phones
to analyse and recognize faces in images or videos. And
Spotify, the music streaming service, is an example of DL
where the app forms layers and connections to create areas
like personalized recommendations, content classification,
and music analysis.

In recent years, a main area of interest has leaned heavily on
the Large Language Models (LLMs) of Al. These LLMs are
types of Al that use Natural Language Processing (NLPs).
NLP enables machines to be able to convey information in
a human-like response’’” Examples of LLMs are Siri, the
virtual voice assistant in apple products or ChatGPT that can
reply like a human in text form in milliseconds.

Al in the NHS

The UK is considered one of the leading countries in Al
research and development. In 2020, the UK ranked third
in the world for private investment into Al companies,
behind the USA and China. At that time, the government
had invested £2.3 billion into Al research across a range of
initiatives since 2014.°

In 2019, over £250 million was invested to create the
NHS AI Labs for healthcare to help accelerate the safe,
ethical and effective development of Al technologies in
healthcare.'” The NHS Al Lab aims to collaborate academic
research and technology companies to help tackle some of
the toughest challenges in NHS healthcare.'® As of March
2023, a total of £123 million had been invested in to 86
different Al technologies used within the NHS." The Al in
use helps support patients across a range of specialties, and
from screening to diagnosis and management of chronic
conditions.!! In June 2023, the NHS announced a further £21
million funding for further research into the Al Diagnostic
Fund.”” NHS Trusts will be able to bid for funding to
accelerate the deployment of the most promising Al tools
across hospitals'?

Al in Endoscopy

Within the role of endoscopy; two major Al programs have
been studied - Computer assisted detection (CADe) and
Computer assisted diagnosis (CADx)."* The role of Al in
endoscopy could be hugely beneficial especially considering
over 1.5 million endoscopic procedures were performed in
2020 within the NHS alone'*

1. Al in the Oesphagus

Oesophageal cancer is the 7th most common cancer
worldwide and the 6th leading cause of cancer-related
death.”> Within oesophageal cancer there are two distinct
types; oesophageal squamous cell carcinoma (OSCC) being
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the most common, and oesophageal adenocarcinoma (OAC)
following behind." Globally the incidence of OAC is rapidly
rising in developed, high-income countries, linked to the
increasing rate of key risk factors such as obesity, gastro-
oesphageal reflux disease (GORD) and Barretts Oesphagus
(BO) within this demographic.'® Patients with oesophageal
malignancies tend to remain relatively asymptomatic until
the tumour has progressed, meaning diagnosis is typically
at an advanced stage when survival rate is poor.'® Therefore,
the early detection of oesophageal cancer and precancerous
lesions is crucial, especially as these early lesions can be
treated via endoscopic resection techniques!’

At present, screening for dysplastic BO is composed of
targeted biopsies followed by the Seattle protocol in selected
individuals.!®* This protocol requires physicians to take
biopsies every 1-2cm in 4 quadrants and is known to be
an inefficient and a time-consuming task.'*'® Endoscopic
surveillance then depends on the length of the BO segment
and the grade of dysplasia found.!” The critical goal of
surveillance programs is for early detection of dysplasia and
hence earlier interventions.'*

Al has used ML models to differentiate between dysplastic
and non-neoplastic lesions in numerous studies, with many
models showing promising results. Horie et al used over
8,000 endoscopic images to train its AI-CNN network model
to be able to detect OSCC and OAC. The model was able
to diagnose oesophageal cancer with a sensitivity of 95%,
with an impressive 100% detection rate of cancers smaller
than 10mm. This model had a remarkably high diagnostic
accuracy of 98% in differentiating between superficial
and advanced oesophageal cancer.”' Cai et al developed a
DNN for CADe using 2,478 endoscopic images with the
aim to help improve detection of OSCC. Interestingly,
when compared to sixteen endoscopists (senior, mid, and
junior level) the system was proven to be superior to both
experienced and inexperienced endoscopists in detecting
OSCC in endoscopic images, with higher sensitivity and
specificity values. The study concluded that their DNN-CAD
system could assist in helping endoscopists detect lesions.?

In 2020, Groof et al published one of the first real-time
applications of using a CADe system for the detection of
neoplasms in patients with Barretts Oesphagus during live
gastroscopy in a small pilot study of 20 patients. Of these
patients, 10 had nondysplastic BO and 10 patients had
confirmed dysplastic BO. The CAD system accurately
identified Barrett’s neoplasia at a given level in the
Oesophagus with overall 90% accuracy.?

More recently, in 2023 Yuan et al performed a large multi-
centre, tandem, double-blind, randomised controlled trial on
Al-assisted assessment of early stage OSCC and precancerous
lesions. In this study over 5,900 patients were assigned to
either Al-first gastroscopy or routine-first gastroscopy. The
results showed that Al reduced the miss-rates per lesion from
6.7% to 1.7%.%*
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At present, Al in the oesophagus shows promise for aiding
detection of early cancer or pre-cancerous lesions although it
is not available for widespread commercial use yet.

2. Al in the stomach

Worldwide each year approximately one million people are
diagnosed with gastric cancer, ranking it 4th for cancer-
related mortality globally.” The prognosis of gastric cancer
is largely linked to the stage at which it is diagnosed.
Patients with advanced gastric cancer have an extremely
poor prognosis, whereas early gastric cancer (EGC) has a
5-year survival rate of more than 90%.* These differences
in figures highlight the importance of early detection and
prompt treatment. At present, detection of EGC relies on
the direct visualisation of lesions during gastroscopy with
the help of some image-enhancing tools."* EGCs can have
variable morphology and hence detection can be challenging
even for expert endoscopist. High-quality gastroscopy with
full mucosal visualisation is a vital component in improving
early detection.

Wu et al created a DNN-AI model using over 9,000
endoscopy images of either gastric cancer or benign lesions
to train its model to detect EGC. It then used over 24,000
images for the Al-model to train the model to detect blind
spots. The study demonstrated that the trained AI model had
a 92.5% accuracy in the detection of EGC in comparison
to non-malignancy (with 94.0% sensitivity and 91.0%
specificity).”’

A large multi-centre study led by Luo et al. Created the
GRAIDS model (Gastrointestinal Artificial Intelligence
Diagnostic System), for the diagnosis of upper GI cancers
using endoscopic images. It used over 1 million images to
develop and test the GRAIDS program. The performance of
GRAIDS showed a high diagnostic accuracy of 95% with
a sensitivity comparable to expert endoscopists. The Al
model proved to be superior compared to the endoscopists
categorised as competent or trainee.?®

In 2020 in Wuhan, China, a randomised control trial with
live endoscopy in over 1,800 patients who were undergoing
gastroscopy for screening, surveillance, or investigation
of symptoms was undertaken. Patients either had an Al-
assisted gastroscopy or routine conventional gastroscopy.
A conventional gastroscopy showed a neoplasm miss rate
of 27.3%, with the Al-assisted endoscopy group being
significantly lower with a miss rate of 6.1%. This shows that
Al-assisted endoscopy improved the yield of diagnosing
gastric neoplasms by endoscopists.?

ENDOANGEL is another example of an Al system showing
promising potential for use in gastroscopy. ENDOANGEL,
formerly known as WISENSE, was created in 2019 and
was aimed at monitoring and reducing rates of blind spots
during gastroscopy.’® They then created a DL-AI models,
ENDOANGEL-LD (lesion detection), to detect gastric
abnormalities and diagnose gastric neoplasms. Over
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10,000 patients were enrolled in the study, with results
showing in internal and external participants sensitivities of
96.9%/95.6% for detecting gastric lesions and 92.9%/91.7%
for diagnosing neoplasms.?!

Another key factor when detecting EGC’s is to determine
the extent of invasion into the gastric mucosa, which
can be challenging in itself. This information is crucial
as according to current guidelines, endoscopic resection
should only be performed for lesions extending into the
mucosal or superficial submucosal layer, regardless of
lymph node involvement. For those with deeper invasion
the recommended treatment is surgery.’> In 2019, Zhu et
al developed a CNN-CAD model using 790 endoscopic
images to train the Al system to determine the invasion
and depth of gastric cancer. The model was then tested on
another 203 images showing an overall accuracy of 89.16%,
with higher accuracy and sensitivity when compared with
endoscopists, at 71.49% accuracy.*

In summary, Al shows promise in increasing the detection
rate of EGCs and to determine the extent of invasion into
the gastric mucosa. Cancer Research UK recently awarded a
new grant to further develop Al programs for EGC detection
showing ongoing dedicated research into endoscopy within
the NHS.* At the current time of writing, no AI models are
validated for real-time clinical use. However, at present there
is an ongoing multi-centre, randomised, controlled, patient-
blinded, trial to test ENDOANGELs new ENDOANGEL-
GC (gastric cancer) which will run in real-time endoscopy
and combines the functions of blind spot monitoring and
lesion detection. The study plans to enroll 30,000 participants
from > 20 large-scale primary digestive centres in China.*

3. Al for the detection of H.Pylori

Helicobacter pylori, H.Pylori, is a gram-negative bacterium
that specifically colonises the gastric epithelium and is the
most common bacterial infection globally, with nearly 50%
of the world’s population being infected.*® H.Pylori is well
known for its association with gastroduodenal ulcers, gastric
carcinoma, or MALT lymphoma.*’

At present, testing for H.Pylori during endoscopy requires
gastric biopsies with rapid urease test, histology, or culture.*®
Al-technology models have been trained to assess and detect
the presence of H.Pylori infection during standard endoscopy
without the need for a biopsy sample.

In 2018, Itoh et al. created an Al model which used 596
training images for detection of H.Pylori. When the model
was tested it showed a sensitivity and specificity of 86.7%
and 86.7 % respectively.* In 2023, Lin et al designed several
CNN networks to test the detection of H.Pylori in images.
They concluded their scSE-CatBoost classification CNN-
model can achieve a high accuracy for the diagnosis of H.
Pylori infection with white light endoscopic image, with an
accuracy of 90%, sensitivity 100% and specificity of 81%.%
Whilst AT for assisted detection of H.Pylori is not currently
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available; studies show that it is entirely possible to detect
H.Pylori with visual detection alone in endoscopy. This
could in turn reduce the need for unnecessary biopsies and
further diagnostic testing, thus widely reducing the cost and
carbon footprint.

4. Al in the colon

Every year over 500,000 colonoscopies are performed within
the NHS.? Some for screening purposes, some for diagnostic
and others for therapeutic reasons. One of the most common
indications for colonoscopy is the investigation of /screening
for bowel cancer. Bowel cancer is the 4" most common
cancer and the 3" most common cause of cancer related death
worldwide.* Over 15,000 people die from bowel cancer in
UK on an annual basis.*? This figure has been falling since
the 1970s, partly due to screening programs and improved
treatment techniques.

A key standard in colonoscopy is Post Colonoscopy
Colorectal Cancer (PCCRC) rate, that is to say colorectal
cancer that develops prior to or seen at the next surveillance
colonoscopy.”® It has been shown that an endoscopist’s
adenoma detection rate (ADR), the percentage of patients
with at least one histologically proven adenoma or
carcinoma during colonoscopy, is inversely correlated to
PCCRC.*This highlights that a lower ADR is suggestive of
an increased likelihood of missed precancerous adenomas/
malignant lesions. Corley et al meta-analysis of over
300,000 colonoscopies reported that for every 1% increase
in ADR the rate of PCCRC drops by 3%.* Other than
ADR, the RCP Joint Advisory Group (JAG) on endoscopy
has outlined performance indexes that indicate high
quality endoscopy. With regards to colonoscopy these are
outlined as >100 procedures by the endoscopist annually,
100% DRE examination, 90% Caecal intubation rate,
Adenoma Dectection rate (ADR) 15%, Polyp Retrieval rate
90%, withdrawal time at least 6 minutes, rectal retroversion
90%, adequate bowel preparation in 90%, and targets relating
to adverse outcome and patient satisfaction/sedation.** Of
note, European guidelines set a minimal target ADR of
25%.%

To date there have been numerous studies on whether Al
leads to an improvement in ADR or not. Rapici et al in Italy
showed during a RCT that even in an expert centre ADR was
increased from 40.8% in the control to 54.8% with the aid
of Al enhanced colonoscopy using Medtronic’s GI Genius.*
Multiple other studies have replicated this data; the caveat
however is that they often fail to comment on the level of
expertise of the endoscopist. The largest RCT performed
to date, by Mangas-Sanjuan et al in Spain, displayed no
difference in ADR when their Al program was in the
hands of expert endoscopists.*’ In this study there was an
exceptionally high ADR of 62% within the control group. The
wide variance in the performance of endoscopists depending
on level of expertise, and various capabilities of the tested
Al systems, may be responsible for such discrepancies
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in reports. And ADRs vary widely, 7 to 53% respectively
depending on the endoscopists competence.* The precursor
to ADR is PDR (polyp detection rate) but the two might not
be correlated as strongly as one might think. Al increases
PDR in nearly all studies one can come across. A substantial
proportion of this increase in polyp detection are diminutive
polyps (5mm or less).*® They respectively have the lowest
pre-test risk of malignant transformation.*® With the practice
of excising all detected polyps this leads to an increased, and
possibly unnecessary, polyp resection which puts the patient
at increased risk of resection related adverse events and
increases demand on histopathology services.

Whether this all correlates to an important end-goal
outcome, the reduction in PCCRC, that evidence is not
available currently. What has been shown is that Al assisted
colonoscopy can reduce Adenoma Miss Rate (AMR) on
tandem colonoscopies from 37% to 14%.* The assumption
could be made that given a reduction in AMR, there will
inevitably be a reduction in PCCRC.

In 2022, M.Ariea et al published their article on a Markov
model microsimulation in the Lancet. They hypothesised
the effect of Al assisted colonoscopy in a screening program
compared to non-augmented colonoscopy within the US
population. Their model theorised that on a national level
Al assisted colonoscopy would lead to 7,194 less cases of
CRC and 2,089 less deaths secondary to CRC and a yearly
cost saving of $290 million dollars.”® However many of
the authors in this paper had conflicts of interests as they
were consultants to companies developing Al programs for
endoscopy.

Then there is the second possible capability of Al - CADx. Al
pointofcare diagnosis. The ability to competently differentiate
between precancerous adenomas and other types of polyp
such as hyperplastic or sessile at the time of visualisation.
Current standards stated by PIVI (The American Society for
Gastrointestinal Endoscopy Preservation and Incorporation
of Valuable Endoscopic Innovation) recommend that if
a greater than 90% negative predicative value at visual
diagnosis for adenoma, then a diagnose and leave strategy
could be implemented in the sigmoid colon, and a resect and
discard strategy could be employed in the remaining colon
for diminutive polyps (<5mm).’! The ability to implement a
dissect and discard approach based of effective CADx is of
perceived great economic benefit as a number of diminutive
polyps may not require pathological analysis. Multiple studies
have shown that Al-augmented colonoscopy surpasses PIVI
standards and supports a dissect and discard/diagnose and
leave strategy.’>** There is suggestion there is reluctance to
employ these strategies by endoscopists as they inherently
come with perceived increased medical-legal risk.> It has
however been shown to improve confidence of endoscopists
attempting to visually diagnose polyps at resection.” Expert
endoscopists trained in optical diagnosis can exceed these
PIVI standards.”® By implementing CADe technology this
could help expert endoscopists feel confident enough in their
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own ability, enabling them to adopt a resect and discard/
diagnose and leave approach when Al is in concordance with
their decision, i.e. a second pair of expert eyes in agreeance.
Currently these strategies are scarcely used worldwide. Al
may be the tool that overcomes the barriers to entry with
this approach, increasing endoscopist performance and
confidence.

In June 2023, the UK government awarded a fund of
2.5million for use of Medtronic’s GI genius Al endoscopy
system. This is called the NAIAD trial (Nationwide
study of Artificial Intelligence in Adenoma Detection for
colonoscopy). It is led by Kings College London, and taking
place over a 2-year period, it will involve 4,000 colonoscopy
patients in 20 different hospitals across England. So far, this
is the largest study on use of Al in gastroenterology within
the NHS.*

At present, there are commercially available Al systems that
can be used as an adjunct during colonoscopy to increase
adenoma detection. GI Genius of Medtronic (Ireland),
EndoBrain of Cybernet (Japan) and Endo-Aid of Olympus
(Japan) as a few examples.

Other than detecting and diagnosing polyps with the
assistance of Al there are other areas undergoing evaluation.
Al programs have been developed that can assist endoscopists
in determining quality of colonoscopy by providing
immediate feedback on certain aspects. These include
percentage of bowel mucosa visualised, grading of bowel
preparation, quality of image resolution, the appropriateness
of bowel distension and the adequacy of the withdrawal
speed.”” With regards to analysing the degree of mucosal
invasion Al has been shown to distinguish non-invasive and
superficially invasive neoplasms from invasive neoplasms
with an accuracy of 91%.%

Investigation into IBD has also been promising with Al
programs being shown to be able to detect persistent
histological inflammation based on endoscopic images with
an accuracy of 91%.%

5. Al in Small Capsule Endoscopy (SCE)

Capsule Endoscopy is a less invasive procedure compared
to gastroscopy and colonoscopy. The patient swallows a
vitamin sized capsule that contains a camera, light array and
transmitter which is connected to an external storage device
worn by the patient. The capsule then travels the length of
the digestive tract capturing images along the way, most
importantly of the small intestine. The small bowel can
be visualised in entirety during successful double balloon
enteroscopy but SCE has much fewer inherent risks, is
more tolerable by patients and achieves complete imaging
of the small bowel in a greater percentage of studies.* Its
major drawback being the inability at present to implement
treatment at time of visualisation. The indications for
SCE are wide. In the small bowel SCEs are the first line
investigation for suspected small bowel bleeds, have use
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in the detection of small bowel tumors and aiding the
diagnosis and evaluation of Crohn’s and Coeliac disease.®'
They also have their benefits in the oesophagus and large
bowel, particularly when sedation for slightly more invasive
procedures would be deemed risky or delays procedure due
to logistical reasons.®'

The duration from ingestion to complete passage through
the small bowel varies greatly during SCE. The average
time taken to reach and pass through the ileocecal valve can
be expected to be around 4-6 hours.? This results in the
acquisition of approximately 50,000 images, all of which
require detailed review. Quality standards recommend
expert readers set more than 45 minutes aside to review one
single investigation, with regular breaks to avoid fatigue and
associated lapses in concentration.®

Reducing the time required for clinician analysis and
improvement in diagnostic accuracy are the two perceivable
outcomes from well working Al in SCE. By reducing the
number of redundant/duplicate images the clinician is
required to review and presenting images determined to
contain pathology a clinician’s time can be effectively
prioritised.

Most studies analyse the ability of an Al program to detect
a particular type of lesion. Aoiki et al showed an accuracy
of 90.8% for the detection of erosions and ulcers, while Fan
et al. found an accuracy of 95.2%.54% Yuan et al displayed
an accuracy of 98% for Al assisted detection of polyps.*
As Al programs become even more sophisticated it is
hoped that accuracy will continue to improve. Ideally the
Al programs in question would be proficient in detecting
multiple abnormalities. For this there are fewer studies to
draw from but Ding et al showed a sensitivity of 99.9%
for Al augmented reading vs 74.6% for gastroenterologists
alone (field of 20) in over 5000 investigations with a mean
reading time of 5.9 minutes vs 96.6 minutes.” This study
failed to comment on the gastroenterologists expertise level
and their sensitivity of 74.6% is remarkably low compared
to expert standards. It does however highlight the benefits Al
can achieve in readers with lower expertise.

The introduction of various capsule systems with inbuilt
artificial intelligence reached the market. The Navicam SB
of ANX Robotica (USA), OMOM HD of Jinshan (China)
and the Mirocam of IntroMedic (S.Korea) are some
commercially available systems.

Limitations for Al

The growing research in Al in endoscopy is exciting for
future practice, however it also comes with new challenges
and limitations that need to be recognised. The major
limitation inherent to Al is hallucinations. This is a computer
term relevant to Al but it can be understood as errors on the
programs part. For example, a chatbot or computer tool can
produce impressive and seemingly correct answers however
these are non-sensical and not based on any training data.
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In healthcare this may translate as an incorrectly diagnosed
malignant lesion based on no recognised input algorithm.
In endoscopy, this could lead to unnecessary biopsies or
intervention, or conversely result in ignoring pathology
of concern. Thankfully, there are ways to reduce Al
hallucinations. The major factors that impact the occurrence
of hallucinations are discussed here.

Modern Al systems develop CNNs from a catalogue of input
data that teaches it to the desired output. We live in the age of
big data where Al systems have the potential to be exposed
to an enormous amount of input training data. However, that
is not always for the better. There is evidence to suggest that
past a certain point, the more data imputed into the Al for
training, the more likely that the algorithm will be specific
to the training set and not applicable to a wider population.®®
Overtraining of the program leads to overfitting. This can
result in an increased chance of incorrect responses to new
data. L.e. the quality of the training data is just as important
as the volume of data used for training. Training an Al
program with diverse, high quality raw data is one approach
to reducing the rate of hallucinations.

Another way incorrect responses arise is from inappropriate
use. Clinicians will be required to ensure that they are using
any Al technology in the setting that it was validated for
use in. For example, a program developed with the ability
to detect sites of bleeding within the large bowel during
colonoscopy. It would be inappropriate for a clinician to use
this software to aid detection of bleeding during gastroscopy
unless validated to do so. While the software may still
recognise and detect bleeding sites during gastroscopy, if it
has not been validated to do so, then the risk of missed or
inappropriately labelled pathology is unknown. It may be
that Al programs will be intelligent enough to know when
they are being used inappropriately and therefore direct
clinicians to this nature.

Generally, DLL models output a response without explaining
the decision process and diagnosis basis. With any given
response interpreters are unable to ascertain how Al has
arrived at that particular response — this issue is referred to
as the ‘Blackbox’ of Al. With this, physicians are directed to
place their trust in Al programs, while these programs are
unable to explain how or why they arrived at a particular
outcome. Clinicians are unable to fact check the logic behind
the program’s response. If an adverse outcome were to
manifest from an incorrect response that a clinician acts on — it
raises the issue as to who is responsible, clinician or computer?
In our opinion, the clinician has the ultimate responsibility
for clinical care and decisions made. They should be aware
of the potential shortcomings of their investigative tools. Its
for this reason, Al programs will always require a degree of
clinician oversight. Al programs should assist clinicians but
be overruled when the clinician’s clinical acumen would lead
them to take a differing response. A way to help overcome
the ‘Blackbox’ issue is through developing Al systems in
which the program can logistically explain how it arrived at
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a specific response. Within endoscopy, ENDOANGEL- ED
(Explainable Diagnosis) has been developed for EGC.3 It
presents its responses identifying six key analysis areas that
aided its decision making. Al programs with inbuilt functions
of this nature will help to improve trust and confidence in
produced responses.

One perceived benefit of Al in endoscopy is the view that
when computerised CADx and CADe systems are in place
this will improve standardisation across the field, as it makes
endoscopy a less operator dependent procedure. This can also
help compensate for human errors that occur due to many
factors such as fatigue, stress, or inattention. Whilst this is
an agreeable point, there is the antagonistic view of - are we
then making endoscopists reliant and dependent on AI? Will
this limit their skill set and reduce their role in autonomous
decisions in patient care or will it simply increase the speed
of their learning curve?

Summary_

Al-assisted endoscopy has the potential to improve both
patient outcomes and simultaneously reduce clinician
workload. While the clinician will never be replaced, these
systems will endeavor to act as an assistant with capabilities
that a human cannot possess, such as heightened visual acuity,
advanced pattern recognition and increased processing
speed. Clinicians will be required to educate themselves
on new innovative technologies and use them effectively
for their intended purpose, whilst also acknowledging the
limitations and challenges created when working with Al
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