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Summary

Recent developments in artificial intelligence and machine learning have led to novel and promising
applications in gastrointestinal endoscopy and beyond. Endoscopic Al has already become a topic of
intensive research and marketing, and a recent review in this journal is a timely and thorough guide
that defines terminology and outlines best practices for the development and assessment of Al
systems. Our commentary highlights selected aspects of Al research and elaborates upon potential
roles that the Gl scientific community and professional societies may play in ensuring that the
preclinical achievements translate into clinical reality. We believe that: Databases of diagnostic Al
software need to be made transparent as should the conditions of the testing scenarios. Clinical
expertise is required from the early phases of system development and testing. Medicolegal
implications need to be clarified as Al gets increasingly involved in medical decision making. Finally,
through the establishment of a continuously updated and curated, dedicated database for Al system
evaluation (“rolling gold standard”), the Gl societies could actively advance and frame this ever-
changing field.



Artificial intelligence (Al) has been portrayed as a silver bullet for a number of challenges
encountered in Gl endoscopy and beyond. Intense research, commercial, and media focus have led
to the publication of studies with modest patient numbers and comparatively simple technology.
There is no doubt that machine learning will be a determining medical development for the years to
come. However, now that the dust has begun to settle, we are at a critical juncture where the focus
is shifting from pre-clinical work toward the role of machine learning in clinical practice. Current
issues relate to the evaluation and testing of Al systems, especially regarding patient outcomes, and
to regulatory issues surrounding implementation. Many of these aspects pertain to one overarching
guestion: how can we ensure that preclinical results translate into trustworthy clinical reality?

For the endoscopist, whether as a reader, a reviewer or a potential user of Al, it becomes
increasingly important to understand the technical aspects of the systems and their performance
measurements in order to realistically assess their practical value. Therefore, with Gl endoscopy
machine learning at the jump-off point from proof-of-principle studies [1-7] to clinical trials [8—12] —
van der Sommen et al. provide us with an accessible guide to understand, assess and critically review
the current ML endoscopy literature [13].

Our commentary highlights selected aspects of this review and Al as a whole and elaborates on the
role of the Gl endoscopy community with regards to both experiencing and framing the way ahead.
In particular, we advocate a close collaboration of technology scientists and clinicians from early
development phases onward to allow for the development of well-tailored Al algorithms and realistic
preclinical testing. More transparency is needed with respect to the training data and the algorithm
development process. In addition, in the legislative debates, the endoscopy societies need to play a
critical role in defining the research priorities, minimum standards and quality metrics by having a
strong voice and presence in this field. Furthermore, we propose the establishment of a “rolling gold
standard” to meet requirements for continuous re-testing and benchmarking of Al systems.

How to Develop and Test Artificial Intelligence Systems — Clinical Contributions to Preclinical Al

The review in the previous issue of Gut starts with an excellent overview of “commonly (mis-)used
terminology” of deep learning. The authors present essential methods and directly link them to
specific pitfalls, with a particular focus on an important question: How shall we evaluate Al systems
so that their performance translates into clinical reality?

On the technical level, this is closely related to ‘generalizability’. As the authors explain,
generalizability of an Al model refers to how well the model can cope with unknown data or data of a
different source than its training data - e.g. images captured with SD resolution when the model was
trained with HD images. Generalizability is countered by the concept of ‘overfitting’: As nicely
summarized in Figure 1 of the review, this refers to the tendency of a ML model to capture details of
the training data so tightly that it does not learn meaningful information beyond the training data
set. Therefore, to examine whether the model improves or overfits, it is imperative to continuously
test it on independent data which was not already utilized during the training process.

However, as the authors explain, this seemingly easy step is prone to pitfalls that lead to an
overestimation of model performance: If for instance, endoscopy videos are split frame-by-frame
rather than used in their entirety at the patient level, the model will be trained on one frame and
validated on the next one (showing essentially the same view). This is nothing but the machine
learning analogy of re-using the same exam question every year — it allows the student (or Al model)
to achieve a high score by memorizing data by heart (‘overfit’) rather than by learning ‘new’
meaningful information. A similar source of performance overestimation or ‘bias’ is the association
of certain diagnoses (e.g., presence of a visible lesion) with other imaging properties: For instance,
detection of a suspicious lesion through Al could be linked to the use of NBI imaging, which the
examiner always uses in these instances. Van der Sommen et al. demonstrate that problems with
biases or the independence of datasets can be subtle and can occur on either the clinical or technical
side. Testing of Al models is not trivial.



For the evaluation of Al models, we want to stress that one can observe considerable differences in
algorithm performance based on the pre-clinical testing scenarios that are designed. For a polyp
detection system, for instance, a “deliberately missed polyp scenario” [14] is a different story than
high-quality close-up images from retrospectively collected examination videos, which are used in
many studies. In general, testing scenarios should “[mimic] daily practice during endoscope
withdrawal, where a polyp might be missed”, as van der Sommen et al. claim, and realistic evaluation
of Al systems requires an understanding of the intended clinical role and application which
“highlights the importance of [...] continuous multidisciplinary interactions”.

All these challenges from dataset design (splitting, biases) to model evaluation (testing scenarios)
emphasize the value of a close and continuous interaction between engineers and endoscopists.
perhaps even prior to the identification of a research question. At the first sight, model
implementation might appear to be in the domain of the tech scientists. However, we want to stress
that, even at this stage, clinicians can inject significant knowledge and provide input regarding the
clinical question at hand and how they approach corresponding scenarios. In fact, designing machine
learning models as a close mimicry of how humans approach analogous tasks can improve
performance [15]. Therefore, the endoscopy community should definitely attempt to get involved in
the development and testing phases on a continuous basis and at an early stage. Institutional
support and dedicated funding for a closer interaction would certainly help toward the establishment
of what has already been coined as “endoneering” [16].

How to Report on Artificial Intelligence Systems —a Demand for Transparency

Artificial intelligence, as of today, inherently is a ‘black box’. Millions of internal parameters make it
hard or impossible to really understand the inner workings of a system and to explain which features
lead to which decision. And despite being a topic of intense research, [17,18], explainability remains
a relevant limitation, and will probably continue to be in the future. This has implications on the
transparency that should be required by the Gl community. In publications, presentations and live
demos, we often get the impression that most systems are heavily trained on small polyps, so that
large and flat lesions are highlighted by only one or two small frames somewhere within the polyp. It
could be argued that a weaker performance on large polyps may not be too problematic. However, a
similar effect in the detection of more subtle lesions cannot be excluded without knowledge of the
training set, as long as the inner workings of the system cannot be analyzed in depth. Therefore, we
regard it essential to know the basis of which data an Al system was developed to assess its scope of
application to the end user. To date, this is only known from one system, which used data from a
prospective chromoendoscopy study [19]. For the inherent opacity of current Al, the assessment of
the scope of application is dependent on knowledge of the training data, and more data
transparency will be needed in the future.

Also, even if this is a sensitive issue and by no means new, commercial interests are strongly in favor
of publishing positive results or may lead to “[production of] black box systems without supporting
scientific evidence” to protect intellectual property. Generally, conflicts of interest are as important
as in other fields and should be declared with the same scrutiny and we should push for high-class
evidence and transparency. As a side note, Al is not immune to generating favorable results by
selecting a favorable performance metric, as van der Sommen et al. explain. In the Al world, there
are huge differences between the various valid metrics utilized for machine learning models and this
topic in itself has become the subject of heated discussions [20]. Moreover, even seemingly basic
measures such as sensitivity and false positives rates can be implemented in many different ways
[21] — this should lead to all of us demanding further transparency also on why a given metric is
chosen.

Coming back to the inherent opacity of the Al systems, this also implies medicolegal challenges
regarding, e.g., model certification or the liability of the manufacturer. For instance, its black box
nature may make it harder to check the validity of an Al system prior to deployment or prove its
defectiveness in the court of law [22]. In the EU, this has led to debates on possible legislation



regarding the transparency of the algorithms [23] or obligations to detail or even preserve the
training data [22]. Adaptive algorithms, i.e. Al systems that continue to learn after deployment, pose
an additional challenge and will require specific regulation and further transparency on performance
objectives and change protocols (as proposed by the FDA under the “total product lifecycle (TPLC)
regulatory approach” [24]).

Yet another topic of the current regulatory debate is ‘risk classification’ of Al systems. For the
clinician, it seems obvious that a device may help with detecting a few (or at best many) additional
small polyps. However, interference with tissue diagnosis and ‘objective’ clinical management is an
entirely different field. To avoid a scenario in which well-intended but overly strict risk classifications
hamper the introduction and improvement of these systems, it is necessary that regulatory debates
acknowledge the differences between specific applications [25]. Therefore, to ensure that future
regulatory frameworks balance safety, transparency and permissiveness for innovation, the
endoscopy societies should inject their knowledge of foreseeable techniques and application
scenarios into the political debates.

Thus, to assess the validity and the scope of application of the systems, the community should at
least require that the development process, the training data and the testing scenarios are described
in detail and with particular focus on clinical aspects. Concerning basic and pre-clinical studies,
publication of model source codes may be encouraged to ensure transparency and reproducibility —
in line with corresponding trends in computer science. Research on Al explainability should be
welcomed by the community. These aspects are paralleled by regulatory debates on data and
algorithm transparency, and the societies should play a major role in this process.

How to Benchmark and (Re-)Certify Artificial Intelligence Systems

With regards to the clinical adoption of Al systems, van der Sommen et al. mention that, aside from
the clinical trials which each individual system will have to pass, there may be an additional need to
compare different systems, which society-collected “benchmarking datasets” might address. We
expect the need for independent benchmarking to reach even beyond this scenario. Therefore, we
propose, support and expand upon the idea of society-curated benchmark datasets [26,27].

We argue that, in principle, every Al system may require continued re-testing with the introduction
of a new generation of scopes. This is because the generalizability of an Al system to new hardware
conditions is difficult to guarantee. Also, minor updates of the Al system itself, introduction of
additional features or continuous training of adaptive systems might require repeated re-testing. It is
clearly impractical to achieve this with clinical trials only. Therefore, even though randomized clinical
trials will remain the gold standard, there will be a need for an additional means for Al testing before,
aside and after clinical trials. We have to develop cost-effective means to conduct such testing and
ensure they are trustworthy. When benchmarking against a dataset, the dataset itself needs to be
continuously updated to new hardware and new applications. This is for the same reason that
requires re-testing of the Al system itself, namely insecure generalizability to changing conditions.

We, therefore, suggest to establish a ‘rolling gold standard’ for endoscopic Al benchmarking —a
closed, hidden and endoscopy society-curated dataset that is regularly updated to new endoscope
generations and other changing conditions (also cf. [27]). Further technical requirements need to be
established by the GI community. In order to ensure that the benchmarking dataset remains hidden,
for instance, tests need to be conducted on dedicated society hardware, and strictly only on random
subsets of the entire benchmark dataset. Moreover, with up-coming applications for outcome
prediction in mind, clinical follow-up might be sought from the beginning. To ensure that model
uncertainty can be acknowledged and in line with further trends in machine learning, annotations by
multiple individual experts should be maintained and not merged into a consensus annotation.
Moreover, such efforts might also be used as an opportunity to support recent claims [27,28] and
steps [29,30] toward the establishment of additional, public datasets for Al development, following
the example of the well-established ImageNet dataset [31].



Furthermore and most importantly, it needs to be debated whether and how all this can be realized
given the current market conditions in Gl endoscopy. Also, we need solutions on how a ‘rolling gold
standard’ can be implemented in the certification processes to handle (re-)certification and re-
testing for software and hardware updates. For instance, one could envision a framework in which
the independent (re-)evaluation of commercial Al systems is offered as a service to the industry, in
exchange for a fee that enables the societies to fund the curation and updating of the ‘rolling gold
standard’. Current regulatory debates on how to involve stakeholders in the development of ex-post
tests, [22], as well as attempts toward a “total product lifecycle regulatory approach®, [24], might
create a window of opportunity for the endoscopy societies to put forward and establish a rolling
gold standard for Al benchmarking.

What to expect

The ultimate question remains: where is Al headed in clinical Gl endoscopy? Looking into other areas
in and also outside of medicine, the implementation of Al into daily routine seems inevitable. This
creates enormous potential for improvements in our daily work life. As usual with innovations,
market forces and scientific evidence both compete and cooperate in many different and often
unforeseen ways. However, it is anticipated that Al will become part of the next generation of
instruments of virtually all manufacturers and competing independent and software solutions may
find their way to the endoscopy practice as well.

Endoscopists will probably use Al in routine endoscopy for lesion detection as well as eventually
tissue diagnosis and perhaps even prediction of prognosis: The latter aspects have a potential to
become a game changer for optical diagnosis. Furthermore, Al can improve endoscopy through many
other applications. These range from automated report generation and procedure documentation,
e.g. based on the recognition of anatomical landmarks [32] and endoscopic equipment [33], over
procedural [8] to preparatory [34] quality monitoring. Also, complementary to automated report
generation, Al-based methods have already been used for the extraction of standardized information
[35] or the detection of genetic polyposis syndrome from previous medical records [36]. Al may push
the rapid development of capsule-based imaging or telemedicine applications and interactions.
Various Al applications with regards to patient management, logistical support and virtual training
can be envisioned, in parallel to developments in other areas of service provision. Therefore, it is
very welcome that the societies have entered debates on how to focus research and prioritize
applications [26]. Additionally, we should continuously push for high-class evidence from outcome
trials and monitor Al implementation over time, even though this might also lead to disillusions in
certain cases [37].

Machine learning in Gl endoscopy builds on the collaboration of clinical endoscopy, basic computer
science, regulatory agencies and the Gl societies. To avoid major pitfalls, a mutual understanding of
these disciplines is vital. We hope that this commentary and the original review will ignite and
influence a number of debates on how the endoscopy community may pave the path ahead: For
instance, we need to assess the validity and the scope of systems despite their inherent ‘black box
nature’. Therefore, the community needs to debate how to systematically and transparently report
on training and testing scenarios. The societies should assume a role in the political debate to ensure
a balanced, permissive and application-specific regulatory approach. With regards to an anticipated
demand to test, re-test and compare machine learning systems before, aside and after clinical trials,
we envision that regularly updated benchmarking datasets as a ‘rolling gold standard’ could provide
an ideal framework.
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