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Artificial intelligence (AI), encompassing various methods that enable computers to process complex data and
perform tasks previously requiring human input, is set to play a pivotal role in the future of inflammatory bowel
diseases (IBDs) health care and research. This review examines Al’s role in IBD and outlines a roadmap of pri-
orities for developments in the field. To fully harness Al’s potential for advancing high-quality health care and
scientific discovery in IBD, large and diverse data sets are essential, along with Al tools that undergo rigorous
and continuous validation. In addition, because Al becomes increasingly integrated into IBD care, it will be
essential to study and optimize clinician—Al interactions and to provide education for health care professionals
on the effective use of Al. (Gastrointest Endosc 2026;103:661-71.)

INTRODUCTION

Caring for patients with inflammatory bowel disease
(IBD) is becoming increasingly complex, particularly
with the introduction of multiple new targeted immune
modulator (TIM) therapies over the past decade. Despite
the expanding range of treatment options, a significant
need for improvement in clinical care remains because
only a minority of patients achieve the treatment target
of mucosal healing."* Furthermore, despite efforts to stan-
dardize care to a minimum quality level, IBD management
is highly variable, with evidence that care is fragmented for
many patients across centers and providers.” In addition,
gaps persist in research, particularly in understanding
the pathogenesis of IBD, opportunities for early intercep-
tion of the disease, and determining the optimal allocation
of medical and surgical therapies. Because IBD care be-
comes more specialized, tools that enhance the standard-
ization of specialty care stand to improve population-level
outcomes.

Artificial intelligence (AI), which includes multiple me-
thods that enable computers to process complex data and
complete tasks that previously required humans, is posi-
tioned to potentially be a powerful tool to address these clin-
ical and research gaps. Although Al applications in IBD
remain in their early investigational stages, there is emerging
evidence that suggests Al will have a widespread impact on
both clinical care and scientific advancements."" In addi-
tion, Al stands to equip clinicians and researchers with new
tools and methods for exploring insights and making new

discoveries. This review explores the role of Al in IBD and pri-
oritizes a roadmap for its development in the field (Table 1).
Importantly, realizing the full potential of Al to advance high-
quality health care delivery and scientific discovery in IBD will
require large, diverse, de-identified IBD data sets, along with
Al tools that are rigorously and continuously validated. Study-
ing and optimizing clinician—Al interactions will also provide
essential guidance because Al becomes embedded in IBD
care and research.

INTRODUCTION TO Al

Al incorporates components of electronic data collec-
tion, modeling of digital information to represent com-
plex, often qualitative human concepts (eg, “remission”)
and ultimately, replicating human cognitive tasks.”"'
Table 2 outlines the key Al terms including machine
learning (ML), deep learning (DL), natural language pro-
cessing (NLP), large language models (LLMs), computer
vision (CV), and generative Al along with their definitions,
hierarchical relationships as subsets within Al, and com-
mon applications such as classification, prediction, dy-
namic language generation, and synthetic data creation. '

Regardless of the type of Al used, all models require
training data where the Al learns patterns. A subset of
data not seen during training is used to test the model af-
ter training concludes. A variety of metrics, such as F1
score, which balances the models’ ability to correctly iden-
tify positive instances and minimize false positives and
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TABLE 1. Al in IBD priorities

Al in IBD priority

Widely adopted automated disease activity monitoring enabled
by Al

Unmet needs and priority addresses

e Standardized disease activity assessment
e Population health
Real-world comparative effectiveness

Decreasing the time from therapeutic discovery to regulatory
approval with Al integration

Decrease trial costs

Decreased time to enrollment

Decrease placebo needs

Increase therapeutics under investigation

Optimize therapeutic selection with Al-driven precision medicine
tools

e Decrease uncontrolled disease
e Improve clinical outcomes

Improve IBD administrative workflows with Al

e Reduce insurance approval delays
e Reduce human effort in administrative tasks
e Patient education

Large public de-identified multimodal IBD data sets to maximize
the potential of Al in IBD

e Support IBD Al innovation
e Allow for benchmarking and comparative performance of models

Regulation to support integration of Al into IBD clinical practice

e Improve algorithm and safety
e Advance implementation science of clinician-Al interaction

The page numbers in parentheses reflect the location of each priority discussed in this article.

Al, Artificial intelligence; IBD, inflammatory bowel disease.

negatives, are used to evaluate the performance of models
depending on the task."” The field of Al is undergoing
rapid advancement with new model architectures that
require progressively less training data and hardware us-
age, increasing the availability of these tools."* Impor-
tantly, Al is unable to learn from data that do not exist;
if a clinician did not capture important findings in their
procedure or clinical encounter, Al will not be able to learn
from or detect them. There remains a role for note templates
to help ensure all important information is captured.'” This
technology update was developed through an expert review
process led by members of the American Society for
Gastrointestinal Endoscopy Al in Gastroenterology Insti-
tute with recognized expertise in Al and IBD. Existing
Al applications in IBD, with a view toward the steps
needed to bring Al tools from pilot-studies to large-
scale evaluation and implementation, are focused. Expert
insights were gathered through iterative discussions and
a critical review of emerging evidence to identify key
challenges, opportunities, and priorities for advancing
Al applications in IBD. The final synthesis reflects the
expert panel’s collective perspectives, supported by a tar-
geted literature review and consensus refinement.

Al in IBD priority: widely adopted automated
disease activity monitoring enabled by Al
Disease activity monitoring through endoscopy, histol-
ogy, and imaging is critical in the modern treatment to
target paradigm of aiming for mucosal normalization.'
However, the scoring systems used in endoscopy, pathol-
ogy, and imaging suffer from suboptimal adoption in IBD
clinical practice. In addition to limited uptake in routine
care, there can be subjectivity inherent in these scores.'’

Automated disease activity assessment is likely the most
near-term task in IBD care and research that Al will soon
standardize and automate.

Passive Al-driven disease activity scoring in endoscopy,
imaging, and pathology offers significant benefits beyond
standardization. It enables quicker identification of pa-
tients for clinical trials without waiting for central reader
confirmation or repeat endoscopy, expediting enroll-
ment.'® Clinical trials can reduce reliance on resource-
intensive human readers, using algorithmic evaluation
for most cases and reserving human review for low-
confidence scores. Over time, this approach may lower
trial costs, expand investigational therapy pipelines, and
enhance standardized, reproducible disease assessment
in clinical and regulated settings.

Endoscopy and histology

Over the last 2 decades, research groups have success-
fully shown that Al is capable of performing disease activ-
ity assessment using existing standardized scoring
systems of endoscopic images, video, and procedure
report text with similar accuracy as expert humans, espe-
cially in ulcerative colitis (UC) with the Mayo Endoscopic
Score (MES) and Ulcerative Colitis Endoscopic Index of
Severity.' L1928 A recent systematic review and meta-
analysis of 12 studies demonstrated that Al achieved
high sensitivity and specificity in assessing mucosal heal-
ing in UC, with a sensitivity of 0.91 and a specificity of 0.89
for still images and a sensitivity of 0.86 and a specificity of
0.91 for videos.”® However, the evidence is limited by
moderate-to-high heterogeneity between studies (I*
over 90%). The creation of large data sets is essential to
refine Al-driven disease activity assessment, ensuring its
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TABLE 2. Al terms, definitions, hierarchical relationships, and applications

Term Definition Subset Applications
Machine learning  Allows computers to learn from data without Al Classification, prediction
(ML) being explicitly programmed.
Deep learning Uses algorithm architectures modeled after the ML Classification, prediction
human brain to process large data sets.
Natural language Focuses on extracting information from written Al Classification, prediction
processing and spoken language.
(NLP)
Large language Aims to analyze conversational patterns and NLP Generative Al tasks, such as chatbots and dynamic responses
models (LLMs) concepts using natural language.
Computer vision Focuses on processing image data, such as Al Classification, prediction
radiology or pathology images.
Generative Al Models that create new content (eg, text, Al (includes Synthetic data generation (text, patient records, molecular
images) inspired by similar data. LLMs) structures, medical images), dynamic language models

Al, Artificial intelligence.

reliability, standardization, and integration into routine
clinical practice and research.

Histologic remission has been proposed as an aspira-
tional goal in the treatment of IBD; however, we are just
beginning to understand the relationship between histo-
logic features and disease outcomes.'® Al analysis of whole
slide images is able to identify and quantify disease activity
using the Geboes score, a simplified Paddington Interna-
tional virtual ChromoendoScopy ScOre Histologic Remis-
sion Index, and the Global Histologic Disease Activity
Score, with similar agreement between expert patholo-
gists.”” > For example, Rymarczyk and colleagues”' devel-
oped Al models for assessing histologic disease activity
based on the Global Histology Activity Score (GHAS) for
Crohn’s disease (CD) and Geboes subgrades for UC.
These models achieved accuracies ranging from 80% to
89% for GHAS in the colon, 65% to 82% for GHAS in the
ileum, and 65% to 85% for Geboes scale. Al has proven
useful in real-time analysis of endocytoscopy, which allows
for microscopic evaluation of the mucosa at the time of
endoscopy.”®”? In addition, Al analysis of histologic activ-
ity has shown promise in its ability to predict future flare
within a year, which may aid in therapeutic decision-mak-
ing.”*" These advancements highlight Al's potential to
enhance histologic assessment, aiding in a more precise
and predictive approach to IBD management.

Imaging

Imaging is an important complementary method for as-
sessing disease activity alongside endoscopy. Currently
developed Al tools can determine disease activity scores
used in cross-sectional imaging and video capsule endos-
copy (VCE).""™*" Imaging allows for transmural evaluation
of disease activity, which can be seen via CT, MR], and in-
testinal US (IUS). Recent advances in CV and DL, particu-
larly neural network and transformer architectures, have
shown the ability to quantify structural bowel damage
with similar accuracy to expert radiologists but in less

time.*® For example, Holland et al*’ developed an Al dis-
ease severity analysis of magnetic resonance enterography
images, which detected 100% of severe cases and showed
a strong correlation with the existing magnetic resonance
index of activity score. IUS, the only imaging modality able
to evaluate the bowel wall layers, is leading to new under-
standings of IBD disease activity as well as serving as a
noninvasive point-of-care disease activity assessment for
clinical and trial use.”’”” Pilot studies have shown feasi-
bility of Al to automate disease activity assessment for
IUS with an area under the curve (AUC) of 0.75 to
0.98.°>>* In addition, Al can aid in helping inexperienced
providers acquire diagnostic-quality images comparable
to experts without Al, as seen in lung US.””

Al-based VCE models can replicate expert scoring of CD
ulcers with an AUC of 0.91 for the Lewis score (r = 0.751;
P <.0001) and the Capsule Endoscopy Crohn’s Disease Activ-
ity Index ( = 0.707; P < .0001).***® In addition, A models
achieve 91% to 99% accuracy in classifying the MES severity
of VCE used to evaluate colitis."”" Reducing the length of
the VCE video via Al selecting only the important frames
from a mean of 303 minutes to just over 3 minutes may trans-
late to increased use of VCE in clinical practice and trials.”

Current methods of disease evaluation, including imag-
ing and endoscopy, are suboptimal for objectively delin-
eating the ratio of inflammatory versus fibrotic tissue,
which has been limiting the development of antifibrotic
therapies. Radiomics, Al image analysis of texture, shape,
intensity, and spatial relationships within the image that
may not be visible to the human eye, may be the tool
that allows for objective fibrosis evaluation, supporting
the evaluation of future therapeutics. An Al model trained
on enterography images and matched stricture surgical
resection histology was developed, demonstrating supe-
rior accuracy in predicting moderate-to-severe fibrosis
than experienced radiologists, with an AUC of 0.75 versus
0.59.” Other groups have confirmed Al's superiority in
distinguishing fibrosis over expert radiologists.””"!
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X \ fa
Transparent Al Feature Selection
Using large multi-institution
training data

Quantifying Disease Activity
Potentially including
histology 8°

Mapping Disease Activity

Al Redefined Disease Activity
Scores

Continuous Model Monitoring
Adjusting model drift as needed

Evaluation and Optimization
of Clinician-Al Interaction

Al Determined Score
Improving Sensitivity to Changes in
Disease Activity

Figure 1. Proposed pathway for development and maintenance of artificial intelligence (Al) redefined disease activity scores.

New Al-enabled measures and future
multimodel models of IBD

AT will help the field redefine objective disease activity
evaluations by creating new disease activity instruments
that are able to capture more granular detail (Fig. 1). A
recent example is the work by Stidham et al,” which intro-
duced a novel disease activity score derived from a CV
model, known as the cumulative disease score (CDS).
CDS quantifies disease activity by summing MES at regular
intervals along the bowel, enhancing the ability to differen-
tiate treatment responses among patients. CDS successfully
stratified the expected future endoscopic response of
patients in the phase 3 Ustekinumab as Induction and
Maintenance Therapy for Ulcerative Colitis trial of Usteki-
numab. Moreover, CDS demonstrated greater sensitivity
in detecting endoscopic changes than MES (Hedges g,
0.743 vs 0.460), indicating that 50% fewer patients are
required to detect a therapeutic effect. Another example
is the cumulative ileal damage severity score, which is an
Al model trained to evaluate disease severity at 1-cm inter-
vals of enterography images, which was superior to con-
ventional methods of imaging disease activity assessment
for predicting TIM failure in a pilot study of 229 patients
with CD.”

Because multimodal models continue to improve, future
Al-developed disease activity scores will combine multiple
data sources such as imaging, endoscopy, and histology
to produce a more nuanced assessment of disease activ-
ity and phenotypes (Fig. 1). Several crucial components
are still needed to implement widespread, automated,
population-level Al disease activity assessments. Substantial
infrastructure is needed to digitize pathology whole-slide
images, imaging studies, and store endoscopy video re-
cordings. Al stands ready to not only standardize disease
activity scoring in IBD health care delivery, but to be the
tool necessary to develop new scoring systems capable of
capturing a more comprehensive and precise assessment
of disease burden, ultimately enhancing patient manage-
ment, comparative effectiveness, and the evaluation of
future therapeutics.

Key takeaways:

e Al-driven assessment tools for endoscopy, histology,
and imaging in IBD show strong potential to standardize
disease activity scoring, improve clinical trial efficiency,
and reduce reliance on subjective and resource-
intensive human evaluation.

e In endoscopy and histology, Al models demonstrate ac-
curacy comparable to experts using established scoring
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systems such as MES and Geboes, with added capabil-
ities such as predicting disease flares.

e Advanced imaging applications, including CT, MRI, IUS,
and VCE, along with novel Al-generated scoring systems
and multimodal models, are expanding objective, gran-
ular, and predictive disease assessments, paving the
way for improved patient management.

AI IN IBD PRIORITY: DECREASING THE TIME
FROM THERAPEUTIC DISCOVERY TO
REGULATORY APPROVAL WITH Al
INTEGRATION

Al has the potential to transform multiple aspects of
IBD therapeutic development, not only by providing Al-
powered standard measures and potentially decreased
costs, as discussed earlier, but also by automating subject
enrollment and reducing the need for placebo group par-
ticipants.”” Trial Generative Pre-trained Transformer
(TrialGPT) is a readily programmable LLM that searches
through diverse types of medical records to find potential
trial candidates. Applied to oncology trials, Trial GPT had
an AUC of 0.817 for correctly classifying trial subjects.
Although originally evaluated in oncology, TrialGPT offers
a promising model that could be adapted to IBD trial
recruitment pending disease-specific validation and could
be readily applied to IBD trials.”* In addition, LLM-
powered chatbots have been successfully used to monitor
patient progress and response to intervention in smoking
cessation randomized controlled trials (RCTs).”” IBD drug
development trials could adapt these chatbot-based patient
monitoring methods not only in industry-sponsored drug
development studies but also scale them to population-
level disease monitoring studies. Together, these examples
show promise for leveraging Al-assistance to reduce the la-
bor and expense associated with traditional clinical studies.

An additional challenge in clinical trials is declining
recruitment because of concerns about being placed in a
placebo arm.'® Ideally, future RCTs will address this by
leveraging real-time adaptive trial designs with continuous
Al-based monitoring to reduce placebo exposure.”“” Dig-
ital twins are an excellent example of generative Al capabil-
ities. Digital twins produce synthetic patients based on
historical features that may be able to replace a large
portion of placebo patients needed in clinical trials. Using
data from a clinical trial in acute myeloid leukemia, we
matched synthetic digital twin placebo patients with the
demographic and genetic components of original placebo
subjects and had similar simulated responses and out-
comes than actual placebo subjects.””

Postmarketing surveillance for adverse events (AEs)
associated with IBD TIM therapy currently relies on pro-
spective registry studies, spontaneous postmarketing
reporting (eg, the Food and Drug Administrations [FDA]
AE Reporting System), and/or analyses of billing code

data.”””" To address the underreporting and suboptimal

sensitivity and specificity of current AE surveillance

methods, LLM models have been developed to automate
the detection of treatment-emergent AEs recorded in
outpatient IBD clinic notes.’ These tools can help identify
new safety signals and facilitate more informed discussions
with patients about treatment risks. Overall, Al has the po-
tential to improve the entire process of medication research
and development from long-term safety monitoring.

Key takeaways:

e Al can enhance IBD therapeutic development by auto-
mating trial recruitment (eg, with models such as Tri-
alGPT), reducing placebo use through digital twins,
and supporting real-time adaptive trial designs to boost
participation and efficiency.

e LLM-powered tools, including chatbots, show potential
for scalable patient monitoring during clinical trials
and real-world studies, reducing labor and cost burdens.

e Al-driven postmarketing surveillance using LLMs applied
to clinical notes may significantly improve detection of
AEs, strengthening long-term drug safety monitoring.

AI IN IBD PRIORITY: OPTIMIZE THERAPEUTIC
SELECTION WITH AI-DRIVEN PRECISION
MEDICINE TOOLS

The complex interplay of genetic, dietary, environ-
mental, and microbial factors in the pathogenesis of IBD
is increasingly being characterized.”””> However, current
analytical tools remain limited in addressing fundamental
research questions about the origins of the disease.
Groups have used Al as a method to generate hypotheses
behind these complex disease mechanisms. For example,
Al has been used to investigate new genetic signatures of
UC and how these relate to the MES.”* In CD, Al has been
used to analyze the molecular profiles of CD enteroids
compared with controls, identifying fatty acid metabolism
as an important change in CD.”” By integrating multiomics
data, clinical records, and real-world evidence, Al can help
identify novel disease subtypes and therapeutic targets. Al
is being applied in preclinical research to accelerate the
identification of promising therapeutic molecules and pre-
dict drug toxicity.””"® Notably, a generative Al-developed,
gut-restricted prolyl hydroxylase inhibitor (ISM012-042)
for UC demonstrated efficacy in resolving colitis and
restoring intestinal barrier function in a phase Ib trial.”
The Al-developed molecule, ISM012-042, demonstrates
the potential of Al to increase the therapeutics under
investigation.

In addition to detangling the mechanisms behind the
disease, Al will be an important tool in improving our un-
derstanding of the biology behind treatment response to
reduce uncontrolled disease. For example, Verstockt
et al® used Al to identify multiple genes in colon tissue
associated with endoscopic remission after vedolizumab
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treatment but not anti-tumor necrosis factor therapy. Al

may also be able to clarify which patients are unlikely to

experience disease progression and could potentially be
monitored off therapy, as shown in the work of Cushing
et al,”” who used Al to analyze whole transcriptome pro-
files to isolate features associated with indolent CD. IBD
care stands to benefit from the potential of Al-driven tools
capable of generating highly personalized insights to pre-
dict therapeutic response and risk based on multidimen-
sional profiles, paving the way for precision medicine
and improved clinical outcomes.

Key takeaways:

e Al has shown promise in its ability to advance our un-
derstanding of IBD pathogenesis by integrating multio-
mics, clinical data, and real-world evidence to uncover
novel disease mechanisms, subtypes, and therapeutic
targets.

e In both UC and CD, Al has identified new genetic and
molecular signatures and has even contributed to the
development of novel therapeutics.

e Al models aim to improve the prediction of treatment
response and disease progression, with the hope of
enabling more personalized and precise IBD manage-
ment through biologically driven patient stratification.

AI IN IBD PRIORITY: IMPROVE IBD
ADMINISTRATIVE WORKFLOWS WITH AI

The chronic and complex nature of IBD necessitates
detailed and comprehensive clinical documentation to
effectively communicate with a multidisciplinary care team
—an effort that demands significant time from clinicians.”’
In addition, payors increasingly require extensive docu-
mentation to approve TIM therapies essential for many pa-
tients with IBD. To alleviate administrative burden,
multiple companies are developing generative Al and
NLP solutions designed to streamline clinical documenta-
tion. These technologies help reduce clinician workload
by automating the review of historical clinical records
and generating structured clinical notes. Many of these
Al-driven tools use audio from patient—clinician encoun-
ters to transcribe conversations into prespecified note
templates, some of which also produce summaries in
nontechnical language for patients.”*”” Beyond documen-
tation, Al is also being applied to enhance billing accuracy
and minimize insurance denials by ensuring that clinical
notes contain the necessary billing codes and justification
for treatment.”””* Al-enabled tools are also being inte-
grated to track prior authorization status automatically,
reducing manual follow-ups.

Major U.S. insurance networks, including UnitedHealth,
Humana, and CVS, have already implemented Al to auto-
mate claims processing and prior authorization. Notably,
before Al-driven prior authorization, 73% of denials were
overturned on appeal, underscoring the administrative
inefficiencies of the system.”” However, concerns have

emerged regarding transparency in Al-driven insurance pro-
cessing because automated denials may lead to unnecessary
delays and potential patient harm.”*”” These concerns have
sparked class-action lawsuits against insurers using Al for
automated denials.”® Ultimately, it is hoped that future Al
tools will be able to collate and analyze information to pro-
vide the necessary supporting documentation to minimize
denials and the significant administrative burden associated
with IBD care, leading to improved health outcomes for
patients.

For decades, internet search engines have played a key
role in patient education and supportfr Now, generative
Al is enabling patients to input their health information
and receive personalized medical insights with unprece-
dented ease. Major technology companies along with
startups such are likely to develop Al-driven, direct-to-con-
sumer products to meet the growing demand for acces-
sible health information and lifestyle coaching. However,
the accuracy and consistency of these Al-generated out-
puts currently require additional validation. To ensure
the reliable dissemination of high-quality medical informa-
tion, further efforts are needed—presenting a valuable op-
portunity for clinician partnerships in Al development.

Key takeaways:

e Al-powered tools show promise in streamlining clinical
documentation, prior authorization tracking, and billing
in IBD care, significantly reducing clinician workload
and improving administrative efficiency.

e Despite widespread adoption by major insurers, Al-
driven claims processing and prior authorization sys-
tems have raised concerns about transparency and pa-
tient harm because of automated denials, prompting
legal and ethical scrutiny.

e Generative Al is also transforming patient engagement
by offering personalized health information, though
clinician involvement is essential to ensure the accuracy,
safety, and credibility of these emerging patient-facing
tools.

AI IN IBD PRIORITY: LARGE PUBLIC
DE-IDENTIFIED MULTIMODAL IBD DATA SETS
TO MAXIMIZE THE POTENTIAL OF AI IN IBD

Many of the currently available Al initiatives in medicine
are driven by publicly available high-quality data sets such
as chest radiographs, retinal images, and intensive care
data, which provide the opportunity to benchmark model
performance. However, 2 important pieces are necessary
to drive the potential integration and impact of Al in
IBD. First, one of the most significant bottlenecks to the
development of Al in IBD remains data scarcity. There
are no large public de-identified data sets specifically de-
signed for IBD. The future of innovation and growth of
Al in IBD will require large-scale, multi-institutional, de-
identified data sets, which include both structured data
such as billing codes and laboratories and unstructured
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data such as notes, procedure reports, pathology reports,
and imaging. Importantly, de-identification protects pa-
tients from data breaches.”*'”’ There are multiple algo-
rithmic approaches, both open source and commercial,
to ensure all data are de-identified at scale.’’’ Currently,
only clinical trial data are available in IBD on platforms
such as Vivli and YODA.'">'" Collaborative frameworks
are needed to improve standardized approaches for col-
lecting, organizing, and sharing real-world IBD health
care data, including initiatives such as the Observational
Medical Outcomes Partnership (OMOP) Common Data
Model and Fast Healthcare Interoperability Resources
(FHIR).'"" Once data are harmonized into standardized
schemas, federated learning can be used as an ML
approach that enables Al models to be trained across mul-
tiple institutions or data sources without the need to share
or centralize raw data. Instead of transferring sensitive pa-
tient data to a single location for training, federated
learning enables each participating institution to train a
shared AI model locally on their own data. Only model up-
dates—such as learned parameters or gradients—are sent
to a central aggregator, which combines these updates to
improve the global model while keeping patient data
secure and private. The American Society for Gastrointes-
tinal Endoscopy Al Institute is endeavoring to create a de-
identified multi-institutional endoscopy video data set, En-
donet, to address the challenge of data scarcity. An excel-
lent example of AI's potential to reduce variability in IBD
care is its role in dysplasia detection using comprehensive
endoscopic and histologic databases. By enhancing endo-
scopists’ ability to identify the often subtle features of
dysplasia and predict histologic outcomes, Al could help
reduce missed lesions while also minimizing unnecessary
biopsies.'”

An area of investigation addressing data scarcity is
developing varying degrees of synthetic data. Synthetic
data include tabular, text-based, or time-series data gener-
ated by AI models mirroring an original data set’s charac-
teristics.'” Synthetic data hold the promise of potentially
accelerating the research pipeline of Al in IBD; however,
models deployed in clinical settings should be evaluated,
and if needed, fine-tuned, on original data.'”” Synthetic
data offer approaches to enlarge data sets that are too
small, potentially reducing bias, improving fairness, and
enhancing privacy protection.'” Given that the quality
of Al model output is directly related to the quality of
training data, significant additional research is needed to
investigate the potential value of synthetic data in IBD to
better understand the opportunities and limitations of
this approach. Second, the development of IBD Al should
prioritize aligning technological innovation with clearly
defined clinical use-cases, rather than focusing on the
computational techniques using only available data.'”” By
addressing data scarcity and aligning Al innovation with
meaningful clinical applications, the future of Al in IBD

can be shaped to maximize its impact on patient care,

research, and health care delivery.
Key takeaways:

e The advancement of Al in IBD is limited by the absence
of large, public, de-identified data sets, underscoring the
urgent need for multi-institutional data sharing initia-
tives and standardized frameworks such as OMOP and
FHIR.

e Innovative solutions such as federated learning and syn-
thetic data generation offer promising strategies to over-
come data scarcity while preserving patient privacy and
improving model robustness and equity.

e To ensure meaningful impact, future Al development in
IBD must align with clearly defined clinical use-cases,
focusing on applications that directly enhance patient
care, research, and health care delivery.

AI IN IBD PRIORITY: REGULATION TO
SUPPORT INTEGRATION OF AI INTO IBD
CLINICAL PRACTICE

Deploying clinical Al in IBD will require rigorous over-
sight. There is currently no FDA-approved Al for IBD.
Similar to investigational therapies undergoing phased reg-
ulatory approval, we suggest a similar incremental approach
to the approval of clinical Al in IBD, as shown in Figure 2.'%
In addition, to minimize bias and systematic error, regulato-
ry guidance specifying requirements for data set size,
disease activity distribution, demographics, and adequate
representation of underrepresented patient groups will be
needed to ensure high confidence in model development
and optimal performance. Local institution governance
will be necessary to continuously monitor for changes in
data patterns that can affect model performance.'"

Not only will new methods of regulation and local
governance be necessary for clinical Al in IBD, but
advancing the emerging field of research into clinician—
Al interaction will also be fundamental to its success. Al
methods have been criticized for limited insight into their
inner workings, with many calling for increased model ex-
plainability.''' However, interpretability is not the only key
component for optimal human-Al outcomes as seen in
the RCT by Jabbour et al."'* When clinicians were shown
a biased AI model, their performance declined by over
11% despite being explicitly informed that the Al was us-
ing nonrelevant information. Model explainability did not
fully mitigate the harmful effects of the biased Al on clini-
cian performance. Education for health care professionals,
delivered through current training programs and specialty
societies, will be essential to support the effective use of
Al

For clinical Al solutions to be effectively adopted in IBD
care, they must seamlessly integrate into existing software
workflows, necessitating interoperability with electronic
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Clinical IBD Al Development & Regulatory Review

Passive Safety Evaluation Clinical Implementation

Evaluation on large real-world +/-
synthetic datasets from multiple
institutions

Prospective performance evaluation
without clinician access to model
output

Prospective implementation with
close measurement of outcomes
and clinician interaction with model
output. RCT design for high-risk

decisions

Figure 2. Proposed clinical Al in the IBD development pathway. RCT, Randomized controlled trial; A/, artificial intelligence; /BD, inflammatory bowel

disease. Adapted from Patel et al.'””

health records and other clinical systems. In addition the

development of appropriate billing codes or reimburse-

ment frameworks will be essential to support implementa-
tion within health care payment models.

Successfully integrating Al into IBD management will
require not only robust regulatory frameworks and contin-
uous oversight but also reimbursement frameworks and a
deep understanding of how clinicians interact with Al to
ensure these tools enhance, rather than hinder, clinical
decision-making." "’

Key Takeaways:

e The safe deployment of clinical Al in IBD will require a
regulatory approval process with guidance on data qual-
ity, representativeness, and ongoing institutional over-
sight to monitor model performance.

e Effective integration also depends on advancing research
into clinician-Al interactions, as model explainability
alone may not prevent harm from biased Al, highlighting
the need for robust education and training for health care
professionals.

e Ultimately, successful adoption will rely on a combination
of regulatory rigor, local governance, and clinician pre-
paredness to ensure Al tools enhance decision-making
and improve patient care in IBD.

CONCLUSIONS AND FUTURE DIRECTIONS

The future of IBD care and research stands to benefit
from the responsible and innovative integration of Al. To
fully realize AI's potential in IBD, we must invest in robust
de-identified public data sets, federated learning frame-
works, ethical Al deployment, and drive forward ground-
breaking research that transforms IBD management. This
will require collaboration among clinicians, researchers,
technology developers, health care institutions, policy-
makers, and patient advocates. By working together, we
can develop Al-driven solutions that enhance diagnostics,
optimize treatment strategies, streamline clinical work-

flows, and improve patient outcomes. We call on all stake-
holders to unite in shaping a future where Al is a tool for
accelerating research and delivering high-quality, personal-
ized, and equitable care for individuals with IBD. The
time to act is now—let’s build this future together.
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