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ABSTRACT

Background: Pancreatic cystic lesions are increasingly detected on cross-sectional imaging, yet accurate
risk stratification remains challenging. A clinically important minority, particularly intraductal papillary
mucinous neoplasms and mucinous cystic neoplasms, may progress to high-grade dysplasia or invasive
carcinoma. EUS plays a central role in cyst evaluation, but interpretation remains operator-dependent,
and guideline-based risk categories have imperfect predictive accuracy. Methods: This narrative review
was conducted using a structured literature search of PubMed, Scopus, Web of Science, and Embase
with terms including artificial intelligence, deep learning, machine learning, endoscopic ultrasound,
pancreatic cystic lesions, intraductal papillary mucinous neoplasm, high-grade dysplasia, and pancreatic
cancer. Studies reporting Al applications in EUS image interpretation, multimodal risk prediction,
radiomics, and cyst-fluid or molecular marker integration were included. A qualitative synthesis was
performed given the heterogeneity of study designs and Al methodologies. Results: AI may enhance
EUS-based assessment by extracting quantitative imaging features and integrating EUS data with CT,
MRI, cyst-fluid biomarkers, cytology, molecular markers, and longitudinal cyst behavior. The most
clinically meaningful goal — though not yet established — is individualized prediction of high-grade
dysplasia and invasive cancer to support surgical referral decisions, particularly where guideline-based
criteria are discordant or borderline. Current models remain preliminary and require prospective
validation. Retrospective designs, small datasets, lack of external validation, and uncertainty regarding
explainability and clinical integration limit evidence. Conclusions: Future prospective multicentre
studies should determine whether Al-assisted EUS improves patient-centered outcomes by reducing
unnecessary surgery while preventing delayed diagnosis of advanced neoplasia.

1. Introduction

Pancreatic cystic lesions are increasingly identified due to widespread
use of cross-sectional abdominal imaging and aging populations.
Although many pancreatic cysts are benign or indolent, a clinically
important subset — particularly intraductal papillary mucinous
neoplasms and mucinous cystic neoplasms — carries a risk of
progression to high-grade dysplasia or invasive pancreatic cancer.
The central challenge in clinical practice is to distinguish patients
requiring surgery from those who can be safely managed with
surveillance [1-3].

Current management relies on guideline-based risk stratification
using clinical, radiological, and endoscopic features. The American
Gastroenterological Association guideline recommends EUS-FNA
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in cysts with at least two high-risk features, including size >3 cm,
a dilated main pancreatic duct, or an associated solid component
[1]. European guidelines similarly emphasize absolute and relative
indications for surgery, including jaundice, mural nodule enhance-
ment, positive cytology, main pancreatic duct dilation, cyst size,
growth rate, and symptoms [2]. The Kyoto guidelines refined IPMN
management by emphasizing high-risk stigmata, worrisome features,
surveillance intervals, and the need to balance cancer prevention
with the risk of unnecessary pancreatic resection [3]. Despite these
frameworks, risk prediction remains imperfect, and interobserver
variability in cyst characterization continues to affect decision-
making [1-3].

EUS plays a central role in evaluating pancreatic cystic lesions,
providing high-resolution assessment of cyst morphology, mural
nodules, septations, duct communication, solid components, and
associated lymphadenopathy. EUS also enables cyst fluid aspiration
for cytology, carcinoembryonic antigen (CEA), glucose, amylase,
and molecular testing, thereby complementing CT and MRI findings
[2—4]. However, EUS interpretation is operator-dependent, and fea-
tures such as small mural nodules, subtle wall thickening, mucinous
morphology, and early malignant transformation may be difficult
to identify consistently. Cyst-fluid cytology has limited sensitivity,
while molecular testing is not universally available and may not
always provide definitive guidance [2—4].


https://doi.org/10.71079/ASIDE.GI.082826830
https://asidejournals.com/index.php/Gastroenterology
https://doi.org/10.71079/ASIDE.GI.082826830
https://orcid.org/0000-0003-0026-0841
mailto:awea844@gmail.com
https://pubporta.com
https://www.asidehealthcare.org
https://www.asidehealthcare.org
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://asidejournals.com
https://asidejournals.com
https://doi.org/10.71079/ASIDE.GI.082826830

DOI: 10.71079/ASIDE.GI.082826830

ASIDE Gastroenterology 29

Al has emerged as a potential tool to improve pancreatic cyst
assessment by extracting quantitative imaging features, identifying
subtle patterns beyond human visual perception, and integrating
multimodal data into individualized risk prediction models. The
most clinically meaningful Al application is the prediction of ad-
vanced neoplasia — specifically, high-grade dysplasia and invasive
carcinoma — rather than simple cyst classification. Although high-
grade dysplasia and invasive carcinoma are frequently grouped as
advanced neoplasia, they differ in prognosis, operative urgency,
and postoperative management; this review therefore distinguishes
them wherever the clinical distinction is relevant and uses advanced
neoplasia only as a deliberate composite term. This distinction
is important because the ultimate purpose of risk stratification is
to determine whether a patient should undergo surgery, undergo
EUS-guided sampling, receive intensified surveillance, or undergo
conservative follow-up [5, 6].

Al-assisted EUS may be particularly valuable, given that EUS is
already a critical decision point in pancreatic cyst management. A
clinically useful Al system could assist in detecting mural nodules,
distinguishing mucinous from non-mucinous cysts, predicting ma-
lignant potential, and identifying patients whose predicted risk of
advanced neoplasia may warrant surgical referral. Future systems
may integrate real-time EUS images with cross-sectional imaging,
cyst-fluid biomarkers, cytology, molecular alterations such as KRAS,
GNAS, TP53, SMAD4, and CDKN2A, serum CA19-9, symptoms,
cyst growth rate, age, comorbidity, and surgical fitness. Such
multimodal models could shift pancreatic cyst management from
categorical, guideline-based assessment to personalized, probability-
based decision-making [4-6].

Existing reviews have addressed Al applications in pancreatic
imaging broadly, radiomics-based risk prediction using CT and
MRI, and machine-learning models for IPMN classification [5, 6].
However, no recent narrative review has focused specifically on
Al-assisted EUS as a decision-support tool for predicting clinically
meaningful outcomes — namely, high-grade dysplasia, invasive
carcinoma, and the need for surgical referral — or distinguished
between Al for EUS image interpretation and multimodal Al risk
prediction as separate problems with different data requirements,
validation standards, and readiness for clinical implementation.
Given the rapid growth of this literature and the central role of EUS
in pancreatic cyst management, a focused synthesis is now needed
to clarify what has been achieved, what remains investigational, and
what future studies must demonstrate before Al-assisted EUS can
be responsibly integrated into clinical practice.

This review addresses two related but distinct roles of Al in
pancreatic cyst management. The first is Al-assisted interpretation
of EUS and nCLE images, where algorithms analyze cyst mor-
phology, detect mural nodules, and classify cyst subtypes from
imaging data alone. The second, and clinically more ambitious, is
multimodal Al risk prediction, in which EUS-derived image features
are integrated with cross-sectional imaging, cyst-fluid biomarkers,
cytology, molecular markers, serum markers, and patient factors to
generate individualized estimates of advanced neoplasia to inform
surveillance or surgical referral decisions.

Cross-sectional imaging, cyst-fluid biomarkers, molecular markers,
cytology, and clinical variables are discussed not as independent
topics, but in the context of how they may complement and enhance
EUS-based Al risk prediction. CT- or MRI-based radiomics and
molecular testing are included only where they directly inform EUS-
centered decision-making or contribute to integrated risk prediction
models. The review will summarize current EUS-based risk strat-
ification, emerging Al applications in pancreatic cyst assessment,

multimodal prediction models, potential roles in surveillance and
surgical decision-making, and the limitations that must be addressed
before Al can be safely integrated into routine clinical practice.

2. Methods

This narrative review was conducted in accordance with the prin-
ciples of transparent narrative synthesis. A structured narrative
literature search was performed across four electronic databases
— PubMed, Scopus, Web of Science, and Embase — from February
2000 to April 2025, which served as the final search date. The
following search terms were used individually and in combination:
artificial intelligence, machine learning, deep learning, neural
network, endoscopic ultrasound, EUS, needle-based confocal laser
endomicroscopy, nCLE, pancreatic cystic lesions, pancreatic cysts,
intraductal papillary mucinous neoplasm, IPMN, mucinous cystic
neoplasm, serous cystadenoma, high-grade dysplasia, invasive
carcinoma, pancreatic cancer, radiomics, cyst-fluid biomarkers,
molecular markers, risk stratification, and surgical decision-making.
Reference lists of retrieved articles were also hand-searched to iden-
tify additional studies not captured by the database search. Within
each database, these terms were grouped into two concept blocks
— an artificial-intelligence block and a pancreatic-cyst/endoscopic-
ultrasound block — combined using the Boolean operator OR within
blocks and AND between blocks.

Studies were eligible if they reported original data or substantive
discussion of Al applications in EUS image interpretation, nCLE
analysis, multimodal risk prediction, radiomics, or cyst-fluid and
molecular marker integration in pancreatic cystic lesion assessment.
Studies were excluded if published in languages other than English,
were conference abstracts without full-text availability, or did not
specifically address pancreatic cystic lesions. No restrictions were
placed on the study design, given the early and heterogeneous state of
the literature. Records retrieved from all four databases were collated
and de-duplicated; titles and abstracts were then screened against the
eligibility criteria, and the full texts of potentially relevant articles
were assessed for final inclusion. As this is a single-author narrative
review, screening and selection were performed by the author.

Given the heterogeneity of study designs, Al methodologies, out-
come definitions, and reported performance metrics, a formal meta-
analysis was not performed. As this is a narrative review, formal risk-
of-bias assessment using tools such as QUADAS-2 or PROBAST
was not applied. However, methodological limitations — including
retrospective design, small sample size, single-center recruitment,
image selection bias, lack of external validation, and spectrum bias
from surgically resected cohorts — are critically discussed where
relevant throughout.

A key methodological challenge is the inconsistent use of outcome
terminology across studies. The terms "malignancy," "advanced neo-
plasia," "high-grade dysplasia," "invasive carcinoma," and "support
for surgical referral decision-making" are not interchangeable, yet
are frequently used inconsistently across the reviewed studies. For
this review, the following definitions apply. High-grade dysplasia
refers to severely dysplastic epithelium without stromal invasion,
confirmed on surgical pathology. Invasive carcinoma refers to
pancreatic ductal adenocarcinoma arising in association with a cystic
lesion, with histological evidence of stromal invasion. Advanced
neoplasia is used as a composite term encompassing both high-grade
dysplasia and invasive carcinoma, consistent with its use in the IPMN
literature and major international guidelines [1-3]. Malignancy is
used only when the reviewed study did not distinguish between
high-grade dysplasia and invasive carcinoma, or when the term
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reflects the language of the original publication. Support for surgical
referral decision-making refers to the use of predicted biological risk,
patient fitness, and the expected balance of surgical benefit against
operative morbidity to inform whether a patient should be referred
for consideration of resection, rather than to a histopathological
endpoint per se. Because most reviewed models predict pathology
or advanced neoplasia rather than a validated clinical decision to
operate, we use the phrase "support for surgical referral decision-
making" in preference to "surgical need" throughout this review,
except where an individual study specifically evaluated surgical
appropriateness. It should also be noted that the majority of Al
evidence reviewed pertains specifically to IPMN, which carries
the highest malignant potential among pancreatic cystic lesions.
Mucinous cystic neoplasms, serous cystadenomas, pseudocysts, and
cystic neuroendocrine tumors have distinct biology, natural history,
and management thresholds; Al findings from IPMN cohorts should
not be extrapolated to these entities without specific validation.
Where individual studies used different or overlapping definitions,
this is noted in the text, and original terminology is preserved to
avoid misrepresentation.

Given the well-recognized methodological vulnerabilities of medical
Al studies, the included studies were appraised narratively across
the following domains. First, dataset characteristics were examined,
including sample size, single- versus multi-center recruitment,
consecutive versus selected patient inclusion, and proportion of high-
risk or surgically resected cases. Second, model development and
validation methodology was assessed, including whether internal,
external, or prospective validation was performed, and whether
appropriate train-test splitting or cross-validation procedures were
described. Third, the risk of overfitting was assessed relative to
dataset size and model complexity, particularly for deep learning
models trained on small image datasets. Fourth, the risk of data
leakage was noted where training and test sets were not clearly
separated or where image-level rather than patient-level splitting
was performed. Fifth, image selection methodology was examined
— whether Al models were trained on curated still images or
consecutive real-time examination frames. Sixth, class imbalance
was considered, in which the proportion of high-risk or malignant
cases substantially differed from the real-world surveillance preva-
lence. Seventh, performance metrics were evaluated critically, with
preference given to studies reporting calibration, discrimination,
and clinically relevant endpoints rather than accuracy alone. This
appraisal was applied narratively rather than as a formal scoring
instrument, and the findings are discussed in the relevant sections
and summarised in the limitations section.

2.1. Current EUS-Based Risk Stratification of Pancreatic Cystic

Lesions

Risk stratification of pancreatic cystic lesions is primarily aimed at
identifying cysts that harbor, or are likely to progress to, high-grade
dysplasia or invasive carcinoma. In clinical practice, this assessment
relies on integrating patient factors, cross-sectional imaging, EUS
morphology, cyst-fluid analysis, cytology, and, increasingly, molec-
ular markers. EUS is usually reserved for cysts with concerning
features on CT or MRI, indeterminate morphology, suspected mural
nodules, or when cyst-fluid analysis may alter management [1-4].

The most important EUS-detectable high-risk features include
enhancing mural nodules, solid components, main pancreatic duct
dilation, abrupt change in duct caliber, suspicious lymphadenopathy,
thickened cyst wall, and features suggestive of invasive disease.
Mural nodules are particularly important as they may represent
dysplastic epithelial proliferation and are strongly associated with

advanced neoplasia in IPMN. EUS is often superior to CT or MRI
in detecting small mural nodules and intracystic solid components,
although interpretation may be affected by mucin, debris, blood clot,
or artifacts [2—4, 7].

Cyst size remains an important but imperfect marker of risk. Larger
cysts, particularly those >3 cm or >4 cm depending on the guideline
used, are associated with higher malignant potential, but size alone
has limited specificity. Some large cysts remain indolent for many
years, while smaller lesions may harbor advanced dysplasia if other
high-risk features are present. Growth rate may provide useful
longitudinal information, particularly when rapid enlargement occurs
during surveillance. Growth thresholds differ across guidelines, and
measurement variability between imaging modalities can complicate
interpretation [1-3, 8].

Main pancreatic duct involvement is a key determinant of risk.
Main-duct and mixed-type IPMNs carry a higher risk of high-grade
dysplasia and invasive carcinoma than branch-duct IPMNs. EUS can
assess duct communication, duct diameter, mural nodules within the
duct, and associated parenchymal changes. Distinguishing branch-
duct from mixed-type disease may be difficult when duct dilation is
borderline or multifocal cysts are present. Accurate classification is
clinically important as it directly influences the threshold for surgery
[2, 3, 8].

EUS-guided cyst-fluid analysis adds biochemical, cytological, and
molecular information to morphological assessment. CEA has
traditionally been used to distinguish mucinous from non-mucinous
cysts, although it does not reliably predict malignancy. Cyst-fluid
glucose has emerged as a useful marker for mucinous differentiation
and may perform similarly or better than CEA in some studies.
Amylase may suggest pancreatic duct communication, but it is not
specific. Cytology has high specificity when malignant or high-
grade atypical cells are identified, but its sensitivity is limited in
hypocellular samples [4, 9, 10].

Molecular testing can further refine risk assessment. KRAS and
GNAS mutations support a diagnosis of mucinous cyst or IPMN,
whereas alterations in TP53, SMAD4, CDKN2A, PIK3CA, PTEN,
and aneuploidy are more concerning for advanced neoplasia. These
markers are particularly valuable when imaging and cytology are
equivocal. Molecular testing is limited by availability, cost, assay
variability, and uncertainty about incorporation into routine surgical
decision-making [3, 4, 11, 12].

Despite advances in guideline-based assessment, current EUS-based
risk stratification remains limited by subjectivity and imperfect
predictive accuracy. Interobserver variability affects recognition
of mural nodules, duct communication, wall thickening, and solid
components. Most guideline criteria are categorical rather than
probabilistic, meaning patients may be placed into broad risk groups
that do not fully account for the combined effect of imaging,
biomarkers, molecular alterations, age, comorbidity, surgical fitness,
and longitudinal cyst behavior. These limitations provide a strong
rationale for Al-assisted EUS models that can integrate multiple
variables and generate individualized predictions of high-grade
dysplasia and invasive cancer to support surgical referral decisions
[5, 6, 12].

A critical distinction exists between two roles Al may play relative
to existing guidelines. In feature engineering, Al automates measure-
ment of predefined guideline criteria — cyst size, duct diameter,
and mural nodule detection — improving consistency without
challenging the evidence base; explainability is less problematic
as model inputs map directly onto established clinical variables.
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Table 1: Key Variables Used in EUS-Based Risk Stratification of Pancreatic Cystic Lesions

Domain Variable

Clinical features Obstructive jaundice, pancreatitis,

symptoms

Serum marker CA19-9

EUS morphology Mural nodule or solid component

EUS morphology Thickened/enhancing cyst wall

Ductal features Main pancreatic duct dilation or

abrupt caliber change

Cyst behaviour Size and growth rate

Cyst-fluid markers CEA, glucose, amylase

Cytology High-grade atypia or malignant cells

KRAS, GNAS, TP53, SMAD4,
CDKN2A, PIK3CA, aneuploidy

Molecular markers

Patient context Age, comorbidity, surgical fitness

Clinical relevance

May indicate high-risk disease or
cyst-related complications [2, 3, 8]

Supports concern for invasive
carcinoma when elevated [2, 3]

Strong predictors of advanced
neoplasia and surgical consideration
[2-4, 8]

Suggests higher-risk morphology
[2,3]

Important risk features, especially in
main-duct or mixed-type IPMN
[2,3,38]

Larger or rapidly growing cysts may
need closer surveillance or
intervention [1-3, 8]

Help distinguish mucinous from
non-mucinous cysts and duct
communication [4, 7, 9, 10]

Highly specific for advanced
neoplasia when present [2—4]

Improve cyst classification and
prediction of advanced neoplasia
[3, 4,11, 12]

Essential when balancing
surveillance versus surgery [2, 3]

Main limitation

May be nonspecific or unrelated to
the cyst

False elevation with cholestasis or
inflammation

May be confused with mucin, debris,
or artifact

Subjective and operator-dependent

Thresholds vary between guidelines

Size alone has limited specificity.

Limited ability to predict high-grade
dysplasia or cancer

Low sensitivity due to hypocellular
samples

Cost, availability, and assay
variability

Not always included in cyst-risk
algorithms

Abbreviations: CA19-9, carbohydrate antigen 19-9; CDKN2A, cyclin-dependent kinase inhibitor 2A; CEA, carcinoembryonic antigen; EUS, endoscopic ultrasound; GNAS, GNAS
complex locus; IPMN, intraductal papillary mucinous neoplasm; KRAS, KRAS proto-oncogene, GTPase; PIK3CA, phosphatidylinositol-4,5-bisphosphate 3-kinase catalytic subunit

alpha; SMAD4, SMAD family member 4; TP53, tumor protein p53.

In representation learning, deep learning models identify imaging
patterns beyond current human classification, raising fundamental
questions about transparency, biological plausibility, and the valid-
ity of acting on uninterpretable features. When a representation
learning model conflicts with guideline-based assessment, the
medicolegal implications are substantial — it remains unclear
which should take precedence, who bears responsibility, and how
conflicts should be communicated to patients. In current practice,
where Al outputs conflict with established guideline criteria, the
guideline-based assessment and multidisciplinary team judgment
should take precedence, and Al-generated risk estimates should
be treated as supportive rather than determinative until they have
been prospectively validated. Future regulatory frameworks must
explicitly address this tension before such models can be safely
deployed.

The major EUS-based, cyst-fluid, cytological, molecular, and clinical
variables currently used for pancreatic cyst risk stratification are
summarised in Table 1.

2.2. Al for EUS Image Interpretation of Pancreatic Cystic Lesions
Artificial intelligence has the potential to enhance EUS-based
assessment of pancreatic cystic lesions by reducing subjectivity and
extracting image features that human observers may not consistently
recognize. It should be noted that most published AI models have
been developed and validated specifically in IPMN cohorts; evidence
relating to mucinous cystic neoplasms, serous cystadenomas, pseudo-
cysts, and cystic neuroendocrine tumors remains substantially more
limited and should not be assumed to follow the same performance
characteristics. Conventional EUS interpretation depends heavily on

operator experience, image quality, lesion location, and the ability
to distinguish true high-risk features from mimics such as mucus,
debris, hemorrhage, or artifact. Al-based image analysis may support
the endosonographer by improving recognition of cyst morphology,
mural nodules, septations, solid components, duct communication,
and features suggestive of mucinous or malignant pathology [13, 14].

Al for standard EUS image interpretation

Early Al applications in pancreatic cystic lesions have largely focused
on classification tasks, including differentiating mucinous from
non-mucinous cysts and identifying cyst subtypes such as IPMN,
mucinous cystic neoplasm, serous cystadenoma, and cystic neuroen-
docrine tumor. Deep learning models can be trained to identify
complex visual patterns in EUS images, potentially improving
diagnostic consistency when cyst morphology is indeterminate. This
may be particularly useful in branch-duct IPMN, where the presence
or absence of mural nodules, solid components, and duct involvement
can substantially alter management [14, 15].

Al for needle-based confocal laser endomicroscopy

Needle-based confocal laser endomicroscopy has become an im-
portant platform for Al development in assessing pancreatic cysts.
Because nCLE provides real-time microscopic imaging of the
intracystic epithelium during EUS, it produces highly detailed
images suitable for computer-assisted interpretation. CNN-based
analysis of nCLE images has shown promising performance in
differentiating pancreatic cystic lesions and stratifying IPMN risk,
suggesting that Al may help convert subjective optical interpretation
into more reproducible image-based diagnosis [16, 17].
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Beyond cyst subtype classification, a more clinically meaningful role
for Al is predicting high-grade dysplasia and invasive carcinoma. In
IPMN, the key question is not simply whether a cyst is mucinous,
but whether it harbors high-grade dysplasia or invasive carcinoma.
Al models may support this task by integrating EUS image features
with clinical variables, cyst-fluid findings, cytology, and molecular
data to generate individualized risk estimates, rather than relying on
categorical features such as cyst size or duct diameter alone [18, 19].

However, current evidence remains preliminary. Many Al studies in
pancreatic cystic lesions are retrospective, single-center, and based
on small image datasets. Model performance may be affected by
image selection bias, inconsistent annotation, differences in EUS
platforms, and limited external validation. A recent systematic
review found that most studies used small datasets and focused
on differential diagnosis or risk stratification rather than real-time
clinical implementation. Al-assisted EUS should therefore be viewed
as investigational and supportive rather than a replacement for expert
endosonographic assessment [20].

A fundamental limitation of current Al studies in EUS and nCLE is
the near-exclusive reliance on curated still-image datasets rather than
the full video stream generated during a real examination [16, 17, 20,
21]. EUS and nCLE are inherently dynamic procedures: diagnostic
information emerges from continuous probe movement, real-time
acoustic adjustment, and sequential image acquisition across the
lesion. Selecting representative frames introduces sampling bias,
may miss intermittently visible features such as small mural nodules
or subtle wall thickening, and does not reflect the conditions under
which AI would need to perform in clinical practice [20, 21].
Video-based Al analysis, using recurrent neural networks, temporal
convolutional models, or transformer-based architectures, would
more accurately represent the examination as it occurs. nCLE in
particular generates continuous microscopic video that is inherently
temporal; analyzing this as isolated static frames discards the tissue
dynamics, probe movement patterns, and evolving image quality
that characterize real-time interpretation [16, 17]. Future Al systems
should therefore be developed and validated using full procedural
video, with performance assessed in real-time or near-real-time
settings.

An ideal Al platform would not only characterize cyst morphology
but also quantify the probability of high-grade dysplasia or invasive
cancer, highlight the image regions driving the prediction, iden-
tify uncertainty, and recommend whether further sampling, short-
interval surveillance, multidisciplinary review, or surgical referral
should be considered. In this way, Al-assisted EUS could evolve from
a diagnostic image classifier into a clinically useful decision-support
tool for pancreatic cyst risk stratification [20].

2.3. Predicting High-Grade Dysplasia and Invasive Cancer:

Implications for Surgical Referral
Several predictive models have aimed to quantify risk in the
assessment of pancreatic cysts. Nomogram approaches combining
clinical and imaging variables have been used to predict high-grade
dysplasia or invasive carcinoma in IPMN, supporting the principle
that risk should be evaluated using integrated models rather than
single features [22-24].

More recent machine-learning studies have examined whether Al
can enhance preoperative prediction of malignant IPMN. Kang et al.
studied a multinational cohort of 828 patients with resected IPMN,
comparing logistic regression against random forest, support vector
machine, and artificial neural network models [25]. All demonstrated
comparable discrimination, with AUC values ranging from 0.79 to

0.81; no model achieved statistically superior performance over
logistic regression, and confidence intervals overlapped across
methods. External validation was not performed, and the cohort
was restricted to surgically resected cases, limiting generalisability
to the broader surveillance population. These findings suggest that
Al is not automatically superior to conventional statistical modeling,
but may provide a useful framework when larger, richer datasets in-
corporating variables beyond standard preoperative imaging become
available [25].

Al may be particularly valuable when the clinical question is not
whether malignancy exists, but whether surgery is appropriate.
Pancreatic surgery carries substantial morbidity, and a significant
proportion of resected cysts harbor low-grade dysplasia or benign
pathology. Conversely, delayed surgery in patients with high-grade
dysplasia or early invasive carcinoma may forfeit the opportunity
for curative resection. A well-designed Al model should therefore
assess whether the expected benefit of surgery outweighs the risks of
continued surveillance, integrating predicted histological risk with
patient age, frailty, comorbidity, operative fitness, life expectancy,
and patient preference [26, 27].

While low-grade dysplasia, high-grade dysplasia, minimally invasive
carcinoma, and advanced invasive carcinoma are clinically distinct,
many models group high-grade dysplasia and invasive cancer as
a composite "advanced neoplasia”" endpoint. Although appropriate
for general surgical decision support, future models should ideally
distinguish high-grade dysplasia from invasive carcinoma, and early
from advanced invasive disease. This distinction has implications
for counseling, operative planning, lymph node assessment, and
postoperative surveillance [27].

Explainability is particularly important in this context, given that Al
predictions may influence decisions about major pancreatic surgery.
Models that identify the most relevant contributing variables —
such as mural nodule size, duct diameter, serum CA19-9, cyst
location, and molecular alterations — are more likely to gain clinical
acceptance. Interpretability also assists clinicians in judging when a
prediction is biologically plausible, when it conflicts with clinical
judgment, and when additional imaging, EUS-guided sampling, or
expert review is warranted [27, 28].

Al-based prediction of advanced neoplasia to guide surgical referral
remains an evolving area rather than an established standard of care.
Most models are developed using surgically resected cohorts that
over-represent high-risk cysts and may not generalize to the broader
surveillance population, creating spectrum bias and potentially
inflating apparent performance. Models trained on retrospective
datasets may also perform less reliably in patients with small
incidental cysts, multifocal disease, equivocal imaging, or long-
term stability. Prospective validation in real-world cohorts against
clinically relevant endpoints — including unnecessary surgery
avoided, cancers missed, progression during surveillance, and
survival benefit — is required before Al can meaningfully guide
surgical referral decisions [22, 28].

2.4. Multimodal AI and Personalized Risk Stratification

The future of Al-assisted EUS for pancreatic cystic lesions is unlikely
to depend solely on EUS images. Pancreatic cyst risk is biological,
radiological, biochemical, molecular, and patient-specific; the most
useful Al systems will therefore likely be multimodal, integrating
EUS findings with CT or MRI features, cyst-fluid biomarkers,
cytology, molecular alterations, serum markers, symptoms, cyst
growth rate, and patient-level factors to generate a personalised
estimate of high-grade dysplasia and invasive carcinoma to inform
surgical referral consideration [29].
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Figure 1: Conceptual multimodal Al-assisted pathway for EUS-based pancreatic cyst risk stratification This figure depicts a conceptual framework illustrating
how multimodal Al may integrate heterogeneous data sources to generate individualized risk estimates for pancreatic cystic lesions. The pathway has not been
prospectively validated and does not represent a clinically approved or guideline-endorsed workflow. All outputs should be interpreted in conjunction with
clinical judgment, institutional expertise, and multidisciplinary team review. Surgical referral and surveillance decisions must remain physician-led and should
not be determined by Al prediction alone pending prospective validation in representative clinical populations. Abbreviations: Al, Artificial intelligence;
CA19-9, Carbohydrate antigen 19-9; CEA, Carcinoembryonic antigen; CT, Computed tomography; EUS, Endoscopic ultrasound; MRI, Magnetic resonance

imaging.

2.5. Radiomics and cross-sectional imaging

Radiomics provides a key link between traditional imaging and
Al-based risk prediction. CT- and MRI-based radiomic models can
extract quantitative features of cyst shape, wall irregularity, internal
texture, ductal anatomy, and surrounding pancreatic parenchyma that
may not be captured by standard visual assessment. Early radiomic
studies in IPMN demonstrated that quantitative imaging features can
predict malignant potential and may complement standard clinical
and radiological criteria [29-31]. In branch-duct IPMN, MRI-based
radiomic nomograms that integrate imaging characteristics with
the main pancreatic duct diameter and serum CA19-9 have been
developed [32, 33]. Since MRI is commonly used for long-term
cyst surveillance and EUS is typically reserved for indeterminate
or concerning findings, a combined MRI-EUS Al pathway could
enable MRI to detect evolving risk and trigger targeted EUS when the
predicted probability of high-grade dysplasia or invasive carcinoma
increases [32, 33].

2.6. Integrated multimodal AI models

A multimodal Al model may help reconcile discordant findings.
A patient may present with a cyst>3 cm but no definite mural
nodule, mild duct dilation, and negative cytology, or with a cyst
that is rapidly growing and has elevated CA19-9. Current guidelines
categorize patients into broad risk groups; Al could instead weight
these characteristics simultaneously and generate a continuous
risk score [32-34]. Molecular and cyst-fluid data may further
enhance multimodal predictions — mutations supporting mucinous
differentiation help characterize cyst type, while markers of advanced

neoplasia increase predicted risk. Molecular results should not be
interpreted in isolation but in the context of imaging, cytology, cyst
behavior, and patient surgical fitness. Al may aggregate these diverse
data streams into a unified decision-support framework rather than
requiring clinicians to interpret each variable independently [11—
13, 34].

It is important to acknowledge that many pancreatic cysts en-
countered in routine surveillance are straightforward to manage
using existing guideline-based criteria and do not require complex
multimodal Al integration [1-3]. A fully integrated model combining
EUS morphology, nCLE findings, cross-sectional imaging, cyst-fluid
biomarkers, molecular markers, and longitudinal behavior represents
an aspirational framework rather than an immediately achievable
clinical tool. Practical challenges include the absence of standardized
data acquisition protocols, limited availability of molecular testing
and nCLE in routine practice, and the fundamental dependency on
surgical pathology as the only reliable ground truth for model training
and validation [22, 23]. Al-assisted EUS is most likely to add value in
cases wWhere guidelines provide discordant, borderline, or insufficient
guidance — including cysts meeting size thresholds without mural
nodules, mild main pancreatic duct dilation of 5-9 mm, equivocal
cytology or indeterminate cyst-fluid CEA, discordant imaging
findings, and patients with competing operative risk or frailty. In
these settings, a calibrated Al probability estimate of high-grade
dysplasia or invasive carcinoma could meaningfully supplement
guideline-based assessment and support multidisciplinary decision-
making [1-3, 26, 27].
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A practical Al-supported pathway would begin with standard CT
or MRI surveillance, followed by EUS when imaging or clinical
features suggest increased risk. During EUS, Al could assist in
morphological evaluation, highlight suspicious intracystic regions,
and support targeted cyst-fluid sampling. Post-procedure, a multi-
modal model could integrate EUS findings, imaging features, cyst-
fluid results, cytology, molecular markers, and patient characteristics
to stratify patients into actionable categories: routine surveillance,
shortened surveillance interval, repeat EUS-guided sampling, multi-
disciplinary review, or surgical referral. The proposed framework is
presented in Figure 1 [34].

2.7. Limitations, Validation, and Future Directions

Available studies are largely retrospective, single-center, and based
on selected image datasets rather than consecutive real-world
EUS examinations. A critical consequence is reference-standard
bias: models trained on surgically resected cohorts — where the
prevalence of high-grade dysplasia or invasive carcinoma may reach
30-50% — learn to discriminate among already high-risk cysts
rather than identify the rare dangerous lesion within a predominantly
low-risk surveillance population. This spectrum bias inflates the
apparent sensitivity and positive predictive value, and current models
are likely to perform considerably worse when applied to unselected
surveillance patients, in whom most cysts are small, incidental, and
biologically indolent [21, 35].

Obtaining definitive ground truth for Al training and validation
inherently requires surgical resection, since histopathological exam-
ination of the resected specimen remains the only reliable standard
for confirming high-grade dysplasia or invasive carcinoma [22, 23].
Future studies should incorporate centralized, blinded pathology
review with predefined grading criteria to minimize interobserver
variability in dysplasia classification, alongside rigorous lesion-level
matching between preoperative imaging and histological specimens
to ensure Al training labels accurately reflect the biological state
of the imaged lesion. This creates an unavoidable tension: resected
cohorts are, by definition, enriched for high-risk disease and do not
represent the broader surveillance population [21, 35]. Addressing
this will require studies that combine surgical pathology-confirmed
labels with prospective follow-up data from non-resected patients,
enabling Al models to be trained and validated across the full
spectrum of pancreatic cyst biology.

External validation is a critical unmet requirement. Al systems
must be tested across different institutions, EUS platforms, image
acquisition protocols, endosonographers, patient populations, and
cyst subtypes. Future studies should prioritize prospective multi-
centre validation using consecutive patients and clinically relevant
endpoints, including high-grade dysplasia, invasive carcinoma,
progression during surveillance, and avoidance of unnecessary
surgery [35, 36].

The implementation of Al in EUS faces procedural barriers distinct
from those in radiology- or pathology-based Al. Image quality, frame
selection, probe angulation, acoustic shadowing, and lesion accessi-
bility vary substantially between endosonographers, institutions, and
equipment manufacturers. Yet, most Al models have been developed
on curated still images from a limited number of EUS platforms.
Annotation standards for key EUS features remain poorly defined,
introducing labeling noise into training datasets. Integration into real-
time workflow requires sufficiently low latency to influence decision-
making during the examination without disrupting technique or
prolonging procedure time. Addressing these barriers will require
standardized image acquisition protocols, multi-platform validation

datasets, and regulatory frameworks that account for the operator-
dependent and dynamic nature of EUS [35, 36].

A practical limitation of multimodal Al frameworks is the assump-
tion that all input variables are available. In real-world practice,
molecular testing, nCLE, cyst-fluid cytology, and serial imaging
may be unavailable or deferred, particularly in lower-resource
settings or when cysts are small. Most reviewed studies do not
report model performance under incomplete data conditions. Future
studies should evaluate robustness to missing variables, incorporate
appropriate missing-data handling strategies, and compare complex
multimodal models with simpler, parsimonious alternatives that use
only routinely available inputs [35, 36].

A high AUC alone does not establish clinical utility. Most reviewed
studies report discrimination without calibration data, decision-curve
analysis, or prospectively defined thresholds. Calibration — the
agreement between predicted probabilities and observed outcomes
— is essential for individualized risk communication but is rarely
reported. Decision-curve analysis quantifies net clinical benefit
across decision thresholds, directly accounting for the asymmetric
consequences of missed cancers versus unnecessary pancreatic
resections. Future studies should report calibration curves, Brier
scores, and decision-curve analyses alongside AUC. They should
define clinically meaningful thresholds prospectively rather than
optimizing cutpoints on the same dataset used for model development
[35, 36].

The potential harms of Al-driven care escalation deserve explicit
acknowledgment. Poorly calibrated or false-positive Al outputs
could trigger unnecessary repeat EUS-FNA, nCLE, molecular
testing, short-interval surveillance, and unwarranted surgical referral,
exposing patients to procedural risk, anxiety, and financial burden.
Pancreatic surgery carries substantial morbidity and mortality, and
an Al system that systematically overestimates malignant risk could
cause net harm even if discrimination metrics appear acceptable.
Future studies should therefore measure harm alongside benefit,
reporting rates of unnecessary procedures, avoidable operations,
patient-reported outcomes, and cost-effectiveness [35, 36].

Most Al models have been trained on retrospectively selected still
images rather than full procedural video, and it remains unknown
how these systems will perform in real-time EUS or nCLE, where
image quality, motion, probe angulation, and temporal dynamics
differ substantially from those in curated image sets [20, 21, 35, 36].
Development of video-native Al architectures capable of processing
the temporal dimension of EUS and nCLE procedures represents a
critical priority for future research.

Explainability remains a fundamental challenge. Al predictions may
influence whether a patient undergoes major pancreatic surgery or
continues surveillance; clinicians, therefore, need to understand
which variables contributed most to the risk estimate and whether
the prediction is biologically plausible. Explainable models that
highlight relevant EUS regions, identify influential variables, and
provide calibrated risk probabilities are likely to be more acceptable
than opaque black-box outputs [36, 37].
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Table 2: Summary of key Al studies in EUS-based pancreatic cyst assessment

Study [Ref]

Kuwabhara et al.

(3]

Machicado et al.
[6]

Kurita et al. [14]

Leeetal. [15]

Springer et al.
[13]

Correa-Gallego

et al. [22]

Lietal. [23]

Kang et al. [25]

He et al. [27]

Lavista Ferres et
al. [28]

Modality

EUS images

nCLE frames

EUS cyst fluid

nCLE images

Molecular +
clinical

Clinical +

imaging

Clinical +
imaging

Clinical +
imaging

Clinical +
imaging

Multimodal

N

84

33

64

38

130

289

261

828

218

359

Cyst type

IPMN

IPMN

Mixed PCL

Mixed PCL

Mixed PCL

IPMN

IPMN

IPMN

IPMN

Mixed PCL

Algorithm

CNN (deep
learning)

CNN

CNN (deep
learning)

Deep learning
CAD

Logistic
regression

Nomogram

Nomogram

ML vs logistic
regression

Prediction
model

Explainable Al

Target
outcome
Malignancy
prediction

IPMN risk
stratification

Malignant vs
benign

Cyst subtype
classification

Cyst
classification

HGD or invasive
carcinoma

HGD or invasive
carcinoma

Malignant
IPMN

Degree of
malignancy

Cyst
management
guidance

Reference
standard
Surgical
pathology

Surgical
pathology

Surgical pathol-
ogy/cytology

Surgical
pathology

Surgical
pathology

Surgical

pathology

Surgical
pathology

Surgical
pathology

Surgical
pathology

Surgical

pathology/follow-

up

Validation

Internal only

Internal only

Internal only

Internal only

Internal only

Internal only

Internal only

Internal only

Internal only

Internal only

Performance

AUC 0.89

Sens 94%, Spec

100%

AUC 0.99

Accuracy 90.5%

AUC 0.99

AUC 0.79

AUC 0.854

AUC 0.79-0.81

AUC 0.841

AUC 0.82

continued on the next page

Main
limitations
Single-center;
small dataset;
still images only
Very small
sample;
single-center;
still-frame
analysis of video
Very small
sample;
single-center;
selected dataset
Very small
sample;
retrospective;
still-frame
analysis
Single-center;
selected surgical
cohort
Retrospective;
single-center;
surgical cohort
only
Retrospective;
single-center;
surgical cohort
only
Retrospective;
no external
validation;
surgical cohort
Retrospective;
single-centre;
surgical cohort
Retrospective;
single-center;
limited external
validity

0€8978C80 IO HAISV/6L0IL 0T ‘10

A3o10191u00158D) OISV
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Table 2 (continued)
Study [Ref] Modality N Cyst type Algorithm Target Reference Validation Performance Main
outcome standard limitations
Hanania et al. CT radiomics 54 IPMN Quantitative Malignant Surgical Internal only AUC 0.86 Very small
[29] imaging potential pathology sample;
single-center;
CT only
Permuth et al. CT radiomics + 45 IPMN Radiomic- Malignant Surgical Internal only AUC 0.91 Very small
[30] miRNA molecular pathology pathology sample;
model single-center; no
external
validation
Chakraborty et CT radiomics 94 IPMN Radiomic model High-risk IPMN  Surgical Internal only AUC 0.85 Single-center;
al. [31] pathology CT only;
surgical cohort
Cui et al. [32] MRI radiomics 226 BD-IPMN Radiomic IPMN grade Surgical Internal + AUC 0.91 Branch-duct
+ clinical nomogram pathology external IPMN only;
MRI only
Flammia et al. MRI radiomics 99 BD-IPMN Radiomic model Malignant Surgical Internal only AUC 0.83 Small sample;
[33] degeneration pathology single-center;
MRI only
Lou et al. [34] CT radiomics + 398 IPMN Radiomic- Benign vs Surgical Internal only AUC 0.88 Retrospective;
clinical clinical model =~ malignant pathology single-centre;
IPMN CT only

0€8978C80 IO HAISV/6L0IL 0T ‘10

A3o10191u00158D) OISV

Abbreviations: AUC, area under the receiver operating characteristic curve; BD-IPMN, branch-duct intraductal papillary mucinous neoplasm; CAD, computer-aided diagnosis; CNN, convolutional neural network; HGD, high-grade dysplasia;
IPMN, intraductal papillary mucinous neoplasm; ML, machine learning; nCLE, needle-based confocal laser endomicroscopy; PCL, pancreatic cystic lesion; Sens, sensitivity; Spec, specificity.
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Clinical integration requires careful workflow design. Al should
support, not replace, expert endosonographic assessment and multi-
disciplinary decision-making. An effective system should provide
real-time assistance, identify uncertainty, and recommend appro-
priate next steps - repeat imaging, targeted EUS-guided sampling,
molecular testing, short-interval surveillance, or surgical review
- while remaining contextual to patient age, comorbidity, frailty,
operative risk, life expectancy, and patient preference [37, 38].
Furthermore, Al platforms, nCLE, molecular testing, and high-
quality EUS expertise are currently concentrated in tertiary academic
centers; without deliberate attention to scalability, reimbursement
pathways, and equitable access, widespread adoption of Al-assisted
EUS risks widening rather than reducing existing disparities in
pancreatic cyst care. Clear governance is also required to define
medicolegal responsibility when Al-generated risk estimates diverge
from guideline-based recommendations or multidisciplinary judg-
ment: accountability for the final management decision must remain
with the treating clinicians and the multidisciplinary team rather than
with the algorithm, and institutions should establish documented
pathways for reconciling discordant Al outputs so that such conflicts
do not disrupt the clinical workflow or create ambiguous lines of
liability.

Future research should move beyond diagnostic accuracy alone. Stud-
ies should evaluate whether Al-assisted EUS changes management,
improves risk calibration, reduces unnecessary pancreatic resections,
detects high-grade dysplasia or early invasive cancer earlier, and
remains safe during longitudinal follow-up. A minimum evidence
threshold for clinical implementation should include prospective
multicentre validation in consecutive patients, calibration test-
ing, decision-curve analysis confirming net benefit over existing
guidelines, workflow integration testing in real-time procedural
settings, demonstrated impact on clinical management rather than
diagnostic labeling alone, and a post-deployment monitoring plan to
detect performance degradation over time or across subpopulations.
Regulatory approval, medicolegal responsibility, data governance,
cybersecurity, and equity across diverse populations will also be
essential before these tools can be adopted routinely. Ultimately,
Al-assisted EUS will be clinically valuable only if it improves
patient-centered outcomes rather than merely increasing model
performance metrics [38, 39]. The methodological characteristics
and performance metrics of key Al studies included in this review
are summarised in Table 2.

3. Conclusion

Al-assisted EUS represents a promising but early-stage approach
to pancreatic cyst risk stratification. Current evidence suggests that
Al may enhance EUS image interpretation, improve recognition
of high-risk morphological features, and support individualized
estimation of the risk of high-grade dysplasia and invasive carcinoma
when integrated with cyst-fluid biomarkers, molecular markers,
cross-sectional imaging, and clinical variables. However, available
studies are predominantly retrospective, single-center, and based
on surgically resected cohorts that do not represent the broader
surveillance population. No Al model has been prospectively
validated, regulatory approved, or demonstrated to improve patient-
centered outcomes in clinical practice. The distinction between
statistical discrimination and genuine clinical utility remains largely
unaddressed, and implementation barriers specific to EUS — includ-
ing device variability, annotation standards, real-time integration,
and operator dependence — have not been systematically resolved.
Al-assisted EUS should therefore be regarded as investigational at

this stage. These tools should not replace guideline-based risk assess-
ment, expert endosonographic interpretation, or multidisciplinary
team decision-making. Future prospective multicentre studies with
consecutive patient enrolment, external validation, and clinically
meaningful endpoints are needed before Al-assisted EUS can be
responsibly integrated into routine pancreatic cyst management.
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