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Simple Summary

Pancreatic cancer is one of the most aggressive and lethal cancers, largely because it is often
diagnosed at an advanced stage and responds poorly to current treatments. This study
reviews how artificial intelligence can improve the management of this disease by ana-
lyzing complex medical data, including imaging, tissue samples, and clinical information.
These technologies can help detect tumors earlier, support more accurate diagnosis, predict
disease progression, and guide treatment decisions tailored to individual patients. This
work aims to evaluate the current clinical applications of artificial intelligence in pancreatic
cancer and assess its potential to enhance patient outcomes. While early results are promis-
ing, important challenges remain, including the need for validation in real-world settings.
Overall, artificial intelligence has the potential to become a valuable tool in improving care
for patients with pancreatic cancer.

Abstract

(1) Background: Pancreatic ductal adenocarcinoma remains one of the most lethal malig-
nancies due to late diagnosis, aggressive tumor biology, and limited therapeutic options.
Artificial intelligence has emerged as a promising tool to improve detection, risk stratifica-
tion, and treatment planning. This study aims to review the current clinical applications
of artificial intelligence in the management of pancreatic cancer and evaluate its transla-
tional potential. (2) Methods: A comprehensive literature search was conducted across
major databases (PubMed/MEDLINE, Scopus, Web of science and Cochrane) for studies
published between 2015 and 2026. Eligible studies included clinical investigations and
systematic reviews reporting quantifiable outcomes related to diagnosis, staging, prog-
nostication, and treatment response using artificial intelligence methods. (3) Results: A
total of 24 studies were included, most of which were retrospective and utilized imaging,
histopathology, and clinical datasets. Artificial intelligence demonstrated high diagnostic
performance, particularly in imaging-based detection and lesion characterization, with
several models achieving excellent accuracy. Applications in staging, surgical planning,
and prognostication also showed promising results, although external validation and
prospective data were limited. (4) Conclusions: Artificial intelligence has significant po-
tential to enhance the management of pancreatic cancer, particularly as a decision-support
tool. However, further prospective validation and integration into clinical workflows are
required before widespread adoption.
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1. Introduction

Pancreatic ductal adenocarcinoma (PDAC) is predicted to become the third leading
cause of cancer death by 2030, primarily due to late-stage diagnosis and a lack of effective
treatment options. In fact, mortality from PDAC is rising by around 1% each year, and
projections suggest that it could become the second leading cause of cancer-related death
by 2030 [1]. The five-year overall survival rate for PDAC remains dismally low at 8-12%,
depending on localization and staging at diagnosis [2,3]. Unlike other types of cancer,
PDAC survival rates have not significantly improved over the years. Even with aggres-
sive management, including surgical resection, adjuvant or neoadjuvant chemotherapy,
and advanced supportive care, long-term survival remains poor, with virtually negligible
10-year survival rates in most patient cohorts [4]. Most patients present with unresectable
or metastatic disease, and approximately 80-85% of PDAC cases are locally advanced at
diagnosis [5,6]. Currently, only around 20% of patients are eligible for surgical resection,
which remains the only potentially curative treatment option [7-9]. According to the Amer-
ican Joint Committee on Cancer (AJCC) staging system, operative management is generally
only feasible in early-stage disease (Stages I-1I), before major vascular involvement or
distant metastasis develops [10]. This late presentation underscores the critical need for
improved early detection strategies, more accurate prognostic and risk stratification, and
personalized therapeutic approaches, including more precise treatment selection [11-13].

Beyond oncological staging and surgical eligibility, the contemporary management
of PDAC relies on a highly coordinated, multidisciplinary approach designed to opti-
mize outcomes despite the disease’s aggressive biology. Current standards emphasize
evaluation within specialized pancreatic cancer centers, where multidisciplinary tumor
boards integrate expertise in radiology, endoscopy, surgical oncology, medical oncology,
pathology, and palliative care [14]. High-quality cross-sectional imaging using a protocol
specifically designed for the pancreas remains essential for assessing resectability, vascular
involvement, and metastatic spread. Endoscopic ultrasound (EUS) with fine-needle aspi-
ration/biopsy provides histological confirmation and enables molecular profiling when
feasible [15]. Treatment pathways are increasingly shifting towards neoadjuvant ther-
apy, even in cases of anatomically resectable disease. This approach aims to improve RO
resection rates, address micrometastatic disease early, and enhance patient selection for
surgery [16]. Enhanced recovery protocols, structured nutritional support, and manage-
ment of biliary obstruction or pancreatic exocrine and endocrine insufficiency are now
routine components of perioperative care [17,18]. For advanced or borderline resectable
PDAC, decision-making often incorporates systemic chemotherapy regimens such as mod-
ified FOLFIRINOX or gemcitabine/nab-paclitaxel. There is an increasing emphasis on
biomarker-driven therapy, including BRCA-associated treatment strategies and targeted
agents for rare molecular subtypes. Recent advances in genomic and molecular profiling
have led to the identification of several distinct molecular subtypes of pancreatic cancer,
paving the way for more personalized therapeutic strategies [19]. Upcoming liquid biopsy
technologies and multiomics platforms are further expanding opportunities for precision
oncology, enabling the integration of genomic, transcriptomic, proteomic, and metabolomic
information into clinically actionable molecular signatures [20-22]. Emerging evidence
suggests that between 12% and 25% of PDAC cases harbor actionable molecular alterations,
providing opportunities for precision-based treatments that complement or refine conven-
tional management approaches [23]. Despite these advances, real-world outcomes remain
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limited, reinforcing the need for innovation in early detection, treatment personalization,
and dynamic monitoring of treatment response and survival rates.

In the meantime, radiology, endoscopy, and pathology are generating rich, high-
dimensional data conducive to AL Over the last five years, machine learning (ML) and
deep learning (DL) systems, as well as radiomics pipelines, have become increasingly
investigated across the entire continuum of PDAC care, including early detection, diagnosis,
risk stratification, treatment response prediction, and prognostication [24]. Beyond imaging,
electronic health record (EHR) data and EHR-based models have been used to explore
longitudinal risk and treatment forecasting [25,26]. Particular interest has focused on
individuals with new-onset diabetes, which represents an emerging risk signal for occult
PDAC and may enable targeted surveillance strategies through Al-assisted risk prediction
models [27]. Furthermore, the integration of genomics, transcriptomics, proteomics, liquid
biopsy biomarkers, and clinical data through multi-omics approaches is opening new
opportunities for molecular subtyping and precision oncology [28].

Despite this rapid expansion, translation into routine clinical practice remains chal-
lenging. Many Al models have been developed retrospectively, frequently lack external
validation, and are hindered by concerns regarding explainability, regulatory approval,
cost-effectiveness, workflow integration, and implementation across different healthcare
systems. Therefore, the present review aims to provide a comprehensive overview of the
current applications of Al in PDAC management, summarizing the available evidence and
quantitative performance metrics. We discuss current limitations, implementation chal-
lenges, and future directions necessary for the responsible integration of Al into pancreatic
cancer care.

2. Methods
2.1. Search Strategy and Sources

A comprehensive search of the literature published from 2015 to 2026 was conducted
up to 30 January 2026 in the following databases: PubMed /MEDLINE, Scopus, Web of
Science, and Cochrane. Abstracts and titles were searched using keywords, MeSH terms
and a combination of the following subject headings: (“pancreatic cancer” OR “pancreatic
ductal adenocarcinoma” OR “PDAC”) AND (“artificial intelligence” OR “AI” OR “machine
learning” OR “ML” OR “deep learning” OR “DL” OR “radiomics” OR “neural network”)
AND (“CT” OR “MRI” OR “EUS” OR “pathology” OR “histology” OR “biopsy” OR
“genomics” OR “multi-omics”) AND (“management” OR “prediction” OR “prognosis” OR
“staging” OR “surgery” OR “treatment response” OR “palliative” OR “surveillance”). We
prioritized clinical and management-relevant studies. In addition, the references of relevant
papers were hand searched, and their citations were examined using Google Scholar.
Systematic reviews and meta-analyses were used to provide contextual background and
to identify major Al application domains; however, they were not included in the final
evidence synthesis, and some of them are yet to be discussed in Section 4. To avoid
duplication and double-counting of evidence, only primary studies were included in the
study tables and used for qualitative analysis. The search results are presented in Table 1 in
Section 3.

2.2. Eligibility Criteria

Articles were screened for eligibility by the primary reviewer (AF). The inclusion
criteria consisted of original human studies or systematic reviews/meta-analyses report-
ing quantifiable outcomes relevant to management (diagnosis aiding staging/treatment
decisions; prediction of survival/recurrence/response; workflow triage; surveillance; or
resource allocation). Eligible studies needed to evaluate Al-based methods such as ma-
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chine learning, deep learning, radiomics, or multimodal algorithms, in at least one of the
following domains: Diagnostic augmentation, including differentiation of malignant vs.
benign peripancreatic structures or enhancement of staging accuracy, treatment-relevant
decision support, such as resectability assessment, surgical planning, or workflow triage,
prognostication, including models predicting survival, recurrence, or treatment response,
surveillance and follow-up, or resource optimization, including workflow efficiency or
case prioritization.

Studies were excluded if they focused exclusively on the technical development or
validation of Al algorithms without presenting clinical endpoints, or if they involved single-
case descriptions or single expert opinions. Furthermore, conference abstracts without full
data and no response after an email request to the corresponding author, experimental
animal or in vitro studies, or non-English studies were also excluded.

2.3. Data Extraction and Synthesis

We extracted the following information from the studies: cohort size; validation ap-
proach; primary endpoints (area under the curve (AUC), sensitivity /specificity, calibration);
external validation status; and clinical utility indicators. The thematic categories of the
included studies were developed a priori according to the principal clinical application
of each Al model across the PDAC care pathway (e.g., early detection, diagnosis, staging,
treatment planning, surgery, prognosis, and survival). Studies addressing similar clinical
objectives were grouped to facilitate a clinically oriented narrative synthesis and to reflect
the current translational landscape of Al in PDAC management. Within each category, the
applications were analyzed further for innovation, translational potential, and scientific
quality. Due to the limited amount of published literature (particularly original data) on
this subject to date, as well as significant heterogeneity in sample size, modalities, end-
points, and thresholds, a narrative synthesis was performed. Although pre-defined search
strategies, eligibility criteria, and quality appraisal methods were employed to enhance
transparency and comprehensiveness, no formal systematic review methodology, pooled
quantitative analysis, or meta-analysis was conducted. Consequently, the findings are
presented descriptively and interpreted within the context of the available evidence. As
critical appraisal of studies is strongly recommended when performing narrative reviews,
the methodological strengths and limitations of the studies were independently assessed
by two reviewers (KE and VZ) using the Critical Appraisal Skills Programme (CASP)
qualitative checklist. The CASP checklist is a widely used tool for qualitative evidence
synthesis and is recommended by the World Health Organization guidelines [29]. The
authors acknowledge that more specialized tools, such as QUADAS-2, PRO-BAST(-AI),
CLAIM, and TRIPOD-AI, may provide more detailed evaluations of a small group of
specific study categories. In this study, the appropriateness of the study design, cohort
adequacy, validation strategy, clinical relevance of the outcomes and applicability of the
results were evaluated. Based on these criteria, the studies were classified as high, moderate
or low quality (see Supplementary Materials, Table S1). No studies were excluded as a
result of this quality assessment and no verification was performed. Any discrepancies
between the two reviewers during study selection, data extraction, or quality assessment
were resolved through discussion and consensus.

3. Results

A literature search identified 1311 unique studies, which were then assessed for eli-
gibility based on their titles and abstracts. After removing 37 duplicate articles, a further
64 articles were excluded as they were deemed irrelevant or inappropriate publication
types (e.g., case reports, editorials, review articles, experimental studies, errata or congress
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proceedings). A total of 1210 full-text articles were then assessed for eligibility. Of these,
1186 studies were excluded for the following reasons: lack of clinically relevant outcomes
(276); absence of data (477); technical algorithm development without translational im-
plications (265); non-English language (11); or unavailable full-text data (157). Following
full-text screening, 24 studies were included in this review and analyzed. The characteristics
of the included studies are summarized in Table 1. Most were retrospective in design and
were either single- or multi-institutional studies with a variable number of participants
ranging from 39 to 6239 patients.

The included studies comprised predominantly retrospective cohort investigations
(22/24), whereas only two studies incorporated a prospective design. Both single-center
and multicenter datasets were represented, together with nationwide and international
cohorts, with study populations ranging from 39 to 6239 patients. In addition, one imaging
study evaluated a broader abdominal imaging cohort of approximately 20,000 participants
for automated organ segmentation and quality control. Al applications were evaluated
across the entire clinical pathway of pancreatic ductal adenocarcinoma, including early
detection and lesion characterization, automated segmentation, staging and resectability
assessment, treatment planning, recurrence and treatment-response prediction, molecular
subtyping, and histopathological analysis. Most studies were based on CT (11/24) and EUS
imaging (6/24), while others utilized MRI data (2/24), whole-slide histopathology (4/24),
or multimodal clinical datasets integrating radiomics and clinicopathological variables
(e.g., tumor markers) (1/24). Internal validation was performed in most studies, whereas
independent external validation was available in only a subset and prospective clinical
validation remained uncommon. Overall, the current evidence reflects a rapidly evolving
field with encouraging diagnostic performance, although most published models remain at
the retrospective development stage. The following tables (Tables 1 and 2a,b) demonstrate
the included studies, their design and their clinical applications.

Table 1. Summary of studies reporting the use of AI models and their validation approach in the
management of PDAC, so as their clinical and outcome-related characteristics.

Study Study Validation Clinical
Author Year Design Setting Approach Application
Viriyasaranon . . Random hold-out PDAC detection and
etal. [30] 2023 Retrospective Multicenter split + independent EV classification on CT
Iwasa Prospective .
etal. [31] 2021 observational Single center 4-fold CV (IV) PDAC AS on CE-EUS
Chen . . . Hold-out IV + multicenter PDAC detection
etal. [32] 2022 Retrospective Nationwide (nationwide) EV on CE-CT
Indepen.dent PDAC detection and
Cao . . IV + multicenter e
2023 Retrospective Multicenter classification on
et al. [33] EV + real-world
. S non-contrast CT
retrospective validation
Mukherjee Retrospective . 5-fold CV + independent PDAC prediagnostic
etal. [34] 2022 case—control Multicenter hold-out test set + EV detection on CE-CT
Alves Retrospective .
etal. [35] 2026 observational International Independent multicenter EV PDzi(;if;icg%n on
(PANORAMA) non-inferiority
Zhang 2020 ProsPectlve Multicenter Hold-out IV + multicenter PDAC EUS training and
etal. [36] multicenter EV + prospective crossover quality control
Gu . . Hold-out IV + prospective PDAC EUS
etal. [37] 2023 Retrospective Single center temporal automatic detection
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Table 1. Cont.

Author Year Study Study Validation Clinical
Design Setting Approach Application
K h PDAC vs. benign
uwanara 2023 Retrospective Single center Hold-out IV pancreatic lesions DD
et al. [38]
on EUS
. Random internal split PDAC V- ber}lgn
Udristoiu . . pancreatic lesions
2021 Retrospective Single center (test also served as . .
et al. [39] 1 automatic detection DD
validation set) . .
on multiparametric EUS
Tang Prospective . 80/20 hold-out PDA.C Ve benign
etal. [0] 2023 randomized Multicenter IV + prospective pancreatic lesions on EUS
’ (+FNA real-time guide)
. 70/30 internal split + 10-fold
Mo 2004 Retrospective Single center CV (LASSO) + 5-fold cy ~ TPAC Vs PNETDD
etal. [41] randomized on EUS
(model development)
Liang . . 5-fold CV + independent GTV PDAC AS on
etal. [42] 2020 Retrospective Single center hold-out test set multiparametric MRI
Chen . . Internal hold-out validation MRI radiotherapy
etal. [43] 2020 Retrospective Single center (train/validation/split) treatment planning
Kart . Internatlor}al Previous EV + large-scale AS of abdominal organs
etal. [44] 2022 Retrospective (2 population expert (incl. pancreas) on MRI
’ cohorts) visual quality control '
PDAC vascular
Bereska Single center 5-fold CV + independent involvement
etal. [45] 2024 Retrospective (PREOPANC, LAPC, hold-out test set (classification) and
’ CONTROL datasets) (expert comparison) resectability plan
on CT-LAP
3-fold bootstrapping with PDAC vascular
. independent hold-out .
Viviers . . involvement and
2026 Retrospective Single center test set -
et al. [46] (70/15/15 resectability plan
train/validation/test split) on pancreatic protocol CT
Guan Multicenter split-sample Prediction of PDAC early
etal. [47] 2025 Retrospective Multicenter validation with independent ~ postoperative recurrence
’ internal test and EV cohorts on CT
PDAC histopathologic
Fu . . diagnosis, AS to
etal. [48] 2021 Retrospective Single center Hold-out IV + EV (TCGA) slide diagnosis
and classification
. RandF)m internal split with Adjuvant gemcitabine
Nimgaonkar . . independent EV -
2023 Retrospective Multicenter 0 response prediction
etal. [49] and additional
of PDAC
untreated external cohort
PDAC recurrence
Yamaguchi prediction after resection
& 2024 Retrospective Single center NR (no EV) and adjuvant therapy
etal. [50]
(S1) from
histopathological images
Ahmadvand Retrospective 10-fold CV + independent Prediction of molecular
etal. [51] 2024 ran dolfnize d Single center EV cohortp subtypes of PDAC
’ from WSI (routine HE)
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Table 1. Cont.
Author Year Stufly Stufiy Validation C11{11ca.1
Design Setting Approach Application
. PDA lecul
Multicenter EV subt Cemﬁegcilcltifn
Saillard Retrospective . (4 independent cohorts) ypep
2023 . International . and assessment
etal. [52] multicenter + spatially matched .
of intratumoral
and unmatched .
heterogeneity
Histopathological AS of
Janssen . . residual PDAC
2024 R I 1 By- IE .
etal. [53] 0 etrospective nternationa y-scanner IECV after neoadjuvant
therapy
IV = internal validation, EC = external validation, CV = k-fold cross-over validation, NR = not reported,
AS = automated segmentation, CE = contrast-enhanced, DD = differential diagnosis, FNA = fine needle as-
piration, LASSO = least absolute shrinkage and selection operator, PNET = pancreatic neuroendocrine tumor,
GTV = gross tumor volume, LAP = late arterial phase, TCGA = the cancer genome atlas, S1 = tegafur/5-chloro-
2,4-dihydroxypyridine/potassium oxonate, WSI = whole-slide imaging, HE = hematoxylin-eosin, IECV = internal
and external cross-over validation.
Table 2. (a) Summary of studies reporting the AI applications in radiological and endoscoping
imaging for PDAC. (b) Summary of studies reporting the Al applications in pathology and prognostic
modeling for PDAC.
. Performance Performance Key
Author Dataset Type Patients (n) AI Model v EV Findings
(a)
CE-CT ACCcnN = 94.3% ACCcnn = 82.5%
self-supervised DL SENScnN = 92.5% SENScnN = 81.7%
Viriyasaranon IC: 4287 PS increased by
etal., 2023 CT Eé'S 61 (PS integrated with ACCpL =95.7% ACCpy = 87.8%, ACC >20.5%
[30] : CNN and SENSpy. = 99.3% SENSpy. = 86.5% SENS > 37.0%
transformer
variants) (both with PS) (both with PS)
Twasa DL DL enabled AS of
AS CNN U-Net on EUS: PDAC on CE-EUS, AI
et 3[1%’12]021 CE-EUS IC: 100 U-Net with median IoU = 0.77 NR lesion delineation
g 100 epochs during EUS feasible
SENSp; = 89.9% SENSp = 89.70/0 PDAC e%ccurate
Chen IC: 256 SPECo: = 95.9% SPECpr, = 92.8% detection on
etal., 2022 CE-CT EC. 1473 DL CNN AU%L_‘O %6 ° AUC =0.95 CE-CT with
[32] ' - (_)11 SENSpy, = 74.7% reasonable SENS
p=5 for Tu<2cm for Tu <2 cm
Detection .
o PANDA with
Cao Overall SENS = 97.2% SENS = 92.9% non-contrast CT:
non-contrast IC: 3208 e SPEC =99.9% non-inferiority to
etal., 2023 CT EC: 6239 DL (PANDA) Identlﬁcatlo? AUC = CE-CT in the DD of
331 SENS =92.6% 0.986-0.996 PDAC in a
SPEC =97.3% ' - large-scale screenin
AUC = 0.987 & &
SENSgym = 95%
SPECgym = 90.3%
Flsym = 89.5% oo
glligcsSVM - 254210;0 Prediagnostic PDAC
Mukherjee IC: 420 4 ML classifiers: AUCgypm =0.98 F1 SVNL ;;7 1'0/ ®  detected, median time
etal., 2022 CE-CT . KNN, SVM, ACCgsym = 92.2% SVM = 5427 till diagnosis: 386 d,
) EC: 80 .
[34] RF, XGBoost superior performance
AUCgym =0.97 . .
AUCknN =095 ACC — 00,49 to radiologists
AUCgr = 0.95 SYM = ZEE0
AUCxXGBoost = 0.96
comparable
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Table 2. Cont.

. Performance Performance Key
Author Dataset Type Patients (n) AI Model v EV Findings
(@
Alves Al non-inferior
. (p < 0.0001) and
etal., 2026 . IC: 2310 Different DL _ AUC, =0.92 .
(PANORAMA)  Foutine CT EC: 1130 models AUCAr =092 AUCpap =0.88  Superior g” <0.0001)
[35] to radiologists on
routine CT
Expert-level EUS
DL AS and station _ segmentation,
Zhang IC: 311 recoenition on improved trainee
etal., 2020 EUS y & ACC =94.2% ACC =82.4% results
EC: 169 u/s 0
[36] (BP MASTER) (ACCay =78.4% vs.
ACC =672%,
p <0.01)
Overall diagnostic
etal, 2023 EUS IC: 491 EUS based DLR SPECprg = 0904 NR CP improved,
(ResNet50) ACCprr =0.863 .
[37] AUCr o = 0.936 higher/comparable
DLR =& training
performance
Efficient PDAC
Kuwahara EIEEISDL B 859;21 differentiation
etal., 2023 EUS IC: 933 * DL CNN ACC DL~ 0.91 NR (high ACC),
[38] AUCDL ~ O 9 and diagnostic
pL == potential
Automatic generation
ACCpy = 98.26% of real-time diagnosis
Udristoiu multi- AUCpy = 098 dl(fvffr‘elfllti:t?;‘f‘; 4
et al., 2021 parametric IC: 65 DL CNN-LSTM NR dvnamics’
[39] EUS PPVppac = 98.1% ynamics
NPV —96.7% capture over time),
PDAC ’ clinical decision
supporting system
Malignancy
. Identification
Real-time CNN SENScy = 92.3%
and RF
SPECcy = 92.3%
(CH-EUS o onifi .
MASTER) ACCcq =92.3% Significant superiority
Tang PPVPDAC =96% (ACC, SENS, SPEC)
etal., 2023 EUS 1C: 39 . » NPVppac = 85.7% NR for PDAC diagnosis,
[40] I\falptrsi e p <0.05 may guide FNA in
segmentation FUS-ENA real time
M2: DD benign vs. .
. comparable with
malignant Tu
control group
p>0.05
RF superior
Ultrasomics Performance
nomogram based .
Mo on 8 ML AUCgg = 0999 T}ff }éliihisgslteizd
etal., 2024 EUS 1C: 231 * algorithms SENSRr = 0.946 NR officac (tgest cohort
[41] (LR, LightGBM, SPECgF = 100% y_ 0.1)
MLP, RE, KNN, ACCgg = 0.975 p=5
SVM, XGBoost) PPVRr = 100%
NPVgg = 0.956
Model performance
DSC: 0.73 comparable to
Liang Square HD = 8. 11' mm radiation oncologists,
et al., 2020 MRI 1C: 40 window-based MSD_— 1 82 mm NR framework to
[42] CNN _> 0 5 incorporate MRI for
p=5 GTV ASiin
MRgOART
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Table 2. Cont.

. Performance Performance Key
Author Dataset Type Patients (n) Al Model v EV Findings
(a)
DL OARs
Chen segmentation . Full pancreas AS on
etal., 2020 MRI IC: 102 * multiscale feature ACC: 0.87-0.96 NR MRI with high ACC
) . p <0.001 .
[43] fusion model and practical memory
(ALAMO)
Kart ACC~90% of data
etal, 2022 MRI IC: 20.000 DL CNN AS error rate: 14.8%, NR with no 1.‘e1evant
EC: >400 (nnUNet) 6.1% of datasets segmentation errors,
[44] .
AS feasible
Vascular
Involvement
76% concurrence with
radiologists
p = 10-35<0.05 .
Bereska Semisupervised Aligsggleﬁ;zr:;a:;glar
etal., 2024 CT-LAP 1C: 517 ML AS model Resectability NR o 1.
/ e classifies resectability
[45] (nnUNet) Classification
o for PDAC
85%: resectable
80%: borderline
resectable,
75% locally
advanced
SENS = 0.88
SPEC = 0.86 AS enables automated
o DL AS (nnU-Net, fo'r tumor-vessel . detection of Tu
Viviers ancreatic 3D U-Net involvement involvement and
etal,, 2026 P IC: 99 e NR automated
protocol CT Probabilistic 3D . .
[46] U-Net) Segmentation computation of the
ACC,ein =0.88 degree of
ACChrtery = 0.86 tumor-vessel contact.
ACCp, =0.86
AUC =0.921 Nomogram
Guan CT-based AS combining CT
< radiomics + DL interfeature scores, features and clinical
et 3;4,72]025 cT IC: 498 +SVM/RF significantly higher in NR factors (CA19-9)
nomogram patients with ER predicted early
p <0.001 recurrence risk
(b)
Hierarchical ﬁgg‘w =_915 0?)0//0 PDAC detection on
Fu WSI, HE DL CNN wst = SE0 WSI, potential for
etal., 2021 pathology IC: 231 (patch-level U-Net, o NR digital pathology
) . . ACC =90.38%
[48] slides WSI with lassification with support,
LightGBM) classiication w generalizable
IVD
median
DSSsig+ = 67.9 mo UPMC cohort:
Nimgaonkar IC: 93 DL CNN DSSSlgjozoié e DSSVPI?O: 431 Gemcitabine benefit
etal., 2023 WSI ’ histologic DSS p=50 prediction, treatment
[49] EC: 207 signature DSSvec- =16 mo specific also in EC
& signature not HR 0.41 P
associated with p=0.02
RNA-seq clusters
Recurrence prediction,
DL improved
(autoencoder AUC =0.73 performance when
Yamaguchi WSI, HE based (histology only); combined with
etal., 2024 pathology IC: 89 f . AUC=0.84 NR clinical data, poor Tu
. eature extraction .
[50] slides (histology + DD
from WSI) + SVM . .
e clinical data) significantly
classifier ' )
associated with
recurrence
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Table 2. Cont.

. Performance Performance Key
Author Dataset Type Patients (n) AT Model v EV Findings
(b)
Tu Regions
Identification .
o Cost-effective and
ACCrcca =89.13% Molecular rapid PDAC
Ahmadvand WSI, HE IC: 95 (TCGA) DL CNN on WSI Molecular Subtvpe Subtvpe molecular subtype
etal., 2024 pathology ’ EC: 44 (Vanilla, IDaRS, Identificati yP Identi f.yp . classification,
[51] slides = DeepMIL, VarMIL) entification entification potentially replacing
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* = cohort not limited to PDAC patients, n = number, IC = internal cohort, EC = external cohort, NR = not reported,
CE = contrast-enhanced, PS = pseudo-lesion segmentation, CNN = convolutional neural network, ACC = accuracy,
SENS = sensitivity, IoU = intersection over union, SPEC = specificity, AUC = area under the curve, Tu = tumor,
KNN = K-nearest neighbor, SVM = support vector machine, RF = random forest, XGBoost = extreme gradient
boosting, RAD = radiologists, DLR = deep learning radiomics, DD = differential diagnosis, CP = chronic pancreati-
tis, PPV = positive predictive value, NPV = negative predictive value, LR = logistic regression, LightGBM = light
gradient boosting machine, MLP = multilayer perceptron, OARs = organs at risk, AS = automated segmen-
tation, LAP = late arterial phase. AP = automatic patch, WSI = whole-slide imaging, DSS = disease-specific
survival, sig = signature patients, mo = months, VPG = visual pancreatic gemcitabine, S1 = tegafur/5-chloro-2,4-
dihydroxypyridine/potassium oxonate, HE = hematoxylin-eosin, TCGA = the Cancer Genome Atlas.

4. Discussion
4.1. Fundamentals of Al in Clinical Medicine

Al encompasses computational methods capable of performing tasks that traditionally
require human cognition, including pattern recognition, classification, prediction, and
decision support [54]. In healthcare, Al has emerged as a powerful tool for extracting
clinically meaningful information from increasingly complex and heterogeneous datasets.
Unlike conventional statistical approaches, Al systems can integrate diverse sources of
information, including imaging, histopathology, laboratory values, genomic profiles, and
EHRs, allowing the identification of subtle relationships that may not be apparent through
traditional analytical techniques [25,55].

ML, a major branch of Al, enables algorithms to learn from data and generate pre-
dictions without explicit programming. In medical research, Al and ML are often used
interchangeably because most current clinical applications rely on machine-learning algo-
rithms. ML methods have been widely applied to disease classification, risk stratification,
prognostication, and treatment response prediction. Their ability to model nonlinear in-
teractions and process high-dimensional datasets makes them particularly attractive for
precision medicine and personalized oncology [56,57]. Typically, model development
involves training and validation datasets, followed by independent testing and, ideally, ex-
ternal validation to assess generalizability and minimize overfitting. The greatest strength
of ML lies in its ability to process and integrate vast datasets, linking observed inputs with
predicted outputs in non-linear and highly interactive ways [55].
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DL is a subset of machine learning that uses multi-layer neural networks to extract
deeply hidden features. Deep learning enables machines to process raw data and auto-
matically construct complex representations. Compared to shallow ML approaches and
traditional analytical methods, DL models often achieve superior performance, particularly
in fields involving large-scale, high-dimensional datasets, and they require minimal to no
human intervention [58].

4.2. Adaptation of Al Technologies in Healthcare

The integration of artificial intelligence into the field of healthcare first occurred in
the 1950s, during research into the Turing test. Significant innovations since 2000 include
the introduction of deep learning and, subsequently, computer-aided detection (CAD) in
endoscopy. This has been followed by the integration of Al technologies in robotic surgery
and telemedicine [59-61].

In the context of precision medicine, Al now has the potential to support clinical
decision-makers by swiftly converting large, complex datasets into concise, comprehensible
outputs. This accelerates analysis, minimizes human errors inherent in manual review,
enhances diagnostic accuracy, and enables continuous real-time predictive capabilities. ML
and DL models can identify patterns linked to outcomes such as mortality, readmissions,
and sepsis, even interpret unstructured notes using natural language processing (NLP)
to support real-time decisions [62,63]. Beyond clinical prediction, Al-enhanced EHRs can
streamline administrative tasks and improve operational efficiency. Emerging radiomic
markers and advanced models—including Prov-GigaPath, Owkin’s systems, CHIEF, and
Google DeepMind’s tools—further expand Al’s diagnostic potential. Al can also perform
repetitive tasks very effectively, allowing physicians to focus on more complex and nu-
anced clinical decision-making. Furthermore, Al has the potential to drive innovation,
sustainability, and equity in healthcare delivery on a global scale. However, challenges
such as data interoperability, privacy, costs, and security remain significant barriers to their
widespread adoption [59].

4.3. Adaptation of Al Technologies in the Management of PDAC

Al can be highly valuable in assessing PDAC, since clinical decision-making extends
beyond simple diagnosis and encompasses risk stratification, identification of high-risk
populations, early detection in high-risk or symptomatic patients, assessment of resectabil-
ity and vascular involvement, molecular subtyping, treatment selection, prediction of
therapeutic response, and longitudinal surveillance [11,19,23,25,27,57]. Furthermore, the
increasing availability of multimodal data, including cross-sectional imaging, endoscopic
ultrasound, histopathology, electronic health records, laboratory parameters, circulating
biomarkers, and multi-omics datasets, creates opportunities but also poses major analytical
challenges [25,27]. Al offers the ability to integrate these heterogeneous data sources, un-
cover complex patterns that may not be readily apparent to clinicians, and provide decision
support across the entire continuum of care. Currently, Al models are being used to assist
with diagnosis, grading, staging, outcomes prediction, therapeutic efficacy, and prospective
clinical trial design.

The sequence of the following sections in the Discussion intentionally reflects increas-
ing levels of complexity and decreasing levels of clinical maturity, moving from applications
supported by stronger evidence to more exploratory domains.

4.4. Early Detection, Diagnosis, and Staging of PDAC

Although image quality is improving all the time, offering highly sensitive and ad-
vanced diagnostic techniques, diagnosing pancreatic cancer remains a significant challenge.
Al is rapidly improving the early detection of pancreatic ductal adenocarcinoma (PDAC),

https:/ /doi.org/10.3390/0onco6030033


https://doi.org/10.3390/onco6030033

Onco 2026, 6, 33

12 of 24

with several imaging-based and multimodal studies reporting high diagnostic performance.
Al can contribute to multiple stages of imaging-based diagnosis, including image recon-
struction, automated segmentation, lesion detection, and characterization or grading based
on extracted radiological features. These methodologies can also be used to analyze digi-
tized histopathology slides, enabling high-throughput and objective tissue evaluation [54].
So far, DL and ML methods, such as convolutional neural networks (CNNs) or support
vector machines (SVMs), have been utilized to detect PDAC and have proved reasonably
sensitive [30,31]. Overall, CT- and EUS-based Al models represent some of the most mature
applications in PDAC, with several studies demonstrating multicenter validation and
performance that approaches clinical implementation. Nevertheless, prospective validation
and impact on patient outcomes remain limited.

4.4.1. CT-Based Deep Learning (Contrast and Non-Contrast)

In their retrospective study, Chen et al. developed and validated an end-to-end
DL-based tool that combines a CNN segmentation model with an ensemble classifier on
contrast-enhanced CT scans. They demonstrated that the tool’s sensitivity for detecting
tumors smaller than 2 cm significantly outperformed radiologist interpretation in both
internal and nationwide real-world test sets, as analyzed using McNemar's test [32]. Al-
though non-contrast CT is widely used for various clinical purposes, it has traditionally
been considered unsuitable for detecting PDAC. However, its routine availability presents
an attractive opportunity for large-scale screening. However, the pancreatic cancer detec-
tion with the artificial intelligence (PANDA) system, a deep-learning system created by
the team of Cao et al. and trained on a dataset of 3208 single-center patients, achieved
AUCs of 0.986-0.996 in multicenter validation. When applied to routine non-contrast CT, it
demonstrated 92.9% sensitivity and 99.9% specificity in a real-world test set, outperforming
the sensitivity of the average radiologist by 34.1% [33].

Radiomics-based machine-learning models have also identified PDAC changes on
prediagnostic CT scans, even months to years before clinical diagnosis. Mukherjee et al.
in their case—control study aiming to early detect PDAC using ML models and to com-
pare performance against human radiologists reported that support vector machine (SVM)
had the highest sensitivity (mean; 95% confidence interval) (95.5; 85.5-100.0), specificity
(90.3; 84.3-91.5), AUC (0.98; 0.94-0.98), and accuracy (92.2%; 86.7-93.7) for classification of
CTs into prediagnostic versus normal and classification accuracies in the low-to-mid 90s
versus much lower radiologist performance [34]. Moreover, reviews of DL and radiomics
approaches confirm that quantitative image features combined with CNN/SVM/ensemble
classifiers substantially boost detection and risk-stratification compared to conventional
reading. Beyond imaging, multimodal efforts that integrate blood-based biomarkers
(ctDNA, exosomes, proteomic signatures) with clinical data and ML models are show-
ing promise for screening and earlier diagnosis, though most remain investigational and
require larger prospective validation.

Recent reviews have concluded that Al can function as a ‘second reader” in pancre-
atic imaging, improving sensitivity, reducing time to diagnosis, and improving clinical
outcomes. A brand new international, paired, non-inferiority, confirmatory, observational
study (PANORAMA) by Alves et al. established an open-source benchmark to investi-
gate Al systems for pancreatic ductal adenocarcinoma (PDAC) detection on CT scans,
comparing their performance to that of radiologists at scale [35]. The study evaluated an
Al system for PDAC detection on routine CT scans, involving over 3400 patients from
nine tertiary centers across Europe and the USA. In a sequestered testing cohort, the Al
system demonstrated high diagnostic accuracy (AUROC 0.92, 95% CI 0.89-0.94) and, in
a multi-reader study involving 68 radiologists from 12 countries, it showed statistically
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significant non-inferiority and superiority compared to human readers. The reference stan-
dard was based on histopathology and long-term clinical follow-up, thereby strengthening
the reliability of the results.

4.4.2. EUS-Based Al for Lesion Characterization

EUS plays a pivotal role in evaluating solid pancreatic masses and guiding fine needle
aspiration (FNA). Several Al systems (CNNs, radiomics, and handcrafted pipelines) can
classify PDAC versus benign lesions using B-mode EUS or elastography. A meta-analysis
of ten studies involving 1871 patients demonstrated that Al-assisted EUS has excellent
diagnostic performance for pancreatic cancer. The pooled sensitivity and specificity were
0.92 (95% (I, 0.89-0.95) and 0.90 (95% ClI, 0.83-0.94), respectively, reflecting high overall
accuracy, as indicated by an AUC of 0.95 and a diagnostic odds ratio of 128.9 (95% (I,
71.2-233.8) [64]. A focused meta-analysis from 2023 similarly found high accuracy for
Al-assisted EUS across detection, differentiation, and guidance for tissue sampling. This
study emphasized the advantages of Al over conventional features alone, while calling
for multi-center prospective validation and standardized reporting. This meta-analysis
evaluated the diagnostic accuracy of Al applied to EUS images for pancreatic cancer,
including seven studies with 1110 participants. Al demonstrated excellent performance,
with a pooled sensitivity of 93%, a specificity of 90%, an AUC of 0.95, and a diagnostic
odds ratio of 114, indicating reliable discrimination between malignant and benign lesions.
Overall, these results suggest that Al-assisted EUS has the potential to reduce operator
dependence and improve the early detection of pancreatic cancer [65]. Another illustrative
example of how Al can assist with EUS training and quality control is a deep learning
(DL)-based system named BP MASTER. This system demonstrated 90% accuracy in station
classification and segmentation, performing comparably to expert endoscopists with a Dice
similarity coefficient (DSC) of 0.77 and 0.81 in blood vessel and pancreas segmentation,
respectively [36].

Al algorithms, particularly DL and CNNs, have demonstrated a high level of accuracy
when it comes to differentiating between PDAC and chronic pancreatitis (CP), as well as
other pancreatic lesions. For instance, DL radiomics achieved an AUC of 0.936 and en-
hanced the performance of junior endosonographers [37], while EfficientNet distinguished
PDAC from other masses with an AUC of 0.9 [38]. Furthermore, a CNN-LSTM model
attained 98.1% sensitivity, 96.7% specificity, and an AUC of 0.97 using multimodal EUS
images. Al has also been used to differentiate between autoimmune pancreatitis and PDAC
and CP, achieving sensitivities and specificities of up to 99% and 98%, respectively [39].
Real-time, Al-enhanced systems, such as CH-EUS MASTER, have improved diagnostic
accuracy to 92.3% and first-pass EUS-FNA yield to 80% [40]. In terms of prognosis, ML
models predicted the need for repeat EUS-guided celiac plexus neurolysis and pain relief
with an AUC of up to 0.94. In the case of pancreatic neuroendocrine tumors (pNETs), Al
was able to distinguish between pNETs and PDAC, as well as predict aggressiveness, with
an AUC of 0.85 [41,55]. Different CNN models have achieved remarkable accuracy in dif-
ferentiating mucinous from non-mucinous cysts (98.5%), predicting malignancy (94%), and
stratifying low-grade vs. high-grade dysplasia (up to 99.6%), outperforming conventional
guidelines [66].

4.4.3. MRI and Multi-Parametric Imaging

Although CT/EUS provides the strongest single-study evidence, MRI-based radiomics
and DL tools are also emerging. Recent advances in magnetic resonance imaging combined
with artificial intelligence have produced promising results in small-to-moderate patient
groups for lesion detection and fibrosis/ texture quantification, which could enhance staging
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and resectability assessment. Deep learning and radiomics-based approaches, when applied
to multiparametric MRI including diffusion-weighted imaging (DWI), apparent diffusion
coefficient (ADC) maps, and contrast-enhanced sequences, enable the extraction of high-
dimensional imaging features that cannot be identified through visual assessment. This
improves lesion detection and classification [42].

Recent DL approaches have substantially improved the automated segmentation of
the pancreas and other abdominal organs on MRI scans. CNN-based models such as
U-Net and nnU-Net, as well as graph-based fusion methods, have achieved DSCs ranging
from approximately 0.72 to 0.89 for the pancreas and exceeding 0.9 for larger organs such
as the liver and kidneys [43,66]. Large-scale applications, including whole-body MRI
segmentation using UK Biobank and German National Cohort datasets, have demonstrated
robust generalisability. Specialized DL pipelines have also been developed for pancreatic
cyst detection and segmentation using multisequence MRI, achieving clinically meaningful
accuracy for lesions larger than 5 mm [44,67].

Several studies have demonstrated that Al-assisted MRI radiomics can distinguish
PDAC from benign pancreatic lesions and chronic pancreatitis with high diagnostic ac-
curacy, particularly in the case of early-stage or small tumors. Furthermore, machine
learning models that integrate multiparametric MRI features have demonstrated the ability
to predict biologically relevant tumor characteristics, such as the Ki-67 proliferation index
and tumor grade. This offers a non-invasive means of achieving early risk stratification
and facilitating more personalized treatment strategies [68]. Taken together, these findings
emphasize the increasing importance of Al-enhanced MRI and multiparametric imaging
as promising tools for the early detection and diagnosis of PDAC, although prospective
validation and large multicenter datasets are still necessary before they can be routinely
adopted in clinical practice.

4.5. Staging and Surgical Planning

Accurate staging and assessment of resectability are critical in the management of
PDAC, yet conventional interpretation of imaging results shows significant interobserver
variability, particularly when evaluating tumor vessel involvement. Al, particularly deep
learning (DL) and radiomics, enhances objectivity by quantifying imaging features beyond
human perception. Semisupervised Al models analyzing contrast-enhanced CT scans have
achieved 75-85% agreement with expert radiologists in quantifying vascular involvement,
offering standardized support for treatment selection [45].

Radiomics models can already predict margin positivity and lymph node metastases
preoperatively with sensitivities of up to 64.8% and specificities of up to 77%, achiev-
ing an AUC of up to 0.92 and aiding decisions on neoadjuvant therapy versus upfront
surgery [69,70]. Al-based segmentation also enables the automated assessment of tumor
vessel contact and staging granularity, which correlates with pathological stage and guides
surgical planning [45,46].

Intraoperative Al applications in minimally invasive pancreatic surgery use large
amounts of surgical data to improve safety and outcomes. As we know, surgomics collects
intraoperative features and combines them with preoperative data in order to predict
postoperative morbidity and mortality, provide surgeons with feedback, and suggest
actions based on peer practices [71]. Al integrated with augmented reality (AR), such
as SmartLiver™, enables the real-time visualization of tumors and intra-parenchymal
vascular structures from 2D images, thereby enhancing surgical guidance [72]. Furthermore,
deep learning models applied to surgical videos can facilitate landmark detection, phase
recognition, and ‘no fly zones’ during procedures such as laparoscopic cholecystectomy [73],
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as well as assisting in the safe placement of trocars by identifying abdominal wall layers in
real time for minimally invasive approaches [74,75].

4.6. Prognostication and Response Assessment

An increasing body of research shows that preoperative CT radiomics signatures
can predict postoperative survival and early recurrence in pancreatic cancer. Integrated
models that combine clinical, radiological, and radiomic features (CRR models) have
demonstrated strong predictive performance for early recurrence (e.g., AUCs of up to ~0.92
in large cohorts) and outperform models based on clinical or radiomic data alone. This
aids risk stratification and treatment selection prior to surgery [47]. An emerging body
of research quantifying sarcopenia and adiposity from routine CT scans using radiomics
also predicts recurrence-free survival, highlighting important tumor-host interactions that
extend beyond tumor-centric imaging features [76].

Delta radiomics, which captures changes in radiomic features over time, has the po-
tential to predict treatment response early on during neoadjuvant or palliative chemother-
apy. Machine learning models that leverage longitudinal feature changes have achieved
high predictive discrimination (AUC up to ~0.94) in differentiating responders from non-
responders. This suggests that temporal texture dynamics may be powerful biomarkers
of the effect of therapy [77]. However, recent reviews emphasize the necessity of anchor-
ing delta radiomics signals to clinically meaningful endpoints, such as RO resection rates,
progression-free survival (PFS), and overall survival (OS), rather than relying solely on
imaging surrogates.

Although prospective validation remains limited, early proof-of-concept Al systems
that integrate routine laboratory time series (e.g., serial blood tests) with clinical data have
been proposed to forecast near-term clinical evolution and potentially anticipate treatment
tolerance or toxicity. Together, these Al-enabled prognostic models can inform critical
management decisions, including choosing between neoadjuvant therapy and upfront
surgery, the intensity of adjuvant therapy, personalized surveillance intervals, and shared
decision-making with patients where the operative risk and expected benefit are balanced.

4.7. Pathology and Biomarker Discovery

The application of Al to whole slide imaging (WSI) in histopathology is increasingly
enabling the objective and high-throughput detection of tumors, the grading of surrogates,
and the exploration of morpho-molecular signatures that correlate with clinical outcomes.
Deep learning models have demonstrated very high performance in the automated detec-
tion and segmentation of PDAC on WSIs. Some architectures have achieved classification
accuracies of over 95% at the patch level and around 100% at the slide level, illustrating
their potential to support diagnostic workflows and reduce manual workload [48].

Beyond detection, Al can extract prognostic and predictive histological features that
are not routinely evaluated by pathologists. For instance, an Al-derived histological
signature has been identified that can predict disease-specific survival following adjuvant
gemcitabine therapy in PDAC. External validation has confirmed its potential utility as a
treatment response biomarker [49]. Additionally, the application of machine learning to
WEI data combined with clinical variables (e.g., tumor markers) has been shown to improve
the prediction of recurrence after resection compared to either domain alone, with AUCs
increasing from ~0.73 to ~0.84 when clinical data were integrated [50].

Al has also been used to infer molecular subtypes directly from routine hematoxylin
and eosin (H&E) slides, addressing a historically challenging task that has required costly
genomic assays. Deep learning models have classified PDAC subtypes (classical vs. basal)
with balanced accuracies of ~96% in the Cancer Genome Atlas (TCGA) cohorts and ~83%
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in external cohorts, highlighting Al’s potential to guide precision therapy from standard
pathology specimens [51]. Advanced interpretable Al models, such as PACpAlnt, have
further elucidated intratumor heterogeneity. These models have shown that many tumors
exist on a continuum between subtypes, which has important prognostic implications. They
have also enabled the spatial phenotyping of tumor and stromal compartments related to
therapy response [52].

Despite these advances, challenges remain, chiefly the need for large, multi-
institutional annotated WSI datasets and regulatory-grade analytic pipelines to ensure
robust model generalization across staining protocols and scanner platforms. Nevertheless,
Al-enhanced histopathological analysis is evolving rapidly into a tool for improved diag-
nostics and biomarker discovery, as well as integration with genomics and liquid biopsy
data, to support personalized management strategies in pancreatic cancer [78,79]. Al-based
segmentation models, such as that developed by Janssen et al., enable the objective quan-
tification of residual tumor burden following neoadjuvant therapy, which could improve
pathological response assessment [53]. Overall, histopathology-based AI models demon-
strate considerable potential for molecular subtyping and prognostication but currently
remain primarily within the research setting.

4.8. Evidence Quality, Generalizability, and Implementation

Guidelines such as CONSORT-AI and SPIRIT-AI provide recommendations for the
design and reporting of Al-based clinical trials, whereas emerging frameworks, including
TRIPOD-AI and CLAIM, aim to standardize the development, validation, and reporting
of predictive models and medical imaging studies [80-84]. However, there are several
challenges that limit the current translation of Al into clinical practice. Dataset bias and
drift arise from the reliance on single-center datasets with limited scanner and protocol
diversity. Moreover, the majority of currently available Al models have been developed
using retrospective datasets. In our presented studies, for instance, internal validation
was commonly performed, whereas independent external validation was not always avail-
able, and prospective validation was rare. These differences are clinically important, as
model performance obtained from internal cohorts may not generalize to other institu-
tions, imaging protocols, patient populations, or workflows. Domain shifts and calibration
drift can also threaten reliability. Reporting is inconsistent, and there is variable adher-
ence to TRIPOD-AI/CONSORT-AI guidelines, as well as limited code and model sharing.
Prospective clinical utility is rarely evaluated, with most studies only reporting diagnostic
or predictive accuracy rather than patient-level outcomes. Workflow integration is most
feasible in the form of a second reader, triage flag, or automated pre-screening tool. Ex-
plainability features, such as saliency maps and case-based reasoning, can enhance trust
and encourage multidisciplinary adoption. The adoption of these standards, together with
external validation and prospective multicenter studies, will reinforce the translation of Al
in clinical practice.

4.9. Future Directions

Al has the potential to enable machines to analyze complex data and generate ac-
tionable insights. This offers opportunities to improve diagnostic accuracy, reduce errors,
and support real-time clinical decision-making. In the case of PDAC, Al-based omics ap-
proaches are emerging as promising tools for the early discovery of biomarkers, molecular
subtyping, the selection of treatments, and the prediction of survival and recurrence. These
approaches have the potential to improve current poor outcomes. Despite major advances
in this field, PDAC remains a significant global public health challenge, with five-year
survival rates of around 15%, primarily due to late diagnosis, limited screening strategies,
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and therapeutic resistance. Recent reviews emphasize the growing role of Al in transform-
ing PDAC diagnosis and management, and highlight its potential to advance precision
medicine in this lethal disease. Looking ahead, AI may enable comprehensive, whole-body
cancer screening strategies rather than traditional organ-specific approaches [85].

Al currently appears to be most promising as an adjunctive ‘second reader” in ra-
diology and endoscopy, where it can improve the consistency of detection and reduce
interobserver variability, particularly for small lesions or when the pancreas is not the
main focus of the imaging. In EUS, Al can serve as an adjunct classifier to support ma-
lignancy discrimination and guide tissue sampling, thereby reducing variability related
to operator experience. Al-driven risk triage using clinical and EHR data can prioritize
high-risk patients for imaging and expedite referral pathways, building on evidence from
multi-cancer deployments.

In terms of its emerging and promising applications, Al-based prognostic and early-
recurrence radiomics may help to personalize neoadjuvant/adjuvant therapy and surveil-
lance intervals. Meanwhile, delta-radiomics can provide early indicators of treatment
response to guide adaptive therapy. In pathology, Al can extract morpho-molecular surro-
gates and automate quantification to maximize the information obtained from limited tissue
samples. If integrated with confirmatory diagnostic pathways and outcome monitoring, op-
portunistic non-contrast CT screening offers potential for population-level early detection.

Successful adoption requires the integration of Al outputs into existing multidisci-
plinary team workflows, with human oversight and defined action thresholds (e.g., trig-
gering a pancreas protocol CT or EUS-FNA). Models must undergo external, multicenter
validation across diverse scanners, protocols, and populations, with ongoing monitoring
for calibration drift. Equity and bias audits are essential to ensure consistent performance
across age, sex, ethnicity, body habitus, and comorbid conditions. Explainability tools, such
as heatmaps, similar-case retrieval, and confidence scoring, can reduce automation bias
and encourage clinician trust.

Regulatory and research priorities include prospective trials measuring patient-
centered endpoints such as time to diagnosis, RO resection rates, progression-free sur-
vival, overall survival, and downstream resource utilization. High-risk surveillance pro-
grams (e.g., familial PDAC or germline mutation carriers) should evaluate Al-augmented
MRI/EUS strategies with clearly defined, actionable thresholds. Trials of Al-guided treat-
ment adaptation using delta-radiomics could test protocolised switching to optimize out-
comes. Finally, transparent and shareable benchmarking, adherence to the TRI-POD-
AI/CONSORT-AI reporting standards, and post-market monitoring are critical to ensuring
reproducibility, safety, and equitable benefits across populations.

Equally important, successful translation into clinical practice will require explainable
and externally validated models, prospective evaluation, regulatory oversight, health-
economic assessment, and seamless integration into multidisciplinary workflows, ensur-
ing that Al functions as a decision-support tool rather than a replacement for clinical
expertise [24-26,86]. Future progress will depend less on the development of increasingly
complex algorithms and more on the generation of robust multicenter prospective datasets,
transparent reporting, external validation, regulatory approval, and seamless integration
into multidisciplinary clinical workflows.

5. Limitations
5.1. Limitations of Al Applications

The effective and safe deployment of Al technology in pancreatic cancer care requires
the resolution of several organizational, technical, and ethical challenges. Data storage,
frequent information input, technical equipment, internet access, software updates, and
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system maintenance are all vital to ensure the technology is used smoothly and without
interruption [85]. Taking into account the universal nature of Al, interdisciplinary and
international collaboration should also be considered as integral parts. The scarcity of
high-quality, centralized datasets limits model performance and increases the risk of errors
and bias. Several initiatives, such as the National Institutes of Health—National Cancer
Institute (NIH-NCI EDRN), UK Biobank, Pancreatic Cancer Collective, Cancer Imaging
Archive, and Global Cancer Observatory, aim to improve data availability while ensuring
data security within each institution.

Furthermore, concerns about the quality of data and human biases embedded in
algorithms during development and after clinical deployment can affect performance in
real-world environments, which limits the safety and usefulness of Al in oncology clinical
practice. The quality of Al algorithms depends entirely on the quality of the data and
assumptions they are fed [86]. Consequently, an inadequate representation of patient
populations and clinical scenarios in training datasets can lead to overfitting and produce
unreliable or non-generalizable outputs in real-world settings. Therefore, it is essential to
use diverse, representative data throughout model development, validation, and ongoing
post-deployment monitoring.

Another important point to mention is familiarizing clinicians with Al use. A 2019
survey of Korean physicians found that, although 83.4% valued Al for medical diagnosis,
only 5.9% were familiar with it and 29.3% noted its limitations in unexpected situations due
to incomplete information [87]. Adoption is influenced by physician expertise, technological
literacy, and age, while hesitancy often stems from a lack of explainability, unclear liability,
and the cost of errors, as well as unfamiliarity with Al tools. Methods that quantify variable
importance in model predictions can improve trust in Al and its integration into clinical
workflows. However, an overreliance on Al at the expense of clinical judgment can lead to
false positives or negatives being overlooked.

5.2. Limitations of the Current Study

Real-world clinical impact and cost-effectiveness data are scarce, which limits our
ability to draw firm conclusions about the practical utility of Al applications in pancreatic
cancer care. This review primarily focused on PDAC, only occasionally addressing cystic
neoplasms and neuroendocrine tumors; therefore, the findings may not fully generalize to
these other pancreatic neoplasms. The literature search was restricted to English-language
publications and excluded proxy terms for resilience or alternative outcomes to maintain
focus, which may have omitted relevant studies published in other languages or investigat-
ing related outcomes. The heterogeneity of AI models, datasets, imaging protocols, and
outcome measures across the included studies limits the comparability and generalisability
of the findings. Many studies relied on retrospective, case—control designs, or imbalanced
single-center datasets with limited external validation, which reduces confidence in their
broader applicability. In addition, some studies reported exceptionally high-performance
metrics (e.g., AUC~1.0); they should be interpreted cautiously. Furthermore, the rapid
pace of Al development means that newer models or applications may not have been
included in the review. Finally, methodological variability, including differences in valida-
tion approaches, feature selection, and reporting standards, hinders reproducibility and
precludes formal meta-analysis. Despite these limitations, the review took a theoretically
informed narrative approach, conducting in-depth analyses using constructs of resilience
and evidence quality to synthesize the current state of knowledge.
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6. Conclusions

Modern Al systems are increasingly being integrated into pancreatic cancer research
and show considerable promise across multiple domains, including imaging-based diagno-
sis, lesion characterization, prognostication, and biomarker discovery. Current evidence
suggests that Al may serve as a valuable decision-support and augmentation tool (not an
automation), particularly in enhancing diagnostic consistency and facilitating personalized
treatment strategies. However, most available studies are retrospective and heterogeneous,
with limited prospective validation. Therefore, Al should currently be regarded as a com-
plementary technology rather than a replacement for clinical judgment. Future prospective,
multicenter, and impact-oriented studies are essential to establish its clinical utility, safety,
and cost-effectiveness before widespread implementation in routine pancreatic cancer care
can be recommended. The next phase of Al research in pancreatic cancer should there-
fore focus on prospective clinical implementation studies rather than further retrospective
model development.
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