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[ Abstract | With the widespread use of imaging techniques and the aging population, the detection rate of pancreatic tumors has
risen markedly. Given the substantial heterogeneity in biological behavior and prognosis among different tumor subtypes, accurate
diagnosis and risk stratification have become pressing clinical needs. In recent years, artificial intelligence (Al) technologies—such
as radiomics, deep learning, and multi-omics integration—have considerably improved the efficiency of early detection, subtype
classification, and prognostic evaluation of pancreatic neoplasms. Representative models have achieved area under the curve (AUC)
values exceeding 0.98 in early diagnosis, while multi-omics Al systems have significantly enhanced individualized therapeutic
prediction. However, limited data sharing and insufficient model interpretability still hinder clinical implementation. Future efforts

should focus on establishing standardized multicenter datasets, advancing explainable Al methodologies, and conducting large-scale

prospective validations to promote the routine integration of Al into precision management of pancreatic tumors.
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Fig.1 Typical applications of artificial intelligence in precision diagnosis and treatment of pancreatic tumors
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Tab.1 Applications of artificial intelligence in the diagnosis and treatment of pancreatic tumors
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MukherjeeZ ' T oA Radiomics+SVM PDACH I H 42015 AUC 0.98
Cao%s [ T A CNN (PANDA ) PDACH: 6 000-+13] AUC 0.986~0.996
Kuwahara% - T A EfficientNet PDACYEHIL KT 93344 AUC 0.90
Placido%: ' R i NLP + Transformer e N A 9007 A\ AUC 0.88
SongZ %) LW R MRI Radiomics SPN vs NEN 7945 AUC 0.92
Vilas-Boas%s ') Wi 537 CNN (EUS) PDACiZHT 5 5055k &% HER)98.5%
Hanania%s '’ LW R Radiomics TPMNGEAE Tl 360EAE AUC 0.96
Cui% >/ LW RadiomicstML IPMN;IEAS Fii il 25244 AUC 0.903
Tkutaf (77 P s ]| LGBM+CT#1% HTIIAY T R 861l AUC 0.902~0.923
WatsonZf 2/ R CNN+CA19-9 BV I i 81431 AUC 0.785
Nasief%s 2/ SR Delta Radiomics 1BIT RSN ASTA 90451 AUC 0.94
OsipovZ MAILIETT TR P aeea ! 6 363 MRIE IR T R
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ZhangZ: 1] AMAALIATT CMLS BRI YT EA NN IR X5 B4 fingRg
Bian% %/ R CNN+ CTi# 1% N 734151 AUC 0.91~0.92
Gao’ EERS TR PET-MRIZ]%: GEZ Wz 9143 C-index 0.74
XueZ EERS TR Deep Learning AN E RS 6611 AUC>0.90
Noguchi% BURIEA ViT VAT A ARA AUC>0.8
KangZ %7 WUR S FDG-PET/CT4H % SR 14014 C-index 0.740
ParkZs 1) 5 A CT Radiomics A AT 1534 C-index 0.741 4

SVM: SZEmEEAHL (support vector machine ) ; AUC: £ F1EFY (area under curve ) ; CNN: HFMIZRZE ( convolutional neural
network ) ; NLP: H#KIBEF AL (natural language processing ) ; MRI: fiHHRM1% ( magnetic resonance imaging ) ; SPN: SEPEfRFLIR
M (solid pseudopapillary tumor ) ; EUS: H4i##5 (endoscopic ultrasound ) ; ML: #l##2%>] (machine learning ) ; CA19-9. HHZEHTIE
19-9 ( carbohydrate antigen 19-9) ; PET: 1EMLFEHHAZMS (positron emission tomography ) .
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