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ABSTRACT
Pancreatic ductal adenocarcinoma is the most common pancreatic cancer. It is characterized by a progressive course 
or distant metastases in 80%–85% of cases. Despite advances in understanding of pancreatic ductal adenocarcinoma, 
the disease is consistently linked to poor prognosis due to late diagnosis and limited treatment options in advanced stages. 
Recently, image processing using artificial intelligence has been introduced for pancreatic ductal adenocarcinoma diagnosis 
and demonstrated promising results. This review summarizes current scientific data, evaluates the role of artificial intelligence 
in imaging and early detection of pancreatic ductal adenocarcinoma, and identifies issues that warrant further investigation. 
The search for publications was conducted using PubMed, Google Scholar, and eLibrary. The following Russian and English 
search keywords were used: ранняя диагностика рака поджелудочной железы (early diagnosis of pancreatic cancer), 
искусственный интеллект (artificial intelligence), протоковая аденокарцинома поджелудочной железы (pancreatic ductal 
adenocarcinoma), медицинская визуализация (medical visualization), наночастицы (nanoparticles), pancreatic cancer, 
artificial intelligence, early diagnosis pancreatic ductal adenocarcinoma, and pancreatic cancer imaging. Significant progress 
in early detection of pancreatic ductal adenocarcinoma using artificial intelligence technologies was observed. Current 
approaches include pre-imaging risk stratification and increased data volume by analyzing electronic medical records. Despite 
substantial achievements, the clinical implementation of artificial intelligence technologies remains challenging. The use 
of artificial intelligence along with biomarkers is a promising direction and may enhance theranostics of various malignancies, 
including pancreatic ductal adenocarcinoma.
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АННОТАЦИЯ
Протоковая аденокарцинома поджелудочной железы является наиболее распространённым типом рака поджелудоч-
ной железы, который в 80–85% случаев отличается прогрессирующим течением или наличием отдалённых метаста-
тических очагов. Несмотря на успехи в изучении протоковой аденокарциномы поджелудочной железы, она по‑преж-
нему имеет неблагоприятный прогноз ввиду поздней диагностики и ограниченных возможностей лечения на поздних 
стадиях заболевания. В последние годы применяют обработку изображений с помощью искусственного интеллекта 
для её диагностики, которая показала многообещающие результаты. В данном обзоре обобщены современные ли-
тературные данные и оценена роль искусственного интеллекта в области визуализации и ранней диагностики про-
токовой аденокарциномы поджелудочной железы, а также выявлены нерешённые вопросы, требующие проведения 
дальнейших исследований. Поиск публикаций проведён в поисковых системах PubMed, Google Scholar и eLibrary. Его 
осуществляли с помощью следующих ключевых слов на русском и английском языках: «ранняя диагностика рака под-
желудочной железы», «искусственный интеллект», «протоковая аденокарцинома поджелудочной железы», «меди-
цинская визуализация», «наночастицы», «pancreatic cancer», «artificial intelligence», «early diagnosis pancreatic ductal 
adenocarcinoma», «pancreatic cancer imaging». В области раннего выявления протоковой аденокарциномы поджелу-
дочной железы с помощью технологий искусственного интеллекта наблюдают значительный прогресс. Современные 
подходы включают стратификацию риска до визуализации и увеличение объёма анализируемых данных с помощью 
оценки электронных медицинских карт. Несмотря на значительные успехи, внедрение технологий искусственного 
интеллекта в клиническую практику всё ещё сопряжено с различными проблемами. В свою очередь, их совместное 
использование с биомаркёрами представляет перспективное направление для дальнейших исследований, способное 
улучшить тераностику различных злокачественных новообразований, включая протоковую аденокарциному поджелу-
дочной железы.

Ключевые слова: рак поджелудочной железы; искусственный интеллект; ранняя диагностика; протоковая 
аденокарцинома поджелудочной железы; глубокое обучение; медицинская визуализация; обзор.
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摘要摘要

胰腺导管腺癌是最常见的胰腺癌类型，在80–85%的病例中呈现出进展性病程或伴有远处

转移灶。尽管对胰腺导管腺癌的研究已取得一定进展，但由于诊断较晚以及晚期治疗手

段有限，该病的预后仍然不良。近年来，人工智能图像处理技术已开始应用于胰腺导管腺

癌的诊断，并显示出良好前景。本综述汇总了当前文献资料，分析并评估人工智能在影

像学及胰腺导管腺癌早期诊断中的作用，同时指出尚待深入研究的问题。文献检索是在

PubMed、Google Scholar和eLibrary等数据库中进行的。文献检索是通过以下俄文和英文关

键词进行的：“ранняя диагностика рака поджелудоч-

ной железы”（胰腺癌早期诊断）、“искусственный интел-

лект”（人工智能）、“протоковая аденокарцинома 

поджелудочной железы”（胰腺导管腺癌）、“медицин-

ская визуализация”（医学影像）、“наночастицы”（

纳米颗粒）、“pancreatic cancer”（胰腺癌）、“artificial intelligence”（人工

智能）、“early diagnosis pancreatic ductal adenocarcinoma”（胰腺癌早期诊断）

、“pancreatic cancer imaging”（胰腺癌影像学检查）。在利用人工智能技术实现胰腺

导管腺癌早期识别的研究领域，已取得显著进展。当前方法包括影像前的风险分层，以及通

过电子病历评估实现分析数据量的扩大。尽管已取得显著进展，人工智能技术在临床实践中

的应用仍面临诸多问题。工智能技术与生物标志物的联合应用构成了一个值得进一步研究的

前景方向，有望改善多种恶性肿瘤（包括胰腺导管腺癌）的疗诊一体化水平。

关键词：关键词：胰腺癌；人工智能；早期诊断；胰腺导管腺癌；深度学习；医学影像；综述。
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INTRODUCTION
Pancreatic cancer is a gastrointestinal cancer characterized 

by rapid progression, invasiveness, asymptomatic course at early 
stages, and relapses after surgical treatment  [1]. Pancreatic 
ductal adenocarcinoma (PDAC) is the most common type 
of pancreatic cancer. In 80%–85% of cases, it is characterized 
by a progressive course or distant metastases. Furthermore, 
the five-year survival rate in pancreatic cancer is 12%, which 
is the lowest of all cancers, highlighting the significance 
of early diagnosis and treatment [2].

Despite progress in understanding PDAC, the disease 
is still associated with a poor prognosis due to late diagnosis 
and limited treatment options in advanced stages. Difficulties 
in early detection, along with the growing incidence of PDAC 
due to risk factors such as obesity and diabetes mellitus 
in patients over 50  years, increase the prevalence of this 
condition [3, 4]. In 2023, a total of 62,210 new cases of PDAC 
were reported in the United States, with the mortality rate 
reaching 49,380  cases by 2022  [3]. Of the 57,600 cases 
reported in 2020, 55% of patients already had metastases 
at diagnosis [4]. In the United States, PDAC accounts for 2% and 
5% of all cancers and cancer deaths, respectively, highlighting 
the need for earlier detection of this condition  [5]. In 2019, 
pancreatic cancer accounted for 3.4% and 3.0% of all cancers 
in Russia in males and females, respectively. Over the last 
decade, the incidence of pancreatic cancer has increased by 
11.4% in males and by 25% in females. In 2019, 19,930 cases 
of newly diagnosed pancreatic cancer were reported [6].

The United States Preventive Services Task Force 
(USPSTF) does not recommend screening for PDAC in adult 
asymptomatic patients, given the low prevalence of this 
condition and the lack of evidence that such screening can 
improve detection, survival, or mortality rates  [7]. However, 
some guidelines recommend imaging examinations and case 
follow-up in high-risk patients [8]. Furthermore, a randomized 
controlled study is currently underway to assess the role 
of screening in patients with newly diagnosed hyperglycemia 
and diabetes mellitus for early detection of PDAC using 
computed tomography (CT) (NCT04662879)  [9]. However, 
given the lack of specific biomarkers and limitations of CT 
and magnetic resonance imaging (MRI) in detecting PDAC 
measuring <2 cm, early diagnosis remains challenging even 
in high-risk patients [10].

In recent years, artificial intelligence (AI) has been 
used for image processing in the diagnosis of PDAC, with 
encouraging results  [11]. AI refers to systems that replicate 
human intelligence and can learn to make decisions. 
The rapid advancement of AI technology, notably machine 
learning (ML) and deep learning (DL), has piqued clinicians' 
interest in developing novel integrated, reliable, and efficient 
diagnostic tools for medical care. DL is a significant 
advancement in addressing challenges associated with 
large-scale data collection, processing, and differentiation. 
For many years, the medical community has been unable 

to solve the existing issues. However, DL has proven 
highly effective in identifying complex patterns within 
high‑dimensional data and can be applied across a wide 
range of scientific fields. Furthermore, DL systems are 
trainable and capable of functioning based on raw data, such 
as numbers, text, or even their combinations  [12]. Trained 
AI-based models can process input medical images and 
provide outputs within seconds, significantly speeding up 
diagnosis. According to research, the efficacy of AI systems 
in detecting PDAC is comparable, if not superior to that 
of health experts  [11,  13]. Significant improvements in data 
analysis speed further contribute to more effective diagnosis 
and treatment, reducing the workload in health care [11, 13].

Recent advancements in AI-based imaging and image 
analysis have improved the sensitivity and specificity of early 
PDAC diagnosis. These advancements include cancer-specific 
positron emission tomography (PET) radiotracers, ultrasound 
contrast agents, and AI-based image processing and analysis 
algorithms [13].

SEARCH METHODOLOGY
The search was conducted in PubMed, Google Scholar, 

and eLIBRARY.RU. The following keywords in Russian were 
used: ранняя диагностика рака поджелудочной железы 
(early diagnosis of pancreatic cancer); искусственный 
интеллект (artificial intelligence); протоковая 
аденокарцинома поджелудочной железы (pancreatic 
ductal adenocarcinoma); медицинская визуализация 
(medical imaging); наночастицы (nanoparticles). 
Furthermore, the following keywords in English were 
used: pancreatic cancer; artificial intelligence; early 
diagnosis pancreatic ductal adenocarcinoma; pancreatic 
cancer imaging. The search depth was from 2003 to 2025. 
The review primarily included articles published in the recent 
5 years; however, earlier publications of high scientific merit 
were also considered. Where necessary, an additional search 
of other relevant publications addressing the clinical and 
prognostic significance of novel imaging methods in early 
diagnosis of pancreatic cancer was conducted.

Titles and abstracts were independently screened, 
followed by full-text review of relevant articles. The following 
publication selection algorithm was used:
•	 Duplicates were removed prior to the search;
•	 During the search, the titles and abstracts of the selected 

publications were screened for relevance and full-text 
access. Abstracts, articles, and works without full-text 
access were excluded;

•	 Full-text articles were assessed for eligibility.
Inclusion criteria were as follows: full-text reviews 

published in peer-reviewed journals, meta-analyses, 
systematic reviews, randomized controlled or experimental 
in vitro and in vivo studies, and case reports in Russian 
or English containing the keywords specified above. As a result, 
60 publications were included in the present review.



321

DOI: https://doi.org/10.17816/DD670193

Review Digital DiagnosticsVol. 6 (2) 2025

MODERN IMAGING METHODS 
IN PANCREATIC DUCTAL 
ADENOCARCINOMA

Photon-counting CT, the most recent advancement 
in CT, improves the capabilities and diagnostic potential 
of medical imaging. In contrast to conventional CT, photon 
detectors enable photon counting and assessment of their 
interactions  [14]. The key advantages of this technique are 
a greater contrast‑to-noise ratio, improved spatial resolution, 
and increased visibility of lesions at a lower energy (50 keV), 
resulting from improved response of the contrast agent. 
This provides significant benefits for the visualization and 
differentiation of the pancreatic parenchyma both under 
normal conditions and in PDAC, which is typically relatively 
isodense. Previous research found that low energy 
(e.g.,  40  keV) improves the visibility of PDAC measuring 
≤3  cm  [15]. Furthermore, up to 44% of tumors (especially 
those measuring ≤2 cm) that are not detected by conventional 
CT are isodense relative to the pancreatic parenchyma [16, 17].

Another promising area is the development 
of non‑iodinated molecular contrast agents for CT. 
Nanoparticles can be used in various imaging techniques 
by incorporating materials or moieties that correspond 
to the physical principles underlying the specific technique. 
This allows using nanoparticles in CT, MRI, and ultrasound 
(US) examinations. Gold and iron oxide nanoparticles are 
the most studied. The former have optical properties used 
in photothermal therapy for selective cancer cell elimination 
by radiation exposure, whereas the  latter are used in MRI 
and targeted therapy for both diagnostic and therapeutic 
purposes  [18]. Photon-counting CT visualizes the K-edge1 
in the range of 25–150  keV, identifying nanoparticles 
(e.g., gold or gadolinium nanoparticles) even at extremely 
low concentrations, facilitating the early detection 
of primary neoplasms and metastases. Furthermore, 
the use of nanoparticles is based on their interactions with 
specific molecular targets in PDAC, improving the efficacy 
of theranostics 2 [19]. Nanoparticles are effective in the early 
detection of PDAC; however, their use is currently limited 
to identifying specific markers in biomaterials, and they 
cannot be applied as disease-specific imaging agents [20, 21].

PET molecular imaging remains an area of considerable 
interest in the diagnosis of PDAC. 18F-fluorodeoxyglucose 
(18F-FDG) is the  most commonly used radiopharmaceutical 
in real-world practice. However, the National Comprehensive 
Cancer Network (NCCN) does not recommend it for 
the diagnosis of PDAC [22]. Similar to other cancers, detecting 
small lesions using positron emission tomography/
computed tomography (PET/CT) with 18F-FDG is challenging, 

1 �The K-edge of absorption is a sharp increase in the absorption coefficient of X-ray or γ-radiation that occurs when the energy of the radiation exceeds 
the binding energy of an electron in the K-shell of an atom (the innermost shell).

2 �Theranostics is an interdisciplinary approach to medicine that combines diagnostics and treatment within a single technology or drug.

given the relatively low signal-to-noise ratio due 
to poor visualization of small tumors against the high activity 
of the pancreatic parenchyma, especially if inflammatory 
changes are present  [13]. Therefore, the search for new 
drugs and methods to increase the efficacy of early diagnosis 
in PDAC is relevant.

Histopathologically, PDAC is a hypovascular tumor 
composed of small tubules (ducts) in a dense fibrovascular 
stroma, with an  infiltrative growth pattern  [13, 23]. 
Many cancers, including PDAC, have elevated levels 
of cancer‑associated fibroblasts that produce fibroblast 
activation protein (FAP)  [23]. Several radiopharmaceuticals 
targeting FAP have been developed, notably the 68Ga-labeled 
fibroblast activation protein inhibitor (68Ga-FAPI), which 
inhibits this protein  [24]. Several studies have supported 
the use of PET/CT with 68Ga-FAPI in PDAC and its advantages 
over 18F-FDG [25–27].

However, like 18F-FDG, 68Ga-FAPI has potential limitations, 
namely difficulties distinguishing between inflammation 
and tumor tissue  [28]. However, studies on PET/CT with 
68Ga-FAPI for the diagnosis of PDAC in mouse models 
have demonstrated its advantages in early tumor detection 
compared to 18F-FDG  [29]. Preliminary clinical data also 
indicate that this technique can be used in the early diagnosis 
of cancer and malignant transformation of mucinous 
pancreatic lesions  [30, 31]. Further research is needed 
to assess the efficacy and cost-effectiveness of PET/CT with 
68Ga-FAPI. However, this radiopharmaceutical may become 
a viable option for the early detection of pancreatic cancer. 
Furthermore, radiopharmaceuticals that target integrins, 
epidermal growth factor receptor, and fibronectin extra domain 
B are being studied. Integrins are cell surface molecules that 
serve as fibronectin receptors, mediating cell interactions 
and promoting proliferation and angiogenesis. Many 
cancers are associated with elevated integrin levels [32, 33]. 
The epidermal growth factor receptor is a transmembrane 
glycoprotein essential for neoangiogenesis and tumor cell 
proliferation [34]. The fibronectin extra domain B is a protein 
that is found in the extracellular matrix in many cancers, 
including PDAC  [35]. However, these radiopharmaceuticals 
require further research to assess their efficacy in the early 
diagnosis of PDAC.

Molecular ultrasound imaging is a promising technique 
for early detection of PDAC. Some researchers are developing 
microbubble contrast agents that target specific vascular 
endothelial markers in PDAC [36]. In a mouse model of PDAC, 
contrast-enhanced ultrasound with a microbubble contrast 
agent targeting the vascular endothelial growth factor 
receptor 2 detected small lesions measuring <3  mm  [37]. 
Thymocyte differentiation antigen 1 is a molecular marker 
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that has elevated levels in PDAC. In in vivo experiments, 
contrast‑enhanced ultrasound with a thymocyte differentiation 
antigen 1-specific single-chain antibody detected PDAC 
in both orthotopic and transgenic mouse models [38].

Emerging evidence suggests that metabolic transformation 
plays a crucial role in the development of PDAC. Mutations 
in the KRAS oncogene, which are found in 90% of PDAC 
cases, promote tumor glycolysis. This is associated with 
increased activity of numerous glycolytic enzymes, including 
lactate dehydrogenase A, enhanced aerobic glycolysis, and 
lactate buildup, which promotes tumor growth  [39]. PDAC 
is associated with decreased expression of genes encoding 
alanine aminotransferase, which regulates the conversion 
of pyruvate to alanine  [40]. Noninvasive detection 
of these metabolic changes is possible, for example, using 
hyperpolarized 13C MRI, a novel molecular imaging technique 
with a high sensitivity and chemical specificity for metabolic 
processes that were previously difficult to diagnose [41–43].

Hyperpolarization  enabled by dynamic nuclear 
polarization increases the sensitivity of visualization 
of 13C-labeled biomolecules, which are non-toxic to the body, 
by 10,000  times  [41]. Hyperpolarized 13C-enriched pyruvate 
MRI allows detecting PDAC and assessing its progression 
in transgenic mouse models  [40, 42]. For example, as 
pancreatic intraepithelial neoplasia progresses to PDAC, 
the 13C-alanine/13C-lactate signal ratio decreases gradually 
in the pancreas. A recent clinical study showed that 
hyperpolarized 13C-enriched pyruvate MRI can be used for 
a quantitative assessment of metabolic activity in healthy 
pancreas and in PDAC before and after systemic therapy [43]. 
These studies demonstrate that this technique can improve 
the diagnosis and treatment of PDAC in high-risk patients. 
Notably, hyperpolarized 13C-enriched pyruvate MRI has 
successfully passed clinical trials;  it was found to be safer 
than PET/CT with 68Ga-FAPI46, which was used as the initial 
molecular imaging technique [43].

RISK STRATIFICATION USING ARTIFICIAL 
INTELLIGENCE WITHOUT CONSIDERING 
IMAGING FINDINGS

AI refers to a wide range of computational technologies 
that allow computers to solve problems that would normally 
require human intelligence. ML is a sub-field of AI, and DL 
is a specialized sub-approach within ML that uses convolutional 
neural networks. DL is widely used in medical imaging because 
it can automatically review existing data, analyze errors, and 
make more accurate predictions, in contrast to ML, which 
frequently requires manual feature extraction. ML models 
require manual conversion of medical images into numerical 
values (supervised by a human expert), whereas DL processes 
original images directly. Key modeling elements in DL 
include data collection and preprocessing, model selection, 
architecting, training, testing, and efficacy assessment [12].

Placido et al.  [44, 45] used DL to analyze medical data 
of 6  million patients, including 24  ,000 patients with PDAC, 
from the Danish National Patient Registry, and 3  million 
patients, including 3900 patients with PDAC, from the United 
States Veterans Affairs (US-VA) database. The authors 
assessed whether the progression of pancreatic cancer during 
36 months after the initial diagnosis can be predicted using 
data from electronic medical records, such as diagnosis codes 
and medical history. The most effective model had an area 
under the  curve (AUC) of 0.879 (0.877–0.880); however, for 
the US-VA database, the AUC decreased to 0.710 (0.708–0.712).  
According to the  authors, these differences in efficacy 
are likely associated with varying approaches to clinical 
recording and diagnosis coding, as well as different time 
periods of medical resource utilization. However, some 
symptoms and diagnosis codes reported 0–6 months before 
the PDAC diagnosis, including unspecified jaundice, bile duct 
and pancreatic diseases, abdominal and pelvic pain, weight 
loss, diabetes mellitus, and gastrointestinal neoplasms, were 
comparable in different populations. These promising findings 
demonstrate how clinicians can use electronic medical 
records to assess the risk of various disorders. These data 
can aid in detecting minor trends over time or risk factors 
that would be difficult to identify on examination, particularly 
if the patient does not have an attending physician. Future 
AI models, including laboratory and physical examination 
findings from medical records, such as glucose levels and 
body weight changes, may improve the early diagnosis 
of PDAC, enabling timely identification of patients at risk and 
targeted influence on modifiable risk factors [44, 45].

The main challenge in developing reliable AI models and 
systems is the heterogeneous quality of electronic medical 
records, as well as limited access to large-scale personal 
data and associated safety concerns. The majority of medical 
records are unstructured, with erroneous or excessive 
information, preventing an effective, accurate analysis 
necessary for efficient AI models [12, 13, 45].

Imaging is essential for diagnosis, staging, and treatment 
planning in PDAC. However, both CT and MRI have limited 
diagnostic accuracy in detecting tumors measuring <2  cm 
(69% and 82%, respectively). Therefore, radiomics and DL 
may improve early detection of PDAC  [46]. For example, 
the U-Net segmentation model and its variations are 
used to detect PDAC by identifying the pancreas and 
distinguishing it from other structures on relevant CT 
slices  [47]. The classification model detects the presence 
or absence of pancreatic cancer. Input data for these 
classifiers are focused regions of the pancreas (regions 
of interest) identified on CT images using a segmentation 
model. The output is a score that indicates the probability 
of cancer. The efficacy of this technique is determined by 
two key factors: the  quality of pancreas segmentation and 
classifier performance. However, the former is critical for 
accurate detection of abnormalities. Recent advancements 
in DL, including medical image segmentation models such 
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as the Medical Segment Anything Model (MedSAM), have 
enabled accurate pancreas segmentation on CT images [48]. 
Classifier performance is determined by the volume and 
diversity of training data  [49]. A classifier must consider 
various characteristics of the tumor, including PDAC (e.g., 
size, shape, and stage), as well as patient characteristics 
(age, sex, and race). Research on ML and DL using imaging 
findings has confirmed their efficacy in early detection 
of PDAC [50–53].

Mukherjee et al.  [50] found that radiomics-based ML 
models can identify and quantify patterns typical for early 
PDAC on segmented images. For example, a support vector 
machine-based ML model could detect visually occult PDAC 
signs on pre-diagnostic portal venous phase CT scans taken 
for other indications 3 to 36 months before the final clinical 
diagnosis of PDAC was made  [51]. In the test subgroup, 
the median time from pre-diagnostic CT to the diagnosis 
of PDAC was 386 (97–1092)  days. Notably, during 
the preliminary clinical interpretation, the CT findings were 
considered negative for PDAC. Furthermore, the proposed 
support vector machine model showed high specificity for 
both an independent internal dataset and the public dataset 
National Institutes of Health-Pancreas CT (NIH-PCT)  [52]. 
The model detected PDAC based on CT findings significantly 
more effectively than radiologists [50]. Moreover, the authors 
assessed the robustness of a radiomics-based support vector 
machine model for detecting visually occult PDAC signs 
on pre-diagnostic CT scans by simulating common variations 
in image acquisition and radiomics workflow using image 
perturbation methods. The model was robust within a broad 
range of variations, indicating its reliability [53].

Furthermore, a fully automated convolutional neural 
network-based AI model for early detection of PDAC 
was developed  [54]. The  authors used the previously 
proposed automated approach with AI-based volumetric 
segmentation  [55, 56]. The model used one of the largest 
available datasets (~3000 CT scans). Notably, the authors 
excluded CT scans with biliary stents, because such devices 
are a source of bias, and AI identifies them as tumors  [57]. 
An  automated three-dimensional convolutional neural 
network accurately detected PDAC based on CT findings, 
regardless of isodensity. Despite being exclusively trained 
on CT scans with larger tumors, the model could detect 
PDAC on pre-diagnostic CT scans at a median 475  days 
(15–16 months) prior to diagnosis [54]. Moreover, the model 
was effective in high-risk populations, including patients 
with diabetes mellitus, potentially increasing the proportion 
of resectable PDACs by three times compared to currently 
reported values  [58]. The model’s performance was 
consistent across variations in patient demographics, scanner 
specifications, and image acquisition protocols [54].

Cao et al. [59] proposed pancreatic cancer detection with 
artificial intelligence (PANDA model), an approach that can 
detect pancreatic lesions with high accuracy via CT. This 
model detects, segments, and classifies lesions by their 

subtype. The model was trained on a dataset of 3208 patients 
from a single center; moreover, a multicenter validation 
was performed involving 6239 patients across 10 sites. 
PANDA effectively detected pancreatic lesions, with an AUC 
of 0.986–0.996. The study included 33 radiologists with 
various levels of experience, from residents to pancreatic 
imaging specialists. They interpreted non-contrast CT 
scans for 291 patients. PANDA surpassed the average 
radiologist performance by 34.1% in sensitivity and 6.3% 
in specificity for PDAC detection. Furthermore, 15 pancreatic 
imaging specialists interpreted contrast-enhanced CT scans 
of the same patients. PANDA outperformed readers by 
13.0% in sensitivity and 0.5% in specificity, even when only 
non-contrast CT scans were used. PANDA maintained high 
AUC values during external validation with datasets from 
China, Taiwan, and the Czech Republic. Moreover, PANDA 
demonstrated high sensitivity (92.2%) in a subanalysis 
of small PDAC lesions (<2 cm). The model was additionally 
tested on a dataset of 20,530 patients, which is particularly 
susceptible to reduced performance due to numerous subtle 
changes. In this case, PANDA also demonstrated consistently 
high sensitivity and specificity in the early detection of PDAC 
(>96% and 99.9%, respectively). According to the authors, 
PANDA could potentially serve as a new tool for large-scale 
PDAC screening using large databases, including non-contrast 
CT scans that are routinely taken for various indications [59].

Furthermore, DL can be used to detect other pancreatic 
neoplasms. Park et al. [60] proposed a three-dimensional DL 
model capable of detecting seven different types of solid and 
cystic pancreatic lesions, including PDAC, neuroendocrine 
neoplasms, and intraductal papillary mucinous neoplasms. 
The model was trained using CT findings of patients 
after pancreatectomy and patients without pancreatic 
abnormalities. The model's performance was compared 
with that of two experienced radiologists. In test set 1, 
the DL model achieved an  AUC of 0.91, which is consistent 
with radiologists' performance (AUC 0.92–0.95). In test set 2, 
the model performed worse than radiologists (AUC 0.87 vs. 
0.95–0.96, p < 0.001). However, this approach is a significant 
step forward in the automated detection of pancreatic tumors 
measuring up to 1 cm.

Chen et al.  [11] proposed a DL model to detect PDAC 
using portal venous phase contrast-enhanced CT scans, with 
sensitivity, specificity, and AUC of 89.9%, 95.9%, and 0.96, 
respectively. There were no significant differences between 
the DL model sensitivity and radiologist conclusions (90.2% 
and 96.1%, respectively; p = 0.11). The model remained effective 
during external validation using 1473 CT scans (669 patients 
with PDAC and 804 controls) from institutions throughout 
Taiwan, with sensitivity, specificity, and AUC of 89.7%, 92.8%, 
and 0.95, respectively. The model demonstrated an adequate 
sensitivity of 74.7% for tumors smaller than 2 cm, which may 
go undetected in clinical practice.
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ROLE AND POTENTIAL OF ARTIFICIAL 
INTELLIGENCE IN THE EARLY 
DIAGNOSIS OF PANCREATIC DUCTAL 
ADENOCARCINOMA

The studies discussed in this review demonstrate 
significant progress in the early detection of PDAC using 
AI technologies. However, introducing them into clinical 
practice requires a comprehensive prospective, multicenter 
validation. The assessment must take into account 
different patient populations and health facilities to ensure 
the reliability of AI-based approaches. The integration 
of AI into pancreatic imaging presents numerous challenges. 
The primary challenge is the lack of large open-source 
datasets (>10,000  patients), which are essential for 
effective training and testing of AI models. The majority 
of existing systems are not open source, resulting in a lack 
of transparency of training processes, datasets, and model 
parameters. This affects the reproducibility of results, 
forcing many institutions to develop in-house models using 
small datasets, which frequently fail to show comparable 
efficacy. Large open‑source datasets will enable comparing 
existing models to objectively assess their efficacy and 
update initial settings. Another issue is the varying quality 
of available open-source datasets for pancreatic imaging, 
which limits their applicability for developing reliable, 
effective AI models. Moreover, there are limitations related 
to reimbursement, AI integration into routine practice, and 
comprehensive training of end users, including radiologists 
and other specialists, which prevent the widespread use 
of AI technologies in pancreatic imaging.

Some DL models have integrated distribution maps 
to identify regions of interest important for decision-making 
on CT scans. However, they merely provide a subjective 
interpretation, with no formal rationale for outputs. One 
promising area is interpretable AI systems that classify 
relevant visual signs using human‑understandable 
explanations. Another option is AI models that can 
do quantitative assessments and estimate diagnostic 
uncertainties. Bayesian neural networks, Monte Carlo 
methods, and deep ensembles assess the uncertainty 
of AI outputs during forecasting. Accurate quantitative 
assessments may improve the interpretation of AI forecasts, 
with an emphasis on ambiguous cases where the model 
is uncertain due to atypical signs or low-quality images. 
The majority of modern approaches rely solely on CT findings 
and do not consider other relevant clinical factors, such as 
sex, age, medical history, and body mass index. Another 
promising area is integrating AI models with new biomarkers 
to improve the accuracy and efficacy of early detection 
of PDAC. Further research should focus on developing DL 
models capable of assessing these variables and detecting 
PDAC more accurately.

RISKS AND LIMITATIONS OF ARTIFICIAL 
INTELLIGENCE IN MEDICAL IMAGING

AI opens up new prospects in the diagnosis of various 
disorders, including pancreatic cancer, facilitating earlier 
detection of abnormalities and improved visualization. 
However, despite significant advancements in DL and 
computer vision, integrating AI into clinical practice presents 
numerous challenges. The main risks and limitations are 
associated with diagnostic accuracy, training data quality, 
interpretability of models, and ethical and legal aspects 
of technology use [11].

Diagnostic Accuracy and Reliability
One of the biggest issues of applying AI in medical imaging 

is the risk of false-positive and false-negative results  [7]. 
AI models may erroneously classify benign neoplasms as 
malignant or fail to detect tumors at early stages, delaying 
treatment. False-positive results can lead to overdiagnosis 
and unnecessary invasive procedures, increasing the burden 
on patients and healthcare systems [44].

Another significant limitation is that the efficacy 
of AI systems depends on the quality of data. Algorithms are 
trained on medical images; however, differences in equipment 
specifications, image acquisition parameters, and visualization 
standards may impair diagnostic accuracy [50].

Limitations in Training and Application 
of Artificial Intelligence Models

AI models must be trained on large datasets to function 
properly; however, clinicians have limited access to such 
data  [59]. The majority of training datasets are poorly 
balanced, with most images obtained at late rather than early 
stages of PDAC [12, 59]. As a result, models are less accurate 
in identifying tumors that require early detection.

Furthermore, medical images used to train models vary 
in quality and format depending on the type and settings 
of equipment  [54]. This impedes the integration of trained 
models into real-world practice, because the model's 
accuracy may vary between images from different clinics.

Another major concern is the black box problem. Most 
DL models make decisions without explaining how they 
reached a certain conclusion. This limits their use in clinical 
practice, because physicians cannot verify the reasoning 
behind the AI's conclusion. To use AI models in clinical 
practice, their decisions must be interpretable and human-
understandable [12].

Ethical and Legal Issues
The question of legal liability for errors made by AI 

models remains unresolved  [50]. If an incorrect diagnosis 
is made, the physician, model developers, or health facility 
may be held liable, limiting the technology's wider adoption.

Another major concern is personal data protection. 
The use of AI requires processing large volumes of medical 
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data, including CT and MRI scans, electronic medical 
records, and genetic data. Medical data processing can 
lead to data leakage, necessitating strict compliance with 
data protection laws such as the General Data Protection 
Regulation (GDPR) in Europe and the Health Insurance 
Portability and Accountability Act (HIPAA) in the United 
States [33].

Furthermore, the risk of bias in AI systems must be 
considered. If a model is trained on data with gender, 
racial, or social biases, this may affect diagnostic accuracy 
in specific patient populations. For example, a model largely 
trained on data of Caucasian patients may be less effective 
in detecting PDAC in Asian or African patients [13, 44].

Limitations of Artificial Intelligence 
in Clinical Practice

Despite the great promise of AI systems, physicians may 
be reluctant to incorporate them into routine practice. Many 
clinicians are concerned about the accuracy of AI models 
and their ability to replace human expertise. To successful 
implement AI systems, healthcare professionals must 
be trained, and the actual clinical benefit of AI must be 
confirmed [12, 13].

Another limitation stems from incompatibility between 
many existing hospital information systems and new 
AI models, as well as differences in image acquisition 
protocols [12]. To implement AI models, hospital information 
systems must be properly updated, which is costly and 
labor-intensive. Furthermore, there are currently no unified 
protocols for AI integration into diagnostic workup, limiting 
its use in routine practice [13].

Model development and validation require additional 
expenditures. Collecting clinically relevant data, as well as 
testing and certifying models, requires significant investment 
from health facilities and model developers. This limits 
the availability of AI systems and prevents their use in less 
affluent clinics.

AI systems hold great promise in medical imaging; 
however, integrating them into clinical practice poses 
significant challenges. The  risk of misdiagnosis, reliance 
on data quality, interpretability of decisions, and ethical and 
legal aspects must be considered. Successful AI integration 
necessitates unified AI model training and testing, as well as 
improved explainable AI methods, data confidentiality, and 
regulatory requirements [12, 13].

Only a comprehensive approach based on high-quality 
data, interpretable models, and secure infrastructure will 
enable AI to seamlessly integrate into the diagnostic workup, 
improving early detection of PDAC [13].

CONCLUSION
Significant progress has been made in early detection 

of PDAC using AI technologies. Current approaches include 
pre-imaging risk stratification and increased data volume 
through analysis of electronic medical records. They are 
frequently based on DL methods. Despite substantial 
achievements, clinical implementation of AI technologies 
remains challenging. New radiopharmaceuticals, imaging 
techniques, and biomarkers have been introduced; however, 
further research is needed to assess their role in the early 
diagnosis of pancreatic cancer. Furthermore, significant 
progress in early detection of pancreatic cancer, especially 
using AI, is impossible without research based on high-
quality, representative data. Combined use of AI models and 
biomarkers is a promising area of future research to improve 
theranostics2 in various cancers, including PDAC.
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