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of ML models. The more accurate and relevant the train-
ing data are, the better the model performs [3].

Generally, ML models offer robust learning abil-
ity and unique advantages in processing complex pat-
terns in diverse types of input data. Therefore, they are 
ideally suited for image analysis tasks, especially in the 
field of digital pathology [4]. They can also combine a 
large amount of inherently highly diverse data, such as 
demographic and clinical parameters, biochemical val-
ues, radiology and histopathology image information and 
molecular‒pathological data from sequence analyses. 
The AI and ML can support diagnosis and enhance the 
selection of the most appropriate treatment according to 
the patient’s needs, bringing the concept of personalized 
medicine closer to the clinical practice [1]. In addition, 
the AI and ML prediction capabilities can improve the 
modeling of disease-free survival (DFS) and overall sur-
vival (OS) by integrating various input data and identify-
ing relevant parameters related to patient outcomes [5, 
6].

Introduction
Artificial intelligence (AI) and machine learning (ML) 
have been introduced into various clinical fields over the 
past decades to enhance data evaluation and interpreta-
tion, as well as to manage increasing volumes of data [1]. 
AI is a field of computer science focused on developing 
systems that can mimic cognitive functions associated 
with human intelligence, such as the ability to identify 
hidden patterns in data, extract them and provide deci-
sions based on prediction modeling [2]. ML is a subset 
of AI that allows a computational system to learn, self-
correct and improve accuracy based on training and 
experience. ML uses mathematical and statistical models 
to obtain decisions autonomously, without direct instruc-
tions. High-quality data is essential for effective training 
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Pancreatic cancer
Pancreatic cancer (PC) covers a broad range of malignan-
cies that develop from acinar, ductal or neuroendocrine 
cells within the pancreatic parenchyma. For a detailed 
review of pancreatic cancer pathology, classification, and 
staging, see Haeberle and Esposito [7]. The most com-
mon malignant form, pancreatic ductal adenocarcinoma 
(PDAC), is a highly aggressive disease with a median 
survival of 11.7 months [8] and increasing frequency in 
population. The absence of early symptoms frequently 
leads to the diagnosis of PDAC at advanced stages, sig-
nificantly limiting therapeutic response and patient sur-
vival. PDAC exhibits significant morphological diversity, 
molecular heterogeneity, and complexity, which directly 
impact prognosis and treatment efficacy. Morpho-
logical and molecular variations are observed not only 
among individual PDAC patients but also within a single 
tumor. Sántha et al. demonstrated that the morphologi-
cal heterogeneity of pancreatic cancer correlates with 
its structural and functional diversity [9]. This substan-
tial heterogeneity significantly contributes to treatment 
resistance and failure [10]. Currently, surgical resection is 
a potential curative option available for only 15–20% of 
patients [11].

Prognosis of PDAC patients can be estimated based 
on overall clinical condition, previous medical history, 
nutritional status and eligibility to neoadjuvant therapy 
and/or surgical resection. Other high-risk biological and 
clinical features include, but are not limited to, the size 
of primary pancreatic tumor lesions exceeding 2–3  cm, 
presence of invaded lymph nodes, elevated Carbohydrate 
Antigen 19−9 (CA 19−9) levels, significant unintentional 

weight loss, and relevant comorbidities. For patients 
with borderline resectable or locally advanced adeno-
carcinomas, where immediate radical resection is not 
recommended, neoadjuvant chemotherapy is typically 
administered as a primary intervention, with subsequent 
consideration for resection. In cases of metastatic PDAC, 
first-line systemic chemotherapy is initiated. Approxi-
mately half of these patients will subsequently receive 
second-line chemotherapy [12–14]. Despite recent prog-
ress in understanding the pathobiology of pancreatic can-
cer and radiology imaging-based diagnostics [15] there is 
a need for new computational approaches and biomark-
ers that would credibly predict disease progression or 
reveal early cases in population screenings.

While AI and ML approaches have already been intro-
duced in radiology image analysis, they offer the potential 
to integrate also other types of input data and enhance 
clinical decision-making or providing support for pre-
ventive programs. Park et al. evaluated the significance of 
early pancreatic cancer detection by developing a model 
that simulates incidence and mortality data in the U.S. 
The model included a hypothetical screening program 
that could reduce mortality. These findings suggest that 
screening for cancer 4–6 years before clinical diagnosis 
could lead to an average gain of 2.4 life-years [16].

The concepts and applications of AI in pancreatic can-
cer have attracted significant attention and have already 
been extensively reviewed [17–21]. In this work, we 
evaluated studies published from 2018 to April 2025. 
Inclusion criteria required the studies to report detailed 
information on ML model performance, involve at 
least 30 patients, and use PC/PDAC histological data as 
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input for model training. Here, we aim to discuss recent 
advances in AI- and ML-based analyses of variable data 
inputs in PC, with a particular emphasis on histopatho-
logical diagnostics.

Learning schemes in computational 
histopathology of PDAC
The development of ML models for use in histopathology 
involves three principal approaches: supervised learning, 
unsupervised learning, and reinforcement learning. Cur-
rently, ML-assisted histopathological decision-making 
relies on supervised learning, which uses high-quality 
images that have been annotated by experienced pathol-
ogists to identify regions of normal and tumor tissue 
and typical dysmorphologies. In PDAC, morphological 
parameters such as normal tissue regions, invasive ductal 
structures, and the extent of desmoplastic fibroinflam-
matory stroma are defined within the training dataset. 
Additionally, the presence of PDAC histopathological 
variants, such as foamy cells, enlarged ducts, or vacu-
olated cells, can also be incorporated. Currently, various 
ML algorithms are designed to address specific problems 
in medical diagnosis. The concepts and categories of ML 
are illustrated in a Venn diagram (Fig. 1). AI methods for 
the analysis of histopathological images can be broadly 
categorized into two groups: traditional ML methods and 
deep learning methods. The biggest advantage of using 
deep learning methods over traditional methods is that 
they can process large and unstructured data such as 

images, text, and speech without the need to extract fea-
tures manually. For a detailed description of the different 
ML models, their training and validation, see Greener et 
al. [22].

Convolutional neural networks (CNNs) as a subset of 
Deep neural networks (DNN) are the often-used ML 
model in pancreatic histopathology to evaluate image 
data. CNN can recognize patterns directly from raw pixel 
images, requiring minimal preprocessing. CNNs can 
identify patterns with robustness to variability, distor-
tion, and simple geometric transformations, such as rota-
tions, translations, and scaling. This ability makes them 
highly effective for biological image-related tasks, e.g. 
object detection, image classification and segmentation, 
where the input data may vary in position, size, or orien-
tation [23–25] or for analysis of whole slide images (WSI) 
[26]. This makes CNNs particularly valuable for analyz-
ing complex, high-resolution tissue images, enabling 
more accurate and efficient diagnoses in pathology and 
the discovery of predictive biomarkers.

Applications of ML in diagnostics and prediction 
PDAC
Several studies have been published recently describing 
the use of ML for the early detection of pancreatic cancer. 
For example, Cao et al. used deep learning methods to 
detect and classify pancreatic lesions through non-con-
trast computer tomography. The model achieved the area 
under curve (AUC) value of 0.986−0.996 in detecting 

Fig. 1  Venn diagram demonstrating the principial hierarchy of AI models represented by machine learning algorithms, artificial neural networks and 
deep neural networks
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lesions and was not evaluated inferior to the average 
results of human radiologists [27]. Alternative approach 
was used by Placido et al. in their publication, who used 
longitudinal clinical records to predict the risk of pancre-
atic cancer. The AUC of the model for the training data 
was 0.88 for predicting the occurrence of cancer within 
36 months and 0.83 for 3 months prior to diagnosis. The 
results for the validation set were lower, with AUC values 
of 0.78 and 0.76, respectively [28].

To date, only a limited number of publications have 
investigated the detection of PDAC using ML coupled 
with standard histopathology techniques (Table  1). The 
ML models achieved high reliability above 90%. In all 
studies, the metrics that are appropriate for unbalanced 
cohorts, F1 score and balanced accuracy, have been used 
to evaluate reliability. However, direct comparison of the 
models is limited, as the studies included different num-
bers of groups that the classification models were trained 
for, variability in how the groups were defined or a lack of 
clear group definitions, differences in the number of data 
sources and/or scanners used for training, and variations 
in the diagnostic evaluation of images by pathologists.

In the pilot studies, models are typically trained using 
distinct groups, such as cancer and normal cohorts, due 
to the clear separation between these groups. Similarly, 
in publications by Fu et al. and Naito et al. two groups, 
PDAC patients, and healthy donors, were analyzed. How-
ever, in both publications, the characteristics of the con-
trol group were not provided in detail, and the extent of 
physiological heterogeneity was not considered as well. 
Due to the class imbalance in the study by Fu et al., F1 
scores provide a more appropriate metric for evaluating 

model performance. Although Naito et al. utilized a data-
set more than twice as large, the reported model reli-
ability is comparable. This similarity may be explained 
by greater heterogeneity within the control group in the 
Naito et al. study, which is described as ‘non-adenocarci-
noma’, in contrast to the Fu et al. study, where the control 
group consisted of normal pancreatic tissue [29, 30]. The 
greater heterogeneity within the dataset may explain why 
a substantially larger number of images was required to 
achieve an F1 score exceeding 0.95. This also emphasized 
the need for external dataset validation, which neither of 
these studies included.

Kriegsmann et al. successfully applied ML for classi-
fication of patients into three categories: PDAC, benign 
pancreatic conditions, and pancreatic intraepithelial 
neoplasia. Patients in the study were recruited from two 
different centers, each using distinct types of scanners. 
Importantly, patients from both centers were equally 
distributed between the training and test datasets [31]. 
Despite analyzing a smaller patients’ cohort, classifying 
into three groups, utilizing data from varied scanners 
across two centers, and including PDAC patients at vari-
ous disease stages, this model achieved results compara-
ble to two earlier publications.

Janseen et al. [32] used ML algorithms to evaluate pres-
ence or absence of residual disease in PDAC patients 
after neoadjuvant therapy (Table  1). This multicentric 
study used data from 14 centers using four different scan-
ners. The aim of the model was to distinguish residual 
pancreatic cancer from nonneoplastic pancreatic ducts 
in routine Hematoxylin and Eosin-stained WSI. The 
model achieved the overall F1 score of 0.78, and the best 

Table 1  Application of ML in computational histopathology of pancreatic cancer
Aim of study Data source Algorithm Sample size Result Reference
PDAC diagnostics WSI CNN 231 cases Accuracy 100% WSI level

Accuracy 95.3% patch-level
F1 score 0.9525 patch level Normal class
F1 score 0.9542 patch level Cancerous class

Fu et al. [29]

PDAC diagnostics WSI CNN 532 images Accuracy 94.17%
AUC 0.9836
F1 score 0.9581
Sensitivity 0.9302
Specificity 0.9706

Naito et al. [30]

PDAC diagnostics WSI CNN 201 cases BACC aggregated 92.12% Kriegsmann et al. [31]
RPC detection WSI CNN 528 cases F1 score 0.78 Janssen et al. [32]
PC grading WSI CNN 138 images F1 score 0.96 H&E stained images

F1 score 0.88 MGG stained images
F1 score 0.89 H&E and MGG stained images

Sehmi et al. [33]

PAAD grading WSI BCNN 138 images F1 score 0.86 H&E stained images
F1 score 0.78 MGG stained images
F1 score 0.79 H&E and MGG stained images

Ghoshal et al. [34]

Molecular subtype of PDAC WSI CNN 207 images
139 cases

BAAC 96.19% classical subtype
BAAC 83.03% basal subtype

Ahmadvand et al. [35]

AUC, Area under the curve, BACC, Balanced accuracy, BCNN, Bayesian convolutional neural network, CNN, Convolutional Neural Network, PAAD, Pancreatic 
adenocarcinoma, PC, Pancreatic cancer, PDAC, Pancreatic ductal adenocarcinoma, RPC, Residual pancreatic carcinoma, WSI, Whole slide image
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reliability calculated for each type of scanner separately 
was 0.81 [32]. Reliability is lower than in the above pub-
lications, but in this case the dataset was composed from 
multiple sources and scan types, color augmentation and 
normalization was needed, and the goal of classification 
was also different.

In addition to PDAC diagnosis, ML models were also 
used to identify grades (Table  1). In the publication, 
Sehmi et al. classified images into four groups - Normal, 
Grade I, Grade II, and Grade IIl. Histological images were 
stained with May-Grünwald-Giemsa and Haematoxy-
lin and Eosin. For learning, 14 pre-trained CNNs were 
used and then the model with the best reliability was 
selected, having an F1 score of 0.96 [33]. Ghoshal et al. 
used the same dataset as Sehmi et al. but aimed to deter-
mine the uncertainty in the prediction of PC stage by the 

model using Bayesian CNNs [34]. The different objective 
in developing the model is probably the reason why the 
results of reliability for Ghoshal et al.‘s model differ from 
those obtained by Sehmi et al.

AI was also used to determine the molecular subtype 
of PDAC, specifically the classical or basal subtype. The 
model achieved a balanced accuracy of 96.19% for clas-
sical subtype od PDAC and 83.03% for basal molecular 
subtype [35]. The major advantage of this study is that 
reliability has been validated using an external dataset. 
The reliability for classifying the basal subtype is lower, 
but this is most likely due to the fact that this group 
was less represented in the data (19.4% cases and 25.1% 
images).

These examples demonstrate how successful and reli-
able ML models can be. When the network is properly 
trained on a sufficiently large heterogeneous dataset, its 
reliability can be very high for both the validation and 
test sets. Such algorithms can play a significant role in 
clinical practice, assisting with the efficient evaluation of 
large numbers of samples. The significant heterogeneity 
among tumors can considerably impact model perfor-
mance. This is evidenced by cases where even experi-
enced pathologists cannot reach a consensus on the 
precise diagnosis [36].

ML-assisted biomarker discovery in pancreatic 
cancer
Timely diagnosis of PDAC allows earlier initiation of 
therapy, more accurate monitoring, and ultimately leads 
to improved patient survival. CA 19−9 is the most widely 
used biomarker associated with PC and PDAC [37, 38]; 
however, it lacks sufficient sensitivity and specificity 
for effective PDAC screening [39]. Therefore, there is a 
critical need to develop reliable, preferably non-invasive 
biomarkers for early detection of PDAC. Several studies 
reported biomarker development using different types of 
ML models, input data or sample source, reaching AUC 
values higher than 0.9 (Table 2).

Mahawan et al. proposed a in silico ML pipeline for 
constituting composite biomarker signatures from pub-
lic gene expression databases, and demonstrated its 
efficacy on 15 selected genes for prediction of risk of 
PDAC metastasis [40]. Iwano et al. introduced collec-
tive biomarkers, based on 36 peripheral blood serum 
metabolites, identified by support vector machine-driven 
analysis of liquid chromatography-mass spectrometry 
(MS) spectra [41]. Karar et al. proposed a combination 
model composed of one-dimensional CNN and long 
short-term memory that identifies patterns in urinary 
biomarkers to automatically diagnose PDAC [42] and 
Wolrab et al. used lipidomic profiling to discriminate 
between PDAC and healthy controls [48]. Multicentric 
proteomic analysis by Athanasiou et al. revealed serum 

Table 2  AI in the biomarker discovery for PC diagnosis
Algorithm Sample 

size
Data source Result Refer-

ence
RF 489 

samples
RNA seq AUC 0.945 Mahawan 

et al. [40]
SVM 107 cases MS Accuracy 97.4%

AUC 0.997
Sensitivity 100%
Specificity 95.0%

Iwano et 
al. [41]

1D 
CNN + LSTM

590 cases Proteomics Accuracy 97%
AUC 0.98

Karar et 
al. [42]

GLM 208 cases Proteomics AUC 0.95
Sensitivity 84%
Specificity 95%

Athana-
siou et al. 
[43]

GBM 1023 cases ELISA AUC 0.919 PDAC 
vs. non-PDAC
AUC 0.925 PDAC 
vs. healthy 
controls

Firpo et 
al. [44]

SVM 1504 cases mRNA AUC 0.985 rese-
cable PC
AUC 0.967 all 
PDAC stages

Lee et al. 
[45]

SVM 501 cases RNAseq AUC of 0.936
Sensitivity of 
93.68%
Specificity of 
91.57%

Yu et al. 
[46]

RF 100 cases SMS AUC 0.977
Sensitivity 0.94
Specificity 0.94

Chen et 
al. [47]

OPLS-DA 830 
samples

Lipidomic 
MS

Accuracy 94.18%
AUC 0.983
Sensitivity 
95.97%
Specificity 
90.46%

Worlab et 
al. [48]

1D CNN, one-dimensional convolutional neural network, AUC, Area under 
the curve, DL, Deep learning, ELISA, Enzyme-linked immunosorbent assay, 
GBM, Generalized boosted regression model, GLM, Generalized linear model, 
LSTM, Long short-term memory, MS, Mass spectrometry, OPLS-DA, Orthogonal 
partial least squares discriminant analysis, RF, Random forest, SMS, Shotgun 
metagenomic sequencing, SVM, Support vector machine
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protein signatures correlating with early stage PDAC 
and its subtypes [43]. Chen et al. created a model that 
integrates microbial signatures and CA 19−9 levels [47]. 
Firpo et al. [44] used several separate models for training 
in the first step and subsequently combined them into a 
single model using generalized boosted regression.

All ML models demonstrated promising efficacy; how-
ever, their direct evaluation is limited. Besides the type 
of input data and ML-model, the studies also differed in 
patient inclusion criteria. Some publications included 
patients in all stages of PDAC [40, 46–48] whereas oth-
ers did not specify the stage [42, 45] or focused only on 
selected stages, namely T2 and T3 [41] or stages I and II 
[43, 44]. The definition of the control group also varied in 
studies, ranging from “healthy controls” [40–42, 45–48] 
which were not fully described in all cases, or includ-
ing patients with chronic pancreatitis, family history of 
PDAC or genetic predispositions [43] and patients with 
chronic pancreatitis and intraductal papillary mucinous 
neoplasm [44]. Karar et al. stratified the dataset into 
three classes for ML model development– PDAC, healthy 
controls, and benign hepatobiliary disease [42]. A valid 
experimental design is therefore a critical prerequisite for 
reliable, reproducible and comparative outputs.

In summary, ML represents a powerful approach for 
identifying novel biomarkers to facilitate the detection of 
pancreatic cancer. As illustrated by the examples above, 
ML models can attain high accuracy despite considerable 
differences in model design or methodology.

Integration of input data from multiple modalities
A promising approach to achieve even more accurate 
predictions or prognoses in PDAC uses a combination of 
different data sources as inputs to an AI model. In can-
cer, histological data can be integrated with immunohis-
tochemical, metabolic, genetic, and radiographic data. 
This integration can increase the effectiveness of clinical 
workflows, improve diagnostic accuracy, and ultimately 
lead to personalized diagnosis and treatment plans for 
patients. Chen et al. reported using used weakly super-
vised, multimodal deep-learning algorithm for successful 

prediction of prognosis of 14 cancer types including 
PDAC based on WSI (Table 3).

This study highlighted the importance of using multi-
ple data sources, specifically a combination of histology 
images and molecular profile data, to predict outcomes 
and reveal prognostic features that correlate with poor 
and favorable outcomes in 14 cancer types. Data from 
5720 patients was used to construct the model for all 
evaluated cancer types. Models for each single type of 
cancer have also been established. To create the model 
for PDAC, 166 patients were used. The C index of the 
whole dataset was 0.645, compared with 0.585 for the 
model using histological data alone and 0.607 for the 
model using molecular features alone. Similarly, the sur-
vival AUC improved from 0.616 for the model using only 
molecular features and 0.598 for histological images to 
0.662 when both were combined. These results are sim-
ilar to the model evaluations for PDAC, which are pre-
sented in Table 4 [49]. For both models, a combination of 
both datasets gave the best results.

In other types of cancer, Hou et al. reported a simi-
lar conclusion, using a multimodal model to predict the 
survival of hepatocellular carcinoma patients. Dataset 
used in the study was constructed using WSI and mRNA 
expression levels from publicly available databases. The 
prediction of OS based on both datasets achieved a C 
index of 0.746 and surpassed that of models that were 
based only on either histopathological data (0.714) or 
genetic information (0.666) [50]. Mobadersany et al., 
used a combination of genetic biomarkers and histology 
images from 796 samples as inputs to a CNN to predict 
the survival of patients with gliomas. The best model 
performance was achieved by combining data from dif-
ferent sources leading to improved prognostic predic-
tion probability [51]. In contrast, Höhn et al., developed 
a skin cancer classifier to distinguish between melano-
mas and benign nevi, and reported that its performance 
was comparable or even better when trained on a single 
dataset versus a combination of two datasets. Here, 430 
WSI and basic patient data (age, sex, anatomical site of 
lesion) were used for construction of CNN. The AUC of 
the patient data model was 0.770, and the balanced accu-
racy (BA) was 0.720, while the WSI model achieved an 
AUC of 0.923 and a BA of 0.832. Using both datasets, 
the best approach achieved an AUC of 0.896 and a BA 
of 0.830 [52]. Although the differences in performance 
between using WSIs and both datasets are minimal, the 
study underscores that incorporating multiple datasets 
does not necessarily enhance classifier accuracy.

Therefore, including low- or non-informative variables 
from different data sources does not necessarily improve 
the accuracy of a classifier. In that case, a decrease in 
model reliability usually results from overfitting, par-
ticularly in models built with numerous uncorrelated 

Table 3  ML models combining multiple types of data for PAAD
Algorithm Sample 

size
Data 
source

Result Ref-
er-
ence

MMF– both 
datasets
AMIL– WSI
SNN– molecu-
lar profile

166 
cases

WSI
Molecular 
profile

C index = 0.653 MMF
C index = 0.580 AMIL
C index = 0.593 SNN
Survival AUC 0.701 MMF
Survival AUC 0.594 AMIL
Survival AUC 0.643 SNN

Chen 
et al. 
[49]

AMIL, Attention-based multiple-instance learning, AUC, Area under the curve, 
MMF, Deeplearning-based multimodal fusion, SNN, Self-normalizing network, 
WSI, Whole slide image
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variables. Initially, adding features can enhance accuracy, 
but beyond a certain point, it may lead to a decline. In 
fact, including too many features can cause the model to 
fit noise rather than meaningful patterns. This is espe-
cially relevant in supervised learning, where the num-
ber of samples should be proportional to the number of 
parameters [53, 54].

Challenges and limitations
A major challenge in training ML algorithms is the 
requirement for large volumes of precisely annotated 
(labeled) data [55]. Moreover, annotations are difficult 
to obtain, as they are time-consuming and must be per-
formed and validated by expert pathologists. A possible 
solution to this problem is the use pretrained networks, 
e.g., ImageNet by Stanford Vision and Learning Lab [56] 
followed by additional training on a smaller set of anno-
tated images [57]. This approach streamlines and accel-
erates the training process, although it does not always 
result in better performance than a network that was 
trained from the beginning [58]. Additionally, the fea-
tures representations learned by pretrained ML models 
may not be well-suited for all histopathological images. 
To overcome this limitation, disease-specific digital 
pathology datasets have been proposed and made pub-
licly available [59–62].

Most ML prediction models typically distinguish 
PDAC patients from either healthy individuals or those 
with other types of lesions. However, it’s crucial to con-
sider various pancreatic changes that differ from PDAC 
[20, 63]. Therefore, a computational tool capable of dis-
criminating not only PDAC but also other distinct pan-
creatic diseases is highly needed. Unbalanced cohorts 
within the datasets then pose another major challenge, 
potentially leading to biased accuracy estimates if an 
appropriate evaluation metrics are not properly applied. 
Furthermore, the histopathological heterogeneity of 
PDAC likely contributes to the variability in treatment 
responses [64]. Consequently, improving the perfor-
mance of ML models will require a large, diverse dataset 
representing different PDAC subtypes and forms. Future 
development ML models should prioritize patient stag-
ing, rigorously correlating it with histopathology and OS. 
Additionally, investigating the response to neoadjuvant/
adjuvant chemo(radio)therapy and exploring multiple 
treatment options is highly relevant [18].

Generalization remains a challenge for ML models, 
which often perform well on training data but poorly on 
data from different sources. This issue represents one of 
the greatest challenges to the widespread implementation 
of AI in medicine. Carrillo-Perez et al. used two datas-
ets in their publication, where one contained histological 
images of PDAC patients and the other a control set, and 
showed that the model trained on the dataset created this 

way achieved accuracy of 99.04%, and when the model 
was evaluated on a different dataset, achieved an accu-
racy 67.20% [65]. To minimize this problem, it is crucial 
to create a training set that includes as much variability 
as possible, incorporating data from different centers, 
instruments, and varying staining protocols. In addition, 
Carrillo-Perez showed that the model trained on dataset 
integrating multiple sources does not preferentially dis-
criminate between the classes, but rather between the 
datasets, indicating that stronger normalization would 
be needed when using datasets from various sources [65]. 
A similar problem was successfully addressed by Pečinka 
et al. for MS data recorded from whole cancer cells [66]. 
Since the problem of model generalization can often 
result from overfitting, it is necessary for publications to 
clearly state how this issue has been addressed. Authors 
should explicitly describe the methods and strategies 
implemented to prevent overfitting, such as cross-vali-
dation techniques, regularization methods, or the use of 
external validation datasets. Additionally, it is important 
to outline the specific measures implemented to mini-
mize overfitting, and therefore ensuring the robustness 
and reliability of the reported performance of the ML 
model. Another technical issue significantly affecting AI 
analysis, but usually not the interpretation by a human 
pathologist is the color variability of histological sam-
ples. Some studies have shown that deep learning algo-
rithms’ ability to segment or classify histological images 
decreases when there is high color variability or inconsis-
tency within the training set [67, 68].

Predictive algorithms are inherently limited to rec-
ognizing only the patterns they have been trained on. 
While ideally an algorithm would be trained to identify 
all potential pathological conditions, this approach is 
often extremely difficult or even impossible. A practi-
cal alternative is to develop AI methods that, in addi-
tion to providing predictions, also generate a certainty 
score for each prediction [69]. When WSI are used to 
train algorithms, their immense size limits computa-
tional efficiency, as these gigapixel images are too large 
to fit into a Graphics Processing Unit’s (GPU) memory. 
Several approaches address this issue; a common method 
assumes that all patches—small tiles into which the 
image is divided—contain morphological information 
correlated with the label of the entire image [70].

The integration of ML models into clinical practice 
for PDAC remains in the early stages. Baxi et al. outline 
a phased framework for the clinical implementation of 
AI technologies. The initial phase involves validating the 
model’s reliability, a process overseen by a pathologist to 
ensure diagnostic accuracy. Contingent upon successful 
validation, ML applications may subsequently be intro-
duced as adjunctive diagnostic tools. This would be fol-
lowed by prospective clinical trials designed to evaluate 



Page 8 of 10Weselá et al. Cell Division           (2025) 20:15 

model performance in real-world settings. In the final 
phase, the model would undergo continuous refinement 
and optimization through the incorporation of expand-
ing datasets [71].

Regulatory and ethical consideration
The application of AI in medical practice raises impor-
tant ethical considerations, particularly in relation to 
data confidentiality, patient privacy, data security, and 
informed consent. Since a large amount of sensitive 
information needs to be collected from patients and phy-
sicians to train and validate the model, it is necessary to 
consider the ethical aspects of data access from the per-
spective of public interest but also from the perspective 
of preserving the right to privacy of an individual [21, 
72]. At the same time, data security should be considered 
to minimize the risk of data loss or hacking, as this could 
cause harm to patients [73, 74]. Another problem in the 
implementation of AI in medical practice is the absence 
of legal standards that address the issue of responsibility 
in case of misdiagnosis by ML-based tools, as they can 
have fatal consequences [19, 75]. Furthermore, bias in 
the model development process may also be an impor-
tant obstacle. If the training set is not sufficiently diverse, 
biases in terms of demographic and socio-economic fac-
tors may occur. Over or under representation of some 
groups can cause poor model performance, incorrect 
predictions and even harm a patient [73, 76].

Conclusion
In recent years, various AI and ML based strategies 
have been developed to support diagnostic evaluations. 
With the growing availability of data, these models have 
begun to match—and in some instances exceed—the 
diagnostic performance of human experts. The integra-
tion of multimodal data sources has further enhanced 
the predictive accuracy and classification capabilities 
of ML models, offering improved clinical decision sup-
port. These advancements have the potential to reduce 
diagnostic turnaround times and assist in complex 
cases where definitive diagnoses are difficult to estab-
lish. While substantial barriers to routine clinical imple-
mentation remain, AI and ML represent a promising 
innovation with the potential to transform PDAC histo-
pathology, streamline identification of novel biomarkers 
and improve prognosis of cancer patients.
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