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INTRODUCTION
A steady worldwide increase in the age-adjusted incidence 
of pancreatic ductal adenocarcinoma (PDAC) and of its 
mortality has been observed in recent decades, mainly due 
to a rise in the prevalence of lifestyle related risk factors, 
such as age, tobacco smoking, alcohol consumption and 
obesity.1,2 PDAC displays significant genetic heteroge-
neity, and molecular alterations to KRAS, CDKN2A/p16, 
TP53 and SMAD4/PDC4 are frequent in this disease, with 
the tumours in each patient having a specific genomic and 
molecular signature.1,3–6 PDAC is a biologically aggres-
sive tumour, establishing a low oxygen and nutrient poor 
microenvironment, limited vascularity and an intensely 
desmoplastic stroma.1,2 Most patients with PDAC are diag-
nosed when the clinical manifestations reflect an advanced-
stage disease, whereas much less frequently the tumours are 
detected as incidental findings in a radiological examination 

performed for another reason, or in patients with elevated 
CA 19–9 levels in blood analysis.

Standard-of-care medical imaging allows lesions to be 
located and a differential diagnosis to be established, not 
least by defining the shape, size, infiltration and extension 
of the tumour, information that guides the therapeutic 
strategy to be adopted. Although pancreatic lesions can 
be visualised through ultrasound and magnetic resonance 
(MR) images, contrast-enhanced computer tomography 
(CECT) is the principal modality used to evaluate these 
tumours due to its ability to define the local extent of 
tumour infiltration (of surrounding planes, major blood 
vessels and surrounding organs) and the existence of metas-
tases (mainly in the lymph nodes and liver parenchyma). 
Spectral CECT imaging might even outperform standard 
CT to detect lesions and define tumour conspicuity in 
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ABSTRACT

Patients with pancreatic ductal adenocarcinoma (PDAC) are generally classified into four categories based on contrast-
enhanced CT at diagnosis: resectable, borderline resectable, unresectable, and metastatic disease. In the initial grading 
and staging of PDAC, structured radiological templates are useful but limited, as there is a need to define the aggres-
siveness and microscopic disease stage of these tumours to ensure adequate treatment allocation. Quantitative imaging 
analysis allows radiomics and dynamic imaging features to provide information of clinical outcomes, and to construct 
clinical models based on radiomics signatures or imaging phenotypes. These quantitative features may be used as 
prognostic and predictive biomarkers in clinical decision-making, enabling personalised management of advanced 
PDAC. Deep learning and convolutional neural networks also provide high level bioinformatics tools that can help 
define features associated with a given aspect of PDAC biology and aggressiveness, paving the way to define outcomes 
based on these features. Thus, the prediction of tumour phenotype, treatment response and patient prognosis may 
be feasible by using such comprehensive and integrated radiomics models. Despite these promising results, quanti-
tative imaging is not ready for clinical implementation in PDAC. Limitations include the instability of metrics and lack 
of external validation. Large properly annotated datasets, including relevant semantic features (demographics, blood 
markers, genomics), image harmonisation, robust radiomics analysis, clinically significant tasks as outputs, compari-
sons with gold-standards (such as TNM or pretreatment classifications) and fully independent validation cohorts, will 
be required for the development of trustworthy radiomics and artificial intelligence solutions to predict PDAC aggres-
siveness in a clinical setting.
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low-keV virtual monoenergetic reconstructed images.7 Multi-
modality positron emission tomography (PET) and CT (PET/
CT) imaging provide high spatial resolution and metabolic reso-
lution, although their role is mainly restricted to detect tumour 
recurrence in the follow-up period after adjuvant therapy. Pre-
operative MR with diffusion-weighted and contrast-enhanced 
hepatobiliary phase images are mainly used prior to surgery to 
depict synchronous liver metastases, which are evident in at least 
10% of patients with a negative liver CECT evaluation.8,9

Following contrast administration, CECT images obtained at 
both the arterial and early venous pancreatic phases (around 6 
and 18 s after bolus arrival, respectively) can be used to report on 
the most important features that define risk, and that are used to 
assign a therapy, such as tumour size, surrounding arterial and 
venous invasion, regional node involvement, and distant metas-
tases (mainly in the liver, peritoneum and lung).10 The accu-
rate assessment of tumour resectability (resectable, borderline 
resectable, locally advanced unresectable) and metastatic stage 
is essential to guide therapeutic decision-making (neoadjuvant 
treatment, surgery, chemoradiation, palliative chemotherapy, 
actionable genetic targeted approaches and immunotherapy).11,12 
It is hoped that these therapeutic strategies, as well as the patients’ 
outcomes, will soon be improved by incorporating approaches 
that specifically target the malignant cells, immunosuppressive 
immune check-points, the tumour microenvironment and the 
desmoplastic stroma with fibrosis.12,13

The National Comprehensive Cancer Network (NCCN) clinical 
practice guidelines CE-CECT criteria have been shown to accu-
rately stratify patients with PDAC undergoing initial surgery, 
with R0 resection rates of 73%, 55%, and 16% for resectable, 
borderline resectable, and unresectable tumours, respectively.14 
In a systematic review and meta-analysis, the NCCN criteria for 
post-neoadjuvant surgery showed resectability rates with lower 
sensitivity (28%) but higher specificity (90%).15 Unmet clinical 
needs are therefore present. As important deficiencies persist 
in the precise staging of PDAC lesions, more accurate assess-
ment of the biological aggressiveness of the tumour and disease 
staging will be needed to improve decision- making and treat-
ment allocation in individual cases.2,5,13,16,17 For example, early 
arterial invasion status and minimal distant metastases are both 
features ultimately related to cancer aggressiveness and should be 
defined in all cases. Best treatment options should consider the 
predicted tumour response to neoadjuvant chemotherapy and 
chemoradiation, a more precise tumour downsized-resectability 
status, responses to targeted therapies and immunotherapy, and 
possible chemoresistance. Patient performance and expected 
long-term prognosis must be based on accurate expectations of 
the time to local recurrence and distant metastases, as well as on 
progression-free survival (PFS) and overall survival (OS), which 
will also influence treatment decisions.

To help estimate these precision medicine needs, both quanti-
tative imaging and genomic analysis of the tumour and their 
distant sites have been employed. Quantitative imaging allows 
radiomics and dynamic imaging features to be considered, alone 
or in combination, enabling clinical prediction models to be 

constructed based on radiomics signatures or imaging pheno-
types, and permitting clinical outcomes associated to the tumour 
biology to be estimated.18 Furthermore, artificial intelligence 
(AI) tools can be used to train predictive models based on radio-
mics, genomics and clinical data, and to extract deep radiomics 
features from the images to aid better patient management.19 
However, studies on radiomics and PDAC have a low median 
quality score, highlighting the need to improve both the meth-
odology and sample sizes.20

This review will focus on the different radiomics and AI 
approaches available that can complement current structured 
radiology reports, fostering the incorporation of quantitative 
imaging into clinical decision-making protocols in real-world 
practice.

RADIOMICS AS IMAGING BIOMARKERS
Quantitative image processing is the science of extracting rele-
vant and reproducible objective metrics from acquired images. 
Tissue properties are extracted after applying different computa-
tional models and processing techniques, screening large param-
eter spaces to find sensitive markers for outcome prediction.21–23 
These metrics can be related to the pixel/voxel distribution 
within the image (radiomics features) or to signal modification 
by changing the acquisition parameters (dynamic parameters). 
Both these approaches can be used to obtain numeric dimen-
sional descriptors (such as the mean and standard deviation), 
or parametric images with spatial resolution. The properties 
extracted can be expressed globally for the whole tumour or 
locally for each partial image or tumour subregion when hetero-
geneity is expected.21,23

Radiomics is intrinsically a data-driven process allowing biolog-
ical processes to be tracked spatially. The metrics can be consis-
tently linked to different tumour behaviours, genomic profiles 
or particular clinical outcomes, and they can be considered as 
imaging biomarkers.24 These phenotypic markers explore, quan-
tify, and represent a tissue specific property, such as a surrogate 
indicator, related in magnitude and direction with a relevant 
biological tumour hallmark. To be clinically useful, they should 
be actionable to improve on the outcomes delivered by standard-
of-care oncological assessments.

Biomarkers can also be combined in multivariable models to 
better estimate the outcomes, expressing relevant biological 
mechanisms in the form of nosological images. In most clin-
ical situations, these multidimensional clinical predictions 
will improve upon simpler models since biology is commonly 
too complex to be represented as a single surrogate property. 
To ensure robust decision-making based on radiomics, the 
following aspects must be taken into account when extracting 
information (Figure 1).22,25

Image preparation
In the real world, CECT images are obtained on different equip-
ment, using distinct acquisition protocols (energy, modulation, 
filters) and contrast administration settings (contrast agent, 
iodine concentration, dose, flow rate, dynamic phases). Before 
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images can be assessed as “data”, the images must be prepared 
to improve the reliability and reproducibility of radiomic 
extraction. This process involves feature domain methods (iden-
tification of reproducible features, denoising, resizing, normal-
isation techniques) and advanced harmonisation processes or 
image domain solutions (standardisation of image acquisition, 
post-processing of raw sensor-level image data, data augmenta-
tion techniques and style transfer based on AI tools to synthe-
sise common framework images).26,27 Deep learning solutions 
have the potential to address the variability across multicentric 
radiomics studies, especially when using generative adversarial 
networks (GANs), neural style transfer (NST) techniques or a 
combination of both.28,29

Tumour segmentation
Tumour segmentation can be performed in three different ways: 
manually, semi-automatically, or automatically. Manual segmen-
tation is usually performed by an experienced radiologist, slice-
by-slice, either encircling the tumour or annotating the voxels 
of interest. This expert knowledge-based method is usually 
considered as the ground truth, although it is time-consuming 
and prone to interobserver variability. Semi-automatic segmen-
tation tries to solve some of the problems associated with manual 
segmentation by complementing the process with algorithms, 
such as region growing or segmentation expansion to other 
slices, to reduce the effort and time required from the user. Auto-
matic segmentation methods do not rely on user interaction 
and these solutions are usually based on convolutional neural 
network (CNN) algorithms. Tumour segmentation performed 
on 2D images suffers from the lack of information regarding 
adjacent slides, while segmentation on 3D series need a larger 
sample size to train the algorithm but will obtain better results. 
One example is the 3D nnU-Net deep learning-based segmen-
tation framework that automatically configures itself, and that 
includes preprocessing, network architecture, training, and 
post-processing for any new task.30 This framework was used to 

automatically carry out 10 different image segmentation tasks 
(Medical Segmentation Decathlon) with a Dice score on the 
testing set of 0.82 for pancreas segmentation but of only 0.53 for 
the whole tumour.31 To improve tumour segmentation metrics, 
transfer and continuous learning methods have been explored to 
train a network model on a unique source dataset available at a 
single clinical site, then deploying it at another target site without 
sharing the original images or labels. As network models trained 
on data from a single source suffer from a loss of quality due to 
the domain shift, a semi-supervised domain adaptation method 
was proposed to refine the model’s performance in the target 
domain. A paper on prostate segmentation using domain adap-
tation showed a generalisation capability for pancreas segmen-
tation in CT scans.32 For pancreas segmentation, this domain 
shift was not only limited to differences in image appearance but 
also, it covered the different distributions of the healthy (source 
domain) and cancerous pancreas (target domain). The resulting 
domain adaptation method managed to combine transfer 
learning and uncertainty guided self-learning based on deep 
ensembles, achieving a tumour Dice score of 0.73 with only five 
labelled target cases as training data.32

Feature extraction and dimensionality reduction
Extraction of radiomics features from medical images and 
their corresponding segmented tumours may be performed 
using either commercially available software (e.g. MaZda33 and 
LIFEx,34) open-source libraries (most notably Pyradiomics35) or 
in-house software developed ad hoc.

Radiomics features can be classified into three main classes.36

•	 Shape features that describe semantic (e.g. the shape of the 
region of interest traced) and/or geometric properties (e.g. 
volume, maximum diameter in different orthogonal directions, 
maximum surface, tumour compactness and sphericity).

Figure 1. Flowchart of the image processing pipeline for pancreatic cancer, including image reconstruction and preparation 
(denoising, harmonisation, segmentation), feature extraction, data integration and modelling to predict clinical outcomes and 
diagnostic/prognostic factors.
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•	 First-order statistics features that describe the distribution of 
individual voxel values without any concern for their spatial 
relationships. These are histogram-based properties that 
report the mean, median, maximum and minimum values 
of the voxel intensities of the image, as well as their skewness 
(asymmetry), kurtosis (flatness), uniformity and randomness 
(entropy).

•	 Second-order statistics features that describe the statistical 
relationships between neighbouring voxels. They provide a 
measure of the spatial arrangement of the voxel intensities 
and hence, of intralesion heterogeneity. Such features can be 
derived from the grey-level co-occurrence matrix (GLCM—
quantifying the incidence of voxels with the same intensities 
at a predetermined distance along a fixed direction) or from 
the Grey-level run-length matrix (GLRLM—quantifying 
consecutive voxels with the same intensity in fixed directions).

First- and second-order classes can be calculated on either the 
original or a derived image obtained by applying filters. These 
descriptors usually receive the name of higher order statistical 
features, and they are obtained by applying mathematical trans-
formations to the images with the aim of identifying patterns, 
suppressing noise or highlighting details. These include methods 
such as fractal analysis, Minkowski functionals, wavelet and 
Laplacian transformations of Gaussian-filtered images.

A lack of standardisation among feature extraction approaches 
has been identified as a potential issue that may affect the compa-
rability of radiomics studies and their correlation to clinical 
endpoints.37 In this regard, the Image Biomarker Standardisa-
tion Initiative (IBSI) has led valuable efforts to establish uniform 
feature calculations, definitions, and nomenclatures. The use of 
IBSI-compliant feature extraction methods is strongly encour-
aged to ensure the robustness and reproducibility of the results, 
and to improve statistical reliability.38

Computational processing in high-dimensional spaces can 
become difficult due to the complexity of the data, which can 
lead to what is referred to as the “curse of dimensionality” and 
that can lead to model overfitting. Radiomics variables need to 
be reduced to avoid those that lack repeatability or that are highly 
redundant, while still preserving the most important informa-
tion. Dimension reduction techniques are based on feature 
selection approaches (relief, stepwise, statistical selection), 
multivariate projection algorithms (Principal Component Anal-
ysis—PCA, Linear Discriminant Analysis—LDA, constrained 
Non-Negative Matrix Factorisation—cNMF) or manifold 
learning techniques (Isomap, Locally Linear Embedding—LLE, 
Semi-definite Embedding).39,40 Other reduction algorithms 
are based on linear methods that aim to discover a significant 
low-dimensional space, or on non-linear complex applications. 
Some of the most common linear techniques include PCA, LDA, 
Singular Value Decomposition (SVD), Latent Semantic Anal-
ysis (LSA), Locality Preserving Projections (LPP), Independent 
Component Analysis (ICA) and Project Pursuit (PP). Some rele-
vant non-linear techniques include Kernel Principal Component 
Analysis (KPCA), Multidimensional Scaling (MDS), Isomap, 
LLE, Self-Organising Map (SOM), Latent Vector Quantisation 
(LVQ), t-Stochastic neighbour embedding (t-SNE) and Uniform 

Manifold Approximation and Projection (UMAP).41,42 Beyond 
these dimension reduction techniques, other approaches rely 
on feature robustness, and they are insensitive to multivendor 
and multicentre variability. Alternatively, they may retain all 
the features and harmonise their statistical properties so that 
they can be pooled during the modelling step, as with ComBat 
methodology.43

Radiogenomics might allow the genomic heterogeneity of PDAC 
to be evaluated in vivo. As treatment responses to therapies vary 
widely when administered to unselected patient populations, 
profiling the inter- and intratumoral genomic heterogeneity, and 
any variability in molecular expression, might help to identify 
responder and chemoresistant patients before initiating therapy.4

Model development
The learning methods used to study the relationship between 
features and outcomes can be further categorised into super-
vised, unsupervised, and semi-supervised methods. Super-
vised classification implies the identification of a relationship 
between observations and a set of known labelled categories, 
such that biomarkers can be assigned to an expected class label 
by multivariate logistic regression statistical analysis, pattern-
recognition, or machine learning (ML) approaches. The standard 
linear or least squares methods perform poorly when using a 
large multivariate data set with variables that exceed the number 
of samples. A better alternative is to create a linear regression 
model that is penalised for including too many variables by 
adding a constraint in the equation. These penalised regression 
methods include ridge regression, lasso regression and elastic net 
regression, and have been extensively used in radiomics analyses 
for PDAC in combination with a multivariate Cox analysis.44,45 
The Cox (proportional hazards or PH) model is the most used 
multivariate approach for analysing censored survival time data 
in medical research. It is a survival analysis regression model, 
which describes the relation between the event incidence, as 
expressed by the hazard function, and a set of covariates.

The unsupervised classification is based on obtaining associa-
tive voxel segmentation by applying clustering techniques to 
unlabelled data sets, which may lead to the discovery of tumour 
habitats that provide insights into any existing biological hetero-
geneity.46 Clustering of radiomics features through unsupervised 
learning algorithms have been used to assess the differentiation 
of PDAC from normal control cases.47 These algorithms can also 
be combined with some of the aforementioned dimensionality 
reduction techniques, such as the PCA, LPP, KPCA, MDS, PP, 
t-SNE and LDA methods.40

Radiomics has shown potential prognostic ability in multiple 
types of cancer, including PDAC. A new radiomic signature has 
shown prognostic value for OS in a small series of patients with 
resectable PDAC,48 and a recent pre-operative model has been 
shown, although not validated, to accurately stratify upfront 
resectable patients according to the risk of early distant disease 
relapse after surgery (<12 months from index procedure).49 
However, the traditional radiomics pipelines that are based on 
hand-crafted radiomics features alone have limited prognostic 
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value.50 The implementation of CNN-based transfer learning 
models can potentially achieve reasonable performance and 
outperform radiomics models using small data sets. A transfer 
learning-based prognostic model for OS in PDAC patients was 
associated with an area under the receiver operating character-
istic curve (AUC) of 0.81 on the test cohort, which was signifi-
cantly higher than that of the traditional radiomics model (0.54), 
and with a significantly higher prognostic value (hazard ratio—
HR—of 1.86, 95% Confidence Interval—CI—1.15–3.53; p-value 
0.04).51 These results suggest that transfer learning-based models 
may significantly improve prognostic performance when dealing 
with the typical small sample size of medical imaging studies.

Biological and clinical validation
Radiomics has moved quickly towards high-throughput, 
agnostic ML analyses, resulting in increasingly large feature sets. 
This represents a trend towards enhanced predictive power of the 
models and a movement away from a biological understanding 
of the findings, highlighting the need for external validation. To 
expand the clinical translation of radiomics, efforts to reintro-
duce biological meaning into radiomics are gaining traction, with 
distinct approaches emerging that include genomic correlates, 
local microscopic pathological image textures and macroscopic 
histopathological marker expression. Integrated holistic anal-
yses may increase the predictions accuracy. The integration of 
non-imaging data in the models is pivotal since end points esti-
mations have been observed to improve when relevant factors 
beyond radiomics are included.52 Semantic analyses are among 
the relevant methods, i.e. combining multiple semantic features 
(radiologist-defined accepted metrics that describe characteristic 
tumour morphology and location) with more complex signa-
tures (e.g. gene expression prediction). Indeed, studying the rela-
tionship between radiogenomics and gene expression, based on 
combining a data-driven image feature extraction process with 
genetic analysis, can provide more information on mutation 
status, exceeding survival, and tumour grade prediction.4

Radiomics signatures can be defined as the model drawn from 
a radiomics analysis of a tumour that can be used to predict a 
particular outcome. To be reproducible and trustworthy, the 
predicted model needs to be validated, demonstrating either the 
performance of the outcomes with balanced independent data 
not used in the fitting model, or through a statistical relationship 
with relevant pathological information like a biological context 
correlate.23,25 These methods allow us to achieve biological and 
clinical validation, a procedure that is quickly becoming standard 
practice in the field, further increasing the potential contribution 
of radiomics to clinical decision-making.53 The performance of 
the model using a hold-out test set from the same institutions 
by time acquired (internal temporal validation) or, preferable, 
using a fully independent data from different centres, scanners, 
and protocols (external validation) is mandatory to assess accu-
racy and reproducibility.52 To be considered of clinical utility, 
generalisable and transferable, the developed models require 
independent evaluations.54 Finally, large multicentre interna-
tional studies, incorporating pre-operative clinical variables and 
radiomics, will be required for validation of clinically useful 
prognostic models in PDAC.55

In the following section, some recently proposed Radiomics 
and AI imaging candidates will be considered based on their 
level of evidence and quality assurance. The evidence obtained 
from studies can only be considered strong if metanalyses or 
systematic reviews are used, or they have been the focus of large 
observational studies with external multicentre validation, well-
defined reference standards and controls of bias.23,56 All other 
publications should be considered as pilot studies in need of 
further research, which is the situation of most publications to 
date. The development of guidelines for the use of AI in medical 
imaging through FUTURE-AI, assesses Fairness, Universality, 
Traceability, Usability, Robustness and Explainability, which will 
help to provide trustworthy AI solutions for clinical practice.57

SOME RELEVANT RADIOMICS AND AI 
CANDIDATES
Although no approved medical device solutions currently exist 
on the market, both AI and radiomics solutions have been 
developed to achieve pancreatic and tumour segmentation, and 
to perform radiomics and deep radiomics end-to-end feature 
extraction to be used in research into lesion detection, charac-
terisation, staging and outcome prediction.58 Interactive CNNs 
applied to CECT images provide very accurate pancreas segmen-
tation and good sensitivity in terms pancreatic cancer detection, 
even for small tumours.59 Here, we will focus on the character-
isation of tumour behaviour and biological risk that comple-
ments the structural radiological information to make better 
treatment decisions. We emphasise where these studies followed 
IBSI-compliant feature extraction (Table  1) to account for 
comparability, as occurred in approximately half of the studies 
analysed.48,49,53,60–68,76 However, some recent studies make use of 
deep learning algorithms for deep feature extraction that did not 
comply to IBSI guidelines.71,77

Among these studies, a multivariate logistic regression model was 
generated using portal venous phase CECT radiomics features 
that was able to accurately assess superior mesenteric vein inva-
sion in patients who underwent surgical resection (AUC = 0.75). 
The study involved 181 patients and 1029 radiomics features, and 
it outperformed the standard approaches to assess resectability-
based extent of tumour–vascular contact, although the model 
was not validated.62

In a retrospective CECT study of 194 patients, radiomics was 
applied to the PDAC perivascular space surrounding the supe-
rior mesenteric artery (SMA) but not the hepatic artery and 
celiac axis.60 The two main prognostic features identified were 
spatial derived maximum hugging angle (degree of circumfer-
ential vascular involvement) and minimum distance (tumour 
more than 1 mm from the perivascular region). The final model 
incorporated five radiomic features (maximum hugging angle, 
maximum diameter, minimum distance, log robust mean abso-
lute deviation and square GLCM correlation representing the 
heterogeneity of the perivascular tissue) and it performed a 
significantly better than the radiologist’s assessment to assess 
SMA vascular involvement (AUC = 0.71 vs 0.54), with a sensi-
tivity of 62% (33 of 53 patients) and a specificity of 77% (108 
of 141 patients).60 If validated, these results could improve the 
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performance in predicting complete resection (R0), even after 
neoadjuvant chemotherapy.

In a series of 131 patients with hypovascular PDAC tumours in 
the pancreas, several features that can be extracted from CECT 
texture analysis were associated with relevant high-risk diag-
nostic phenomena, such as post-operative margin status, nodal 
disease, high tumour grade, lymphovascular invasion and peri-
neural invasion.63 Lymph node involvement constitutes one of the 
most important independent predictors of survival, yet standard 
CECT images have low sensitivity and poor positive-predictive 
value in detecting the status of lymph nodes. In a single centre 
series of 225 patients with pathologically confirmed PDAC, 
CECT and 1029 tumour radiomics features from the arterial 
phase were used to construct a multivariate logistic regression 
model. The rad-score constructed with 12 of these features was 
significantly associated with lymphatic involvement, although no 
validation was performed.64 In a different single centre study on 
155 tumours evaluated with pre-operative dual-energy CECT, a 
single radiomics feature (wavelet energy with rows and columns 
filtered using low pass and high pass frequency bands with scale 
factors = 2: WavEnLH_s-2) was able to discriminate lymph node 
metastases with a likelihood ratio of 2.08 and an AUC of 0.63.79 
Elsewhere, 15 radiomics features were selected from the pre-
operative CECT images of 159 patients to construct a combined 
prediction model (radiomics signature, CT reported lymph 
enlargement and pathological grade) that was able to discrimi-
nate lymphatic metastases (AUC = 0.94 for training and 0.91 for 
internal validation).78 To further reinforce the role of radiomics, 
another study on 130 patients showed that 4 radiomics features 
were closely associated with lymph node metastasis (p < 0.01), 
with this radiomics signature having a strong AUC (0.80 for the 
training and 0.78 for the validation cohort).65

In terms of estimating the development of metastases, a retro-
spective series of 147 patients with internal validation showed 
that integrating a biochemical marker (serum CA19-9 levels), a 
semantic radiological finding (necrosis) and a radiomics feature 

(Surface to Volume ratio as a major determinant of tumour and 
cell size) in a ML tool is significantly associated with the early 
appearance of metastases. As such, this tool identified patients 
at a high risk (50% chance) of developing metastases within 12 
months after surgery and who may benefit from neoadjuvant 
chemotherapy as opposed to upfront surgery.49

Predicting OS is challenging as PDAC is a biologically aggres-
sive disease even in patients with localised tumours, and there 
is an imperfect correlation between disease stages and long-
term survival rates. When evaluating prognostic outcomes, 
any AI and radiomics model should improve over the subjec-
tive reading of a radiologist. From a series of 168 patients, it 
was recommended that some standard predictors of OS could 
be used in standardised reporting templates, including tumour 
arterial contact of any kind (HR = 1.89), tumour contact with the 
common hepatic artery (HR = 2.33), portal vein deformity (HR 
= 3.22), larger tumour size (HR = 2.30) and venous collaterals 
(HR = 2.28).73 Several studies evaluated the relationship between 
size, intensity and edge-based radiomics features of PDAC 
tumours and clinical end points.16 Pre-treatment portal venous 
phase CE-CT texture features, like large tumour size, hypoatten-
uation, homogeneity, standard deviation, and skewness, have 
been associated with poorer PFS and lower OS in patients with 
unresectable lesions treated with chemotherapy. Although this 
was studied on a small series of patients and without indepen-
dent validation, this combination of parameters has the potential 
to perform better in survival models than individual imaging 
biomarkers.72 In a similar manner, a multicentre study involving 
98 patients showed that CECT Sum Entropy and Cluster 
Tendency radiomics GLCM features, and the combined radio-
mics signature, had good prognostic value for OS in validation 
cohorts (HR = 1.56–1.35).48 These two CECT prognostic radio-
mics features were evaluated in an independent data set of 108 
patients with unresectable PDAC, and only Cluster Tendency 
of the tumour, lymph nodes and metastasis had a significant 
prognostic relationship with OS and time to progression (HR = 
1.27 and 1.25, respectively).66

Table 1. Details of various software packages used in the studies of radiomics feature extraction analysed and their compliance 
with the IBSI initiative guidelines

Feature extraction software IBSI compliant References
LIFEx Yes 60,61

Pyradiomics Yes 48,49,59,62–67

3D Slicer radiomics module (based on Pyradiomics) Yes 68

Custom Matlab code Yes 53

IBEX No 69,70

MaZda No 71

Direct Gray Level Non-Uniformity (GLN) formula calculation No 72

TexRAD Unknown 58,73,74

Artificial Intelligence Kit, GE Healthcare Unknown 75

Deep Learning algorithms N/A 76,77

Only radiological features N/A 78

IBSI, Image Biomarker Standardisation Initiative.
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The impact of CECT heterogeneity in GLRLM features on 
survival was confirmed in a series of 116 patients, where a 
GLN135 (Grey-level non-uniformity 135 angle) higher than the 
mean values was associated with poor prognosis.69 In a different 
CECT study on 207 patients, a Random Forest ML algorithm 
indicated the PDAC molecular subtype (quasi-mesenchymal 
vs non-quasi-mesenchymal) and survival were predicted from 
the tumour’s radiomics features. When applied to histopatho-
logical unclassifiable tumours, the ML tool defined two groups 
with significantly different survival times (8.9 and 39.8 months, 
HR = 4.33), allowing pre-operative patient stratification.61 In a 
larger study on 401 patients (151 for training, 150 for testing and 
100 for external validation), a pre-operative CECT radiomics 
signature coupled to a support vector machine model showed 
moderate predictive accuracy to differentiate low-grade from 
high-grade PDACs with a shorter survival (AUC = 0.96, 0.91 
and 0.77, training, testing and validation cohorts, respectively).74 
Incorporating this evaluation into the radiology report might 
help better grade pathologically heterogenous tumours and 
unclassified lesions after biopsy.

Finally, CECT features at presentation from 60 patients were able 
to predict the OS of unresectable pancreatic cancer treated with 
chemoradiotherapy.59 Higher parameters at a mean value of posi-
tive pixels (>31.6) and kurtosis (>0.56) obtained using a medium 
spatial filter were linked significantly with a worse median OS. 
However, the best prognostic factors linked with improved 
OS were semantic findings, such as the presence of metastatic 
disease, venous invasion, and arterial invasion. However, these 
results have yet to be validated.59

Also, aiming to improve response by better patient selection for 
neoadjuvant therapy, a large series of 352 patients showed that a 
mixed clinical and radiomic model had a significant association 
with OS (HR 3.78) and disease-free survival (DFS, HR 2.81).55 
The association was also found in an independent external series 
of 215 patients with OS (HR 2.87) and DFS (HR 5.28). However, 
it was found that this prognostic model had a low discrimina-
tive ability for treatment decisions, probably related to the CECT 
images heterogeneity.55

Although MR is less frequently used, several radiomics features 
extracted from T2 weighted images can also estimate DFS and 
OS based on tumour size, skewness, kurtosis and entropy.75 In 
a larger data set of 303 patients with resectable PDAC evaluated 
with T1-, T2- and CET1 weighted images, a combined radiomics 
signature had a large AUC to predict early recurrence (0.80 for 
the training cohort, 0.81 for the internal validation cohort and 
0.78 for the external validation cohort). Moreover, when CA 
19–9 levels and clinical stage were incorporated, the radiomics 
nomogram gave even higher AUC values (0.87 training cohort, 
0.88 internal validation cohort and 0.85 external validation 
cohort).70

A radiomics signature derived from unenhanced CT images 
from 100 patients with locally advanced PDAC, which included 
age and features of homogeneity, was able to differentiate patients 
with a longer (14 months) or shorter (9 months) OS after 

stereotactic body radiation therapy (AUC of 0.81 for training and 
0.73 for internal validation).68 In another study, 800 radiomics 
features we extracted from pre-radiation CE-CT of 74 patients 
with PDAC undergoing stereotactic body radiotherapy, showing 
that a radiomics signature can outperform clinical models in 
predicting OS (AUC = 0.78 vs. 0.66, no external validation).67 
The use of deep radiomics has also been defined and deep radio-
mics CECT features obtained with a CNN and through transfer 
learning were extracted from 111 patients. The deep features were 
strongly correlated with survival time, although this relationship 
was not validated, and they were also correlated to HMGA2 
(AUC = 0.91) and C-MYC (AUC = 0.90) gene expression.77

ML models might help to predict OS through both unsupervised 
and supervised learning approaches, defining patient risk groups 
that can be used in prescriptive analyses.50 Moreover, the imple-
mentation of ML algorithms can improve our understanding 
of cancer progression. A random forest supervised ML model 
trained on radiomics features obtained from pre-operative 
diffusion-weighted (DW) apparent diffusion coefficient maps 
was able to predict the survival of 102 PDAC patients above and 
below median OS, with an AUC of 0.90 in a validation cohort of 
30 independent patients.76

Neoadjuvant therapy is associated with lower rates of PDAC 
nodal involvement and perineural invasion, and higher rates of 
negative margin resection, although determining the imaging 
response and resectability can be difficult. Radiomics, delta-
radiomics and iodine concentration maps from CECT might 
have the potential to identify a rapid response to chemotherapy 
and early down-staging to a surgically resectable tumour.16

A CNN DL model based on the LeNet architecture applied to 
pre-operative post-chemotherapy CE-CT data from patients 
with PDAC yielded an AUC of 0.74 when distinguishing patients 
with a pathological response (35 patients with tumour regres-
sion grades 0–2) from those with no response (46 patients with 
tumour regression Grade 3: p < 0.001). If the model incorporated 
the semantic features of a 10% decrease in CA19–9, the AUC 
increased significantly (AUC = 0.79).71 These results were not 
validated in an independent series. However, if it does prove to 
be useful, this DL model might be retrained and implemented 
to limit the duration of pre-operative treatment and the need 
for additional radiotherapy, sparing patients from unnecessary 
surgery.

A series of 2520 CT examinations from 50 patients receiving 
chemoradiation therapy were used to longitudinally extract 
radiomics features (delta-radiomics) to create a ML outcome 
prediction model of response. Significant changes were detected 
following 2–4 weeks of treatment using 13 delta-radiomics 
features (normalised-entropy-to-standard-deviation-difference, 
kurtosis, and coarseness). Moreover, the ML tool differentiated 
good from poor responders (AUC 0.94) in the validation cohort 
of 40 patients.80

MR (0.35 T)-guided stereotactic radiotherapy requires accu-
rate evaluations to define early responses that may allow better 
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prescription. After signal intensity normalisation, tumour histo-
gram skewness defines changes in treatment groups reflected 
as an asymmetric distribution of the modifications, which were 
significantly associated with PFS in a small series of 26 locally 
advanced and borderline resectable PDAC patients.53

SUGGESTED PIPELINE FOR PDAC
Endoscopic ultrasound (EUS)-guided fine needle aspiration of 
the pancreatic mass is usually performed to achieve a diagnosis 
before any treatment option is proposed. EUS is also used to assess 
the resectability of the tumour during the diagnostic evaluation, 
particularly those who are equivocal on CECT, and it might even 
be used to apply local therapies, such as the direct injection of 
cytotoxic agents and radiofrequency ablation.16 Patients with 
advanced PDAC should undergo molecular tumour profiling to 
detect somatic alterations that can be targeted therapeutically.5 
For example, patients with homologous recombination repair 
(HRR) mutations and cell-free DNA abnormalities could benefit 
from aggressive medical interventions.16,81 Any additional infor-
mation coming from images could help further grade and prop-
erly stage PDAC tumours.

In this sense, tumours with an early aggressive behaviour may 
benefit from neoadjuvant chemotherapy instead of upfront 
surgery to avoid early recurrence after surgery, securing a radical 

R0 curative resection. Some recent guidelines included biological 
factors when defining unresectable tumours, such as an elevated 
CA 19–9 (>500 IU l−1) and poor patient performance.11 Staging 
and restaging after PDAC treatment are key roles of radiologists, 
yet they are not their only roles.8 Aggressive phenotypes might be 
extracted from radiomics features and identifying these tumours 
may allow chemotherapy and chemoradiation, as well as targeted 
genomic and immunotherapy to be better tailored to each case, 
enhancing patient survival.17,82

Digital image processing extracts radiomics and dynamic vari-
ables from the tumour to better estimate relevant tumour charac-
teristics and resolve an unmet clinical need. If a causal inference 
is observed, these imaging metrics might be linked to the prob-
ability of reaching relevant clinical end points, such as the devel-
opment of metastases, recurrence, or survival (Figures  2 and 
3). The imaging biomarkers extracted will help to define a new 
taxonomy of the disease, driven by advances in imaging, as well 
as enhancing our understanding of the genomics and the molec-
ular pathways driving the disease. This prognostic phenotyping 
might help grade lesions (aggressiveness, molecular pathways), 
and predict the response to treatment and the development of 
complications. Imaging phenotypes might also offer rapid read-
outs of treatment effects, facilitating prompt shifts from ineffective 
to effective therapies, and the rapid abandonment of ineffective 
therapies. Image processing also allows distinct tumour areas 
and cell subpopulations to be identified through the combina-
tion of relevant multidimensional parameters, known as habitat 
imaging.23 Therefore, information provided by images (radio-
mics and signal models) can be linked to the pathology and to 
genomic data to achieve more precise evidence-based medicine 
that can guide clinical trials and therapeutic decisions.

The peritumoral space is relevant to define resectability. Tumour 
contact of at least 180° and vessel deformity, are common criteria 
of a locally advanced unresectable tumour. Tumour aggressive-
ness is usually assessed by increased CA19-9 levels, along with 
radiological evidence of nodal and metastatic extension. Any 
information from the radiomics analysis of PDAC that enables 
aggressive tumours to be identified might be incorporated 
into radiological reports. Lymph node and liver parenchyma 
radiomics data might also help identify the frequent cases with 
possible microscopic nodal or distant metastatic liver extension. 
Poor performance status might also be a relevant factor to avoid 
unnecessary treatments, significantly increasing the risk for 
morbidity or mortality after surgery.82 In this sense, sarcopaenia 
assessed using a neural network that quantifies the muscle 
index at CT and showed it to be significantly associated with 
mortality in PDAC patients (HR = 1.58).83 It is currently neces-
sary to improve the definition of tumour response to treatment. 
Treatment response after neoadjuvant chemotherapy, with and 
without chemoradiation, might be difficult to assess as DCE-CT 
and MR cannot usually distinguish viable tumours from inflam-
mation/fibrosis. However, a lower metabolic standard uptake 
value (SUV) might identify good responders.82

The main limitations regarding radiomics studies in patients 
with PDAC are associated with the low incidence, high mortality, 

Figure 2. A 65-year-old female with locally advanced unre-
sectable pancreatic adenocarcinoma (Stage III, T4N0M0). 
CECT showed a large mass within the pancreatic body with 
arterial vascular invasion. The patient was treated with gem-
citabine plus Nab-paclitaxel and with radiotherapy after local 
progression. Overall survival was 1799 days. (A) Portal venous 
phase (35 s delay after pancreatic phase); (B) Manual tumour 
segmentation; (C) Kurtosis parametric map (tumour value of 
13.87); (D) Grey Level Run Length Matrix—Non-uniformity par-
ametric map (tumour value of 1098.54). Our in-house ded-
icated image processing pipeline (image denoising, tumour 
segmentation, radiomic feature extraction, feature selection 
with factor analysis and data clustering: unpublished results) 
successfully identified this patient as high survival, with the 
most predictive features being tumour Elongation and Range, 
Grey Level Non-uniformity, Grey Level, Grey Level Small Area 
Emphasis, and tumour Kurtosis. CECT, contrast-enhanced CT.
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and large variability of the disease. Studies incorporating radio-
mics analyses of the tumour, regional lymph nodes and liver 
parenchyma should produce benefits in patient management 
over conventional decision-making approaches. As prospective 
randomised trials might be difficult to carry out due to ethical 
issues and the lengths of the follow-up periods, observational 
non-interventional emulated trials might help recruit real-world 
cohorts that are of sufficient quality and size, made up of patients 
(positive for the imaging biomarkers) and controls (negative for 
the biomarker).84 Similarly, large meta-analysis pooling existing 
evidence and extracting the most meaningful set of radiomics 
features in PDAC would help to establish reliable evidence. To 

develop clinically useful imaging biomarkers, high quality and 
consistently labelled data sets, with varied feature combinations, 
will be needed to train and test computational solutions.58,85 If 
they prove to be useful, promising results from observational 
trials must be validated to obtain biological and clinically mean-
ingful outcomes, producing real-world evidence in patients 
treated outside the discovery phase.55,86

CONCLUSIONS
The increase in the number of radiomics publications focusing 
on PDAC should soon translate into the clinical implementation 
of new companion diagnostic tools. Radiomics and dynamic 
imaging features should be validated as prognostic and predic-
tive biomarkers to be used in clinical decision-making, enabling 
personalised management of advanced PDAC. AI more effi-
ciently transforms big data into clinically insights that can 
improve diagnostic accuracy and make real-time predictions. 
DL solutions identify high level computer vision features that 
are significantly associated with a given biological and aggres-
siveness profile, offering further information on outcomes.58 
The paucity of large, properly annotated, multicentre data sets 
that include relevant semantic features (demographics, blood 
markers, genomics), image harmonisation and robust radiomics 
analysis, as well as clinically significant read outs, comparisons 
with gold standards (such as TNM or pre-treatment classifica-
tion) and fully independent validation cohorts, are currently 
the main limiting factors to the implementation of trustworthy 
radiomics and AI solutions to predict PDAC aggressiveness 
in a clinical setting.20,87 Although models integrate multilevel 
genomic, transcriptomic and radiomics data to explain and 
estimate the biological behaviour of PDAC, further research 
is needed to establish the relationship between the radiomics 
signatures extracted, pathological findings and genetic profiles 
as biological drivers of patient outcomes.23
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Figure 3. A 70-year-old male with metastatic pancreatic ade-
nocarcinoma (Stage IV, T1N0M1). CECT showed a small pan-
creatic mass located in the pancreatic tail. The patient was 
treated with gemcitabine plus Nab-paclitaxel and his overall 
survival was 150 days. (A) Portal venous phase (35 s delay after 
pancreatic phase); (B) Manual tumour segmentation; (C) Kur-
tosis parametric map (tumour value of 4.56); (D) Grey Level 
Run Length Matrix—Non-uniformity parametric map (tumour 
value of 457.15). Our dedicated image processing clustering 
analysis was successful in differentiating the patient as low 
survival with tumour Elongation and Range, Grey Level Non-
uniformity, Grey Level, Grey Level Small Area Emphasis, and 
tumour Kurtosis features. CECT, contrast-enhanced CT.
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