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Abstract: Pancreatic ductal adenocarcinoma (PDAC) represents a deadly disease, prognosticated to become
the 2nd most common cause of cancer related death in the western world by 2030. State of the art radiologic
high-resolution cross-sectional imaging by computed tomography (CT) and magnetic resonance imaging
(MRI) represent advanced techniques for early lesion detection, pre-therapeutic patient staging and therapy
response monitoring. In light of molecular taxonomies currently under development, the implementation
of advanced imaging data post-processing pipelines and the integration of imaging and clinical data for the

development of risk assessment and clinical decision support tools are required. This review will present the

current state of cross-sectional radiologic imaging and image post-processing related to PDAC.
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Introduction

Pancreatic adenocarcinoma (PDAC) currently ranks as
14th most common cancer and 7th most common cause
of cancer related death worldwide. Both are estimated
to further increase especially in the developed countries
due to an aging population, alimentary risk factors (e.g.,
obesity, smoking, alcohol) and a lack of specific treatment
options (1-3). In the absence of specific clinical symptoms,
late diagnosis with usually advanced disease stages at first
presentation contribute to the overall poor prognosis
in PDAC. The introduction of advanced multimodal
treatment protocols with novel chemotherapeutic
combinations, now commonly additionally performed
in the neoadjuvant setting, have resulted in a less severe
disease course. A recent meta-analysis reported median
overall survival times of 26.1 months for neoadjuvant
chemotherapy followed by surgery (4). Similarly, the
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introduction of a combination chemotherapy of oxaliplatin,
irinotecan and leucovorin (FOLFIRINOX) has improved
survival times e.g., in patients diagnosed with a metastatic
disease stage (5). Molecularly, several genetic risk factors
le.g., family history, germline mutations (BRCAI, 2; PALB2
Peutz-Jeghers-Syndrome, DNA repair mismatch genes
MLHI, MSH2, MSH6, PMS?2), genomic aberrations (KRAS,
TP53, CDKN2A and SMAD4), and transcriptomic subtypes
(squamous, also called basal like or quasi-mesenchymal
versus classical, i.e., immunogenic progenitor or pure
classical progenitor and exocrine like, i.e., ADEX)] have
been identified (6). Despite these significant achievements
few factors (e.g., BRCA-ness) currently inform clinical
management decision.

The two major challenges from a radiological standpoint
are early tumor detection and non-invasive sub-classification
of molecularly distinct, albeit (histo-)morphologically
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Figure 1 Spectral CT of a PDAC of the pancreatic head region. (A) Late contrast-enhanced CT; conv. reconstruction; (B) magnified view of

-

(A) showing low density tissue encasing the superior mesenteric artery (AMS); (C) late contrast-enhanced CT; monoE40 reconstruction; (D)

magnified view of (C) showing better delineation of tumor and normal tissue with a sharp drop in contrast affinity at the tumor boundary.

similar if not indistinguishable tumors. State-of-the-art
cross-sectional imaging [computed tomography (CT) and
magnetic resonance imaging (MRI)] can support intensified
screening programs, for instance in hereditary and familial
disease. However, whereas intraductal papillary mucinous
neoplasias (IPMN) and mucinous cystic neoplasms (MCN)
present macroscopically visible precursor lesions, pancreatic
intraepithelial neoplasms (PanIN) remain undetectable
by these imaging modalities and—as such—a domain of
invasive imaging by endoscopic ultrasound (EUS). Major
advancements in abdominal image quality have been
achieved with the introduction of iterative reconstruction
algorithms in CT and MRI, spectral CT (i.e., multi-
energy CT) and the more widespread availability of higher
field strength MRI (3.0 Tesla) in combination with tailored
sequences, accelerated acquisition (parallel imaging) and
post-processing schemes as well as combinations thereof
(e.g., compressed SENSE) (7). Regarding the pre-operative
visualization and subtyping along currently developed
taxonomies, high-end post-processing and image data analysis
tools (radiomics, machine learning) are being developed.

Methods

A PubMed (http://www.ncbi.nlm.nih.gov/pubmed)
keyword search (computed/computer tomography, MD/
CT, magnetic resonance imaging, MRI, pancreatic ductal
adenocarcinoma, PDAC, PCA and radiomics, machine/
deep learning) without starting date limitation and up to
March 2019 was performed. Reference lists of identified
papers were searched. Images were taken from our
institution’s picture archiving system (PACS). Individual
patient consent was waived by the hospital ethics
committee (AZ 180/17S).
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Cross-sectional imaging techniques applied in
pancreatic cancer

CcT

Multiphasic, multi-detector computed tomography (MDCT,
CT) with iodine contrast agent (CA) is recommended for
PDAC patient staging, including an arterial or parenchymal
(30-50 s) and a portal-venous (60-80 s) enhancement phase.
CA injection rates should be intermediate with 3-5 mL/s.
Patients should be prepared with a negative oral CA
(e.g., water) and intestinal motility should be reduced
by intravenous application of N-butyl scopolamine.
From the raw CT data, a sub-mm isotropic dataset is
reconstructed and stored for multiplanar reformation
(MPR) and further postprocessing (see Imaging Data
Analysis). Reported sensitivities (SE), specificities (SP) and
accuracy for the CT-based detection of PDAC are 90%
(95% Cl, 87-93), 87% (95% CI, 79-93) and 89% (95% CI,
85-93) according to a recent meta-analysis of 15 studies,
including 815 PDAC patients (8). However, detection of
small PDAC requires expert review of the imaging data (9)
and individual retrospective studies report SE/SP values
of up to 97%/98%, accordingly (10). Equivalent SE/SP
values and higher reader confidence have been reported
for dual-energy CT (11) which better delineates tumor
from normal adjacent tissue, compared to conventional CT
(Figure 1). There are several advantages in CT imaging
compared to MRI. CT provides a one-stop-shop staging
exam that usually covers thorax and abdomen/pelvis. With
the current scanner generation exam times are short (in
the range of seconds) and motion artifacts are therefore
generally not encountered. CT is widely available and
cost effective (with the lower purchase cost resulting
in lower exam cost, robustness leading to fewer repeat

Transl Gastroenterol Hepatol 2019;4:35 | http://dx.doi.org/10.21037/tgh.2019.05.04



Translational Gastroenterology and Hepatology, 2019

exams and therefore faster amortization). The necessity
for high ionizing radiation doses represents an obstacle
for the routine implementation of dynamic scan protocols
that could provide additional valuable imaging-based
biomarkers (12) and for its use as a screening tool in
high-risk patients (e.g., branch-duct IPMN patients).
Furthermore, despite the quantitative nature of CT, with
scanners routinely being calibrated and radiodensity values
of common tissue types having been set by convention and
globally valid, acquisition protocol (e.g., pitch), tube current
and voltage and detector type and age can influence the final
image. As such, the harmonization of protocols for CT has
been proposed to limit variance to an acceptable minimum.

MRI

Multiparametric magnetic resonance imaging (mpMRI)
in cases of suspected PDAC should be performed at 3.0T
scanners. Since MRI is highly susceptible to motion
artifacts, fast imaging protocols (using parallel imaging,
compressed sensing) are required to achieve robust
image quality. In addition, patient training/preparation
and intravenous N-butyl scopolamine (e.g., 20 mg)
are recommended to reduce controllable (breathing)
and uncontrollable (bowel) motion. For T2w images
fast spin echo sequences should be applied for thin
(3 mm) axial and coronal acquisitions. Diffusion weighted-
MRI (DW-MRI), i.e., the detection of random motion
of water molecules, is a CA free technique that allows the
quantification of tissue microstructure, e.g., increased
cellularity and macromolecular extracellular matrix content
in PDAC, which is calculated from multiple b-value
acquisitions and expressed as apparent diffusion coefficient
(ADC). Most often echo planar imaging (EPI) sequences are
used in combination with respiratory triggering. For time
constraints a maximum of up to 4 b-values are measured
and ADC values are calculated by mono-exponential
fitting. A dynamic 3D gradient-echo (GRE) T1w sequence
using macrocyclic gadolinium-based CAs (2-3 mL/s)
is recommended despite current concerns regarding
Gd-deposition in the brain (13). Magnetic resonance
cholangiopancreatography (MRCP), applying heavily T2w
sequences, is the method of choice for the morphology-
based classification of IPMN lesions into main-duct (MD),
side-branch and mixed type lesions according to the
revised Fukuoka criteria (14,15). MRCP data sets should be
carefully reviewed in combination with high-resolution (i.e.,
reduced field of view) DW-MRI for the presence of solid
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lesions that may indicate the development of malignancy
within an IPMN or concomitant PDAC and that require
further work-up by EUS. Navigated or single breath-hold 3D
MRCP acquisitions that allow for MPRs should be used (16).

Reported sensitivity, specificity and accuracy of mpMRI
for the detection of PDAC are higher compared to CT with
93% (95% CI, 88-96), 89% (95% CI, 82-94) and 90% (95%
CI, 86-94) from pooled data of 11 studies that included 349
PDAC patients (8). However, the same reservations brought
up for reported SE/SP values for CT imaging of PDAC also
apply for MRI. In addition, abdominal mpMRI has greatly
benefited from recent technical developments, also not
adequately reflected in older studies (17).

In addition to the detection and characterization of
the primary tumor, mpMRI including DW-MRI presents
a highly sensitive technique for the detection of liver
metastases, making a combination of staging CT and
mpMRI of the upper abdomen the ideal baseline imaging
protocol for PDAC patients.

Cross sectional imaging findings in pancreatic
cancer

Indirect signs of cancer

Indirect signs of PDAC are pancreatic duct dilations
and the so-called “double-duct sign” with dilation of the
pancreatic and the bile duct, seen with tumors developing
in the pancreatic head region, albeit not specific for PDAC
and also seen with tumors originating from the distal
bile duct or papilla. Duct dilations are detected with very
high sensitivity on T2w images and by MRCP. In cases
of a pancreas divisum the separately at the minor papilla
draining dorsal duct may appear normal with tumors arising
in the head region near or at the ventral duct/major papilla.
Conversely, even small lesions can (partially) obstruct and
result in a dilation of the main pancreatic duct (MPD)
or side branches as an early sign of tumor development
that has a high sensitivity, albeit low specificity, since
duct dilations are also frequently seen as a result of prior
inflammatory episodes. Nevertheless, when present, a
careful review of mpMRI data should follow and even
further work-up by EUS or short-term follow-up imaging
may be indicated since it can provide an opportunity
to detect PDAC at an early (i.e., curable) tumor stage
(Figure 2). In contrast, in the case of focal inflammatory
processes, ductal structures are often partially maintained
(i.e., penetrating duct sign).
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Figure 2 A “missed” PDAC referred to a tertiary center. (A) External contrast-enhanced CT shows tiny hypodense lesion of the pancreatic
tail (arrow); (B) external follow-up MRI after 3 months reveals a T2w hyperintense lesion (arrow) with adjacent hyperintense cyst; (C) b600
DW-MRI shows a corresponding focal diffusion restriction with high signal intensity (arrow); (D) in-house contrast-enhanced CT after an
additional 6 months shows a large mass in the upper abdomen and a hypodense liver lesion, histologically confirmed as PDAC and PDAC

liver metastasis.

Figure 3 Cancer within a large SB-IPMN. (A) T2w MRI shows a lobulated cyst of the pancreatic tail; (B) contrast-enhanced T1w MRI
shows focal CA affinity in the wall of the cyst (arrow); (C) b600 DW-MRI shows a corresponding focal diffusion restriction with high signal

intensity (arrow).

Precursor lesion detection and characterization

The direct detection of small pancreatic malignancies
remains challenging despite major technological advances
such as dual energy CT, 3.0 T MRI and improved post-
processing techniques. Direct visualization of the most
common PDAC precursor lesion, pancreatic intraepithelial
neoplasias (PanIN), which are typically <5 mm in size,
is beyond resolution of routine cross-sectional imaging.
However, the presence of non-communicating microcysts
(best visualized on T2w imaging and MRCP) identified
in an atrophic pancreas has shown association with
histopathologically confirmed PanIN lesions (18), a finding
requiring prospective evaluation.

The other common precursor lesions, intraductal
papillary mucinous neoplasms (IPMN) are morphologically
subdivided into main-duct (MD), branch-duct (BD) and
mixed-type (MT) IPMN. MD- and MT-IPMN have a
high prevalence of malignancy and are easily identified by a

© Translational Gastroenterology and Hepatology. All rights reserved.

MPD diameter of >10 mm and therefore do not present a
radiological challenge. In BD-IPMNs the revised Fukuoka
guidelines specify imaging features that correlate with the
risk of the development of malignancy within 3 years.
High risk stigmata (50%) include new onset jaundice, the
detection of contrast-agent (CA) affine nodules >5 mm
and/or a MPD diameter >10 mm, whereas worrisome
features (5%) include a cyst diameter >3 cm at diagnosis or
a >5 mm increase in cyst diameter within 2 years, thickened
cyst walls, enhancing nodules <5 mm/enhancing septations,
MPD diameter of 5-9 mm with distal atrophy and/or
lymphadenopathy. More recent publications propose an
increased risk for the presence of nodules >5 mm independent
of CA uptake and/or cyst growth >5 mm/year (19) (Figure 3).

Diffusion weighted-MRI

In DW-MRI high b-value images have a high sensitivity
for the detection of focal pathologies. However, further

Transl Gastroenterol Hepatol 2019;4:35 | http://dx.doi.org/10.21037/tgh.2019.05.04



Translational Gastroenterology and Hepatology, 2019

Page 5 of 10

Figure 4 Mass forming pancreatitis of the pancreatic head region. (A) T2w image shows focal mass; (B) early contrast-enhanced T1w shows
reduced CA affinity; (C) late contrast-enhanced T1w shows increased CA affinity; (D) b600 DW-MRI shows diffusion restriction with high

signal intensity. Note the sharp boundary of the lesion to the adjacent fat tissue and blood vessel without hazy stranding, i.e., desmoplasia.

differentiation of e.g., focal pancreatitis from PDAC
presents a major challenge, as both pathologies can result
in an increased cellularity compared to normal pancreas.
In addition, varying degrees of tumor desmoplasia,
differences in tumor perfusion and the presence of tumor
necrosis further complicate the interpretation of a given
DW-MRI derived, calculated ADC value and both, lower
and higher ADC values, have been reported for PDAC
in comparison to focal pancreatitis (20,21). Nevertheless,
DW-MRI holds a great potential for the detection of
solid cancer development in IPMN (22) and it may be
helpful in the non-invasive differentiation of tumor
subtypes and monitoring of therapy response (12,23,24).
The inclusion of high b-values of up to 2,000 s/mm’
may further improve the delineation of PDAC from
adjacent inflammatory changes because of the increased
diffusion-weighted and decreased 12w contribution (25).
Advanced DW-MRI techniques (i.e., intravoxel incoherent
motion, IVIM) including b-values below 200 s/mm” allow
for the quantification of the relative contribution of tissue
perfusion and true molecular diffusion to the diffusion of
water molecules, which may enable a better characterization
of tissue microstructure (26), such as the differentiation of
focal pancreatic lesions (e.g., mass forming pancreatitis) and

PDAC based on an IVIM derived perfusion fraction (27).

Contrast enbanced imaging

CT and MRI enable the reliable identification of PDAC
lesions >5 mm. In native CT and MRI scans, tumors may
be revealed by their solid growth pattern compared to
the lobulated appearance of the normal and especially the
atrophic glandular pancreas, which shows interleaved fat.
The signal intensity of PDAC depends on the imaging
modality and technique; on native imaging PDAC usually
presents as isodense (CT), hypointense (T'1w), hypo-/
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hyperintense (T2w) or hyperintense (b600) lesion. Ductal
obstruction can lead to edema of the adjacent “normal”
pancreas tissue distal to the tumor and thus may obscure
tumor borders. An unequivocal morphological distinction
of PDAC from acute or chronic pancreatitis can be
challenging, especially if these are focal, requiring EUS- or
CT-guided biopsy.

In contrast enhanced CT/-MRI PDAC generally appear
hypodense/-intense compared to the surrounding normal
pancreatic tissue. This has been related to particularly
low microvessel density (MVD) values compared to
other tumor entities, abundant matrix deposition [mainly
collagen type I and III, fibronectin and hyaluronic acid (28)]
and a subsequent increase in intra-tumoral pressure (i.e.,
solid stress), also resulting in vessel collapse (29,30).
Contradicting these findings at first sight (31) a positive
correlation of stroma content and perfusion has been
described, suggesting a more complicated interplay of
the tumor microenvironment, where tumor cellularity in
the presence of matrix deposition can be an additional if
not dominating factor in the build-up of solid stress and
hypoperfusion (29,30,32). Furthermore, the detection
of a high lesion to background ratio at the tumor border
has been identified as an aggressive imaging features that
predicts poor clinical outcome (31).

Tumor growth beyond organ borders is often seen at primary
staging and is regularly accompanied by a strong desmoplastic
reaction of hazy or solid appearance that may help distinguish
PDAC from focal inflammation especially at the vascular
interface (Figure 4). However, as tumor development is often
accompanied by inflammation, peri-pancreatic changes are no

proof of tumor growth beyond organ borders.

Structured reporting

Imaging findings should be reported in a standardized
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manner according to current guidelines (33), preferably
using simplified and user-friendly templates, to improve
acceptance among radiologists (34). Most importantly,
templates must include a detailed description of the
tumor to vessel interface, which (in combination with the
identification/rule out of metastatic disease) directly impacts
patients stratification into primary resectable, borderline
resectable and non-resectable tumors (33). It should
differentiate between tumor to vessel contact and signs of
vascular infiltration that require vascular reconstruction in
case of surgery (35). Reports should be saved in machine
readable formats to enable further processing.

Cross sectional imaging data analysis in pancreatic cancer

Technical advances have enabled significant gains in both
image quality and acquisition speed. However, tumor
identification and response evaluation still rely primarily
on naked eye methods. For this reason, the output quality
of radiological reports is determined to a great extent by
radiologist training, experience and even external factors
such as noise levels within the reporting room, stress and rest
(36,37). Therefore, techniques to facilitate tumor detection
and quantify image information in a more objective way have
generated substantial interest and advances in computational
performance of image reconstruction and postprocessing
systems as well as electronic health records have enabled a
multitude of workflow improvements for radiologists (38).
These can be divided into tools facilitating the visualization
and communication of findings and tools for quantitative
image analysis.

Workflow, visualization and communication improvements

Due to significant improvements in computation and
especially due to the widespread availability of parallel
computing solutions, such as GPU-based rendering, coupled
with the acceleration of data transfer speeds, radiologists
can now routinely gain access to e.g., thin isotropic
CT slices within minutes after their acquisition (39).
These can then be processed on the fly at the reporting
station to generate custom views, such as MPRs, and
volume-rendered images such as maximum intensity
projection (MIP) or cinematic rendering series. Such tools
can greatly facilitate not only the radiologist’s understanding
of pathology and pathological anatomy, but also aid in
the demonstration of findings to referring clinicians and
assist e.g., in operative planning or the production of
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custom medical devices, such as 3D-printed prosthetics or
implants (40). Furthermore, the abovementioned advances
in communications technology mean that images can now
be stored in high-efficiency compressed and encrypted
formats in the cloud and made available at a moment’s
notice in the case of future need (41). Lastly, radiological
reporting or expert opinion can now be outsourced to third
parties over secure high-speed internet connections (42).
This has led to the emergence of virtual tumor boards
over state-of-the-art videoconferencing systems and
greatly improved availability of radiological reporting in
underprivileged areas of the world (43).

Quantitative imaging analysis

To gain a better terminological understanding, one must
differentiate between the two common uses of the term
quantitative imaging. On one hand, it can refer to the
quantitative assessment of specific parameters which relate
to concrete physical measurements, as can be performed
with positron emission tomography, which is said to be
a quantitative modality since the (radio-)activity per unit
volume can be directly measured. In this sense, CT can also
be referred to as quantitative since the scanners are calibrated
and radiodensity is expressed in Hounsfield Units, which
are similar or identical for the same materials. Certain MRI
sequences can also produce quantitative measurements,
for instance so-called T1-mapping sequences, which allow
statements about the relaxivity or the precise quantification
of contrast media uptake within a volume of interest.

In its second guise, the term quantitative imaging has
come to denote the derivation of objective, mathematically
quantifiable data from a certain part of the image (44).
With the advent of so-called -omics approaches, this ports
radiological images into the domain of advanced statistical
analysis by high-performance computer systems, a field
which within the last decade has become known as Data
Science. The -omics approach to radiology is commonly
called radiomics (45). Typically, a radiomics workflow
consists of the definition of a volume of interest within
the image, the derivation of data from this region and
the statistical exploration of this data and its correlation
with clinical, histopathological or genetic parameters as
delineated below:

Volume of interest definition
The first step towards quantitative analysis of radiological
images consists of the selection of a specific image sub-
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area, a process commonly called image segmentation. In
its simplest form, it can be performed by positioning for
instance a circular region of interest (ROI) in a specific area
to gain insight into its radiodensity, a process very common
to the radiologist for deciding for instance whether an
adrenal lesion contains fat. In a more advanced setting such
as pancreatic cancer, complete analysis of the tumor requires
precise definitions of the tumor margins in all slices and/
or in multiple axes. In high-contrast settings, segmentation
can be performed by the computer itself (46). This can
be observed for instance for pulmonary lesions, since it is
easy to program a computer to search for high-contrast
areas and for specific density/intensity values. In pancreatic
cancer, typically an ill-defined, hypovascular entity within
a complexly formed organ which often carries the mark of
chronic disease or is altered by the presence of the tumor
itself, however, even modern, artificial-intelligence-based
algorithms have great difficulties delineating the tumor
margins and—at worst—reach accuracies only as high
as about 60% (47). The fully automatic segmentation of
pancreatic cancers is a subject of ongoing research with
the most successful approaches currently first having the
algorithm identify the pancreas, and consecutively the
tumor region, all while integrating previously gained
knowledge from manually segmented datasets (48).

In any case, the end result of the segmentation process
is a region or volume of interest, in essence just than a
subsample of image pixels/voxels of the original acquired
volume.

Derivation of imaging parameters

The second step in the radiomics approach regards deriving
mathematical descriptions about the spatial relationship
and the intensity values of the pixels within the volumes
of interest, which are commonly referred to as imaging
features (49). Some features common to radiologist and
clinician alike are for instance tumor volume or mean,
maximum and minimum intensity, the latter important in
the abovementioned setting of deciding whether a lesion
contains fat (i.e., negative CT-value pixels). However,
innumerable other approaches, some with substantial
mathematical complexity, exist for the derivation of features
which attempt to quantify more abstract concepts, such as
tumor heterogeneity (50). These approaches are based on
statistics and probability and extract information from the
spatial positions or the probability of occurrence of pixels
with a certain density or signal intensity and include for
example histogram metrics, gray-level-cooccurence matrices,
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local binary patterns and wavelet decompositions (51).

Exploration and correlation of imaging features with
clinical, pathological or genomic data

At this point in the radiomic workflow, the transformation
of what was originally visual data into a quantitative,
mathematical entity has taken place. Imaging features can
now be used within the context of a biostatistics workflow and
treated like clinical information such as tumor marker levels
or tumor stage. Typically, however, some pre-processing
of these features has to take place, as is common in other
bioinformatics workflows, to separate useful predictors from
uninformative features. For this purpose, a feature selection
step takes place using statistical or machine learning methods
such as regularization or principal component analysis,
which aims to reduce the number of features and increase
their significance for the overall analysis (52). The remaining
features are then included in statistical models of e.g., tumor
progression, survival models or compared to features derived
from other entities, such as for the prediction of genetic
signatures or histopathological tumor subtypes.

With the increase in data quantity and complexity,
traditional statistical approaches are increasingly
complemented or superseded by artificial intelligence
methods, or—more specifically—machine learning
techniques (53). Machine learning denotes any algorithm
which does not require explicit (i.e., imperative or
declarative) programming but is capable of handling new
information in a process akin to human learning, i.e.,
by integrating the new information and improving over
time. With the exponential increase in computing power,
a specific type of machine learning algorithm, so called
artificial neural networks (54), which are designed with a
similar architecture as the human nervous system, i.e., with
inputs, processing “neurons” and outputs, have shown great
promise in use-cases such as image analysis. Very complex
neural networks, using several stages (or layers) of “neurons”
are commonly referred to as deep neural networks, and the
process of training these neurons, i.e., generating a model
for the prediction of a certain state from the input data, is
called deep learning. Although it is beyond the scope of
this article to deliberate the specifics of deep learning (55),
suffice it to denote that they represent a major advance in
image analysis and can potentially replace the traditional
radiomics workflow as it is currently practiced: they have
shown considerable success in the automatic detection and
segmentation of structures and are supremely suitable for
image classification (56). This makes deep learning based
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approaches an ideal candidate for future quantitative image
analysis workflows (57). The great challenge lies in the
training of such algorithms, which in many cases requires
large amounts of precisely annotated data to ascertain
sufficient model performance and the ability of the model
to generalize beyond the scope of specific datasets. In any
case, machine learning and artificial intelligence hold great
potential for radiological research and can be envisioned
as integral tools of the clinical radiological workflow of
the future (58), for instance for triaging exams for high-
relevance findings, assisting with tumor volumetry or as a
decision support tool for patient risk stratification.

Summary and conclusions

Early tumor detection, non-invasive tumor subtyping and
treatment response evaluation present major challenges
in the radiological work-up of patients at risk and patients
who have already developed pancreatic cancer. Intensified
screening programs with state-of-the-art imaging
techniques and advanced image post-processing algorithms
are being developed and hold the potential to improve
patient outcome.
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