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ABSTRACT
Background  Diagnosing the presence of metastasis 
of pancreatic cancer is pivotal for patient management 
and treatment, with contrast-enhanced CT scans (CECT) 
as the cornerstone of diagnostic evaluation. However, 
this diagnostic modality requires a multifaceted 
approach.
Objective  To develop a convolutional neural network 
(CNN)-based model (PMPD, Pancreatic cancer Metastasis 
Prediction Deep-learning algorithm) to predict the 
presence of metastases based on CECT images of the 
primary tumour.
Design  CECT images in the portal venous phase of 
335 patients with pancreatic ductal adenocarcinoma 
(PDAC) from the PanGenEU study and The First Affiliated 
Hospital of Zhengzhou University (ZZU) were randomly 
divided into training and internal validation sets by 
applying fivefold cross-validation. Two independent 
external validation datasets of 143 patients from the 
Radboud University Medical Center (RUMC), included in 
the PANCAIM study (RUMC-PANCAIM) and 183 patients 
from the PREOPANC trial of the Dutch Pancreatic Cancer 
Group (PREOPANC-DPCG) were used to evaluate the 
results.
Results  The area under the receiver operating 
characteristic curve (AUROC) for the internally tested 
model was 0.895 (0.853–0.937) and 0.779 (0.741–
0.817) in the PanGenEU and ZZU sets, respectively. In 
the external validation sets, the mean AUROC was 0.806 
(0.787–0.826) for the RUMC-PANCAIM and 0.761 
(0.717–0.804) for the PREOPANC-DPCG. When stratified 
by the different metastasis sites, the PMPD model 
achieved the average AUROC between 0.901–0.927 
in PanGenEU, 0.782–0.807 in ZZU and 0.761–0.820 
in PREOPANC-DPCG sets. A PMPD-derived Metastasis 
Risk Score (MRS) (HR: 2.77, 95% CI 1.99 to 3.86, 
p=1.59e−09) outperformed the Resectability status from 
the National Comprehensive Cancer Network guideline 
and the CA19-9 biomarker in predicting overall survival. 
Meanwhile, the MRS could potentially predict developed 
metastasis (AUROC: 0.716 for within 3 months, 0.645 
for within 6 months).
Conclusion  This study represents a pioneering 
utilisation of a high-performance deep-learning model to 
predict extrapancreatic organ metastasis in patients with 
PDAC.

INTRODUCTION
The detection of metastasis in pancreatic ductal 
adenocarcinoma (PDAC) is a crucial factor in 
managing and treating patients suffering from this 
disease. Regrettably, the majority of patients (52%) 
are diagnosed with metastatic disease at the time 
of diagnosis, rendering surgical resection unfeasible 
(https://seer.cancer.gov/statfacts/html/pancreas.​
html). The prognosis for those patients is extremely 
poor with a mere 2% 5-year survival rate.1 2

Despite advancements in diagnostic modali-
ties, accurately ascertaining the metastatic status 
of PDAC remains a challenge. Common imaging 
modalities such as CT scans and MRIs have limita-
tions in sensitivity and specificity. While they can 
detect extensive metastases, they may fail to iden-
tify smaller or less conspicuous lesions, particularly 
in organs with dense tissue or lower imaging reso-
lution contrast.3 4 Positron emission tomography 
(PET)/CT effectively identifies distant metastatic 
sites, particularly those that are metabolically 
active, even when they are not visible on traditional 
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anatomical imaging techniques. However, PET/CT has limitations 
in detecting very small lesions, especially in regions like the liver, 
where distinguishing pathological findings from background 
activity can be difficult.5 Furthermore, it is not recommended 
as a standard examination due to its high economic cost and the 
frequent occurrence of false positive results.6 Moreover, once 
patients present with radiographic signs of metastatic disease, 
the following diagnostic process relies heavily on a combination 
of radiological imaging, clinical tools and biomarkers (ie, Carbo-
hydrate Antigen 19-9 (CA19-9)) and a final biopsy with patho-
logical assessment. This diagnostic process is characterised by 
being labour-intensive with a significant financial cost.7 There-
fore, a pressing need exists to develop novel, non-invasive and 
inexpensive tools to guide clinical decision-making for metas-
tasis in patients with PDAC.

A contrast-enhanced CT scan (CECT) is currently the primary 
diagnostic test for pancreatic cancer diagnosis in most patients. 
CECT scans usually assess the tumour’s size, location, density 
and blood supply. It can also determine the tumours’ local inva-
sion and assess their resectability.8

Advances in deep learning (DL), specifically convolutional 
neural networks (CNN), have exhibited robust and scalable 
performance in medical imaging analyses, outperforming other 
machine learning algorithms and expecting to revolutionise 
the current medical practice.9 In recent years, there has been a 
significant increase in DL techniques applied to CT images in 
patients with PDAC, achieving remarkable performance in the 
diagnosis10–12 and the prognosis fields.13–16 Regarding PDAC 
staging, DL techniques for lymph node metastasis prediction 
have been proposed.17–20 To the best of our knowledge, only 
three machine-learning models based on CECT radiomics for 
predicting occult liver and peritoneal metastases have been 
published.21–23 However, no previous and robust DL algorithm 
comprehensively supports distant organ metastasis prediction, 
except for liver and peritoneal metastasis.

In this study, we hypothesised that radiological features of 
the primary tumour, which may not be visible to human expert 
eyes but can be identified by DL algorithms, are associated with 
the presence of metastasis. Here, we report on the Pancreatic 
tumour Metastasis Prediction Deep-learning (PMPD) algorithm, 
a DL-based fusion model designed to predict the presence of 
distant metastasis from CECT images of primary PDAC tumour 
at the diagnosis time. The ultimate goal of PMPD is to serve as 
an auxiliary tool for radiologists in assessing patients with meta-
static disease, aiding in the diagnostic process and informing 
treatment planning.

METHODS
Patient sets
In this international multicentre study, 661 patients with PDAC 
from studies in Spain, China and the Netherlands were consid-
ered, including ZZU (The First Affiliated Hospital of Zhengzhou 
University), PanGenEU, RUMC-PANCAIM (Radboud Univer-
sity Medical Center (RUMC), included in the PANCAIM study) 
and PREOPANC-DPCG (the PREOPANC trial of the Dutch 
Pancreatic Cancer Group) sets. Characteristics of the studies and 
the inclusion and exclusion criteria are in online supplemental 
figure 1A and online supplemental methods.

Notably, the RUMC-PANCAIM set from the Nether-
lands exclusively enrolled patients who only had liver metas-
tasis. Furthermore, the PanGenEU, RUMC-PANCAIM and 
PREOPANC-DPCG sets provided information on overall 
survival, which was used to evaluate the model’s prognostic 

capabilities. The PanGenEU and PREOPANC-DPCG sets 
contained information on metastasis development, allowing 
for evaluating the models’ capability of developing metastasis 
prediction.

Image acquisition and annotation
We extracted the CT images from the picture archiving and 
communication system in hospital and took several steps to 
uniform them into the same format. After that, each slice image 
in the study underwent automatic segmentation, delineating the 
pancreas and the tumour regions using nnU-Net,24 with subse-
quent manual checking using 3D slicer software (V.4.11.2) by 
trained students. Due to the intricate anatomical structures 
surrounding the pancreas and the inherent challenges in tumour 
delineation, the segmented tumour images and their corre-
sponding masks were further scrutinised by diagnostic radiolo-
gists or abdominal oncologists with over 20 years of experience 
to achieve consensus. This multistep review process ensured that 
all segmentation results were consistent with clinical standards. 
In contrast, no corrections were made to the pancreas segmen-
tations because of the strong performance of nnU-Net in this 
task. A detailed description of image acquisition and annotation 
is provided in online supplemental methods.

Image pre-processing
For patients who underwent both 64-slice and 128-slice spiral 
CT scans, only the 128-slice CT data were used due to superior 
resolution. Slice thickness was standardised to 2 mm for images 
and labels, and then the window width and level were adjusted 
to 250 and 75 Hounsfield units, respectively. Label noise was 
reduced via erosion and dilation, while pancreas and tumour 
boundaries were expanded to preserve margin features. To 
improve performance, images with the top four largest tumour 
areas were selected and cropped to the pancreas region using 
bounding boxes. Then, rotation-based data augmentation gener-
ated 24 patches per patient. The image and segmentation mask 
were combined into a dual-channel input before model training. 
More details of image pre-processing can be found in online 
supplemental methods.

Model construction, training and evaluation
In this study, we present a fusion DL model named PMPD 
(Pancreatic tumour Metastasis Prediction Deep learning-based 
algorithm). The model’s structure consisted of three modules: 
FeatureExtractor, Fusion and Classifier, which integrates the 
different depth features derived from image and mask data. The 
model structure is presented in online supplemental figure 1B 
and online supplemental methods. We randomly divided the 
PanGenEU and ZZU sets into training and internal validation 
sets on five-fold cross-validation to develop and test the PMPD 
model considering the patient’s level to assess impartially. At the 
slice level, the prediction probability for metastasis was obtained 
from the model’s output. Youden Index (sensitivity + specificity 
– 1), to set-up the best threshold in area under the receiver oper-
ating characteristic curve (AUROC), was used to dichotomise the
probability to classify the presence of metastasis in the internal
test set. Similarly, at the patient level, based on the proportion
of predictive slice-level metastasis generated from the CNN
model, patients were classified as presence/absence of metastases
by using the threshold that maximises the Youden Index on the
internal test set. The model training and evaluation process are
described in online supplemental methods.
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Statistics analysis
After model training, we evaluated performance on internal 
and external validation sets using accuracy, sensitivity, speci-
ficity, F1-score, AUROC and area under the precision recall 
curve (AUPRC). Log-rank tests were used to assess prognosis 
differences between groups, and Kaplan-Meier curves gener-
ated survival plots. Univariable and multivariable Cox regres-
sion, adjusted for age, sex and data centre, estimated HRs with 
95% CIs. We used the Grad-CAM technique to highlight the 
key regions relevant to metastasis.25 More details of statistics 
methods can be found in online supplemental methods.

Patient and public involvement statement
Patients were not involved in this research.

RESULTS
Study design and characteristics of the cohorts
The implementation of this study encompassed four steps, as 
depicted in figure 1A. First, portal venous phase CECT images 
were procured and annotated. Second, images with venous 
phases underwent preprocessing to generate a single set for each 
patient. Third, these patient-specific image sets were fed into the 
network, yielding a Metastasis Risk Score (MRS)-based predic-
tion for each image. Fourth, the networks’ performance was 
internally and externally assessed and compared.

The model was trained and internally tested through a five-
fold cross-validation methodology, using 335 patients diagnosed 
with PDAC. Those patients provided a total of 1340 slice-level 
images from the PanGenEU and ZZU sets. Subsequent test 
procedures were conducted using 326 patients with PDAC, 
1304 images aggregated from two distinct external validation 

Figure 1  (A) Overview of the pipeline in this study. The pipeline consisted of image acquisition and annotation, image pre-processing, model 
building and model evaluation. (B) Patient sets: PanGenEU and ZZU sets were pooled and used for training the Pancreatic tumour Metastasis 
Prediction Deep learning-model and for the internal test to determine initial performance. RUMC-PANCAIM and PREOPANC-DPCG sets were used 
for the external validation. DPCG, Dutch Pancreatic Cancer Group; RUMC, Radboud University Medical Center; ZZU, The First Affiliated Hospital of 
Zhengzhou University.
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sets: RUMC-PANCAIM and PREOPANC-DPCG (figure  1B). 
Comprehensive baseline characteristics of all the sets are 
presented in online supplemental table 1. The entire set’s median 
(IQR) age was 66 (57–73), and 42.33% of the patients were 
women. The most common tumour location was the pancreatic 
head (58.55%). Overall, 208 (31.47%) patients had metastatic 
disease, including 178 (85.58%) with liver metastasis, 17 (8.17%) 
with lung metastasis, 21 (10.1%) with peritoneal metastasis and 
4 (1.92%) with unknown metastatic location. Several tests were 
considered to determine the presence of metastases, which are 
shown in online supplemental table 2. Most cases of metastasis 
were identified by radiological images in PanGenEU and ZZU 
sets, while all patients in PREOPANC-DPCG set were identi-
fied by non-radiological tools. The information for the RUMC-
PANCAIM set was missing. The median (IQR) follow-up was 
400 (121–528) days, with 300 (73.71%) participants recorded 
as deceased.

Binary classification performance of the PMPD model to 
predict the presence/absence of metastases
First, our proposed DL model underwent evaluation at the 
CECT slice level. Subsequently, we implemented a fivefold 
cross-validation strategy to construct the PMPD model to 
discern the presence/absence of metastases at the slice level 
within the training set. Following the classification of each 
slice, the disease status at the patient level was inferred 
(figure  2A). The performance of the models was assessed 
across both internal and external validation datasets. The 
model’s AUROC, accuracy, specificity, sensitivity, AUPRC 
and F1-score metrics at the slice level are displayed in online 
supplemental table 3.

On fivefold cross-validation, the AUROC for predicting the 
metastasis status at the patient level for the internally tested 
model was 0.895 (0.853–0.937) in the PanGenEU set and 
0.779 (0.741–0.817) in the ZZU set (figure  2B and C, and 
online supplemental table 4). Figure  2D and E, and online 
supplemental figure 3 show the confusion matrices resulting 
from this internal test dataset. The rest of the performance 
metrics are displayed in figure 2J and K, and online supple-
mental table 4.

The prediction performance was then externally validated 
across two external datasets. In the RUMC-PANCAIM set, the 
PMPD model exhibited a mean AUROC value of 0.806 (0.787–
0.826) at the patient level (figure 2F and online supplemental 
table 4); its confusion matrix is shown in figure 2G and online 
supplemental figure 3. In the PREOPANC-DPCG set, although 
the PMPD model achieved a mean AUROC value of 0.761 
(0.717–0.804) (figure 2H and online supplemental table 4), its 
confusion matrix showed an imbalanced performance, especially 
for metastasis cases (figure  2I and online supplemental figure 
3). The accuracy, AUPRC, specificity, sensitivity and F1-score 
metrics of the two external validation sets are shown in figure 2J 
and K, and online supplemental table 4. The performance on the 
14 cases where <4 tumour-containing slices are shown in online 
supplemental table 5.

Furthermore, PMPD accurately predicted 65.8% (25/38) 
of metastases discovered through laparoscopy or during the 
surgical procedure that were not detected by radiographic 
imaging at diagnosis. In summary, these findings indicated the 
PMPD model’s high potential ability to predict the presence/
absence of distant metastasis in patients diagnosed with PDAC 
based on CECT tumour images.

Multinomial classification performance of the PMPD model 
when extended to the different metastasis sites
We subsequently proceeded to evaluate the PMPD model 
performance based on the different metastatic sites using the 
internal test sets (PanGenEU, ZZU) and external validation set 
(PREOPANC-DPCG) to ascertain whether its efficacy remained 
consistent across various metastatic sites (figure 3A). All meta-
static cases from RUMC-PANCAIM set were found only in the 
liver, resulting in no multinomial classification performance. 
And the number of each fold for multinomial classification of 
metastasis sites in the internal test set is shown in the online 
supplemental table 6. The performance metrics at the slice level 
are displayed in online supplemental table 7. At the patient level, 
the PMPD model achieved a micro-average, macro-average 
and weighted-average AUROC between 0.901 and 0.927 in 
PanGenEU, 0.782 and 0.807 in ZZU and 0.761 and 0.820 in 
PREOPANC-DPCG sets, respectively (figure 3B, C and D, and 
online supplemental table 8). The average accuracy values are 
shown in figure 3E and online supplemental table 8.

The liver emerged as the most frequent site of metastasis, 
accounting for 178 (85.58%) patients across the three cohorts. 
Notably, for liver metastasis, the PMPD model exhibited high 
performance, with mean AUROC=0.894 (0.853–0.935) in the 
PanGenEU set, AUROC=0.776 (0.746–0.805) in the ZZU set 
and AUROC=0.703 (0.646–0.761) in the PREOPANC-DPCG 
set. Lung metastasis is a significant concern in clinics because 
a single abdominal CT image cannot detect it. In our datasets, 
17 (8.71%) cases had lung metastasis. The PMPD model also 
exhibited high performance in detecting lung metastasis with 
mean AUROC=0.969 (0.946–0.993) in the PanGenEU set, 
AUROC=0.774 (0.652–0.895) in the ZZU set (figure 3B, C and 
D, and online supplemental table 8). Similar robust performance 
was observed for the peritoneal metastasis (figure 3B, C, D and 
E, and online supplemental table 8). Furthermore, none of the 
other potential confounding factors (ie, tumour size, location, 
age, sex and platform manufacturer) affected the model perfor-
mance (online supplemental figure 4).

The MRS outperformed the Resectability status from the 
National Comprehensive Cancer Network guideline and 
CA19-9 biomarker in predicting overall survival and added 
prognostic value
In current clinical practice, PDAC oncologists and surgeons 
rely on the Resectability status based on CT scan assessment 
and CA19-9 biomarker levels to determine the appropriate 
management of patients, including surgical intervention or 
alternative treatments. Hence, we evaluated the prognostic 
prediction of the PMPD model at the time of diagnosis by 
comparing its performance against these established metrics 
(figure  4A). To achieve this, we initially collected the Resect-
ability status data for 407 patients from the PanGenEU, RUMC-
PANCAIM and PREOPANC-DPCG sets. These PanGenEU 
patients were used exclusively as internal test sets in each fold 
during cross-validation. Subsequently, CECT images of those 
patients were processed by the PMPD model to generate the 
MRS at the slice level, which was then averaged to get MRS 
at the patient level. The MRS values were dichotomised into 
high and low probability of metastasis using a cut-point deter-
mined by the maxstat test from the ‘survminer’ R package. For 
comparison with CA19-9 levels, data from 315 patients in the 
PanGenEU, RUMC-PANCAIM and PREOPANC-DPCG data-
sets were used. High and low CA19-9 categories were defined 
using a cut-point of 500 U/mL, the threshold used in the clinical 
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Figure 2  Performance of the PMPD model for binary classification of presence/absence of metastases at the patient level. (A) Overview of the 
binary classification study set-up. (B, C) Receiver operating characteristic curves (AUROC) of the PMPD-model for internal test sets (PanGenEU, ZZU). 
(D, E) Confusion matrices presenting the predictions for internal test sets (PanGenEU, ZZU). (F, G) AUROC and confusion matrix for the external 
RUMC-PANCAIM test set. (H, I) AUROC and confusion matrix for the external PREOPANC-DPCG validation set. (J, K) Distribution of the model’s 
accuracy and the other performance matrices in the internal test sets (PanGenEU, ZZU) and the external validation sets (RUMC-PANCAIM, PREOPANC-
DPCG). AUROC, area under the receiver operating characteristic curve; DPCG, Dutch Pancreatic Cancer Group; NPV, negative predictive value; PDAC, 
pancreatic ductal adenocarcinoma; PMPD, Pancreatic tumour Metastasis Prediction Deep learning; PPV, positive predictive value; RUMC, Radboud 
University Medical Center; ZZU, The First Affiliated Hospital of Zhengzhou University.
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setting as previously associated with disease-free survival and 
overall survival outcomes.26 Kaplan-Meier analysis revealed a 
significant difference between the high and low MRS groups 
(log-­rank test p=2.5e−12). Notably, the MRS variable exhib-
ited a higher HR of 2.77 (95% CI 1.99 to 3.86, p=1.59e−09) 
compared with the Resectability status based on univariate Cox 
regression (figure 4B). These findings underscore the potential 
of the PMPD model to provide more precise prognostic infor-
mation beyond the Resectability status. The distribution of the 
two MRS groups according to the Resectability status is shown 
in online supplemental figure 5A. Kaplan-Meier curves for the 
MRS groups stratified by the Resectability status are displayed in 
online supplemental figure 5B,E. We observed that the high-MRS 
group patients always had a significantly worse prognosis than 
the low-MRS group for the Borderline Resectable and Locally 
Advanced of Resectability status, but not for the Resectable or 
metastasis.

Subsequently, we conducted comparative and combinatory 
analyses of the MRS and CA19-9 levels. Kaplan-Meier curves 
revealed a more discerning stratification capability of the MRS, 
outperforming the discriminatory potential of the CA19-9 levels 
(figure 4C). Furthermore, we explored the clinical applicability 
of the MRS by devising distinct patient subgroups based on MRS 
and CA19-9 values together. Specifically, individuals with high 
MRS and high CA19-9 were grouped into the high-risk group, 
while those with low MRS and low CA19-9 were grouped into 
the low-risk group. Patients falling outside these categories were 
designated as belonging to the mid-risk group. Remarkably, 
patients categorised as high-risk and mid-risk exhibited signifi-
cantly worse survival outcomes compared with those classified 
as low-­risk (HR=2.75, 95% CI 1.94 to 3.88, p=1.22e−08; and 

HR=1.70, 95% CI 1.26 to 2.29, p=5.28e−06), respectively 
(figure 4D).

Next, we conducted an in-depth examination of the MRS 
prognostic performance compared with the Resectability status 
and CA19-9 biomarker levels. In univariate Cox regression 
analyses, Locally Advanced and Metastasis of the Resectability 
status, CA19-9 values and MRS were statistically significant, 
with MRS having the highest HR=2.98 (95% CI 2.01 to 4.43, 
p=6.6e−06) (figure 4E). When including these three factors in a 
multivariate Cox regression, CA19-9 and MRS remained statis-
tically significant, with MRS showing a higher HR than CA19-9 
(HR=2.00 95% CI 1.21 to 3.32, p=0.000677 vs HR=1.35 
(95% CI 1.03 to 1.77, p=0.0305) and the Resectability status 
(Metastasis, HR=1.69, 95% CI 1.10 to 2.58, p=0.01545 and 
Locally Advanced, HR=1.70 (95% CI 1.17 to 2.60, p=0.0135) 
(figure  4F). Moreover, Harrell’s C-index of multivariate Cox 
regression building on MRS, CA19-9 and the Resectability status 
for overall survival yielded a value of 0.632 (figure 4G), which is 
higher than the individual variables, as well as for the multivar-
iate Cox regression only, including CA19-9 and the Resectability 
status.

MRS predicts the metastasis development after treatment
Next, we assessed the potential utility of MRS in predicting 
developed metastases. We analysed 117 patients from the 
PanGenEU and PREOPANC-DPCG sets to achieve this. All 
patients were characterised as having non-metastatic disease at 
the time of treatment, but subsequently developed metastases 
during follow-up. We stratified the patients into three groups 
based on the timing of the development of metastasis: <3 

Figure 3  Performance of the PMPD-model for multinomial classification according to the metastatic sites. (A) Overview of the multinomial 
classification study set-up. (B, C and D) AUROC of the PMPD-model according to the metastasis sites in the internal test sets (PanGenEU, ZZU) and 
external validation set (PREOPANC-DPCG). (E) Distribution of the model’s accuracy according to the metastasis sites. AUROC, area under the receiver 
operating characteristic curve; DPCG, Dutch Pancreatic Cancer Group; PMPD, Pancreatic tumour Metastasis Prediction Deep learning; ZZU, The First 
Affiliated Hospital of Zhengzhou University.
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months, 3–6 months and >6 months (figure 5A). The relation-
ship between these three metastasis timing groups and MRS 
is shown in figure 5B. The mean MRS of patients with metas-
tasis developed <3 months was significantly higher than that 
of patients with metastasis 3–6 months and >6 months (<3 

months vs 3–6 months: p=6.44e−03; <3 months vs >6 months: 
p=6.15e−05). However, there was no statistically signifi-
cant difference in mean MRS between the 3–6 months and >6 
months groups (p=0.796). We then constructed receiver oper-
ating characteristic curves for two comparisons: metastasis <3 

Figure 4  The prognostic ability of the Pancreatic tumour Metastasis Prediction Deep learning-model was assessed and compared with those of 
the Resectability status and the CA19-9 biomarker. (A) Design of prognostic value assessment of the model based on PanGenEU, DPCG and RUMC-
PANCAIM sets. Following model processing, each slice yielded a metastasis risk score, which was then averaged across all slices to compute each 
patient’s average metastasis risk score. Subsequently, the Cox regression analysis was conducted to compare the model’s prognostic performance 
with that of the Resectability status. The same pipeline was performed to compare with CA19-9 biomarker in PanGenEU and DPCG sets. (B) Kaplan-
Meier and ROC curves for the MRS and the Resectability status on 407 patients from PanGenEU, RUMC-PANCAIM and DPCG sets. Statistical 
significance was determined using univariate Cox regression and the log-rank test. (C) Kaplan-Meier plot and ROC curves of MRS and CA19-9 on 
315 patients from PanGenEU, RUMC-PANCAIM and DPCG sets. The log-rank test was used to evaluate statistical significance. (D) Kaplan-Meier plot 
showing survival for the MRS subgroups stratified by CA19-9 levels. Statistical significance was determined using univariate Cox regression and the 
log-rank test. (E) Univariate Cox regression, (F) multivariate Cox regression and (G) C-index for the same subset of 315 patients, providing insights 
into the prognostic capabilities of MRS, CA19-9 and the Resectability status. CA19-9, carbohydrate antigen 19-9; DPCG, Dutch Pancreatic Cancer 
Group; MRS, Metastasis Risk Score; NCCN, National Comprehensive Cancer Network; ROC, receiver operating characteristic curve; RUMC, Radboud 
University Medical Center.



2031Xue N, et al. Gut 2025;74:2024–2034. doi:10.1136/gutjnl-2024-334237

Pancreas

months versus metastasis ≥3 months, and metastasis <6 months 
versus metastasis ≥6 months. These analyses resulted in area 
under the curves of 0.716 and 0.645, respectively (figure 5C). 
Using the Youden Index, we determined the maximum cut-off 
values for the two groups and the patients were classified into 
high and low MRS groups. The confusion matrices are shown in 
figure 5D and E.

These findings suggest that the PMPD model could potentially 
predict metastasis development, particularly for early metastatic 
events.

Visualisation for PMPD model attention characteristics
To better explore the interpretability of the PMPD model, we 
carried out the Grad-CAM visualisation method to mine the 
essential metastasis-relevant features. As depicted in figure 6, we 
present the activation maps of the entirely correct true positives 
and correct true negatives (100%: all fivefolds were accurate) on 
external validation cases. We found that the PMPD model accu-
rately paid attention to both the pancreas and the tumour. More-
over, as shown in figure  6, it seemed that for non-metastatic 
cases, the model focused on the tumour area, following this 
pattern in 61.4% of the RUMC-PANCAIM set and 46.3% of 
the PREOPANC-DPCG set. While the model focused on smaller 
tumour margin areas for metastatic cases, 70% of metastasis cases 
in the RUMC-PANCAIM set and 66.7% of the PREOPANC-
DPCG set follow this rule, which means the margins of the 
tumour have some features associated with metastasis.

DISCUSSION
We developed PMPD, an advanced DL algorithm for PDAC 
metastasis prediction that fuses abdominal CECT individual 
depth features from different blocks of the ResNet50 and 
employs a gated attention mechanism. We showed that PMPD 

can accurately predict the presence/absence of PDAC distant 
metastases both in the internal test and the external validation 
sets. Notably, the algorithm accurately classified 56% of the 
metastases in the prospective PREOPANC-DPCG set, despite 
the fact that they were not visualised on imaging. Furthermore, 
the model’s performance held regardless of the metastasis loca-
tion. Primary tumour size and location, patient sex and age and 
CT manufacturer did not affect the prediction ability of PMPD, 
either. We also report that the PMPD-derived MRS was the 
most potent independent prognostic factor, outperforming the 
Resectability status and CA19-9 biomarker levels. Importantly, 
PMPD accurately predicted 65.8% of metastases discovered 
through laparoscopy or during the surgical procedure that were 
not detected by radiographic imaging at diagnosis. Discrimi-
nating those patients at the diagnosis time could lead to more 
personalised treatment decisions, improving patient quality of 
life and saving substantial effort and economic resources. More-
over, the PMPD model could potentially predict future metas-
tasis development, particularly for early metastatic events. To the 
best of our knowledge, this is the first development to adapt a 
CNN-based DL model in predicting clinical organ metastasis of 
patients with PDAC.

Previous studies implemented CT radiomics to predict 
lymph node metastasis in patients with PDAC by building high-
performance algorithms.17 27–29 However, robust and comprehen-
sive prediction models for organ metastasis still need to be made 
available. Most patients with PDAC present with liver metastasis 
at first diagnosis, resulting in a poor prognosis. Zambirinis et 
al used liver radiomics of preoperative CECT scans to develop 
a machine-learning model with an AUROC=0.7618 to predict 
the presence of liver metastasis.22 Similarly, Zhao et al also 
reported a machine learning model based on CECT achieving 
AUROCs between 0.71 and 0.73 in predicting liver metastases.21 

Figure 5  Evaluation of the MRS in predicting metastasis development. (A) Overview of the stratification of 117 patients based on the time to 
metastasis development. (B) Distribution of MRS across three metastasis timing groups: <3 months, 3–6 months and >6 months. (C) AUROCs 
for predicting metastasis development within <3 months versus ≥3 months and <6 months versus ≥6 months. (D, E) Confusion matrices for the 
high-MRS and low-MRS groups and the development of metastasis within <3 months and <6 months. AUROC, area under the receiver operating 
characteristic curve; MRS, Metastasis Risk Score.



2032 Xue N, et al. Gut 2025;74:2024–2034. doi:10.1136/gutjnl-2024-334237

Pancreas

Compared with these previous studies, our CNN-based PMPD 
model achieved higher accuracy in detecting liver metastasis 
across the internal test datasets and the external validation 
dataset, and it also reached excellent prediction performance for 
other metastasis sites.

Furthermore, we conducted an in-depth analysis to evaluate 
the prognostic value of the PMPD-derived MRS and compared 
it against well-established prognostic factors such as the resect-
ability status and CA19-9 biomarker levels; MRS exhibited 
superior prognostic performance compared with the other two 
prognostic factors. This observation is consistent with prior 
research by Zhao et al, as their radiomics-based model showed 
better predictive performance than the CA19-9 biomarker.21 
The results from the multivariable Cox regression analyses 
underscored the independent prognostic utility of the MRS, as 
evidenced by its highest HR values, which are indicative of its 
robust predictive capacity. Additionally, our study revealed that 
integrating the three factors conferred additional prognostic 
value to the model. Specifically, patients in the high MRS group 
exhibited significantly shorter overall survival than those in the 
low MRS group within the Borderline Resectable and Locally 
Advanced subgroups. Notably, the integration of MRS with 
CA19-9 enabled a more precise patient stratification than the 
CA19-9 levels alone. These results confirm MRS as the most 
potent independent prognostic factor, holding promise for its 
clinical application in guiding treatment decisions and patient 
management strategies.

Compared with previously reported DL approaches for 
medical images, PMPD has several unique characteristics. 

First, while previous studies have demonstrated the robust-
ness of the fusion model in other cancer types,30–32 in PMPD, 
we used a novel feature fusion method for patients with PDAC 
by combining feature vectors from four blocks based on the 
ResNet50 architecture to get holistic image information. To 
further boost our model’s power for high-quality feature utilisa-
tion, we not only accepted Squeeze-and-Excitation Networks29 
to calculate the importance of each feature but also added learn-
able gating mechanism parameters to control the influence of 
the learnt blocks on the final output at the same time. Second, 
to enable PMPD to focus on pancreas areas, we cropped images 
into square subregions based on their mask and then combined 
standardised pancreas and tumour masks into a dual-channel 
image as the model input. This mask-guided attention tech-
nology highlights the pancreas and tumour areas in the convo-
lutional training process. Third, as the peritumoural region 
plays an essential role in identifying lymph node metastasis in 
several cancer types,33–35 we embraced the peritumoural region 
by adding 3×3×1 pixels to expand the borders of the pancreas 
and the tumour to avoid the loss of margin information.

CECT images have greatly helped detect the presence/absence 
of PDAC organ metastases, but they face challenges in addressing 
drawbacks. The most prominent caveat is that a single abdom-
inal CECT image cannot identify patients with distant metastasis 
outside the abdomen. In these situations, our proposed model, 
PMPD, could serve as a supplementary tool for radiologists to 
indicate the presence of PDAC metastasis. In addition to its 
diagnostic capabilities, PMPD could benefit clinical ancillary 
test reduction by decreasing the time and resources required to 

Figure 6  Examples of Grad-CAM visualisation for metastasis-relevant characteristics in the external validation sets. Subregions of focus for the 
model range in colour from bright blue (weak association) to dark red (strong association). Examples of true-negative (A) and true-positive (B) in 
RUMC-PANCAIM and PREOPANC-DPCG validation sets. DPCG, Dutch Pancreatic Cancer Group; RUMC, Radboud University Medical Center.
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confirm the diagnosis. This is particularly important in resource-
limited settings where advanced medical imaging techniques, 
such as PET-CT, may not be readily available. Furthermore, 
PMPD can impel clinicians to advance the diagnostic workflow 
when the model generates metastatic predictions that conflict 
with the clinicians’ assessment. Importantly, the PMPD model is 
intended to operate as a second-reader system, assisting rather 
than replacing radiologists. Additionally, PMPD could guide 
patient staging and therapeutic option decisions by providing 
clinicians with more accurate information about the presence 
and extent of metastases.

This study has several limitations that must be acknowledged. 
Unfortunately, there is no real ‘gold standard’ test to identify 
metastases and micrometastasis, except for autopsy, which 
cannot be applied in clinical practice. Therefore, we relied on 
the reference standard based on information reported from 
all clinical charts. Second, this study uses a manual checking 
and revision approach of the segmentations due to the insuf-
ficient performance of automatic tumour segmentation, which 
is labour-intensive and potentially subjective. While the most 
robust segmentation model currently available is nnUnet,24 an 
algorithm that ranks higher in all segmentation tasks, including 
the pancreas and pancreatic cancer, the Dice coefficient for 
pancreatic cancer is still around 0.5. Therefore, future research 
should focus on developing more powerful segmentation 
methods. Third, the performance of the PREOPANC-DPCG 
set was slightly lower than the other sets, especially when 
focusing on sensitivity, F1-score and AUPRC. The first expla-
nation is that, unlike the other datasets where metastases were 
more apparent on radiological imaging, the PREOPANC-DPCG 
set included metastatic cases not visible on imaging tests at the 
diagnosis time but discovered through laparoscopy or surgery 
afterwards. Predicting these subtle lesions is more challenging, 
leading to increased false negatives and, thus, a lower sensi-
tivity. Another potential reason is the imbalanced sample size, 
with only 21 metastatic cases compared with 162 non-metastatic 
cases. Despite these challenges, the model in PREOPANC-DPCG 
set still achieved an AUROC of 0.761, supporting the overall 
high performance of PMPD. There is a further need for evalua-
tion using datasets with prevalence rates and classifications that 
align closely with routine clinical practice settings. Fourth, the 
model’s performance on the PanGenEU dataset was higher than 
on other datasets, which may suggest overfitting. This may be 
because this dataset exhibited more consistent imaging quality 
and annotation standards than the others. For instance, the CT 
protocols and scanner settings—most CT scanner platforms 
in PanGenEU were Philips or Siemens—supported this consis-
tency. Finally, our study proves that the MRS performs better 
than the Resectability status and CA19-9. However, Harrell’s 
C-index of the multivariate Cox regression model integrating
MRS, CA19-9 and the Resectability status was 0.632, indicating
a moderate level of predictive accuracy. This may be attributed
to the absence of relevant data in our models, such as the type of
treatment interventions or morphological/molecular characteris-
tics of the tumour, explaining a large proportion of the variance
of overall survival.

In conclusion, we developed PMPD, a DL-based fusion model 
that uses venous CECT images to accurately predict the presence 
of metastasis in patients with PDAC. The algorithm may help 
reduce missed metastases in CT scans and could potentially aid 
in guiding treatment decisions regarding surgical intervention 
and chemotherapy. Implementing PMPD in a real-world, real-
time clinical setting represents the next step in fully assessing its 
impact on managing patients with PDAC’s care.
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