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Summary
Background Lymph node status is an important factor for the patients with non-functional pancreatic neuroendocrine
tumors (NF-PanNETs) with respect to the surgical methods, prognosis, recurrence. Our aim is to develop and validate
a combination model based on contrast-enhanced CT images to predict the lymph node metastasis (LNM) in NF-
PanNETs.

Methods Retrospective data were gathered for 320 patients with NF-PanNETs who underwent curative pancreatic
resection and CT imaging at two institutions (Center 1, n = 236 and Center 2, n = 84) between January 2010 and
March 2022. RDPs (Radiomics deep learning signature) were developed based on ten machine-learning
techniques. These signatures were integrated with the clinicopathological factors into a nomogram for clinical
applications. The evaluation of the model’s performance was conducted through the metrics of the area under the
curve (AUC).

Findings The RDPs showed excellent performance in both centers with a high AUC for predicting LNM and disease-
free survival (DFS) in Center 1 (AUC, 0.88; 95% CI: 0.84–0.92; DFS, p < 0.05) and Center 2 (AUC, 0.91; 95% CI: 0.85–
0.97; DFS, p < 0.05). The clinical factors of vascular invasion, perineural invasion, and tumor grade were associated
with LNM (p < 0.05). The combination nomogram showed better prediction capability for LNM (AUC, 0.93; 95% CI:
0.89–0.96). Notably, our model maintained a satisfactory predictive ability for tumors at the 2-cm threshold,
demonstrating its effectiveness across different tumor sizes in Center 1 (≤2 cm: AUC, 0.90 and >2 cm: AUC,
0.86) and Center 2 (≤2 cm: AUC, 0.93 and >2 cm: AUC, 0.91).
*Corresponding author. Department of Radiology, Fudan University Shanghai Cancer Center, Shanghai, PR China.
**Corresponding author. Center for Neuroendocrine Tumors, Fudan University Shanghai Cancer Center, Shanghai, PR China.
***Corresponding authors. Department of Radiology, Fudan University Shanghai Cancer Center, Shanghai, PR China.
****Corresponding author. Department of Pancreatic Surgery, Fudan University Shanghai Cancer Center, Shanghai, PR China.

E-mail addresses: tangwei105@163.com (W. Tang), chen0jie@hotmail.com (J. Chen), cjr.guyajia@vip.163.com (Y. Gu), jishunrong@fudanpci.org
(S. Ji).
oThe co-first authors due to their equal author contribution in this study.

www.thelancet.com Vol 65 November, 2023 1

Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
mailto:tangwei105@163.com
mailto:chen0jie@hotmail.com
mailto:cjr.guyajia@vip.163.com
mailto:jishunrong@fudanpci.org
http://crossmark.crossref.org/dialog/?doi=10.1016/j.eclinm.2023.102269&domain=pdf
https://doi.org/10.1016/j.eclinm.2023.102269
https://doi.org/10.1016/j.eclinm.2023.102269
https://doi.org/10.1016/j.eclinm.2023.102269
www.thelancet.com/digital-health


Articles

2

Interpretation Our RDPs may have the potential to preoperatively predict LNM in NF-PanNETs, address the
insufficiency of clinical guidelines concerning the 2-cm threshold for tumor lymph node dissection, and provide
precise therapeutic strategies.
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Research in context

Evidence before this study
We conducted a literature search on Web of Science and
PubMed using the search term “(radiomics OR deep learning)
AND (prediction OR predict) AND (lymph node metastasis)
AND (non-functional pancreatic neuroendocrine tumors)” for
the time period up to June 30, 2023, without any language
restrictions. No studies were found that met these criteria.
However, when we broadened the search to include
“pancreatic neuroendocrine tumors,” we identified one
original study that employed radiomics analysis to predict the
aggressive characteristics of pancreatic neuroendocrine
neoplasms. One of the outcomes of this study was the
prediction of lymph node metastasis (LNM) with an area
under the curve (AUC) of 0.72 with 101 samples. It is
important to note that this single study, which used
radiomics to predict LNM in pancreatic neuroendocrine
neoplasms (panNEN), is not directly comparable to studies
focusing on non-functional pancreatic neuroendocrine
tumors (NF-PanNETs), as panNEN encompasses all types of
tumors, including both functional and non-functional. These
are distinct types of tumors with different biological
behaviors.

Added value of this study
To the best of our knowledge, no study has utilized imaging
techniques based on radiomics and deep learning methods to

predict LNM in NF-PanNETs. We have developed a novel
radiomics deep learning signature (RDPs) that can accurately
predict LNM in patients with NF-PanNETs. This signature has
the potential to address the limitations of clinical guidelines
regarding the 2-cm threshold for tumor lymph node
dissection and to provide precise therapeutic strategies.
Additionally, it exhibits a strong association with disease-free
survival.

Implications of all the available evidence
Our RDPs serves as a non-invasive tool that supports clinical
decision-making for precision surgical treatment in patients
with NF-PanNETs. The clinical significance of our study lies in
two points. First, for NF-PanNETs ≤ 2 cm, if the predicted risk
of LNM is low, follow-up or minimally invasive enucleation
can be more assured. On the contrary, active intervention is
required and standard oncologic resection is performed.
Second, for tumors >2 cm, minimally invasive enucleation
may be performed if the risk of LNM is predicted to be low.
Instead, standard oncologic resection is performed.
Additionally, it provides recommendations for NF-PanNETs
patients regarding the utilization of neoadjuvant therapy
before surgical resection. Future prospective multicenter
studies are imperative for the validation of our findings.
Introduction
Pancreatic neuroendocrine tumors are rare heteroge-
neous pancreatic neoplasms, which are mostly non-
functional and often found incidentally.1–3 In recent
years, there has been a rise in the occurrence of non-
functional pancreatic neuroendocrine tumors (NF-Pan-
NETs) due to the rapid development of medical imaging
techniques. Surgery is the primary treatment for NF-
PanNETs; however, the treatment method still needs
to improve, especially, the optimal lymphadenectomy
procedures remain unestablished and inconsistent.4

Lymph node metastasis (LNM) is a significant
prognostic factor for NF-PanNETs.5–7 Furthermore, the
National Comprehensive Cancer Network (NCCN) and
European Neuroendocrine Tumor Society (ENETS)
guidelines, which generally recommend LN dissection
for PanNET patients either with a tumor diameter larger
than 2 cm or with potential risk of LNM.8,9 However, it is
crucial to acknowledge that a substantial proportion of
tumors ≤2 cm also exhibit LNM accompanied by a
considerable risk of recurrence.10–12 This could precipi-
tate in distant metastases, ultimately leading to reduced
disease-related survival (DFS).13–15 Therefore, identifying
patients at a higher risk of LNM prior to surgery is
crucial, as it enables identifying those who could
potentially benefit from lymphadenectomy.
www.thelancet.com Vol 65 November, 2023
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However, the accuracy of diagnosing LNM before
surgery using traditional medical imaging is chal-
lenging as it relies on evaluating the minimal axis
diameter of the lymph node and contrast enhancement
on CT and MRI or tracer uptake in PET scans. This
approach has inherent limitations, as it poses the po-
tential risk of underestimating the extent of the disease
by missing smaller micro-metastatic lesions and over-
estimating them in the presence of benign inflamma-
tory processes that can result in the enlargement,
enhancement and uptake of lymph nodes on images.
Therefore, there is an urgent need to develop a new
method to predict preoperative LNM.

Radiomics is a useful technique for quantitative
medical imaging using handcrafted high-throughput
features of tumor regions.16,17 It has been applied to
predict prognosis and LNM in serval cancers.18–21

Leveraging artificial intelligence technologies such as
deep learning (DL) to autonomously derive quantitative
representations from medical images is an evolving
direction in radiomic research. The DL approach,
based on convolutional neural networks, is an
emerging method for LNM prediction and pathological
classification.22,23 Recently, deep transfer learning
technique has gained popularity as a research topic as
it involves fine-tuning a pretrained DL network to
perform a new task, making it possible to apply DL to
small datasets. Both radiomics and deep learning are
rapidly evolving technologies that have been used
recently. But radiomics remains the predominant
approach for high-throughput imaging data analysis,
largely due to its interpretability advantages over DL.
To date, there is no authoritative statement or
consensus suggesting that deep learning is inherently
superior to radiomics. Therefore, the combination of
DL with radiomic features may lead to exceptional
performance in predicting LNM.

Despite the increasing number of publications on
NF-PanNETs, no studies have reported the use of
radiomics and DL for LNM prediction. In this study, we
developed radiomic deep learning signatures (RDPs)
based on enhanced CT imaging for preoperative LNM
discrimination in NF-PanNETs.
Methods
Patients’ data acquisition
This two-center retrospective study received approval
from the Research Ethics Committee of the Institutional
Review Boards from all participating hospitals, and the
need for informed consent was exempted. We retro-
spectively gathered data from 320 patients with
histopathology-validated NF-PanNETs across two cen-
ters between January 2010 and March 2022. The
training and internal validation cohorts of Center 1
(Fudan university of Shanghai Cancer Center) were
composed of 142 and 94 patients, respectively. And the
www.thelancet.com Vol 65 November, 2023
external validation cohort of Center 2 (Peking University
Cancer Hospital and Institute) was composed of 84
patients. The inclusion and exclusion criteria for this
study are shown in the Supplementary File and Fig. 1.
The initial clinical and pathological information for each
patient, such as age, sex, tumor size, vascular invasion,
differentiation grade, liver metastasis, and perineural
invasion, was obtained from medical records. The study
design and pipeline are shown in Fig. 2.

CT imaging acquisition and image segmentation
All the patients performed CT scan before surgical
resection. The details of CT scan protocol and imaging
processing could be seen in Supplementary File. For
this study, manual segmentation of the arterial phase in
CT images of NF-PanNET tumors was performed by
radiologists. Two senior radiologists (WT and HBZ have
over than 10 years of experience in the field of pancre-
atic imaging) drew the regions of interest with the tu-
mor using ITK-snap version: 3.6.0.24 The completed
delineation images were saved as mask files in nifti
format. A month later, a random selection of 30 patients
was made, and the regions of interest were re-delineated
by the two radiologists. Intraclass correlation co-
efficients (ICCs) were calculated as a measure of con-
sistency in tumor delineation.

Radiomics features extraction
We utilized the package of Pyradiomics (https://github.
com/Radiomics/pyradiomics)25 which is based on the
Python 3.7 platform, to extract the radiomics features.
The standardization of the feature extraction algorithm
was conducted based on the guidelines proposed by the
Image Biomarker Standardization Initiative.26 The
radiomics features included first-order features, shape,
grey-level run length matrix, grey-level size zone matrix,
grey-level co-occurrence matrix, grey-level dependence
matrix, and neighboring grey-tone difference matrix.
Details of the radiomics features are mentioned in the
Supplementary File.

Deep learning features extraction
We cropped the region of interest with the largest trans-
verse area which contains the whole tumor. The grayscale
images were transformed using windows of WL = 50 and
WW = 350 to normalize the background information and
minimize noise interference prior to imaging. Using
linear interpolation, the input image was resized to the
dimensions of 224 × 224 pixels while normalizing the
mean and standard deviation of the pixel intensity to 0 and
1, respectively. Next, we used the Resnet101 pre-trained
model based on the PyTorch package and fine-tuned our
DL models to improve the performance of the convolu-
tional neural networks in detecting LNM. The used
backbone was the original pre-trained ImageNet (http://
www.image-net.org). We referred to the cosine-annealing
learning rate decay algorithm when setting the
3
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Fig. 1: Flowchart depicts the patient enrollment process in the study of Center 1 (A) and the Center 2 (B).
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parameters for the task-specific part. The details can be
found in the Supplementary Files.

Features selection and model construction
We established a three-stage approach within the training
cohort for dimensionality reduction and the selection of
robust features pertaining to both deep learning and
radiomics features, respectively. We first selected 30
random CT images for the process of ROI segmentation
and feature extraction, then evaluated the stability and
reproducibility of these features by calculating ICCs.
Features exhibiting ICCs exceeding 0.8 were considered
acceptably reproducible and selected for further analysis.
Next, all subsequent steps were based on training cohort
(n = 142). Subsequently, we conducted the Student’s t-test
or Mann–Whitney U-test. Features with an adjusted p-
value below 0.05 were selected and normalized using the
z-score. Ultimately, we employed the least absolute
shrinkage and selection operator (LASSO) logistic regres-
sion method to identify the most predictive features with
non-zero coefficients, using penalty parameter tuning via
10-fold cross-validation. Following the LASSO analysis,
the selected features were incorporated into 10 machine
learning methods, including glmBoost, GBM, Enet, SVM,
plsRglm, XGBoost, LDA, Ridge, NaiveBayes, and LASSO,
to construct the radiomics and DL models based on the
training cohort. Finally, an RDPs was developed based on
the radiomics and DL signatures using logistic regression.
The RDPs was developed utilizing a training cohort and
its validity was confirmed through internal and external
validation cohorts. Additional details of this process can be
found in the Supplementary File.

Evaluation and development of the clinical-based
RDPs nomogram
The significance of clinical factors in predicting LNM
was evaluated using both univariate and multivariable
logistic regression analyses in center 1. A p-value < 0.05
was chosen for the construction of the clinical nomo-
gram. Finally, the RDPs-nomogram was developed by
incorporating these clinical factors. In addition, the area
under the curve (AUC) acquired through receiver
operating characteristic curve (ROC) analysis, accuracy,
sensitivity, specificity, negative predictive value (NPV),
positive predictive value (PPV), calibration curves, and
decision curve analysis were employed for the evalua-
tion of each model. The DeLong test was utilized to
compare the AUCs of different models.

The potential of prediction for the recurrence in
NF-PanNETs
To assess the capability of the RDPs to predict the
recurrence of NF-PanNETs, we conducted Kaplan–Meier
analysis based on DFS. The log-rank test was employed to
ascertain the significance of the observed discrepancies,
median was set as cutoff.
www.thelancet.com Vol 65 November, 2023
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Fig. 2: Schematic representation of the study’s design and procedural steps. (A) Segmentation was conducted on atrial phase CT images. (B)
Radiomics and deep learning features were extracted separately. (C) Feature selection was based on the U-test, ICC, and LASSO. (D) A radiomics
deep learning signature (RDPs) was developed from the combined radiomics and deep learning scores. This RDPs was further integrated with
clinical factors to create the RDPs-nomogram model. (E and F) The predictive capability of the RDPs for lymph node metastasis (LNM) was
assessed and externally validated in a separate center’s cohort.
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Statistics analysis
All figures were generated with the R software (http://
www.R-project.org; Version 4.2.1). The criteria of sta-
tistical significance was set as a p-value < 0.05 or adjust
p-value < 0.05. The parametric test of Student’s t-test
and non-parametric of Mann–Whitney U test were
performed to compare the differences between two
groups. The adjust p value was calculated by the
Benjamini-Hochberg correction and Chi-square test
was used to analyze the categorical variables. The 95%
confidence interval (CI) of the AUC was determined
using the bootstrapping method (1000 intervals). All
machine learning model analysis was conducted uti-
lizing the “glmnet” and “caret” package, while the
generation of radar plots was accomplished using the
“ggplot2” package. The plotting of ROC curves was
facilitated through the implementation of the “pROC”
package. Univariant, multivariable logistic regression,
Kaplan–Meier curve analysis, nomogram development,
and calibration curve creation were performed
employing the “rms”, “survminer” and “survival”
packages. The calibration curves were derived through
bootstrapping utilizing 1000 resamples and were
concurrently subjected to the Hosmer–Lemeshow
goodness-of-fit test for evaluation by “Resource Selec-
tion” package.

Role of the funding source
The research fundings for the study did not influence
the study design, data gathering, data processing, data
interpretation, or the composition of the manuscript. All
researchers reviewed, deliberated, and gave their
approval for the final version of this manuscript. Every
author had complete access to the data and endorsed the
final manuscript for submission.
Results
Patients’ characteristics
Between January 2010 and March 2022, a total of 1002
patients were diagnosed with NF-PanNETs in Center 1
and Center 2. A total of 236 and 84 patients with NF-
PanNETs from Center 1 and 2, respectively, were
enrolled in this study. In Center 1, the patients were
randomly allocated into a training (n = 142/236, 60%)
and internal validation cohorts (n = 94/236, 40%). The
patients from Center 2 were set as the external valida-
tion cohort. The training cohort composed of 142 pa-
tients (mean age, 52.8 ± 12.4, 72 women), the internal
validation cohort comprised 94 patients (mean age,
50.8 ± 12.5, 38 women), and the external validation
cohort included 84 patients (mean age, 52.4 ± 12.2, 42
women). There were no substantial variations observed
were found in the age, grade, sex, vascular invasion,
perineural invasion, or tumor size between all the co-
horts (p > 0.05). In all cohorts, 67 (47.2%), 46 (48.9%),
and 27 (32.1%) patients, respectively, had LNM
(p < 0.05). The clinical characteristics of the patients are
outlined in Table 1.

The feature extraction and selection
A total of 1834 radiomics and 2045 DL features were
extracted from NF-PanNETs CT imaging. After deleting
the features that showed poor reproducibility (ICCs <
0.8), a total of 1487 radiomics and 1552 DL features
were selected for the Student’s t-test or Mann–Whitney
U test. In total, 772 radiomics and 1292 DL features
were selected for LASSO to shrink and determine the
optimized feature numbers for the machine learning
model construction. Finally, nine radiomics and 11 DL
features were determined to construct the radiomics
and DL signature (Supplementary Fig. S1 A–D). The
Pearson correlation results demonstrated that the cor-
relation for each feature was lower than 0.5 in both
radiomics and DL features, respectively (p > 0.05,
Fig. 3A and B). The radiomic features of R1 (Expo-
nential_GLCM_LDN) and D8 (DP19) showed the high-
est coefficient weights in the radiomics and DL models,
respectively (Fig. 3C and D and Supplementary
Table S2).

Radiomics and DL signatures validation
Among the 10 machine learning methods, we selected
glmBoost as our algorithm for constructing the model
owing to its superior performance in training cohort, as
evidenced in both the radiomic (AUC, 0.85; 95% CI:
0.79–0.91) and DL models (AUC, 0.84; 95% CI:
0.78–0.90) (Fig. 4A–F; Supplementary Table S3 and S4).
It shows similar AUCs of 0.84 (95% CI: 0.76–0.92) for
the radiomics model and 0.85 (95% CI: 0.77–0.92) for
the DL model in the internal validation cohort. In both
the radiomics and DL models, the training and internal
validation cohorts showed not significant differences in
predicting LNM (DeLong test, p > 0.05; Fig. 4C, F).
Moreover, both in center 1 and center 2, the radiomic
and DL models did not show significant differences
(DeLong test, p > 0.05; Fig. 4G and H).

RDP signature performance and validation
Finally, an RDPs was developed based on radiomics and
DL models. The AUC was 0.89 (95% CI: 0.83–0.94) in
the training cohort, 0.87 (95% CI: 0.80–0.94) in the in-
ternal cohort, and 0.91 (95% CI: 0.85–0.97) in the
external validation cohort (Fig. 5A, Table 2). The cali-
bration curve plot indicated all cohorts were well-
calibrated with the actual observation (Supplementary
Fig. S2 A–C; p > 0.05). The decision curves for the
RDPs in predicting LNM across the three cohorts sug-
gest that it provides a good net benefit (Fig. 5B). The
AUC value of RDPs was 0.88 (95% CI: 0.84–0.92) in
Center 1 (Supplementary Fig. S3A), and the decision
curve analysis plot is shown in Supplementary Fig. S3B.
Moreover, based on the univariate and multivariable
logistic regression results, the vascular invasion,
www.thelancet.com Vol 65 November, 2023
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Characteristics Training cohort (n = 142) Internal validation cohort (n = 94) External Validation cohort (n = 84) p value

No. (%) No. (%) No. (%)

Sex

Female 72 (50.7%) 38 (40.4%) 42 (50.0%)

Male 70 (49.3%) 56 (59.6%) 42 (50.0%) 0.26

Age (Years)

Mean (SD) 52.8 (12.4) 50.8 (12.5) 52.4 (12.2)

Median [MIN, MAX] 53.5 [20,77] 52.5 [23,76] 55 [21,79]

Lymph node metastasis

Yes 67 (47.2%) 46 (48.9%) 27 (32.1%)

No 75 (52.8%) 48 (51.1%) 57 (67.9%) 0.04a

WHO classification

G1 46 (32.4%) 27 (28.7%) 29 (34.5%)

G2 84 (59.2%) 58 (61.7%) 43 (51.2%)

G3 12 (8.5%) 9 (9.6%) 12 (14.3%) 0.52

Liver metastasis

Yes 39 (27.5%) 19 (20.2%) 16 (19.0%)

No 103 (72.5%) 75 (79.8%) 68 (81.0%) 0.25

Vascular invasion

Yes 55 (38.7%) 35 (37.2%) 25 (29.8%)

No 87 (61.3%) 59 (62.8%) 59 (70.2%) 0.38

Perineural invasion

Yes 54 (38.0%) 32 (34.0%) 23 (27.4%)

No 88 (62.0%) 62 (66.0%) 61 (72.6%) 0.26

Recurrence

Yes 46 (32.4%) 24 (25.5%) 27 (32.1%)

No 96 (67.6%) 70 (74.5%) 57 (67.9%) 0.49

Tumor size

>2 cm 95 (66.9%) 61 (64.9%) 47 (56.0%)

≤2 cm 47 (33.1%) 33 (35.1%) 37 (44.0%) 0.24

aSignificant.

Table 1: Clinical characteristics.

Articles
perineural invasion, tumor grade, and RDPs were in-
dependent factors for the prediction of LNM (Table 3;
p < 0.05). Therefore, the RDPs-nomogram model was
constructed based on these factors and showed an AUC
value of 0.93 (95% CI: 0.89–0.96) for predicting LNM
(Fig. 5C and D). The calibration curves for the RDPs
nomogram revealed a well-calibrated alignment between
the model-predicted LNM and actual observations
(Fig. 5E). In an endeavor to address the controversy
surrounding the clinical guidelines on whether to
perform lymph node dissection for tumors at the 2 cm
threshold, we assessed the predictive capability of LNM
in relation to tumors size at 2 cm threshold. Of note, the
predictive performance for tumor sizes ≤2 cm exhibited
AUC values of 0.90 (95% CI: 0.82–0.99), 0.87 (95% CI:
0.75–0.99), and 0.93 (95% CI: 0.83–1.00) in three co-
horts, respectively (Fig. 5F–H). Similarly, for tumor
sizes >2 cm, the AUC values were 0.87 (95% CI:
0.80–0.94), 0.86 (95% CI: 0.77–0.95), and 0.91 (95% CI:
0.85–0.98) in all cohorts, respectively (Fig. 5F–H). For
both tumor size ≤2 cm and >2 cm, the AUC values of
www.thelancet.com Vol 65 November, 2023
Center 1 were 0.90 and 0.86, respectively
(Supplementary Fig. S4). To elucidate the correlation
between the relative RDPs and other features, a corre-
lation triangle plot was constructed (Fig. 5I). The plot
revealed significant correlations between the RDPs and
each feature, with p < 0.05 and a correlation coefficient
(r) greater than 0.4 (Fig. 5I).

RDP signature associated with DFS
We examined the prognostic significance of the RDPs in
two Centers based on the follow-up information of the
patients. In Center 1, the median follow-up duration
was 326 days with 70 endpoint events (42.1%) related to
DFS. In Center 2, the median follow-up duration of 488
days with 27 endpoint events (32.1%) were associated
with DFS. Our RDPs demonstrated a strong association
with DFS in both Center 1 and Center 2 (log-rank test,
p < 0.0001; HR, 8.4; 95% CI: 3.6–19 and p < 0.0001; HR,
14; 95% CI: 5–42, respectively; Fig. 6A and B). The
heatmap displays the distribution of the chosen radio-
mics and DP features for constructing the RDPs within
7
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Fig. 3: The Person correlation (r) and the coefficient weight of radiomics features (A, C). The Person correlation (r) and the coefficient weight of
DL features (B, D).
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the high- and low-risk groups in Center 1 and Center 2,
respectively (Fig. 6C and D). The Sankey diagram pre-
sents the patient distribution among the high- or low-
risk groups, recurrence, tumor size, and LNM status
(Fig. 6E and F).
Discussion
The pancreas has important internal and external
secretory functions. And the pancreas is a non-
regenerative organ. Excessive resection of the pancreas
may lead to hyperglycemia and affect the quality of life
of patients, especially the average age of onset of
pancreatic neuroendocrine tumors is relatively young
(<50 years). Besides, indiscriminate lymph node
dissection can also increase surgical risk. Surgical
resection is the foremost treatment option according to
the NF-PanNETs treatment guidelines. Recently, with
the development of minimally invasive techniques,
surgery to preserve pancreatic parenchyma, such as
enucleation, is becoming more and more mature. The
size of the tumor is no longer a decisive factor in
whether enucleation can be performed.27 Whether the
tumor is associated with high risk factors, especially
LNM, is the key to carry out pancreatic parenchyma-
sparing surgery and influencing patient prognostic
outcomes.28,29 Nonetheless, consensus regarding the
extent of the surgical approach, especially lymph node
dissection, is lacking, partly because the preoperative
prediction of LNM is challenging. Primarily, it is
www.thelancet.com Vol 65 November, 2023
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Fig. 4: The radar plot showing the area under the curve (AUC) value of each machine learning algorithms in training and internal validation
cohorts for the radiomics (A and B) and DL signatures (D and E). The ROC curves represent the training and internal validation cohort for both
radiomic and DL signatures, respectively (C, F). The ROC curves of radiomic and DL signatures in Center 1 and Center 2 (G and H).
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Fig. 5: The ROC curves demonstrate the prediction performance of the RDPs in the training, internal validation, and external validation cohorts (A). In
a wide range of decision threshold probability, the net benefit RDPs using the decision curve analysis (DCA) decision curves of training, internal
validation and external validation cohort (B). The RDPs-nomogram and corresponding ROC curve (C and D). The calibration curve for RDPs-nomogram
is presented (E). The RDPs prediction performance at the threshold of 2 cm of tumor size in the training, internal validation and external validation
cohorts, respectively (F–H). The triangular correlation plot illustrates the relationships among the RDPs, radiomics, and DL features (I).
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AUC 95% CI Accuracy Sensitivity Specificity PPV NPV p value

Training cohort 0.89 0.83–0.94 0.77 0.82 0.73 0.73 0.82

Internal validation cohort 0.87 0.80–0.94 0.76 0.76 0.75 0.74 0.77

External validation cohort 0.91 0.85–0.97 0.87 0.91 0.79 0.97 0.82

Training cohort vs Internal validation cohort 0.75

Training cohort vs External validation cohort 0.43

Internal validation cohort vs External validation cohort 0.56

AUC, area under the curve; CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value.

Table 2: The diagnostic performance of RDP signature in predicting LNM in NF-PanNETs in the training, internal and external validation cohort.

Univariate analysis p value Multivariable analysis p value

OR (95% CI) OR (95% CI)

Recurrence 5.51 (2.93–10.36) <0.001

Liver metastasis 6.35 (3.14–12.84) <0.001

Vascular invasion 18.10 (9.01–36.37) <0.001 6.74 (2.67–17.02) 0.000

Perineural invasion 8.82 (4.71–16.48) <0.001 2.66 (1.05–6.73) 0.04

Sex 0.89 (0.54–1.47) 0.64

Age 0.99 (0.97–1.01) 0.47

Grade 7.58 (2.17–26.49) 0.002 6.74 (1.36–33.52) 0.02

Tumor size 4.28 (2.16–8.50) <0.001

RDPs 237.72 (65.86–858.09) <0.001 93.18 (19.23–451.50) 0.000

OR, odds ratio; RDPs, radiomics deep learning signature.

Table 3: Univariate and multivariable logistic regression.

Articles
difficult to define LNM using current conventional im-
aging, and it largely depends on the experience of the
radiologist. Therefore, it is necessary to find a new,
more accurate method for detecting LNM, such as
radiomics and deep learning approaches. To date, there
are no studies on the application of radiomics and/or
deep learning features for predicting LNM in NF-
PanNETs. Consequently, this study presents an inno-
vative radiomics deep learning-based model to predict
LNM and recurrence in the patients with NF-PanNETs
prior to surgical resection using preoperative CT im-
ages. Our RDPs demonstrated AUC of 0.88 and 0.91 in
Center 1 and Center 2, respectively, and was strongly
associated with DFS. Our follow-up analysis findings are
aligned with numerous studies which showed associa-
tions between LNM and inferior DFS outcomes.6,30,31

Moreover, the combination of clinical factors and
RDPs improved the prediction of LNM (AUC: 0.93).
However, there were no observable significant differ-
ences between the RDPs and the RDPs-nomogram
models. Some studies reported that the tumor grade is
an independent predictor of LNM, which is consistent
with our results.32,33 Nevertheless, some clinical factors
rely on pathological findings which are often not reliably
accessible prior to surgery, thus limiting their practical
application. Consequently, the only RDPs were more
reliable for the translation to clinical.
www.thelancet.com Vol 65 November, 2023
For most tumors, pathology serves as the gold stan-
dard for diagnosing LNM. However, it is difficult to
obtain preoperative pathological results because of the
anatomical position of the pancreas. Biopsy results may
also be unreliable due to the heterogeneity of NF-Pan-
NETs.34 Therefore, LNM is always predicted using pre-
operative imaging. Numerous investigations have
explored the precision of CT and MRI in differentiating
LNM using imaging characteristics such as imaging
enhancement and tumor size.35–38 Among these studies,
tumor size showed the cutoff value of 1.5–4 cm to be
associated with LNM.28,39–41 These findings demonstrate
the challenges and inconsistencies in identifying LNM
through appraisal of tumor dimensions. Our study
proposed that tumor size did not function as a self-
sufficient risk indicator for LNM in the context of
multivariable analysis, aligning with the conclusion of
prior studies.26,35,42 On the other hand, some studies
show the low sensitivity 65% and 12% for prediction the
LNM by the CT and even the target molecular imaging
such as 68Ga-DOTATOC.43,44 However, our results
indicate that the RDPs exhibit higher sensitivities of
82%, 76%, and 91% in each cohort, respectively. One of
the primary factors that may contribute to these results
is that nodal lesions are not directly visible in images,
and micro-metastases may have already occurred.
Therefore, in our study, the RDPs were developed based
11
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Fig. 6: The KM plot show the RDPs associated with DFS in Center 1 and Center 2 (A and B). The heatmap shows the features distribution
between high and low risk group (C and D). The Sankey diagram of the correspondence relationships of RDPs subgroup among the all patients
with recurrence, tumor size, and lymph node status in Center 1 and Center 2 (E and F).
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on the primary tumor rather than direct examination of
the lymph nodes.

In clinical guidelines, there is no unified standard for
determining the tumor size that dictates the need for
lymph node dissection. The NCCN and ENETS guide-
lines offer differing treatment recommendations for
NF-PanNETs, though both emphasize pancreatectomy
with regional lymphadenectomy for tumors >2 cm.
Additionally, the NCCN guidelines recommend lym-
phadenectomy for tumors between 1 and 2 cm when
there is potential risk of LNM.8,9,45 However, the guide-
lines do not elaborate on what is a high-risk factor. Due
to the absence of explicit guidelines in clinical practice,
the decision to perform lymph node dissection for
nodes under the 2 cm threshold currently relies on the
clinical judgment and experience of the physician.
Therefore, the potential for an inappropriate lympha-
denectomy to occur still exists. To address this issue, we
have also conducted predictions on LNM at this 2 cm
threshold. Our findings indicate that the RDPs exhibits
robust performance in predicting LNM for both ≤2 cm
and >2 cm NF-PanNETs. The results were validated in
the internal/external cohorts and demonstrated that the
patients with tumors ≤2 cm and having high RDPs with
an elevated likelihood of LNM should undergo surgery
and lymph node resection. In contrast, patients with low
RDPs have a reduced probability of LNM, follow-up or
minimally invasive enucleation can be more assured.
For tumors >2 cm, minimally invasive enucleation may
be performed if the risk of LNM (low RDPs) is predicted
to be low. Instead, standard oncologic resection is per-
formed (high RDPs). Of note, in Center 1, among the 80
patients with NF-PanNETs having tumors ≤2 cm, 25
(31.5%) exhibited LNM. Similarly, in Center 2, 9/37
(33.3%) patients with NF-PanNETs having tumors
≤2 cm displayed LNM. Comparable findings have been
documented in previous studies.11,12,46 Given this evi-
dence, it is essential to determine whether tumors
≤2 cm in size have LNM. Because the surgeons acquire
the accurate LNM status before operation is very
important to choosing the individualized surgical
method for patients. Our RDPs signature provides
guidance on the presence of preoperative LNM and
addresses the limitations in clinical guidelines
regarding performing lymph node dissection for tumors
at the 2-cm threshold.

In our study, one of the primary inclusion criteria
was that patients had undergone lymph node resection,
specifically those who had more than 12 lymph nodes
resected. As for surgical procedure, we adhere to a
consistent surgical approach, with lymph node resection
being carried out based on tumor location. Additionally,
all LNM was confirmed through pathological examina-
tion. Therefore, all the patients underwent the system-
atic treatment process. Moreover, patients with liver
metastases were included. Unlike PDAC metastatic
disease, surgical resection did not bring any survival
www.thelancet.com Vol 65 November, 2023
benefit for patients. However, radical surgery for NF-
PanNETs, even cytoreductive surgery of >90% of meta-
static disease may provide long survival benefits. Some
studies suggest that neoadjuvant chemotherapy or
radioimmunotherapy is beneficial for patients with NF-
PanNETs who have a high potential for recurrence.47–49

Notably, our RDPs is also significantly associated with
DFS. Hence, the RDPs can be instrumental in identi-
fying patients with a high potential for recurrence, who
may benefit from neoadjuvant therapy before undergo-
ing surgical resection.

Our study is subject to certain limitations. First, due
to the rarity of NF-PanNETs, the patient sample was
restricted to two centers, which may limit the external
validity and generalizability of our findings to diverse
populations, particularly as the external validation
cohort displayed a higher AUC. Moreover, overfitting is
a critical issue that can arise during model construction.
In our approach, we carefully selected the features that
demonstrated weak inter-correlations. All cohorts
exhibited consistent predictive capabilities. As such, the
improved discrimination performance of RDPs in the
external validation cohort likely stems from the limited
sample size and selection bias, rather than model
overfitting. Hence, future larger-scale, multicenter,
prospective studies are essential to validate our findings.
Second, it is also important to note that incorporating
and comparing additional imaging modalities, such as
68Ga-DOTA or 18F-FDG PET imaging, with CT imaging
could have enhanced the robustness of our analysis.
Third, we were unable to precisely identify the affected
lymph nodes owing to the RDPs was derived from the
primary tumor. Fourth, we demonstrated the novel
RDPs as a final product based radiomics and deep
learning score to predict the LNM in NF-PanNETs.
However, as outlined in the methods section, our cur-
rent RDPs require several steps for construction.
Therefore, for future clinical practice, in-house software
is needed to facilitate easier access to RDPs for every
clinician (Supplementary Fig. S5).

In summary, our RDPs may have the potential to
preoperatively predict LNM in NF-PanNETs, address the
insufficiency of clinical guidelines concerning the 2-cm
threshold for tumor lymph node dissection, and provide
precise therapeutic strategies. In particular, for NF-
PanNETs ≤ 2 cm, a low RDPs of LNM allows for
confident follow-up or minimally invasive enucleation,
whereas a higher RDPs necessitates standard oncologic
resection. For tumors >2 cm, a low RDPs suggests
minimally invasive enucleation, but a higher RDPs
again calls for standard oncologic resection.
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