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Abstract
Purpose Diagnosis of lymph node metastasis (LNM) is critical for patients with pancreatic ductal adenocarcinoma (PDAC).
We aimed to build deep learning radiomics (DLR) models of dual-energy computed tomography (DECT) to classify LNM
status of PDAC and to stratify the overall survival before treatment.
Methods From August 2016 to October 2020, 148 PDAC patients underwent regional lymph node dissection and scanned
preoperatively DECT were enrolled. The virtual monoenergetic image at 40 keV was reconstructed from 100 and 150 keV
of DECT. By setting January 1, 2021, as the cut-off date, 113 patients were assigned into the primary set, and 35 were in the
test set. DLR models using VMI 40 keV, 100 keV, 150 keV, and 100 + 150 keV images were developed and compared. The
best model was integrated with key clinical features selected by multivariate Cox regression analysis to achieve the most
accurate prediction.
Results DLR based on 100 + 150 keV DECT yields the best performance in predicting LNM status with the AUC of 0.87
(95% confidence interval [CI]: 0.85–0.89) in the test cohort. After integrating key clinical features (CT-reported T stage, LN
status, glutamyl transpeptadase, and glucose), the AUC was improved to 0.92 (95% CI: 0.91–0.94). Patients at high risk of
LNM portended significantly worse overall survival than those at low risk after surgery (P = 0.012).
Conclusions The DLR model showed outstanding performance for predicting LNM in PADC and hold promise of improving clinical decision-making.
Keywords Lymph node metastases · Pancreatic ductal adenocarcinoma · Deep learning · Dual-energy computed
tomography · Prognosis
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Pancreatic ductal adenocarcinoma (PDAC) is projected to
become the second leading cause of global cancer mortality
by 2030 and has extremely poor prognosis [1, 2]. Surgical
resection (SR) is the only curative treatment option available
for PDAC, with a 5-year survival rate of approximately 25%
[3]. However, lymph node metastasis (LNM) is known to
be an important risk factor of PDAC, indicating a negative
prognosis of SR [4]. The National Comprehensive Cancer
Network (NCCN) guidelines recommend preoperative neoadjuvant treatment (NAT) in the patients with LNM, which
can significantly improve survival after SR [5–7]. Therefore,
the initial preoperative diagnosis of LNM plays a crucial
role in obtaining the optimal treatment protocol for PDAC
patients [8]. Currently, various imaging examinations,
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including endoscopic ultrasonography (EUS), computed
tomography (CT), magnetic resonance imaging (MRI), and
positron emission tomography (PET), are commonly used to
identify LNM. Unfortunately, all of them are still inadequate
for assessing LNM status of patients with PDAC [9–12].
Generally, enlarged lymph nodes observed from images
are usually considered as an important indicator of LNM,
but its diagnostic accuracy is often affected by nonspecific
inflammatory hyperplasia. Some studies suggested potential molecular biomarkers, including NLR, MMP7, Ki67,
MUC1, and MUC2, in the diagnosis of LNM to overcome
the problem of conventional imaging examinations [13–16],
but their sensitivity remains insufficient. Besides these
efforts, genetic information was extracted to predict LNM.
Nishiwada et al. reported a 6-miRNA model for predicting LNM of PDAC, which was based on a genome-wide
expression profile that primarily derived from pathologic
specimens. Although the area under receiver operating
characteristic curve (AUC) in the primary and test cohorts
reached 0.85 and 0.73, respectively, it still was not a noninvasive approach [17].
Recently, emerging CT radiomics models have been
developed and applied to predict LNM. The fundamental
hypothesis is that the high-throughput extraction and analysis of quantitative image features (radiomics signatures) can
reflect the difference between LNM positive and negative.
For example, Dong et al. reported an international multiple center study, in which a deep learning radiomics (DLR)
model utilizing multiphase CT data was built to identify the
LN stage of gastric cancer, presenting a good discriminatory performance [18]. Liu et al. proposed another CT-based
radiomics model for predicting LNM in patients with colorectal cancer, which also showed good discrimination and
calibration [19]. However, these studies only combined radiomics approaches with conventional CT images, and they
did not investigate whether such strategy would be effective
for predicting LNM of PDAC patients.
As a novel imaging technology, dual-energy computed
tomography (DECT) acquires X-ray attenuation data at two
different energy levels instead of one. Due to its unique
advantages, DECT is increasingly applied in the differential
diagnosis of various carcinomas and LNM in routine clinical practice [20–23]. Because DECT images are acquired
at two tube voltages, 100 and 150 keV, simultaneously, it is
likely to extract richer image features and screen out more
powerful radiomics signatures for LNM prediction using
suitable DLR methods, in comparison with conventional
CT data. Therefore, we developed and validated multiple
DLR models to predict LNM of PDAC based on DECT data,
including 100 keV model, 150 keV model, virtual monoenergetic images (VMI) model, and 100 + 150 keV integrated
model. The best performance model was finally combined
with clinical variables to establish the most accurate model.

13

To the best of our knowledge, this is the first investigation
of LNM prediction in PDAC patients using DECT-based
DLR approaches. The results showed that the 100 + 150 keV
and clinical data combined model achieved the most accurate prediction. We believe our findings are meaningful of
providing a noninvasive and accurate method to assistant
surgical indication selection and to develop better therapeutic strategies for PDAC patients.

Materials and methods
Study population
From August 2016 to October 2020, PDAC patients who
underwent SR with standard regional lymph node dissection
were screened in our cancer center. The critical inclusion
criteria are outlined as follows: (i) PDAC and LNM were
pathologically confirmed, and (ii) all patients with PDAC
underwent DECT scanning within 1 month before SR. Further, the exclusion criteria were as follows: (i) only received
conventional CT or MRI examination; (ii) treatment history
of any systemic therapy before SR; (iii) missing preoperative clinical and image data; and (iv) lost follow-up of more
than 6 months.

DECT image protocol
Details of the DECT scan technique are described in the
Supplementary Methods 1.1. All DECT images were transferred to a picture archiving and communication system
(PACS) terminal and workstation. The multi-parameter
analysis of the energy spectrum was performed using the
software Syngo.via VB10B. Multi-planar reconstructions
were performed for the axial, coronal, and sagittal planes
with a slice thickness of 1 mm. Furthermore, the DECT
datasets were reconstructed into VMI, iodine-based material-decomposition images, and effective atomic number
images. Examples showcasing the examination of LNM
of PDAC using the DECT post-processing parameters are
shown in Fig. S1.
The slope of the spectral Hounsfield unit curve (Hu, in
Hounsfield unit per kiloelectron-volt) of VMI, defined as
the difference between the CT value at 40 keV and that at
70 keV divided by the energy difference (30 keV), was calculated as follows: K value (Hu) = (HU40keV − HU70keV) /
30. HU40keV and HU70keV represent the CT values measured on 40 and 70 keV images, respectively. Dual-energy
parameters were measured by placing a region of interest
(ROI) such that it encompassed the entire lesion. To obtain
the electron cloud density (Rho), effective atomic number
(Z), and dual-energy index (DEI), we drew the ROI considering the boundary of the pancreatic lesion. In addition,
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normalized iodine concentration, normalized effective
atomic number, and l Hu values were measured on both
arterial and venous phase contrast-enhanced images. The
iodine concentration (IC) of the LN and aorta was measured
on iodine-based material-decomposition images.

Data collection and follow‑up
Data with missing ratios greater than 20% were excluded
from our study. A total of 20 clinical variables were collected to develop the predictive models according to clinical
experience and literature reports, including age; sex; comorbidities; tumor size; tumor number; tumor location; carbohydrate antigen (CA)19–9; glucose; γ-glutamyl transpeptadase
(GGT); total bilirubin; CT report T stage; CT report LN
status; CT report metastasis; and DECT parameters including VMI 40 keV, VMI 70 keV, K value, IC, Z, Rho, and DEI.
In addition, the pathological staging was made based on the
2004 WHO classification and 2009 TNM staging system
of American Joint Committee on Cancer. Routine contrastenhanced images, including CT or MRI and serum tumor
marker (CA-199), were obtained within 1 week before and
after treatment. They were reassessed at 1–3 months after
SR and followed every 6 months thereafter. If metastasis
was suspected, chest CT, whole-body bone scans, or PETCT were performed selectively. Furthermore, the overall
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survival (OS) was calculated from the date of initial SR to
the date of death due to any cause or deadline for follow-up.

DLR model building
A flowchart of building DLR models is shown in Fig. 1.
The ROIs containing adenocarcinoma were cropped from
the unprocessed DECT images of VMI 40 keV, 100 keV,
and 150 keV, acquired on venous phase of PDAC using inhouse texture extraction software with algorithms implemented in Visual Studio Code and Jupyter Notebook.
Then, the size of each ROI was modified and normalized
into 224 × 224 pixels (Fig. 1A). To extract hidden image
features and generate radiomics signatures (integrated key
image features), the pretrained Resnet 18 network [24]
was employed (Fig. 1B). Resnet 18 is a convolutional neural network that is 18 layers deep. With the introduction
of residual learning framework, it has a structure called
“shortcut connections,” which perform identity mapping
and add their outputs on the stacked layers outputs, can
add neither extra parameter nor computational complexity.
It can solve the degradation problem caused by increasing
the number of layers in the network and achieve better
learning effectiveness and currently used in a wide range
of applications, such as image segmentation, recognition, classification for the better optimization ability, and

Fig. 1  Workflow of C-DLR model based on DECT for lymph node metastases (LNM) of patients with pancreatic ductal adenocarcinoma
(PDAC)
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feature extraction compared to other convolutional neural
networks. After pretraining Resnet 18 using the Imagenet
database by means of self-supervised learning [25], we
obtained a task-independent initial Resnet 18 model that
was easier to be trained by DECT images. Besides image
analysis, clinical variables were also analyzed using binary
logistic regression [26]. Key clinical features significantly
associated with LNM prediction were selected, which were
used to produce the clinical model, as well as to enhance
the final DLR model (Fig. 1C–E).
Key image features were obtained using the forward
and back propagation strategy by setting pathology results
as the predictive label (LNM negative or LNM positive)
(Fig. 1B–F). These features were integrated by the support
vector machine (SVM) to generate radiomics signatures
and build multiple DLR models (the VMI 40 keV model,
100 keV model, and 150 keV model). In the training process, parameters of Resnet 18 were iteratively updated
through backpropagation, whose input and output were
image ROI and LNM prediction, respectively. The crossentropy of the output and pathological label was used as
the loss function. To reduce the impact of overfitting, the
data enhancement strategy was employed, including random horizontal and vertical flipping of the input image, as
well as random ROI cropping. The learning rate was set as
1 × 10−4, and the Adam optimizer was used to update the
parameters [27].
To achieve better prediction performance, key image
features from 100 and 150 keV images were integrated by
replacing the last fully connection (FC) layer with SVM, so
that the 100 keV + 150 keV model was built. Moreover, key
image features were also integrated with key clinical features
using the same method, so that the 100 keV + 150 keV + clinical feature model was built (Fig. 1E). The Resnet 18 structure, detailed code, and building process for DLR models are
provided in the Supplementary Methods 1.2, and Fig. S2–6.

Model comparison and visualization
All clinical, DLR, and combined models were validated
in the test set, and their performances were compared
quantitatively. Furthermore, DLR models were visualized
by applying gradient-weighted class activation mapping
(GRAD-CAM), which can generate a rough location heat
map highlighting the entry area of the classification target.
The pattern of the visualized location heat map is helpful
to interpret the explanatory nature of DLR models [28].
Moreover, image features passed the global average pooling
layer were also projected on the input image. Through this
way, the difference of feature patterns selected by the DLR
model was visualized and compared between LNM negative
and positive groups.
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Statistical analysis
Continuous variables were presented as mean ± standard
deviation (SD) or median with interquartile range (IQR) and
compared using the Kruskal–Wallis test, while categorical
variables were presented as frequencies with percentages
and compared using the chi-squared test. Survival curves
were calculated using the Kaplan–Meier method and compared using the log-rank test. In addition, univariate and
multivariate Cox regression analyses were applied to calculate the odds ratios (ORs) and corresponding 95% confidence intervals (CIs) of variables and further to identify
independent prognostic factors. Subsequently, the variables
with a P-value less than 0.1 were further considered in the
stepwise multivariate modeling. The discrimination and predictive accuracy of the model were assessed using AUC. The
AUCs of different DLR models were compared using the
Delong test. Moreover, the predictive parameters, including
accuracy, sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV), were also used
to assess performance.
All statistical analyses were conducted using R version
4.0.4. Furthermore, a two-tailed P-value of less than 0.05
was considered statistically significant.

Results
Patient baseline characteristics and radiologists
performance
From August 2016 to October 2020, 524 consecutive PDAC
patients were retrospectively enrolled from our cancer
center. Among them, the data of 148 patients (75 females
and 73 males; mean age, 59.2 ± 10.6 years) with 150 PDAC
lesions (mean diameter, 2.9 ± 0.9 cm) were finally screened
for eligibility. The inclusion and exclusion diagram is shown
in Fig. S7. These patients were separated into two cohorts.
The 113 patients enrolled before December 31, 2019, were
assigned to the primary set, and the rest 35 patients enrolled
after January 1, 2020, were assigned to the test set. To
develop and internally validate radiomics models, patients
in the primary set were further randomly divided into the
training (n = 88) and validation (n = 25) sub-cohorts.
The baseline characteristics of the patients who underwent preoperative DECT in the primary and test sets are outlined in Table 1. No significant differences were observed in
clinical characteristics between these two cohorts. The LNM
rates were 46.0% (52/113) and 45.7% (16/35), respectively,
showing no significant difference between the two cohorts
neither (P = 0.690). A total of 41.0% (32 of 78) of LNM
negative patients died, and 62.9% (44 of 70) of patients with
LNM positive LNM died, showing a significant difference
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Table 1  Baseline characteristics of the primary and test sets
Variable

Demographics
Age (y), mean ± SD
Gender
Female
Male
Marital status
Unmarried
Married
Residence
Rural
Urban
Education
Low
Medium
High
KPS
≤ 80
> 80
Comorbidities
Absence
Presence
Histologic grade
Well differentiated
Moderately differentiated
Poorly differentiated
CT report
Tumor size (cm),
mean ± SD
Tumor number
Single
Multiple
Location
Head
Neck
Body
Tail
T stage
cTa-cT2
cT3-cT4
LN status
cN1-3
cN0
Metastasis
cM1
cM0

Primary set (n = 113)

P-value Test set (n = 35)

Negative for LNM
(n = 61)

Positive for LNM
(n = 52)

58.7 ± 11.1

59.7 ± 9.9

33 (54.1)
28 (45.9)

31 (59.6)
21 (40.4)

12 (19.7)
49 (80.3)

8 (15.4)
44 (84.6)

26 (42.6)
35 (57.4)

23 (44.2)
29 (55.8)

11 (18.0)
43 (70.5)
7 (11.5)

6 (11.5)
39 (75.0)
7 (13.5)

15 (24.6)
46 (75.4)

8 (15.4)
44 (84.6)

48 (78.7)
13 (21.3)

37 (71.2)
15 (28.8)

45 (75.2)
10 (16.5)

41 (78.9)
7 (13.5)

6 (9.8)

4 (7.7)

3.4 ± 1.7

3.5 ± 1.2

59 (96.7)
2 (3.3)

52 (100)
0 (0)

39 (63.9)
6 (9.8)
8 (13.1)
8 (13.1)

32 (60.8)
6 (11.8)
6 (11.8)
8 (15.7)

47 (77.0)
14 (23.0)

13 (2.0)
39 (75.0)

19 (30.6)
43 (69.4)

31 (59.6)
21 (40.4)

6 (9.8)
55 (90.2)

1 (1.9)
51 (98.1)

0.619
0.555

0.552

0.864

0.620

0.226

0.355

0.489

0.637
0.499

0.958

< 0.001

0.002

0.120

P-value

Negative for LNM
(n = 19)

Positive for LNM
(n = 16)

61.9 ± 7.9

56.9 ± 8.8

5 (26.3)
14 (73.7)

6 (37.5)
10 (62.5)

4 (21.1)
15 (78.9)

2 (12.5)
14 (77.5)

9 (47.4)
10 (52.6)

8 (50.0)
8 (50.0)

4 (21.1)
11 (57.9)
4 (21.1)

2 (12.5)
10 (62.5)
4 (25.0)

3 (15.58)
16 (84.2)

2 (12.5)
14 (87.5)

10 (52.6)
9 (47.4)

10 (62.5)
6 (37.5)

7 (36.9)
11 (57.9)

2 (12.5)
12 (75.0)

1 (31.6)

2 (12.5)

3.3 ± 1.6

3.1 ± 1.0

19 (100)
0 (0)

16 (100)
0 (0)

11 (57.9)
1 (5.3)
1 (5.3)
6 (31.6)

12 (75.0)
2 (12.5)
1 (6.3)
1 (6.3)

13 (68.4)
6 (31.6)

10 (62.5)
6 (37.5)

0 (0)
19 (100)

10 (62.5)
6 (37.5)

2 (10.5)
17 (89.5)

1 (5.9)
15 (94.1)

0.088
0.478

0.666

0.877

0.208

0.782

0.557

0.378

0.550
1.000

0.294

0.713

< 0.001

1.000
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Table 1  (continued)
Variable

Laboratory findings
Median CA199(kU/L)*
Median glucose
(mmol/L)*
Median GGT
(U/L)*
Median total bilirubin (μmol/L)*

Primary set (n = 113)

P-value Test set (n = 35)

Negative for LNM
(n = 61)

Positive for LNM
(n = 52)

597.1 (0.6, 8485.2)

783.5 (11.5, 2378.8)

6.7 (3.1, 13.6)

P-value

Negative for LNM
(n = 19)

Positive for LNM
(n = 16)

0.313

248.4 (6.6, 2423.5)

489.8 (7.4, 908.6)

0.200

7.9 (3.5, 23.6)

0.023

8.6 (3.1, 13.6)

8.4 (3.5, 23.6)

0.874

402.2 (2.2, 1343.9)

208.1 (2.0, 2126.7)

0.036

193.1 (17.0, 1847.2)

392.5 (12.3, 683.4)

0.307

95.5 (2.1, 534.2)

105.6 (6.3, 590.2)

0.680

44.7 (6.0, 324.2)

92.6 (5.1, 185.5)

0.109

Note. Data are number of patients; data in parentheses are percentage unless otherwise indicated
Abbreviation: LNM, lymph node metastases; CT, computed tomography; KPS, karnofsky performance score; CA 19–9, carbohydrate antigen
19–9; LN, lymph node; GGT, γ-glutamyl transpeptadase
*

Data in parentheses are interquartile range

between the two groups (P = 0.008). All DECT reports were
reviewed and evaluated independently by two radiologists
(reader 1, L. Z. L., with 20 years of experience, and reader
2, J. Z., with 8 years of experience). They were unaware
of the clinical procedures at the time of data collection to
confirm the agreement on LNM. According to the reported
LN status of CT, the diagnostic accuracy was 69.6% (103 of
148), with a sensitivity of 68.9% (62 of 90) and a specificity
of 70.6% (41 of 58).

The clinical model for LNM prediction
Multivariate Cox regression analysis found four key clinical
features out of the 20 clinical variables significantly associated with LNM from the training set (Table S1), which
were CT-reported T staging (OR: 11.192; 95% CI: 4.466,
28.524; P < 0.001), CT-reported LN status (OR: 3.652; 95%
CI: 1.924, 5.316; P = 0.011), GGT (OR: 0.998; 95% CI:
0.992–1.000; P = 0.047), and glucose (OR: 3.013; 95% CI:
1.145, 6.201; P = 0.018). Thus, they were concatenated to
build the clinical model using the SVM method (Fig. 1C–E).
Although the AUC reached 0.88 (95% CI: 0.86–0.90) in the
training cohort, it only reached 0.62 (95% CI: 0.58–0.65)
and 0.67 (95% CI: 0.63–0.70) in the internal validation and
external test cohorts, respectively (Table 2).

Performance comparison of DLR models
Beer et al. reported that VMI reconstructions at 40 keV
provide better objective and subjective image quality
compared to conventional polyenergetic images of DECT
in PDAC patients [29]. Therefore, we selected VMI

13

40 keV as the mixed DECT image. The detailed statistical results for the tumor and LN regions of the DECT
parameters are summarized in Table S2.
All four DLR models (VMI 40 keV model, 100 keV
model, 150 keV model, and 100 + 150 keV model) provided better AUCs than the clinical model in all cohorts
(Fig. 2), except the VMI 40 keV model in the validation
cohort, which only reached 0.47 (95% CI: 0.43–0.51) in
AUC. Overall speaking, the 100 + 150 keV model achieved
the best accuracy for predicting LNM (Fig. 2). Its AUC
was 0.97 (95% CI: 0.96–0.98) in the training cohort and
0.87 (95% CI: 0.85–0.89) in the test cohort, which were
better than all the other DLR models (Table 2). Although
the 100 keV model achieved the best AUC 0.94 (95% CI:
0.92–0.96) in the internal validation cohort, we still consider the external test cohort as the most important indicator. Thus, we integrated the four key clinical features
with the 100 + 150 keV DLR model and established the
clinical + 100 + 150 keV DLR model.
AUCs of the clinical + 100 + 150 keV DLR model
achieved 1.00 (95% CI: 1.00–1.00), 0.90 (95% CI:
0.88–0.92), and 0.92 (95% CI: 0.91–0.94) in the training,
validation, and test cohorts, respectively. Moreover, the
Delong test showed that its AUC was significantly better
than that of the clinical model (P < 0.001), VMI 40 keV
model (P < 0.001), 100 keV model (P < 0.05), 150 keV
model (P < 0.05), and 100 + 150 keV model (P < 0.05)
in the validation and test combined cohort. The detailed
quantitative comparisons are listed in Table 2. Comparing
with the original DECT reports given by radiologists, its
diagnostic accuracy, sensitivity, and specificity were all
significantly better (all, P < 0.05).
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Table 2  The performance comparison of different models
Models

Cohorts

Clinical

Train

AUC

ACC

SENS

SPEC

PPV

NPV

0.88
0.81
0.84
0.78
0.78
0.83
(0.86, 0.90)
(0.78, 0.83)
(0.81, 0.87)
(0.74, 0.81)
(0.75, 0.82)
(0.80, 0.87)
Val
0.62
0.68
0.67
0.69
0.55
0.79
(0.58, 0.65)
(0.65, 0.71)
(0.62, 0.71)
(0.65, 0.72)
(0.50, 0.60)
(0.75, 0.82)
Test
0.67
0.69
0.71
0.67
0.67
0.71
(0.63, 0.70)
(0.66, 0.71)
(0.66, 0.75)
(0.62, 0.71)
(0.63, 0.71)
(0.67, 0.75)
VMI 40 keV DLR
Train
0.93
0.84
0.93
0.76
0.78
0.92
(0.92, 0.94)
(0.82, 0.86)
(0.90, 0.95)
(0.72, 0.80)
(0.75, 0.91)
(0.90, 0.95)
Val
0.47
0.48
0.44
0.50
0.33
0.62
(0.43, 0.51)
(0.45, 0.51)
(0.39, 0.49)
(0.46, 0.54)
(0.29, 0.38)
(0.57, 0.66)
Test
0.76
0.71
0.94
0.50
0.64
0.90
(0.74, 0.79)
(0.69, 0.74)
(0.92, 0.96)
(0.46, 0.54)
(0.61, 0.67)
(0.86, 0.93)
0.80
0.93
0.67
0.73
0.91
100 keV DLR
Train
0.91
(0.89, 0.92)
(0.77, 0.82)
(0.91, 0.95)
(0.63, 0.71)
(0.69, 0.76)
(0.88, 0.94)
Val
0.94
0.92
0.89
0.94
0.89
0.94
(0.92, 0.96)
(0.90, 0.94)
(0.86, 0.92)
(0.92, 0.96)
(0.86, 0.92)
(0.92, 0.96)
0.77
0.76
0.78
0.76
0.78
Test
0.80
(0.77, 0.83)
(0.75, 0.80)
(0.72, 0.80)
(0.74, 0.81)
(0.72, 0.80)
(0.74, 0.81)
150 keV DLR
Train
0.93
0.83
0.95
0.71
0.76
0.94
(0.91, 0.94)
(0.81, 0.85)
(0.93, 0.97)
(0.67, 0.75)
(0.72, 0.79)
(0.92, 0.96)
0.84
0.78
0.88
0.78
0.88
Val
0.89
(0.87, 0.91)
(0.82, 0.86)
(0.73, 0.82)
(0.85, 0.90)
(0.73, 0.82)
(0.85, 0.90)
Test
0.84
0.80
0.82
0.78
0.78
0.82
(0.81, 0.86)
(0.78, 0.83)
(0.79, 0.86)
(0.74, 0.81)
(0.74, 0.81)
(0.79, 0.86)
Train
0.97
0.91
0.91
0.91
0.91
0.91
100 + 150 keV DLR
(0.96, 0.98)
(0.89, 0.93)
(0.88, 0.93)
(0.89, 0.94)
(0.88, 0.93)
(0.88, 0.94)
Val
0.90
0.88
0.89
0.88
0.80
0.93
(0.88, 0.92)
(0.86, 0.90)
(0.86, 0.92)
(0.85, 0.90)
(0.76, 0.84)
(0.91, 0.95)
Test
0.87
0.80
0.76
0.83
0.81
0.79
(0.85, 0.89)
(0.77, 0.83)
(0.73, 0.80)
(0.80, 0.86)
(0.78, 0.85)
(0.75, 0.83)
Train
1.0
0.99
0.98
1.0
1.0
0.98
Clinical + 100 + 150 keV DLR
(1.0, 1.0)
(0.98, 1.0)
(0.96, 0.99)
(1.0, 1.0)
(1.0, 1.0)
(0.97, 0.99)
Val
0.90
0.84
0.78
0.88
0.78
0.88
(0.88, 0.92)
(0.82, 0.86)
(0.74, 0.82)
(0.85, 0.90)
(0.74, 0.82)
(0.85, 0.90)
Test
0.92
0.86
0.94
0.78
0.80
0.93
(0.91, 0.94)
(0.84, 0.88)
(0.92, 0.96)
(0.74, 0.81)
(0.77, 0.83)
(0.91, 0.96)
Comparison between clinical + 100 + 150 keV DLR model and other models using significance level of Delong test for methods
Cohorts
Clinical
VMI 40 keV
100 keV
150 keV
100 + 150 keV
Validation cohort
0.011
0.011
0.284
0.793
0.862
Test cohort
0.019
0.077
0.080
0.180
0.226
Validation + test cohorts
< 0.001
< 0.001
< 0.05
< 0.05
< 0.05

Note. Numbers in parentheses are the 95% confidence interval. The bold values represent the optimal AUC value
Abbreviation: DLR, deep learning radiomic; VMI, virtual monoenergetic image; AUC, areas under receiver operating characteristic curve; ACC,
accuracy; SENS, sensitivity; SPEC, specificity; PPV, positive predictive value; NPV, negative predictive value

Interpretability of DLR model
Input ROIs and corresponding location heat maps of four
PDAC patients randomly chosen from the test cohort are
shown in Fig. 3A, which demonstrates a common pattern
appeared in all DECT images. DLR models paid most attentions (red areas) to tissues around the tumor rather than the
tumor-self. This suggested that DLR models actively sought

the lymph node distribution areas to classify LNM negative and positive, even though these areas did not trigger
an alarm for radiologists. Another pattern in heat maps was
that different DLR models looked at different tumor adjacent
areas for the same patient. This explained why they provided
different prediction performances.
The visualization of all extracted radiomics features from
the last global average pooling layer on the input ROI also
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Fig. 2  Receiver operating characteristic (ROC) curves comparison between different models for predicting LNM of PDAC. A Training cohort; B
validation cohort; C test cohort

revealed distinctly different patterns between LNM negative
and positive patients (Fig. 3B). Features in non-LNM cases
were close to homogeneous, whereas features in LNM cases
were more heterogeneous across the whole ROI. This suggested that image features in hidden layers indeed reflected
the difference between LNM negative and positive patients,
which was captured by DLR models.

Preoperative predictors of the overall survival
The median follow-up duration was 15.3 months (IQR,
6.3, 45.6 months). The univariate regression analysis
revealed that the LNM prediction given by the clinical + 100 + 150 keV DLR model was associated with OS
(P < 0.001). The cumulative 1-, 2-, and 3-year OS rates
were 78.5%, 47.7%, and 42.8% in the LNM negative group,
and 42.3%, 18.4%, and 16.2% in the LNM positive group,
respectively, showing significant difference between these
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two predicted groups (P < 0.05). After classifying PDAC
patients into low- and high-risk groups according to the optimal cut-off values (0.53), the clinical + 100 + 150 keV model
classification and the pathological classification showed similar OS curves (Fig. S8). Furthermore, the multivariable Cox
regression analysis revealed that the clinical + 100 + 150 keV
DLR model prediction (hazard ratio [HR]: 1.896; 95% CI:
1.184, 3.306; P < 0.001), tumor size (HR: 1.203; 95% CI:
1.064–1.384; P = 0.010), and total bilirubin (HR, 1.002; 95%
CI: 1.000–1.004; P < 0.014) were three independent preoperative factors for unfavorable OS (Table 3).

Discussion
Preoperative diagnosis of LNM in PDAC has long been a
clinical challenge. In this study, we developed and validated
a radiomics model that incorporates the DLR signature from

European Journal of Nuclear Medicine and Molecular Imaging (2022) 49:1187–1199

Fig. 3  Visualization of PDAC patient examples. A Each example
shows the DECT images in different locations (head, neck, body, tail)
and corresponding heart map, and the red region represents a larger

Table 3  Multivariate Cox-PH
regression analysis for overall
survival of patients with PDAC

Variable

CT-reported tumor size (cm)
≤3
>3
Clinical + 100 + 150 keV DLR model
High risk
Low risk
Total bilirubin (μmol/L)
≤ 17.1
> 17.1
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weight, which can be decoded by the color bar on the right. B Visual
comparison of network features in PDAC patients with and without
LNM, respectively

Multivariate Cox analysis
β

Wald

Hazard ratio (95% CI)

Ref
0.185

Ref
6.700

Ref
1.203 (1.064, 1.384)

Ref
0.640

Ref
7.101

Ref
1.896 (1.184, 3.306)

Ref
0.002

Ref
6.004

Ref
1.002(1.000, 1.004)

P-value
0.010

< 0.001

0.014

Abbreviation: PDAC, pancreatic ductal adenocarcinoma; CI, confidence interval; DLR, deep learning radiomic

two groups of DECT images (100 and 150 keV) and selected
clinical variables for individualized and noninvasive prediction of LNM in patients with PDAC prior to treatment. Our
major findings included the following aspects: (i) To the
best of our knowledge, this is the first study applying the
DLR approach on DECT images acquired from consecutive
patients with PDAC at a high-volume cancer center for predicting LNM. (ii) The predictive performance of the DLR
model based on the combination of 100 keV and 150 keV

DECT images significantly outperformed (P < 0.05) the
DLR model based on VMI 40 keV images, which originated
from the mixed energy between 100 and 150 keV using
DECT post-processing functions. (iii) It provided solid evidences that the DLR strategy with DECT images offered an
effective pathway of LNM prediction and risk stratification
for patients with PDAC.
Clinically, the fine-needle aspiration of enlarged LNs
can provide effectively diagnostic value for LNM, but its
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use remains limited owing to its invasive nature. To date,
the major identification of LNM still relies on the radiologist’s report. In this study, two radiologists with extensive
experience in imaging diagnosis were arranged to assess
LNM status using DECT. Notably, they demonstrated that
a considerable proportion of PDAC patients were misclassified according to the macroscopic LNM status on DECT,
which is consistent with several previous reports [30–32].
Although many studies have reported that DECT significantly improves image quality and tissue contrast, it is still
difficult to identify LNM in cross-sectional images. Moreover, DECT parameters in the LNM region have been proven
as an effective discriminative method for diagnosing LNM
of various solid carcinomas [33–37], a similar result was
also found in the LN region in our study. However, LNM
must rely on macroscopic detection by radiologists and
requires performing of several post-operative processes that
are cumbersome.
Radiomics as a state-of-the-art quantitation provides
invisible imaging features, and has been used to predict
LNM of PDAC, proving to be a noninvasive and cost-effective prediction method [38–42]. In this study, we proposed
multiple DLR models based on DECT to predict LNM, and
we investigated the best way of fully utilizing the DECT
data for the best performance. Compared with using postprocessing parameters of DECT for identifying the LNM
status of PDAC, our DLR model actively and intelligently
sought for lymph node distribution areas in DECT images,
without complex post-image processing. The 100 + 150 keV
DLR model demonstrated an outstanding predictive performance for LNM by integrating DECT images from two tubes
(AUC: 0.87, sensitivity: 0.76, and specificity: 0.83 in test
cohort). To facilitate more people to validate this model and
develop better models on this basis in the future, we also
have uploaded the source code of our DLR model on our
website (http://www.radiomics.net.cn/platform.html).
By adding key clinical variables to the DLR model, the
proposed clinical + 100 + 150 keV DLR model outperformed
all the other prediction models significantly (all, P < 0.05).
Notably, AUC of the VMI 40 keV DLR model was not only
lower than that of the 100 + 150 keV DLR model but also
lower than that of the two DLR models based on singleenergy CT images (100 and 150 keV). There are two possible reasons. One is that the fused VMI image confused original image features and brought more noise, which reduced
the quantification ability of deep learning. The other is that
certain prediction related information and features of DECT
images were actually lost during the fusion process, even
though the fused image might look better visually.
To interpret the DLR model, we used GRAD-CAM to
visualize the network and generate a stress classification
target entrance area of a rough heat map [43, 44]. We found
that the high-weight areas in the heat map were primarily

13

located in the surrounding area of the pancreas in multiple
DLR models, which all kept consistent with the predictive
region of LNM. The weight of the peripheral area of the
tumor, regardless of the tumor location, was more important than that in the intratumoral region, which implied the
disseminated path and region of cancer cells. These common patterns revealed the working principle of DLR models for analyzing DECT. Besides those, the visualization
of extracted radiomics features on DECT images directly
demonstrated that image features in hidden layers indeed
reflected the difference between LNM negative and positive,
which was captured by DLR models.
Several previous reports have highlighted the importance
of NAT in PDAC patients [45–47]. Multiple international
guidelines suggest that NAT has been adopted as a common treatment option for patients with PDAC, regardless of
resectability status. On the other hand, NAT in resectable
PDAC should be considered in patients with high-risk LNM.
Thus, these findings highlight the need of developing a wellreceived and robust predictive model for identifying PDAC
patients with LNM before treatment. Our study proved
that PDAC patients stratified into high- and low-risk LNM
groups by our best DLR model showed significantly different OS curves. Furthermore, multivariate Cox regression
analyses also confirmed that LNM predicted by the DLR
model, tumor size, and total bilirubin was independent preoperative predictors of OS. This provided important information for supporting clinical decision-making. Therefore,
the DLR model for successful validation of medical record
and pretreatment DECT images would improve treatment
strategies in patients with PDAC, in particular, for those
LNM positive with the worst survival outcomes.
There are certain limitations in our study. First, this was a
single-center study. Thus, there is a requirement of acquiring
more evidence from multiple centers, and thereby overcoming the lack of multiple external validations in this model
before its clinical application in the future. Second, we did
not collect other possible prognostic factors, including NLR,
MMP7, MUC1, and genomic information. The accuracy and
robustness of the DLR model may be improved by combining with the above-mentioned factors. Third, because the
sample size of this study is small, the model is mildly overfitted. Therefore, it is necessary to collect more DECT data
to further confirm the predictive ability and the robustness
of the DLR model. Finally, this study has a potential enrolment bias, because patients without surgical resection were
excluded.
In conclusion, the DLR model consisting of key clinical variables and radiomics signature learned from 100 and
150 keV DECT images exhibited adequate performance in
predicting LNM for patients with PDAC. It enabled precise
patient stratification for different LNM risk groups noninvasively. Therefore, the clinical + 100 + 150 keV DLR model
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may help physicians for individualized decision-making
before treatment in PDAC clinical practice and trials. In
addition, multicenter prospective clinical trials should be
performed to obtain more solid and reliable evidence in subsequent studies.
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