? frontiers ‘ Frontiers in Oncology

@ Check for updates

OPEN ACCESS

EDITED BY
Kuangyu Shi,
University of Bern, Switzerland

REVIEWED BY
Ying Li,

Fudan University, China

Gang Ren,

Air Force General Hospital PLA, China

*CORRESPONDENCE
Shangeng Weng
shangeng@sina.com

RECEIVED 22 November 2023
ACCEPTED 23 August 2024
PUBLISHED 13 September 2024

CITATION
Huang Y, Zhang H, Chen L, Ding Q, Chen D,
Liu G, Zhang X, Huang Q, Zhang D and
Weng S (2024) Contrast-enhanced CT
radiomics combined with multiple machine
learning algorithms for preoperative
identification of lymph node metastasis in
pancreatic ductal adenocarcinoma.

Front. Oncol. 14:1342317.

doi: 10.3389/fonc.2024.1342317

COPYRIGHT
© 2024 Huang, Zhang, Chen, Ding, Chen, Liu,
Zhang, Huang, Zhang and Weng. This is an

open-access article distributed under the terms

of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction
in other forums is permitted, provided the
original author(s) and the copyright owner(s)
are credited and that the original publication
in this journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted
which does not comply with these terms.

Frontiers in Oncology

TvPE Original Research
PUBLISHED 13 September 2024
po110.3389/fonc.2024.1342317

Contrast-enhanced CT
radiomics combined with
multiple machine learning
algorithms for preoperative
identification of lymph node
metastasis in pancreatic
ductal adenocarcinoma

Yue Huang'**, Han Zhang**?, Lingfeng Chen**?,
Qingzhu Ding*?**®, Dehua Chen* Guozhong Liu*?,
Xiang Zhang™?*, Qiang Huang*?®, Denghan Zhang***
and Shangeng Weng*>3%

Department of Hepatopancreatobiliary Surgery, The First Affiliated Hospital of Fujian Medical University,
Fuzhou, Fujian, China, ?Fujian Abdominal Surgery Research Institute, The First Affiliated Hospital of Fujian
Medical University, Fuzhou, Fujian, China, *National Regional Medical Center, Binhai Campus of the First
Affiliated Hospital, Fujian Medical University, Fuzhou, Fujian, China, “Department of Radiology, The First
Affiliated Hospital of Fujian Medical University, Fuzhou, Fujian, China, SFujian Provincial Key Laboratory of
Precision Medicine for Cancer, The First Affiliated Hospital of Fujian Medical University, Fuzhou,

Fujian, China, ¢Clinical Research Center for Hepatobiliary Pancreatic and Gastrointestinal Malignant Tumors
Precise Treatment of Fujian Province, The First Affiliated Hospital of Fujian Medical University, Fuzhou,
Fujian, China

Objectives: This research aimed to assess the value of radiomics combined with
multiple machine learning algorithms in the diagnosis of pancreatic ductal
adenocarcinoma (PDAC) lymph node (LN) metastasis, which is expected to
provide clinical treatment strategies.

Methods: A total of 128 patients with pathologically confirmed PDAC and who
underwent surgical resection were randomized into training (n=93) and
validation (n=35) groups. This study incorporated a total of 13 distinct machine
learning algorithms and explored 85 unique combinations of these algorithms.
The area under the curve (AUC) of each model was computed. The model with
the highest mean AUC was selected as the best model which was selected to
determine the radiomics score (Radscore). The clinical factors were examined by
the univariate and multivariate analysis, which allowed for the identification of
factors suitable for clinical modeling. The multivariate logistic regression was
used to create a combined model using Radscore and clinical variables. The
diagnostic performance was assessed by receiver operating characteristic
curves, calibration curves, and decision curve analysis (DCA).

Results: Among the 233 models constructed using arterial phase (AP), venous
phase (VP), and AP+VP radiomics features, the model built by applying AP+VP
radiomics features and a combination of Lasso+Logistic algorithm had the
highest mean AUC. A clinical model was eventually constructed using CA199
and tumor size. The combined model consisted of AP+VP-Radscore and two
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clinical factors that showed the best diagnostic efficiency in the training (AUC =
0.920) and validation (AUC = 0.866) cohorts. Regarding preoperative diagnosis of
LN metastasis, the calibration curve and DCA demonstrated that the combined
model had a good consistency and greatest net benefit.

Conclusions: Combining radiomics and machine learning algorithms
demonstrated the potential for identifying the LN metastasis of PDAC. As a
non-invasive and efficient preoperative prediction tool, it can be beneficial for
decision-making in clinical practice.

KEYWORDS

pancreatic ductal adenocarcinoma, radiomics, lymph node metastasis, machine

learning, computed tomography

1 Introduction

Pancreatic ductal adenocarcinoma (PDAC) accounts for the
seventh-highest cancer mortality rate worldwide, and 50% of
patients with PDAC suffer from metastatic disease (1). Recently,
neoadjuvant therapy has emerged as a significant component in the
management of PDAC (2). According to an investigation, the
administration of neoadjuvant therapy followed by resection is
associated with improved rates of overall survival in comparison
to individuals who undergo upfront resection followed by adjuvant
therapy (3). Neoadjuvant chemotherapy for pancreatic cancer with
significant lymph node (LN) metastases was recommended by the
National Comprehensive Cancer Network (NCCN) guidelines (4).
Hence, the preoperative evaluation of LN status holds significant
importance in establishing a personalized treatment strategy for
individuals diagnosed with PDAC.

The most commonly used imaging modality to evaluate patients
with PDAC prior to surgery is computed tomography (CT).
However, previous studies have suggested that the ability of CT
to effectively forecast the presence of nodal involvement in
surgically treatable PDAC is constrained (5). Approximately 70%
of patients with negative clinical lymph nodes present with lymph
node involvement upon pathologic assessment (6). The lymph node
enlargement may occur independently of localized inflammation
caused by malignant biliary obstruction (7). This indicates that the
preoperative radiological staging of nodule involvement remains
difficult. Therefore, there is an unquestionable need for more
effective methods to assess the LN status for patients with
pancreatic cancer.

Radiomics provides a large amount of medical image
information that can reveal hidden features of diseases that are
invisible to the naked eye (8). Previous research has demonstrated
the efficacy of integrating radiomics and machine learning (ML)
techniques in many applications (9-11). Several researchers have
constructed multiphasic contrast-enhanced CT (CECT) radiomics
models to evaluate the preoperative LN status of PDAC (12-14).
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These studies indicated that radiomics models have significant
potential in predicting pancreatic cancer with lymph node
metastasis (LNM). However, the researchers predominantly
chose modeling algorithms based on their preferences and
limitations in knowledge. It is imperative that evidence be
provided to select appropriate models for solving clinical
problems. To the best of our knowledge, no study has explored
the use of radiomics combined with multiple ML algorithms in the
preoperative identification of the LN status in PDAC. The
objective of this study was to evaluate the predictive value of
clinical data and radiomic features for forecasting the LN status of
patients with pancreatic cancer using a combination of various
ML algorithms.

2 Materials and methods

2.1 Patients

This study was approved by the ethics committee of the First
Affiliated Hospital of Fujian Medical University. This was a
retrospective research of patients diagnosed with PDAC who
underwent surgical resection with LN dissection treated at the
First Affiliated Hospital of Fujian Medical University between
January 2013 and August 2022. The inclusion criteria were: (1)
patients who underwent surgical resection for pancreatic tumors
and were pathologically confirmed with PDAC, and (2) patients
who underwent multiphasic CECT of the pancreas within 1 month
before surgery. The exclusion criteria were: (1) patients who
underwent preoperative treatment, (2) patients with other
malignant tumors, (3) patients with no available DICOM image
data or poor image quality due to metal or motion artifacts, (4)
patients without complete clinical and pathological data, and (5)
patients with blood system diseases or active infection. A total of
128 patients met the inclusion and exclusion criteria and were
included in the study. A total of 93 and 35 patients were selected at
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random for training and validation, respectively, with a ratio of 7:3.
Figure 1 illustrates the recruitment process and criteria for
including and excluding patients.

2.2 Clinicopathological characteristics

The LN status was retrieved from the Pathology Information
Management System. The clinical variables included age, gender,
tumor size, body mass index (BMI), carcinoembryonic antigen
(CEA), alpha-fetoprotein (AFP), carbohydrate antigen 125
(CA125), and carbohydrate antigen 199 (CA199). The neutrophil-
to-lymphocyte ratio (NLR), derived neutrophil-to-lymphocyte ratio
(dNLR), monocyte-to-lymphocyte ratio (MLR), systemic immune-
inflammation index (SII), platelet-lymphocyte ratio (PLR), and
prognostic nutritional index (PNI) were calculated as follows:
NLR = neutrophil count/lymphocyte count, dNLR = neutrophil
count/(white blood cell count - neutrophil count), PLR = platelet
count/lymphocyte count, SII = platelet count * neutrophil count/
lymphocyte count, MLR = monocyte count/lymphocyte count, PNI
= albumin + 5 * lymphocyte count.

2.3 CT image acquisition

All patients diagnosed with PDAC were routinely subjected to
CECT scans before undergoing surgery. Toshiba Aquilion PRIME
80-slice spiral CT or Toshiba Aquilion One 320-slice spiral CT
scanner was utilized to obtain CT images using the following
scanning parameters: tube voltage, 120 kV; tube current, 230
mAs; slice interval, 0 mmy; slice thickness, 5 mm; rotation time,

0.35 s. The patients received contrast material intravenously

10.3389/fonc.2024.1342317

through the ulnar vein using a high-pressure syringe with a flow
rate of 3.0 mL/s prior to undergoing imaging. Subsequently, we
acquired images corresponding to the arterial phase (AP), venous
phase (VP), and equilibrium phase, with respective delays of 30, 60,
and 120 s.

2.4 Tumor segmentation and
feature extraction

Figure 2 illustrates the research workflow. The CT pictures were
acquired using the Picture Archiving and Communication System
(PACS) implemented in the hospital. Applying 3D Slicer software
(version 4.10.2), one radiologist (reader 1) manually segmented all
regions of interest (ROIs) along the margin of the tumor from both
the AP and VP images. To evaluate the repeatability of radiomics
feature extraction, the CT images from 50 patients were randomly
selected for ROI segmentation by reader 1 and a hepato-biliary-
pancreatic surgeon (reader 2). The intraclass correlation coefficient
(ICC) assessed the intra- and inter-observer agreements, with an
ICC score above 0.75 indicating satisfactory agreement (15). For
intra-observer reproducibility, reader 1 delineated the tumor ROIs
twice within a month. To assess the inter-observer agreement,
reader 2 independently delineated the ROI once and these results
were compared to reader 1’s initial segmentation.

To achieve the voxel spacing standardization, the image data
underwent resampling to a uniform size of 1.0 x 1.0 x 1.0 mm’,
Additionally, image normalization was performed to mitigate
variations in imaging among different CT scanning machines.
The feature extraction procedure was based on the Image
Biomarker Standardization Initiative (IBSI) and was implemented
using the Pyradiomics package (version 3.0.1) in Python (version

Patients who underwent preoperative CECT for PDAC
from January 2013 to August 2022 (n=248)

Excluded patients (n=120)
(1) Have received preoperative treatment (n=14)
(2) With other malignant tumors (n=8)
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(3) With no available DICOM image data or poor image
quality due to metal or motion artifacts (n=37)

(4) Without complete clinical and pathological data (n=59)
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FIGURE 1
Flow chart of inclusion and exclusion criteria for patients.

Frontiers in Oncology 03

frontiersin.org


https://doi.org/10.3389/fonc.2024.1342317
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Huang et al.

Image processing

Original image

Feature extraction

" Firstoorder feature. )

First-order feature

A

Texture feature

Shape feature

FIGURE 2

The workflow of model construction and validation.

Image Preprocessing

3.7.4) (16). There were two distinct categories of radiomics features:
original features and features derived by filter transformation.
Those mentioned above included the shape, first-order, gray-level
dependence matrix (GLDM), neighboring gray-tone difference
matrix (NGTDM), gray-level co-occurrence matrix (GLCM),
gray-level run length matrix (GLRLM), and gray-level size zone
matrix (GLSZM). The latter incorporated wavelet and Laplace of
Gaussian (LoG) filtering techniques. All features extracted from the
image were normalized using z-score transformation.

2.5 Feature selection and radiomics
model building

Two steps were taken for the selection of radiomics features in
order to reduce overfitting or bias. First, relationships between the
features and outcomes were examined in univariate analysis, and
features with P-values lower than 0.05 were selected for further
analysis. Second, to enhance the precision and reliability of the
model, we incorporated a total of 13 distinct ML algorithms and
explored 85 unique combinations of these methods (Supplementary
Table 1). The integrative algorithms included ridge, least absolute
shrinkage and selection operator (Lasso), elastic network (Enet),
partial least squares regression for generalized linear models
(plsRglm), linear discriminant analysis (LDA), generalized
boosted regression modeling (GBM), random forest (RF),
stepwise generalized linear model (Stepglm), support vector
machine (SVM), boosted generalized linear model (glmboost),
extreme gradient boosting (XGBoost), naive Bayes, and logistic
regression. In the process, we used one algorithm to filter the
variables and another algorithm to build the radiomics model. No
hyper-parameter tuning of ML algorithms was performed, and
default parameters were used. Radiomics models contained at
least two features. The radiomics score (Radscore), which
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includes AP-Radscore, VP-Radscore, and AP+VP-Radscore, was
respectively computed for each individual using the AP, VP, and AP
+VP radiomics features in order to assess the model’s effectiveness.
Finally, the area under the curve (AUC) was calculated for each
model, and those exhibiting the highest mean AUC value was
deemed the optimal model so that we could select robust and non-
redundant features for preoperative prediction of the LN status of
PDAC from the training cohort. The advantages and disadvantages
of these ML algorithms can be found in the Supplementary
Material SI.

2.6 Construction of the clinical and
combined model

After univariate analysis comparing LN metastasis (-) and LN
metastasis (+) patients’ demographic and laboratory data, clinical
factors with P-values below 0.05 were retained for multivariate
analysis. A clinical model was then constructed using clinical
variables with P-values below 0.05 in the multivariate logistic
regression (LR) analysis. Clinical model predictors and Radscore
were used to construct a combined model by LR. The combined
model was visually represented using a nomogram. Nomogram
scores (Nomo-scores) were calculated using Radscore and
significant clinical features.

2.7 Model evaluation

The validation datasets were used to assess the model’s
performance. The performance of the model was assessed by
AUC values calculated from the receiver operating characteristic
(ROC) curve, along with 95% confidence interval (95%CI),
sensitivity, specificity, accuracy, F1 score, recall, precision, positive
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predictive value (PPV) and negative predictive value (NPV) (17).
Three different models, including the clinical model, Radscore, and
the combined model, were evaluated and compared using the
DeLong test. Five-fold cross-validation was applied to assess the
model performance. The entire cohort was randomly divided into
five similar-size subsamples. The model-building process was
conducted on four subsamples and validated on the remaining
one sub-sample. This process was repeated five times, ensuring each
subsample was used once as the validation data. A calibration curve
was used to evaluate the calibration of the model. Applying the
Hosmer-Lemeshow test, the goodness-of-fit of the model was
evaluated. In order to evaluate the effectiveness of the three
models, a decision curve analysis (DCA) was performed by
calculating the net benefit at different threshold probabilities.

2.8 Statistical analysis

The statistical analysis was carried out using SPSS (version 23.0)
and R software (version 4.3.1). Continuous variables that followed a
normal distribution were represented using the mean + standard
deviation, whereas those that did not adhere to normality were
represented by the median (interquartile range). Numbers and
percentages were used to represent categorical variables. Clinical
and imaging features were analyzed for normality test by Shapiro-
Wilk test and were analyzed for statistical differences by Student’s t-
test, Mann-Whitney U test, and Chi-square test as appropriate. The
“pROC” package of R software was used to construct ROC curves
and calculate AUC. Calibration plots were constructed by the “rms”
package. The DCA was constructed using the “rmda” package in the
R program. Statistical significance was set at P-value < 0.05.

3 Results
3.1 Patient characteristics

A total of 128 patients were included in this study, including 80
males and 48 females. The patients were randomized into training
(n=93) and validation (n=35) groups. Table 1 summarizes the
clinicopathological characteristics and demographics of all
patients. The clinicopathologic variables in the training cohort did
not differ significantly from those in the validation cohort.

3.2 Inter- and intra-observer agreements

There were 1316 features extracted from AP and VP images.
Amongthe 1316 AP radiomic features, the satisfactory consistency rate
offeatures of intra-observer agreement was rated at 79.8% (mean ICC=
0.841, Supplementary Figure 1A), and inter-observer agreement was
78.3% (mean ICC= 0.823, Supplementary Figure 1B). For the 1316 VP
radiomic features, the satisfactory consistency rate of features of intra-
observer agreement was rated at 79.0% (mean ICC= 0.831,
Supplementary Figure 1C), and inter-observer agreement was 79.4%
(mean ICC= 0.828, Supplementary Figure 1D). Of the 2632 AP+VP
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radiomic features, the satisfactory consistency rate of features of intra-
observer agreement was rated at 79.4% (mean ICC= 0.836,
Supplementary Figure 1E), and inter-observer agreement was 78.8%
(mean ICC= 0.825, Supplementary Figure 1F). A total of 989 AP, 977
VP, and 1966 AP+VP radiomic features had intra- and inter-observer
ICCs greater than 0.75, indicating good reproducibility.

3.3 Feature selection and radiomics
model building

After univariate analysis, 12, 29, and 41 features were retained
for AP, VP, and AP+VP, respectively. Subsequently, different
algorithm combinations were used to construct 67 AP, 84 VP,
and 82 AP+VP models. Among the models constructed with AP
features, the RF model had the best predictive efficacy, achieving
AUCGC:s of 0.992 and 0.781 for the training and validation groups,
respectively (Figure 3A). The Stepglm (direction = forward) model
had the best predictive efficacy among the models constructed with
VP features, with AUCs of 0.887 and 0.706 for the training and
validation groups, respectively (Figure 3B). Among the models that
were built using AP+VP features, it was observed that the Lasso
+Logistic model exhibited the highest effectiveness in predicting the
status of LNs. The AUCs for this model were determined to be 0.918
and 0.863 for the training and validation cohorts, respectively
(Figure 3C). The Wayne diagram of the number of models
constructed from the three-period phases is shown in Figure 3D.
Among the models constructed using AP, VP, and AP+VP features,
the Lasso+Logistic model using AP+VP features demonstrated the
best predictive performance. Therefore, further analysis was focused
on this model. In the Lasso+Logistic model using AP+VP features,
Lasso selected nine features with non-zero coefficients
(Figures 4A, B). Furthermore, the Lasso+Logistic model using AP
+VP features was quantitatively integrated into AP+VP-Radscore.
The equation for computing the radiomics score is presented in the
Supplementary Material S2. Figure 4C shows the detailed feature
names and their corresponding coefficients.

3.4 Clinical model and combined
model construction

Univariate analysis indicated that tumor size, CA199 and
CA125 levels were statistically significant (P<0.05). Multivariate
analysis indicated that CA199 level (OR=1.001 [1.000-1.003],
P=0.043) and tumor size (OR=1.379 [1.079-1.763], P=0.010) were
independent predictors of PDAC LN status (Table 2). These two
variables developed a clinical model. A combined model was
constructed by integrating clinical variables, including CA199 and
tumor size, with the AP+VP-Radscore.

3.5 Model evaluation

We built a clinical model, AP+VP-Radscore, as well as a
combined model. A comparison of the ROC curves for all
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TABLE 1 Demographic and clinicopathological characteristics of patients.

Characteristics Training cohort (n =93) Validation cohort (n =35) Pinter
LN Metastasis (-) LN Metastasis (+) Pinya LN Metastasis () LN Metastasis (+) = Pingra
Age 61.73 + 11.72 61.49 +9.94 0916  60.94 + 10.24 63.28 +9.86 0496 0.802
BMI 2202 +2.74 2149 + 3.16 0390 | 2129 211 21.65 + 3.41 0715 | 0.621
Gender 0.050 0407  0.720
Male 35(72.92) 24(53.33) 9(52.94) 12(66.67)
Female 13(27.08) 21(46.67) 8(47.06) 6(33.33)
HBP 0.184 0088 0979
No 36(75.00) 28(62.22) 14(82.35) 10(55.56)
Yes 12(25.00) 17(37.78) 3(17.65) 8(44.44)
Diabetes 0.805 0193 0.645
No 30(62.50) 27(60.00) 13(76.47) 10(55.56)
Yes 18(37.50) 18(40.00) 4(23.53) 8(44.44)
CAI125 15.88(10.68-21.70) 22.30(13.75-51.00) 0012 | 25.32(10.95-40.75) 20.54(9.49-39.98) 0.843  0.728
CA199 118.50(22.43-239.70) 244.00(95.45-812.95) 0.006 | 28.20(7.19-236.40) 258.00(83.23-777.30) 0.045 | 0.561
CEA 4.18(2.46-6.35) 2.84(2.05-5.38) 0087  3.25(2.26-5.84) 339(2.16-6.22) 0961 0472
AFP 2.14(1.61-3.00) 2.43(1.71-3.38) 0254 2.76(1.86-4.82) 2.54(1.74-3.19) 0400 | 0281
Tumor size 3.30(2.50-4.48) 4.50(2.85-5.85) 0.003 | 3.50(2.80-5.15) 3.65(3.10-5.75) 0418 0738
LYM 1.58 + 0.58 1.48 + 0.50 0360 | 1.49+0.59 1.39 + 0.55 0594 | 0391
WBC 6.26(5.17-7.33) 5.46(4.67-6.77) 0220  6.07(4.92-6.82) 5.75(4.21-6.76) 0488  0.485
NEU 3.67(2.69-4.61) 3.61(2.84-4.52) 1000 3.42(2.96-4.28) 3.02(2.42-4.53) 0338 0499
M 0.36(0.30-0.45) 0.31(0.26-0.40) 0.100  0.36(0.29-0.40) 0.33(0.30-0.50) 0.608  0.634
PLT 226.00(196.25-266.50) 212.00(166.50-258.00) 0214 211.00(176.00-293.50) 210.50(159.75-265.50) 0563 | 0441
NLR 2.40(1.73-3.41) 2.73(1.80-3.60) 0299 2.48(1.93-3.13) 2.56(1.75-2.95) 0741 0779
dNLR 1.64(1.20-2.25) 1.90(1.34-2.31) 0155 | 1.68(1.39-2.11) 1.69(1.22-1.99) 0509 | 0.598
PLR 158.71(110.76-195.24) 142.74(118.35-204.69) 0939 | 144.05(122.29-199.19) 156.66(116.66-195.32) 1.000 0730
SII 536.45(367.49-849.28) 531.10(388.12-796.42) 0945  612.86(327.41-808.38) 437.38(323.53-598.28) 0448 0427
MLR 0.23(0.19-0.33) 0.22(0.17-0.35) 0628  0.21(0.19-0.32) 0.27(0.17-0.39) 0597  0.532
PNI 4824 + 538 48.15 + 5.69 0939 47.19 +5.53 4724 + 541 0977 0.368

HBP, high blood pressure; NEU, neutrophil; LYM, lymphocyte; WBC, white blood cell; M, monocyte; PLT, platelet; Py, is the result of univariate analyses between the LN metastasis (-) and LN

metastasis (+) groups while P, represents whether a significant difference exists between the training and validation datasets.

prediction models can be seen in Figures 5A, B. The clinical model
exhibited suboptimal performance, as evidenced by the AUC values
of 0.714 and 0.657 in the training and validation datasets,
respectively. The combined model had superior predictive
performance compared to the other two models. This model
exhibited sensitivity, specificity, and AUC values of 84.44%,
85.42%, and 0.920 (95% CI: 0.868-0.973), respectively, in the
training dataset, and 77.78%, 88.24%, and 0.866 (95% CI: 0.737-
0.995), respectively, in the validation dataset (Table 3). The DeLong
test presented that the combined model and AP+VP-Radscore
exhibited significantly enhanced predictive performances (AUCs:
0.920 vs 0.714, P <0.001 and AUCs: 0.918 vs 0.714, P <0.001,
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respectively) compared to the clinical model in the training set
(Figures 5C, D). Additionally, the combined model demonstrated
higher prediction accuracy in comparison to the AP+VP-Radscore;
however, this improvement did not reach a statistical significance in
either the training or validation datasets. Among all the three
models, the combined model outperformed the other two models,
whether in training or validation datasets. Subsequently, the
performance of the models was evaluated using five-fold cross-
validation (Supplementary Table 2). The combined model
demonstrated stable prediction performance in both the training
(mean AUC# standard deviation [SD], 0.909 + 0.009) and
validation (mean AUC =+ SD, 0.904 + 0.037) cohorts.
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FIGURE 3

Develop and validate models through integrated machine learning. (A) A total of 67 prediction models were built using features from arterial phase
radiomics, and the AUC of each model was further computed on the training and validation datasets. (B) 84 predictive models built from venous
phase radiomics features. (C) 82 predictive models constructed based on radiomics features of arterial and venous phases. (D) Wayne diagram of the

number of models.

To determine the LN status of PDAC, we developed a nomogram
based on the combined model (Figure 6A). Supplementary Figure 2
displays the Nomo-scores of every individual in both the training and
validation groups. Supplementary Figure 3 shows the CECT images
and hematoxylin-eosin stained pictures with and without LN
metastasis. Nomogram calibration curves demonstrated favorable
calibration for training and validation groups (Figure 6B, C). The
Hosmer-Lemeshow test showed no significant difference between the
predicted calibration and ideal curves in the training (x> = 3.705,
P=0.883) and validation (> = 13.654, P=0.091) cohorts. This suggests
that the nomogram exhibited a good level of conformity in both the
cohorts. Figures 7A, B displays the DCA curves of the three models.
The combined model exhibited superior net benefit in accurately
identifying the LN status of PDAC in both the training and
validation populations.
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4 Discussion

PDAC has a heightened mortality rate and a dismal prognosis,
mostly attributed to the challenges associated with early identification
and the curative treatment modalities. In patients with PDAC,
pancreatectomy has the greatest likelihood of improving long-term
survival. LN status as an essential and independent prognostic
indicator has been demonstrated (18). However, there remains a
debate as to whether standard or extended LN dissection should be
included during pancreatectomy (19, 20). Therefore, it is essential to
accurately stage the LN before surgery in order to provide patients
with comprehensive counseling on surgical choices and prognosis.
The objective of this research was to construct and verify multiple ML
models using CECT to differentiate the LN status in PDAC. As the
combined model incorporated elements like CA199 levels and tumor
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Coefficients

Radiomics features selection. (A) The value (A) was chosen for the Lasso algorithm’s tuning parameter through 10-fold cross-validation. Two vertical
lines show the optimal values according to the minimum criterion and 1-SE criterion. The optimal A value of 0.0229 was chosen. (B) Profiles of Lasso
coefficients for 41 radiomics features. A vertical line was drawn at the value selected using 10-fold cross-validation, and a total of nine features with
non-zero coefficients were chosen. (C) Nine selected radiomics features and their coefficients.

size, it varied from the conventional single radiomics model. The
combined model demonstrated significant capability of
distinguishing LN metastasis in the training (AUC, 0.920) and
validation (AUC, 0.866) cohorts. To the best of our knowledge, this
is the first study to compare multiple ML algorithms to detect the LN
metastases in PDAC preoperatively.

CA199 is currently regarded as the most appropriate serum
marker for patients with resectable PDAC, as it is the only
prognostic biomarker approved by the Food and Drug
Administration (21). A study has provided evidence of the
clinical significance of the preoperative CA199 level as a
prognostic marker in patients with PDAC presenting with
metastases in the para-aortic LN (22). In our study, the CA199
level was validated as an independent risk factor of LN metastasis
for PDAC. We speculated that such results may be because CA199
is a particular biomarker that reflects the biological activity and that
the greater the CA199 level, the worse the patient’s prognosis (23).
A study found a positive association between the size of tumors and

TABLE 2 Clinical factors in the multivariate analysis.

o Coefficient Pvalue OR 95% ClI
Characteristics
of OR
CA199 0.001 0.043 1.001  (1.000, 1.003)
CA125 0.003 0.450 1003 (0.995, 1.011)
Tumor size 0321 0.010 1379 (1.079, 1.763)
Constant -1.930 0.001 0.145 -

OR, odds ratio.

Frontiers in Oncology

occurrence of LN metastases in endometrial carcinoma (24).
Similarly, our investigation has unveiled that the size of the
tumor serves as a noteworthy and independent predictor of the
occurrence of LN metastasis. However, clinical models consisting of
CA199 and tumor size have poor predictive ability for LN status
(AUC= 0.714 in training datasets; AUC = 0.657 in validation
datasets). Some studies suggested that patients with severe
obstructive jaundice may have elevated CA199, which can
mislead predictive results (25). It partially explains the poor
predictive efficacy of clinical models. The predictive value of
inflammatory indices in relation to the prognosis of individuals
diagnosed with PDAC has been shown in previous studies (26, 27).
However, our investigation could not confirm the association
between inflammatory indices and LN metastases. The differences
in the study population may explain the inconsistencies with
previous findings, and research with larger sample sizes or in
other populations is warranted in the future.

Although CT is the most commonly used method to evaluate
pancreatic cancer resectability, Imai et al. (28) indicated that low-
order data such as LN diameter and volume measured from CT
image cannot reflect obvious differences between patients with
pancreatic cancer with and without LN metastasis. This may
explain why visual assessment of CT scans has a low efficiency for
detecting LN metastases among patients with pancreatic cancer.
Radiomics, also referred to as a “whole-tumor virtual biopsy
technique,” enables the extraction of numerous image features
from the entire tumor, reflecting its heterogeneity and
characteristics (29). A biopsy examines only a portion of the
tumor tissue, which cannot comprehensively assess the intra-
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tumor heterogeneity before surgery (30). In contrast, radiomics can
non-invasively reflect comprehensive information about the entire
tumor. This approach has promise for enhancing diagnostic
capabilities and facilitating the development of personalized
treatment approaches (31). The data from radiomics contain first-
, second-, and higher-order features that can hardly be identified by
the naked eye (31). This data was used for predicting the LN status
of bladder, breast, and gastric, and esophageal cancers and were
suggested to have some advantages (32-35). Several studies in
recent years have used CECT radiomics analysis of primary
lesions to predict LN metastasis. PDAC tumors or peri-tumors
have been shown to have a high lymphatic vessel density (36, 37).
PDAC commonly infiltrates the LNs through the lymphatic system,
as opposed to direct or adjacent extension of the primary cancer
into the LN (38, 39). Accordingly, analyzing the image of the
primary tumor may be more effective than the image of LNs in
predicting LN metastasis. That is why ROIs were segmented into
tumor regions in this study. Some previous studies have used only
one VP radiomics feature to construct the models; however, our
study shows that AP radiomics feature is also important (12, 40, 41).
Some other studies have only considered AP images, which may
miss some useful information about the VP images (7, 42). Our

Frontiers in Oncology

findings suggest that AP and VP radiomics feature have comparable
performances in predicting the LN status. Besides, the predictive
performance of the AP+VP-Radscore constructed by combining AP
and VP features was higher than that of the model constructed by a
single phase. Thus, incorporating more CT phases may allow for the
development of more effective models. Shi et al. conducted a study
wherein they employed MRI radiomics to detect LN metastasis in
individuals with PDAC prior to surgery (43). However, it should be
noted that their study incorporated a limited number of clinical
factors. A previous study developed a radiomics-based strategy for
preoperative prediction of LN status in patients with resectable
PDAC. However, only the largest tumor strata were examined in
their investigation, and the sample comprised only 85 cases (41).
Most of these previous studies used only one algorithm, hence
limited conclusions can be drawn. Our study differed from previous
studies as we incorporated AP and VP of CT rather than one scan
phase. Multiple radiomics ML models were compared rather than
solely focusing on a single model. The integration of the clinical
variables and the AP+VP-Radscore in our combined model
demonstrated a high level of predictive capability, as evidenced by
an AUC of 0.866 in the validation cohort. This performance
surpassed that of both the single phase Radscore and clinical
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TABLE 3 Predictive performance of different models.
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model. Hence, the inclusion of clinical variables holds significance
and warrants consideration in the analysis of radiomics.

In this study, the predictive power of the combined AP and VP
features outperformed that of separate AP or VP model. The AP+VP-
Radscore in our study was calculated by six wavelet texture, two LoG
filtered texture, and one original features. Wavelet features have been
confirmed as useful indexes in predicting the tumor pathological
grade and histologic subtype (44, 45). According to our study, the
wavelet texture features took an important position in the LN
metastasis prediction model. By using the wavelet decomposition of
images at several scales, fine and coarse textures could be extracted to
depict the spatial heterogeneity within tumor regions (46). The
findings of this research align with those of other studies that
employed wavelet-based features in their radiomics models. A
previous research endeavor was initiated to construct a predictive
model to assess the preoperative LN status for intrahepatic
cholangiocarcinoma, which was constructed using wavelet features
exclusively (47). In another research aimed at evaluating the role of
radiomics in predicting LN status in intrahepatic cholangiocarcinoma,
it was observed that wavelet features constituted 79% of the features
incorporated into the model (48). Xiao et al. conducted research to
establish and validate a nomogram for the purpose of forecasting the
occurrence of LN metastasis in individuals with early-stage cervical
cancer. The constructed model encompassed a total of 23 features,
with 19 of these being wavelet features (49). We speculated that the
possible explanation for this phenomenon could be the potential
correlation between wavelet features and the infiltration of
malignancies into the lymphatic system. LoG filtering is a
sophisticated technique for picture filtering that integrates the
principles of Laplace and Gaussian filtering. The utilization of
Laplacian filtering in image processing can effectively emphasize
locations within the image that have undergone mutations in gray
level, hence enhancing the contrast in gray levels. The application of a
Gaussian operator can mitigate the noise introduced by the Laplace
operator (50, 51). LoG filtering can also be beneficial in detecting LN
metastases of PDAC based on the results of our study. Our results
show that GLSZM features are helpful in diagnosing metastatic LNs in
PDAC. A previous study used radiomics to predict LN metastasis in
individuals diagnosed with PDAC, and the model also included
GLSZM features (12). GLSZM features quantify gray level zones in
an image. The texture features based on GLSZM, which capture the
interplay of adjacent pixels, have demonstrated a superior ability to
quantify tumor texture and heterogeneity compared to features based
on histograms (52).

ML algorithms, including SVM, LDA, and LR, have been
extensively employed in the domain of clinical prediction and
classification tasks (53, 54). Multiple studies show that LR has
better performance than other ML algorithms (55-58). A meta-
analysis which compared the efficacy of multiple ML algorithms in
pregnancy care prognosis prediction indicated that LR models had
superior performance compared to non-LR models in trials with a
low risk of bias (57). Li et al. (58) employed stepwise selection using
LR as well as four ML techniques, including gradient boosting
machine, RF, XGBoost, and single-layer neural networks, in order
to construct predictive models for hip fractures. LR was found to be
best in terms of discrimination performance. ML has demonstrated
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high performance in tasks characterized by a significant signal-to-
noise ratio, such as identification of handwriting and video games.
Clinical predictive issues frequently exhibit one low signal-to-noise
ratio (59). LR is based on a sigmoid function and works best on
binary classification problems (60). Consequently, LR with
universality cannot be ignored in this study. To explore the best
algorithm for predicting PDAC LN status, we compared 233 models
and finally confirmed that the Lasso-Logistic regression model
constructed with AP+VP features outperformed other ML
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algorithms. This discovery implies that the efficacy of the model
is impacted by the characteristics of the algorithm and its
congruence with the study goals.

Our study had several limitations. First, it was only based on single-
center data. Although our study adopted cross-validation, it may not
avoid the overfitting risk. A large sample, multicenter study utilizing
multiple CT scanners is necessary to validate the accuracy and stability
of our combined model. Second, subgroup analysis based on sites of
LN metastases was not implemented. Third, we only evaluated the AP
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and VP images of CECT; combining the plain and delayed phases may
contain more information about tumor heterogeneity. Moreover, this
study did not employ dynamic radiomics features to quantify the
degree of variation between AP and VP, thereby overlooking the
temporal evolution of radiomics features. Dynamic radiomics
features should also be explored in future studies. Fourth, we used
the default parameter settings of ML algorithms instead of tuning the
parameters, which may have hindered the algorithm from achieving its
optimal performance. Finally, the image segmentation approach
utilized in this study relied on manual delineation. In the future,
automated segmentation techniques could be employed to enhance
consistency and efficiency.

In summary, of the 233 radiomics models examined, the model
built by applying AP+VP radiomics features and a combination of
Lasso-Logistic algorithm had the most favorable performance in
both the training and validation cohorts. Our investigation showed
that integrating the AP+VP-Radscore with clinical parameters
yielded the best performance. This combined model has the
potential to serve as an accurate and non-invasive instrument for
forecasting LN metastasis of PDAC, hence facilitating clinical
decision-making.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material, further inquiries can be
directed to the corresponding author/s.

Ethics statement

The studies involving humans were approved by the Ethics
Committee of First Affiliated Hospital of Fujian Medical University.
The studies were conducted in accordance with the local legislation
and institutional requirements. Written informed consent for
participation was not required from the participants or the
participants’ legal guardians/next of kin in accordance with the
national legislation and institutional requirements.

References

1. Park W, Chawla A, O'Reilly EM. Pancreatic cancer: A review. JAMA. (2021)
326:851-62. doi: 10.1001/jama.2021.13027

2. Suragul W, Rungsakulkij N, Vassanasiri W, Tangtawee P, Muangkaew P,
Mingphruedhi S, et al. Predictors of surgical site infection after
pancreaticoduodenectomy. BMC Gastroenterol. (2020) 20:201. doi: 10.1186/s12876-
020-01350-8

3. Mokdad AA, Minter RM, Zhu H, Augustine MM, Porembka MR, Wang SC, et al.
Neoadjuvant therapy followed by resection versus upfront resection for resectable
pancreatic cancer: A propensity score matched analysis. J Clin Oncol. (2017) 35:515-22.
doi: 10.1200/jc0.2016.68.5081

4. Tempero MA, Malafa MP, Al—Hawary M, Behrman SW, Benson AB, Cardin DB,
et al. Pancreatic adenocarcinoma, version 2.2021, NCCN clinical practice guidelines in
oncology. J Natl Compr Canc Netw. (2021) 19:439-57. doi: 10.6004/jnccn.2021.0017

5. Fang WH, Li XD, Zhu H, Miao F, Qian XH, Pan ZL, et al. Resectable pancreatic
ductal adenocarcinoma: association between preoperative CT texture features and

Frontiers in Oncology

12

10.3389/fonc.2024.1342317

Author contributions

YH: Conceptualization, Data curation, Investigation, Formal
analysis, Visualization, Writing - original draft. HZ: Data curation,
Formal analysis, Investigation, Visualization, Writing — original draft.
LC: Visualization, Writing - original draft. QD: Data curation,
Investigation, Writing — original draft. DC: Investigation, Writing —
original draft. GL: Investigation, Resources, Writing — original draft.
XZ: Conceptualization, Writing — original draft. QH: Investigation,
Writing - original draft. DZ: Writing - original draft. SW:
Conceptualization, Resources, Supervision, Writing — review & editing.

Funding

The author(s) declare that no financial support was received for
the research, authorship, and/or publication of this article.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2024.1342317/
full#supplementary-material

metastatic nodal involvement. Cancer Imaging. (2020) 20:17. doi: 10.1186/s40644-020-
0296-3

6. Swords DS, Firpo MA, Johnson KM, Boucher KM, Scaife CL, Mulvihill SJ.
Implications of inaccurate clinical nodal staging in pancreatic adenocarcinoma.
Surgery. (2017) 162:104-11. doi: 10.1016/j.surg.2016.12.029

7. Bian Y, Guo S, Jiang H, Gao S, Shao C, Cao K, et al. Radiomics nomogram for the
preoperative prediction of lymph node metastasis in pancreatic ductal
adenocarcinoma. Cancer Imaging. (2022) 22:4. doi: 10.1186/s40644-021-00443-1

8. Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG, Granton
P, et al. Radiomics: extracting more information from medical images using advanced
feature analysis. Eur ] Cancer. (2012) 48:441-6. doi: 10.1016/j.ejca.2011.11.036

9. Zhang T, Xiang Y, Wang H, Yun H, Liu Y, Wang X, et al. Radiomics combined
with multiple machine learning algorithms in differentiating pancreatic ductal
adenocarcinoma from pancreatic neuroendocrine tumor: more hands produce a
stronger flame. J Clin Med. (2022) 11:6789. doi: 10.3390/jcm11226789

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2024.1342317/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2024.1342317/full#supplementary-material
https://doi.org/10.1001/jama.2021.13027
https://doi.org/10.1186/s12876-020-01350-8
https://doi.org/10.1186/s12876-020-01350-8
https://doi.org/10.1200/jco.2016.68.5081
https://doi.org/10.6004/jnccn.2021.0017
https://doi.org/10.1186/s40644-020-0296-3
https://doi.org/10.1186/s40644-020-0296-3
https://doi.org/10.1016/j.surg.2016.12.029
https://doi.org/10.1186/s40644-021-00443-1
https://doi.org/10.1016/j.ejca.2011.11.036
https://doi.org/10.3390/jcm11226789
https://doi.org/10.3389/fonc.2024.1342317
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Huang et al.

10. Liao H, Li Y, Yang Y, Liu H, Zhang J, Liang H, et al. Comparison of multiple
radiomics models for identifying histological grade of pancreatic ductal
adenocarcinoma preoperatively based on multiphasic contrast-enhanced computed
tomography: A two-center study in southwest China. Diagnostics (Basel). (2022)
12:1915. doi: 10.3390/diagnostics12081915

11. Xu X, QuJ, Zhang Y, Qian X, Chen T, Liu Y. Development and validation of an
MRI-radiomics nomogram for the prognosis of pancreatic ductal adenocarcinoma.
Front Oncol. (2023) 13:1074445. doi: 10.3389/fonc.2023.1074445

12. LiK, Yao Q, Xiao ], Li M, Yang J, Hou W, et al. Contrast-enhanced CT radiomics
for predicting lymph node metastasis in pancreatic ductal adenocarcinoma: a pilot
study. Cancer Imaging. (2020) 20:12. doi: 10.1186/s40644-020-0288-3

13. Gao J, Han F, Jin Y, Wang X, Zhang J. A radiomics nomogram for the
preoperative prediction of lymph node metastasis in pancreatic ductal
adenocarcinoma. Front Oncol. (2020) 10:1654. doi: 10.3389/fonc.2020.01654

14. Lu Q, Zhou C, Zhang H, Liang L, Zhang Q, Chen X, et al. A multimodal model
fusing multiphase contrast-enhanced CT and clinical characteristics for predicting
lymph node metastases of pancreatic cancer. Phys Med Biol. (2022) 67:175002.
doi: 10.1088/1361-6560/ac858¢

15. Koo TK, Li MY. A guideline of selecting and reporting intraclass correlation
coefficients for reliability research. J Chiropr Med. (2016) 15:155-63. doi: 10.1016/
1.jem.2016.02.012

16. van Griethuysen JIM, Fedorov A, Parmar C, Hosny A, Aucoin N, Narayan V,
et al. Computational radiomics system to decode the radiographic phenotype. Cancer
Res. (2017) 77:e104-e7. doi: 10.1158/0008-5472.Can-17-0339

17. Hanley JA, McNeil BJ. The meaning and use of the area under a receiver
operating characteristic (ROC) curve. Radiology. (1982) 143:29-36. doi: 10.1148/
radiology.143.1.7063747

18. Akerberg D, Ansari D, Andersson R. Re-evaluation of classical prognostic factors
in resectable ductal adenocarcinoma of the pancreas. World | Gastroenterol. (2016)
22:6424-33. doi: 10.3748/wjg.v22.i28.6424

19. Michalski CW, Kleeff J, Wente MN, Diener MK, Biichler MW, Friess H.
Systematic review and meta-analysis of standard and extended lymphadenectomy in
pancreaticoduodenectomy for pancreatic cancer. Br J Surg. (2007) 94:265-73.
doi: 10.1002/bjs.5716

20. Igbal N, Lovegrove RE, Tilney HS, Abraham AT, Bhattacharya S, Tekkis PP, et al. A
comparison of pancreaticoduodenectomy with extended pancreaticoduodenectomy: a meta-
analysis of 1909 patients. Eur ] Surg Oncol. (2009) 35:79-86. doi: 10.1016/j.¢js0.2008.01.002

21. Martinez-Useros J, Garcia-Foncillas J. Can molecular biomarkers change the
paradigm of pancreatic cancer prognosis? BioMed Res Int. (2016) 2016:4873089.
doi: 10.1155/2016/4873089

22. Asaoka T, Miyamoto A, Maeda S, Hama N, Tsujie M, Tkeda M, et al. CA19-9
level determines therapeutic modality in pancreatic cancer patients with para-aortic
lymph node metastasis. Hepatobiliary Pancreat Dis Int. (2018) 17:75-80. doi: 10.1016/
j.hbpd.2018.01.004

23. Xu]J, Lyu S, Zhao Y, Zhang X, Liu Z, Zhao X, et al. Ratio of CA19-9 level to total
tumor volume as a prognostic predictor of pancreatic carcinoma after curative
resection. Technol Cancer Res Treat. (2022) 21:15330338221078438. doi: 10.1177/
15330338221078438

24. Ali M, Mumtaz M, Naqvi Z, Farooqui R, Shah SA. Assessing tumor size by MRI
and pathology in type I endometrial carcinoma to predict lymph node metastasis.
Cureus. (2022) 14:€23135. doi: 10.7759/cureus.23135

25. Tsen A, Barbara M, Rosenkranz L. Dilemma of elevated CA 19-9 in biliary
pathology. Pancreatology. (2018) 18:862-7. doi: 10.1016/j.pan.2018.09.004

26. Iwai N, Okuda T, Sakagami ], Harada T, Ohara T, Taniguchi M, et al. Neutrophil
to lymphocyte ratio predicts prognosis in unresectable pancreatic cancer. Sci Rep.
(2020) 10:18758. doi: 10.1038/s41598-020-75745-8

27. Li X, Lin H, Ouyang R, Yang Y, Peng J. Prognostic significance of the systemic
immune-inflammation index in pancreatic carcinoma patients: a meta-analysis. Biosci
Rep. (2021) 41:BSR20204401. doi: 10.1042/bsr20204401

28. Imai H, Doi R, Kanazawa H, Kamo N, Koizumi M, Masui T, et al. Preoperative
assessment of para-aortic lymph node metastasis in patients with pancreatic cancer. Int
J Clin Oncol. (2010) 15:294-300. doi: 10.1007/s10147-010-0066-5

29. LinN, Yu S, Lin M, Shi Y, Chen W, Xia Z, et al. A clinical-radiomics nomogram
based on the apparent diffusion coefficient (ADC) for individualized prediction of the
risk of early relapse in advanced sinonasal squamous cell carcinoma: A 2-year follow-
up study. Front Oncol. (2022) 12:870935. doi: 10.3389/fonc.2022.870935

30. Zhang L, Ge Y, Gao Q, Zhao F, Cheng T, Li H, et al. Machine learning-based
radiomics nomogram with dynamic contrast-enhanced MRI of the osteosarcoma for
evaluation of efficacy of neoadjuvant chemotherapy. Front Oncol. (2021) 11:758921.
doi: 10.3389/fonc.2021.758921

31. Gillies RJ, Kinahan PE, Hricak H. Radiomics: images are more than pictures,
they are data. Radiology. (2016) 278:563-77. doi: 10.1148/radiol.2015151169

32. Liu S, Chen X, Lin T. Lymphatic metastasis of bladder cancer: Molecular
mechanisms, diagnosis and targeted therapy. Cancer Lett. (2021) 505:13-23.
doi: 10.1016/j.canlet.2021.02.010

33. Calabrese A, Santucci D, Landi R, Beomonte Zobel B, Faiella E, de Felice C.
Radiomics MRI for lymph node status prediction in breast cancer patients: the state of
art. J Cancer Res Clin Oncol. (2021) 147:1587-97. doi: 10.1007/s00432-021-03606-6

Frontiers in Oncology

10.3389/fonc.2024.1342317

34. Ma D, Zhang Y, Shao X, Wu C, Wu J. PET/CT for predicting occult lymph node
metastasis in gastric cancer. Curr Oncol. (2022) 29:6523-39. doi: 10.3390/curroncol29090513

35. Xie CY, Pang CL, Chan B, Wong EY, Dou Q, Vardhanabhuti V. Machine
learning and radiomics applications in esophageal cancers using non-invasive imaging
methods-A critical review of literature. Cancers (Basel). (2021) 13:2469. doi: 10.3390/
cancers13102469

36. Wang Z, Wu J, Li G, Zhang X, Tong M, Wu Z, et al. Lymphangiogenesis and
biological behavior in pancreatic carcinoma and other pancreatic tumors. Mol Med
Rep. (2012) 5:959-63. doi: 10.3892/mmr.2012.745

37. Kurahara H, Takao S, Shinchi H, Maemura K, Mataki Y, Sakoda M, et al.
Significance of lymphangiogenesis in primary tumor and draining lymph nodes during
lymphatic metastasis of pancreatic head cancer. J Surg Oncol. (2010) 102:809-15.
doi: 10.1002/js0.21744

38. Buc E, Couvelard A, Kwiatkowski F, Dokmak S, Ruszniewski P, Hammel P, et al.
Adenocarcinoma of the pancreas: Does prognosis depend on mode of lymph node
invasion? Eur ] Surg Oncol. (2014) 40:1578-85. doi: 10.1016/j.¢j50.2014.04.012

39. Pai RK, Beck AH, Mitchem J, Linehan DC, Chang DT, Norton JA, et al. Pattern
of lymph node involvement and prognosis in pancreatic adenocarcinoma: direct lymph
node invasion has similar survival to node-negative disease. Am J Surg Pathol. (2011)
35:228-34. doi: 10.1097/PAS.0b013e318206¢37a

40. Liang X, Cai W, Liu X, Jin M, Ruan L, Yan S. A radiomics model that predicts
lymph node status in pancreatic cancer to guide clinical decision making: A
retrospective study. J Cancer. (2021) 12:6050-7. doi: 10.7150/jca.61101

41. LiuP, GuQ, HuX, Tan X, Liu J, Xie A, et al. Applying a radiomics-based strategy
to preoperatively predict lymph node metastasis in the resectable pancreatic ductal
adenocarcinoma. J Xray Sci Technol. (2020) 28:1113-21. doi: 10.3233/xst-200730

42. Bian Y, Guo S, Jiang H, Gao S, Shao C, Cao K, et al. Relationship between
radiomics and risk of lymph node metastasis in pancreatic ductal adenocarcinoma.
Pancreas. (2019) 48:1195-203. doi: 10.1097/mpa.0000000000001404

43. ShiL, Wang L, Wu C, Wei Y, Zhang Y, Chen J. Preoperative prediction of lymph
node metastasis of pancreatic ductal adenocarcinoma based on a radiomics nomogram
of dual-parametric MRI imaging. Front Oncol. (2022) 12:927077. doi: 10.3389/
fonc.2022.927077

44. Liang W, Yang P, Huang R, Xu L, Wang J, Liu W, et al. A combined nomogram
model to preoperatively predict histologic grade in pancreatic neuroendocrine tumors.
Clin Cancer Res. (2019) 25:584-94. doi: 10.1158/1078-0432.Ccr-18-1305

45. Wu W, Parmar C, Grossmann P, Quackenbush J, Lambin P, Bussink J, et al.
Exploratory study to identify radiomics classifiers for lung cancer histology. Front
Oncol. (2016) 6:71. doi: 10.3389/fonc.2016.00071

46. Kassner A, Thornhill RE. Texture analysis: a review of neurologic MR imaging
applications. AJNR Am ] Neuroradiol. (2010) 31:809-16. doi: 10.3174/ajnr.A2061

47. Xu L, Yang P, Liang W, Liu W, Wang W, Luo C, et al. A radiomics approach
based on support vector machine using MR images for preoperative lymph node status
evaluation in intrahepatic cholangiocarcinoma. Theranostics. (2019) 9:5374-85.
doi: 10.7150/thno.34149

48. Zhang S, Huang S, He W, Wei J, Huo L, Jia N, et al. Radiomics-based
preoperative prediction of lymph node metastasis in intrahepatic
cholangiocarcinoma using contrast-enhanced computed tomography. Ann Surg
Oncol. (2022) 29:6786-99. doi: 10.1245/s10434-022-12028-8

49. Xiao M, Ma F, Li Y, Li Y, Li M, Zhang G, et al. Multiparametric MRI-based
radiomics nomogram for predicting lymph node metastasis in early-stage cervical
cancer. ] Magn Reson Imaging. (2020) 52:885-96. doi: 10.1002/jmri.27101

50. Miles KA, Ganeshan B, Hayball MP. CT texture analysis using the filtration-
histogram method: what do the measurements mean? Cancer Imaging. (2013) 13:400—
6. doi: 10.1102/1470-7330.2013.9045

51. Shen Q, Shan Y, Hu Z, Chen W, Yang B, Han J, et al. Quantitative parameters of CT
texture analysis as potential markersfor early prediction of spontaneous intracranial
hemorrhage enlargement. Eur Radiol. (2018) 28:4389-96. doi: 10.1007/s00330-018-5364-8

52. Shin ], Lim JS, Huh YM, Kim JH, Hyung WJ, Chung JJ, et al. A radiomics-based
model for predicting prognosis of locally advanced gastric cancer in the preoperative
setting. Sci Rep. (2021) 11:1879. doi: 10.1038/s41598-021-81408-z

53. Tanioka S, Yago T, Tanaka K, Ishida F, Kishimoto T, Tsuda K, et al. Machine
learning prediction of hematoma expansion in acute intracerebral hemorrhage. Sci Rep.
(2022) 12:12452. doi: 10.1038/s41598-022-15400-6

54. An Q, Rahman S, Zhou J, Kang JJ. A comprehensive review on machine learning
in healthcare industry: classification, restrictions, opportunities and challenges. Sensors
(Basel). (2023) 23:4178. doi: 10.3390/s23094178

55. Ye Y, Xiong Y, Zhou Q, Wu J, Li X, Xiao X. Comparison of machine learning
methods and conventional logistic regressions for predicting gestational diabetes using
routine clinical data: A retrospective cohort study. J Diabetes Res. (2020) 2020:4168340.
doi: 10.1155/2020/4168340

56. Luo XQ, Yan P, Zhang NY, Luo B, Wang M, Deng YH, et al. Machine learning for
early discrimination between transient and persistent acute kidney injury in critically ill
patients with sepsis. Sci Rep. (2021) 11:20269. doi: 10.1038/541598-021-99840-6

57. Sufriyana H, Husnayain A, Chen YL, Kuo CY, Singh O, Yeh TY, et al.
Comparison of multivariable logistic regression and other machine learning
algorithms for prognostic prediction studies in pregnancy care: systematic review
and meta-analysis. JMIR Med Inform. (2020) 8:e16503. doi: 10.2196/16503

frontiersin.org


https://doi.org/10.3390/diagnostics12081915
https://doi.org/10.3389/fonc.2023.1074445
https://doi.org/10.1186/s40644-020-0288-3
https://doi.org/10.3389/fonc.2020.01654
https://doi.org/10.1088/1361-6560/ac858e
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.1016/j.jcm.2016.02.012
https://doi.org/10.1158/0008-5472.Can-17-0339
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.1148/radiology.143.1.7063747
https://doi.org/10.3748/wjg.v22.i28.6424
https://doi.org/10.1002/bjs.5716
https://doi.org/10.1016/j.ejso.2008.01.002
https://doi.org/10.1155/2016/4873089
https://doi.org/10.1016/j.hbpd.2018.01.004
https://doi.org/10.1016/j.hbpd.2018.01.004
https://doi.org/10.1177/15330338221078438
https://doi.org/10.1177/15330338221078438
https://doi.org/10.7759/cureus.23135
https://doi.org/10.1016/j.pan.2018.09.004
https://doi.org/10.1038/s41598-020-75745-8
https://doi.org/10.1042/bsr20204401
https://doi.org/10.1007/s10147-010-0066-5
https://doi.org/10.3389/fonc.2022.870935
https://doi.org/10.3389/fonc.2021.758921
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1016/j.canlet.2021.02.010
https://doi.org/10.1007/s00432-021-03606-6
https://doi.org/10.3390/curroncol29090513
https://doi.org/10.3390/cancers13102469
https://doi.org/10.3390/cancers13102469
https://doi.org/10.3892/mmr.2012.745
https://doi.org/10.1002/jso.21744
https://doi.org/10.1016/j.ejso.2014.04.012
https://doi.org/10.1097/PAS.0b013e318206c37a
https://doi.org/10.7150/jca.61101
https://doi.org/10.3233/xst-200730
https://doi.org/10.1097/mpa.0000000000001404
https://doi.org/10.3389/fonc.2022.927077
https://doi.org/10.3389/fonc.2022.927077
https://doi.org/10.1158/1078-0432.Ccr-18-1305
https://doi.org/10.3389/fonc.2016.00071
https://doi.org/10.3174/ajnr.A2061
https://doi.org/10.7150/thno.34149
https://doi.org/10.1245/s10434-022-12028-8
https://doi.org/10.1002/jmri.27101
https://doi.org/10.1102/1470-7330.2013.9045
https://doi.org/10.1007/s00330-018-5364-8
https://doi.org/10.1038/s41598-021-81408-z
https://doi.org/10.1038/s41598-022-15400-6
https://doi.org/10.3390/s23094178
https://doi.org/10.1155/2020/4168340
https://doi.org/10.1038/s41598-021-99840-6
https://doi.org/10.2196/16503
https://doi.org/10.3389/fonc.2024.1342317
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Huang et al.

58. Li GH, Cheung CL, Tan KC, Kung AW, Kwok TC, Lau WC, et al. Development
and validation of sex-specific hip fracture prediction models using electronic health
records: a retrospective, population-based cohort study. EClinicalMedicine. (2023)
58:101876. doi: 10.1016/j.eclinm.2023.101876

59. Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel JY, Van Calster B.
A systematic review shows no performance benefit of machine learning over logistic

Frontiers in Oncology

14

10.3389/fonc.2024.1342317

regression for clinical prediction models. J Clin Epidemiol. (2019) 110:12-22.
doi: 10.1016/j.jclinepi.2019.02.004

60. Lemon SC, Roy J, Clark MA, Friedmann PD, Rakowski W. Classification and
regression tree analysis in public health: methodological review and comparison with
logistic regression. Ann Behav Med. (2003) 26:172-81. doi: 10.1207/
§15324796abm2603_02

frontiersin.org


https://doi.org/10.1016/j.eclinm.2023.101876
https://doi.org/10.1016/j.jclinepi.2019.02.004
https://doi.org/10.1207/s15324796abm2603_02
https://doi.org/10.1207/s15324796abm2603_02
https://doi.org/10.3389/fonc.2024.1342317
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Contrast-enhanced CT radiomics combined with multiple machine learning algorithms for preoperative identification of lymph node metastasis in pancreatic ductal adenocarcinoma
	1 Introduction
	2 Materials and methods
	2.1 Patients
	2.2 Clinicopathological characteristics
	2.3 CT image acquisition
	2.4 Tumor segmentation and feature extraction
	2.5 Feature selection and radiomics model building
	2.6 Construction of the clinical and combined model
	2.7 Model evaluation
	2.8 Statistical analysis

	3 Results
	3.1 Patient characteristics
	3.2 Inter- and intra-observer agreements
	3.3 Feature selection and radiomics model building
	3.4 Clinical model and combined model construction
	3.5 Model evaluation

	4 Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


