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Purpose

To evaluate the diagnostic performance of radiomics model based on fully automatic segmentation of pancreatic tumors from non-enhanced magnetic resonance imaging (MRI) for differentiating pancreatic adenosquamous carcinoma (PASC) from pancreatic ductal adenocarcinoma (PDAC).



Materials and methods

In this retrospective study, patients with surgically resected histopathologically confirmed PASC and PDAC who underwent MRI scans between January 2011 and December 2020 were included in the study. Multivariable logistic regression analysis was conducted to develop a clinical and radiomics model based on non-enhanced T1-weighted and T2-weighted images. The model performances were determined based on their discrimination and clinical utility. Kaplan-Meier and log-rank tests were used for survival analysis.



Results

A total of 510 consecutive patients including 387 patients (age: 61 ± 9 years; range: 28–86 years; 250 males) with PDAC and 123 patients (age: 62 ± 10 years; range: 36–84 years; 78 males) with PASC were included in the study. All patients were split into training (n=382) and validation (n=128) sets according to time. The radiomics model showed good discrimination in the validation (AUC, 0.87) set and outperformed the MRI model (validation set AUC, 0.80) and the ring-enhancement (validation set AUC, 0.74).



Conclusions

The radiomics model based on non-enhanced MRI outperformed the MRI model and ring-enhancement to differentiate PASC from PDAC; it can, thus, provide important information for decision-making towards precise management and treatment of PASC.
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Introduction

Pancreatic adenosquamous carcinoma (PASC) and pancreatic ductal adenocarcinoma (PDAC) are two subtypes of pancreatic cancer (PC). PASC is rarer than PDAC, which accounts for only 1–4% of exocrine pancreatic malignancies (1). Pathologically, PASC is defined as PC with more than 30% malignant squamous cell carcinoma mixed with ductal adenocarcinoma (2). Recently, several studies have reported that adding cisplatin or oxaliplatin to traditional chemotherapy improves the overall survival of patients with PASC (3–5). Furthermore, increasing evidence indicates the sensitive potential of immunotherapy on PASC (5–7). However, the identical symptoms, manifestation (8), and similar imaging characteristics to PDAC pose challenges to preoperative discrimination of PASC from PDAC. At the moment, endoscopic ultrasonography-guided fine−needle aspiration is the only preoperative tool enabling tissue acquisition. However, it is an invasive, operator−dependent procedure that is unavailable in many centers (9). Therefore, there is an urgent need to non-invasively discriminate between PASC and PDAC.

Computed tomography (CT) and magnetic resonance imaging (MRI) are widely used for PC diagnosis and preoperative evaluation (10). Previous studies showed that the discrimination of PASC from PDAC using conventional imaging characteristics is helpful (11–14), especially in the ring-enhancement [ring-like enhancement with a relatively hypo-vascular central area on contrast-enhanced images (11)]. However, ring-enhancement was not ideal as it had a sensitivity of only 65.2% (11). Recently, CT radiomics has been used for diagnosing PASC and has shown good discrimination with an AUC of 0.98 using enhanced CT (15) and 0.80 using unenhanced CT (16). However, to the best of our knowledge, MRI radiomics models have not been reported to differentiate PASC from PDAC preoperatively (17). Moreover, the segmentation of pancreatic tumors of CT scans needed manual delineation, which was not only a laborious task but also a difficult task to achieve because of unavoidable interobserver variability in a previous study (18).

Therefore, this study aimed to develop and validate a fully automatic radiomics model (i.e., automatic rather than manual segmentation) from non-enhanced MRI to differentiate PASC from PDAC.



Materials and methods


Patients

This retrospective study was approved by the Biomedical Research Ethics Committee of our institution, and the need to obtain informed consent from patients was waived. Data were collected on consecutive patients with histopathologically diagnosed PASC and PDAC between January 2011 and December 2020. A total of 544 patients diagnosed with PASC and PDAC met the inclusion criteria, which were (1): histopathologically confirmed PDAC and PASC and (2) having undergone enhanced MRI examination within 30 days of surgery. The exclusion criteria were as follows: (1) a history of squamous cell carcinoma in other organs and (2) having undergone neoadjuvant chemotherapy before imaging examination. The inclusion and exclusion criteria are presented in Figure 1. This study fundamentally followed the guidelines in the transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD) consensus (19). It should be noted that this study included the patients who all underwent enhanced MRI, because the performance of ring-enhancement was compared with the radiomics model.




Figure 1 | Flow chart illustrating patient selection process.





MR protocols

All patients in this study underwent contrast-enhanced MRI of the pancreas using a 3.0-T system (Signa HDxt MR750 3.0-T, GE Healthcare, Milwaukee, USA; Skyra 3.0-T, Siemens, Erlangen, Germany). All patients were positioned supine, with a phased-array receiver coil covering the upper abdomen. The breath-hold single-shot fast-spin echo cross-sectional T2W sequence (repetition time/echo time [TR/TE], 6316/87 ms; field of view [FOV], 360 × 420 mm2; matrix, 224 × 270; slice thickness, 5 mm; slice gap, 1 mm) and unenhanced cross-sectional T1-weighted(T1W) fat-suppressed sequence (TR/TE = 2.58/1.18 ms; FOV = 440 × 440 mm2; matrix = 224 × 270; slice thickness = 5 mm; no slice gap) were used. Dynamic contrast-enhanced images, including the arterial phase (15 s), pancreatic parenchymal phase (20 s), and portal venous phase (40 s) images, were obtained using a fat-suppressed sequence (volumetric interpolated breath-hold examination; TR/TE=3.0/1.3 ms; FOV = 440 × 440 mm2; slice thickness = 5 mm; matrix = 224 × 270) after intravenous injection of gadopentetate dimeglumine (Magnevist and Gadovist, Bayer Schering Pharma, Berlin, Germany). A contrast agent dose of 0.2 mL/kg was administered intravenously at a flow rate of 2 mL/s, followed by 20 mL of normal saline (to flush the tube).



Imaging analysis

Cross-sectional T1WI, T2WI and dynamic contrast-enhanced images were used for analysis. All images were analyzed by two abdominal radiologists (YB and QL, with 20 and 10 years of experience, respectively) blinded to the clinical and pathological details. Notably, the discordance between the two radiologists was resolved by consensus.

On the basis of a comprehensive literature research and our local experience on PASC and PDAC, the following characteristics were assessed (1): MRI-reported tumor size (the maximum cross-sectional diameter of the tumor (20)); (2) tumor location (head/uncinate or body/tail (21)); (3) pancreatitis (peripancreatic fluid (22)); (4) diameter of main pancreatic duct (MPD); (5) common bile duct (CBD) cutoff and dilation (> 10 mm (23)); (6) cyst (presence of pseudocysts and retention cysts with high signal intensity on T2-weighted (T2W) image (24)); (7) contour abnormality (bulging contours or loss of normal lobulation (25)); (8) parenchymal atrophy (anteroposterior body diameter less than 20 mm (23)); (9) MRI-reported lymph node (LN) metastasis (LN short-axis diameter > 10 mm (21)); and (10) ring-enhancement (26).



Tumor annotation and segmentation

The MRIs of all patients were loaded into three-dimensional (3D) Slicer version 4.8.1 (an open-source software; https://www.slicer.org/), and regions of interest were manually drawn slice-by-slice on T1WI and T2WI (QL). A senior radiologist (YB) delineated all patients. We trained an automatic tumor segmentation model in the training set. Then this automatic segmentation model was applied in the validation set. The mask of the automatic segmentations was compared with the mask delineated by the senior radiologist using dice similarity coefficients (DSCs) in the validation set.

Moreover, 50 randomly selected patients including 25 patients with PDAC and 25 patients with PASC were used for delineation studies of pancreatic tumors (QL and WBL) for interobserver and intraobserver DSCs. Specifically, delineation was conducted two weeks apart in the intraobserver study.

The segmentation network of pancreatic tumors using nnU-Net, a robust adaptive framework based on 2D U-Net and 3D U-Net, was used for pixel-level semantic segmentation of NII data. In addition, nnU-Net automatically generated network structures and hyperparameters according to the characteristics of the data. The input patch size was 64 × 192 × 192, with a batch size of two. A total of five downsampling operations was performed, which resulted in a feature map size of 2 × 6 × 6 in the bottleneck. The initial number of convolutional kernels was set to 32, which was doubled with each down-sampling to a maximum of 320. The number of kernels in the decoder mirrors was in the encoder. Leaky rectified linear units (leaky ReLUs) were used as the nonlinear activation functions. Instance normalization was used for the feature map normalization. The training objective was the sum of the dice and cross-entropy losses.

	

Where P is the predicted segmentation result, and T is the labeled segmentation result.

	

yi indicates the label value, and   indicates the predictive value

	

Loss operated in one class, which labels the pancreatic tumor. The nnU-Net used stochastic gradient descent with an initial learning rate of 0.01 and a Nesterov momentum of 0.99. Training runs were conducted for 1000 epochs, where one epoch was defined as 250 iterations. The learning rate decayed using a polynomial schedule. Subsequently, training patches were cropped from randomly selected training cases.

The network was fully trained using labeled MR images (382 for T1WI and T2WI). We tested the performance of the segmented network on the validation set (the same patients as the above-mentioned validation set). The nnU-Net is a free and open-source out-of-the-box segmentation tool, and the source code is publicly available on GitHub (https://github.com/MRCWirtz/nnUNet-1, accessed on April 12, 2022). The software requires only a set of annotated MRIs as input data and a mainstream computer with a powerful GPU.



Radiomics feature extraction


Feature extraction

A total of three preprocessing steps were applied to the MRIs before the feature extraction. First, the image was resampled to 0.625 mm × 0.625 mm × 1 mm spacing to eliminate differences in revolution and slice thickness. Second, the bias field was corrected to compensate for inhomogeneous artifacts across the MRI volume by using low-pass bias filtering. Finally, intensity standardization was used to align the MRI signal intensity distributions across all the patient sets.

Next, radiomics features were extracted using the open-source Python package PyRadiomics on python3.7 (version 3.0). First, the processed images were converted into various transformed images using different methods, comprising square roots, squares, logarithms, gradients, and wavelet filters. Subsequently, the features of the first-order statistics, gray-level co-occurrence matrix, gray-level run-length matrix, gray-level size zone matrix, gray-level dependence matrix, and neighboring gray-tone difference matrix were extracted from each of the transformed images.



Feature and model selection

The following three feature selection steps reduced overfitting: variance analysis, Spearman correlation analysis, and the least absolute shrinkage and selection operator (LASSO) logistic regression algorithm, as have been demonstrated in previous radiomic studies (27). The sequential Bonferroni correction method was applied to adjust the baseline significance level (α = 0.05) for multiple testing biases (28, 29). Finally, a radiomics score (rad-score) was calculated for each patient using a linear combination of selected features weighted by their respective coefficients. Figure 2 shows the flow diagram of this study.




Figure 2 | The workflow of the two models.






Statistical analysis

Normal distribution and variance homogeneity tests were performed for all the continuous variables. The Student’s t-test (normal distribution), Kruskal–Wallis H test (skewed distribution), and chi-square test (categorical variables) were used to compare the differences between the two groups. The interobserver DSCs between the automatic segmentation and manual delineation of tumors were reported. Interobserver agreement was quantified using the k statistic for categorical variables, which was graded as 0–0.20, poor agreement; 0.21–0.40, fair agreement; 0.41–0.60, moderate agreement; 0.61–0.80, good agreement; and 0.81–1.00, excellent agreement, and the intraclass correlation coefficient (ICC) for continuous variables, which was graded as 0–0.49, poor agreement; 0.50–0.75, moderate agreement; 0.76–0.90, good agreement; 0.91–1.00, excellent agreement. Deaths were defined as events, and deaths attributed to other causes were set as censored observations. Overall survival (OS) was calculated from the surgery date to the time of death or the end of the follow-up period.

Furthermore, univariate logistic regression analysis was used to select the significant clinical and radiomic characteristics (p< 0.05). A multivariable logistic regression analysis was conducted to develop a model for the differential diagnosis of PASC and PDAC, and a nomogram was constructed. We constructed a multivariable model using a stepwise regression method based on the Akaike information criterion to determine the best-fitting model (30). Subsequently, the discrimination of the model was evaluated using a receiver operating characteristic (ROC) curve, and the area under the ROC curve (AUC) was calculated concurrently. ROC curves were compared using the DeLong test. Additionally, the sensitivity, specificity and accuracy of the models were reported.

In this study, we developed two prediction models as follows: MRI and radiomics models. The MRI model was developed using conventional MRI characteristics, whereas the radiomics model was developed using conventional MRI characteristics and rad-score. The clinical usefulness of the models was tested using decision curve analysis (DCA) by quantifying the net benefit at different threshold probabilities. Finally, Kaplan–Meier estimates were applied to graph the survival curves and the log-rank test was used to analyze the differences between the predicted PASC group and the predicted PDAC group.

Statistical significance was defined as a two-tailed p-value< 0.05. All analyses were performed using the R software (version 3.3.3, R Foundation for Statistical Computing).




Results


Clinical and MRI characteristics

A tatal of 510 patinets were included in this study. Of the 510 included patients, 387 consecutive patients (age: 61 ± 9 years; range: 28–86 years; 250 males) had PDAC and 123 consecutive patients (age: 62 ± 10 years; range: 36–84 years; 78 males) had PASC. All patients were divided into training and validation sets according TRIPOD guidelines (19). The prediction model was developed on the training set of 382 consecutive patients (age: 61 ± 9.9 years; range: 28–85 years; 239 males), enrolled between January 2011 and February 2018. Thus, the validation set consisted of 128 consecutive patients (age: 60 ± 10 years; range: 35–83 years; 89 males), enrolled between March 2018 and December 2020. Interobserver agreements between two radiologists for MRI characteristics were excellent, and k statistic ranged from 0.91 to 0.93. The interobserver ICCs of MRI-reported tumor size were also good, ranging from 0.82 to 0.88. Significant differences were observed in tumor location, MRI-reported tumor size, CBD cutoff and dilation, diameter of MPD, and ring-enhancement in the training and validation sets. The BMI and MRI reported that LN status was significantly different in the training set. Table 1 presents the summary of patient characteristics.


Table 1 | Baseline characteristics of patients with PDAC and PASC.





Agreement between manual and automatic segmentation

The intraobserver and interobserver DSCs for manual segmentation were both moderate, ranging from 0.73 to 0.80 and 0.71 to 0.76, respectively, in the T1WI and T2WI sequences. Additionally, the DSCs between the manual segmentation and automatic segmentation were moderate, ranging from 0.77 to 0.81 in the two sequences for the validation set.



Radiomics analysis

We excluded radiomics features with non-significant differences between the groups or non-significant correlations between the two types of PC. Subsequently, the radiomics features were reduced to 328. Finally, the radiomics features were reduced to five by LASSO regression, and the LASSO formula was used to obtain the rad-score (Table 2). Figure 3 shows the LASSO results for optimal features.


Table 2 | The radiomics features selected by the least absolute shrinkage and selection operator logistic regression algorithm.






Figure 3 | Radiomics feature selection using the parametric method, the least absolute shrinkage and selection operator (LASSO). (A) Selection of the tuning parameter (λ) in the LASSO model via 10-fold cross-validation based on minimum criteria. Binomial deviances from the LASSO regression cross-validation procedure were plotted as a function of log(λ). The y-axis indicates binomial deviances. The lower x-axis indicates the log(λ). Numbers along the upper x-axis represent the average number of predictors. Red dots indicate the average deviance values for each model with a given λ, and vertical bars through the red dots show the upper and lower values of the deviances. The vertical black lines define the optimal values of λ, where the model provides its best fit for the data. The optimal λ value of 0.08 with log(λ) = -2.48 was selected. (B) LASSO coefficient profiles of the 328 features. The dotted vertical line was plotted at the selected value using 10-fold cross-validation. The five resulting features with nonzero coefficients are indicated in the plot. (C) The error-bar chart of the five radiomics features and radiomics score.





Performance of ring-enhancement

The AUC, sensitivity, specificity, and accuracy of the ring-enhancement were 0.80 (95% confidence interval [CI]: 0.74–0.85), 75.51%, 83.80%, and 81.68%, respectively, in the training set and 0.74 (95% CI: 0.62–0.86), 60.00%, 87.38%, and 82.03%, respectively in the validation set.



MRI model

Multivariable logistic regression analysis included MRI-reported tumor size, tumor location, diameter of MPD, and CBD cutoff and dilation. Consequently, MRI-reported tumor size (p< 0.001), diameter of MPD (p = 0.037), and CBD cutoff and dilation (p = 0.014) were selected for the MRI model (Table 3). In the MRI model, the AUC, sensitivity, specificity, and accuracy were 0.71 (95% CI: 0.65–0.77), 67.35%, 69.01%, and 68.59%, respectively, in the training set and 0.80 (95% CI: 0.70–0.89), 84.00%, 64.08%, and 67.97%, respectively, in the validation set.


Table 3 | Multivariable logistic regression model distinguishing PASC from PDAC.





Radiomics model

A total of 195 patients were accurately identified among 284 patients (69%, 195 of 284) in the PDAC group, whereas 88 patients (90%, 88 of 98) were accurately identified among 98 patients in the PASC group using the radiomics model in the training set (Figure 4A). In contrast, 87 patients were accurately predicted among 103 patients (84%, 87 of 103) in the PDAC group, and 20 patients (80%, 20 of 25) were accurately identified among 25 patients in the PASC group using the radiomics model in the validation set. (Figure 4B). The median follow-up duration was 18.7 months (IQR, 9.4–34.4 months) in the PDAC group and 13.7 months (IQR, 7.2–21.9 months) in the PASC group. During the observation period, 283 and 85 patients in the PDAC and 85 in the PASC groups died, respectively. A log-rank test revealed a longer survival duration in the predicted PDAC group than that in the predicted PASC group (training set: p = 0.018, validation set: p = 0.001) (Figure 4C, D).




Figure 4 | The classification and survival prediction of the radiomics model. (A) The mosaic plot of the training set. (B) The mosaic plot of the validation set. (C) The survival prediction of the radiomics model significantly shows longer survival for patients in the pancreatic ductal adenocarcinoma (PDAC) group than those in the pancreatic adenosquamous carcinoma (PASC) group in the training set. (D) The survival prediction of the radiomics model shows longer survival for patients in the PDAC group than those in the PASC group in the validation set significantly.



Furthermore, the multivariable logistic regression analysis included MRI-reported tumor size, tumor location, MPD diameter, CBD cutoff and dilation, and rad-score. Consequently, MRI-reported tumor size (p = 0.007), diameter of MPD (p = 0.035), CBD cutoff and dilation (p = 0.057), and rad-score (p< 0.0001) were selected for the radiomics model. In the radiomics model, the AUC, sensitivity, specificity, and accuracy were 0.86 (95% CI: 0.82–0.90), 89.80%, 68.66%, and 74.08% in the training set and 0.87 (95% CI: 0.79–0.96), 80.00%, 84.47%, and 83.59% in the validation set (Figure 4A, B). There was a significant difference in AUCs between the MRI model and radiomics model (p< 0.001) according to the DeLong test in the training and validation sets. The results of the two multivariable logistic regression models are shown in Table 3. Figure 5 shows the two cases using the two nomograms. The performances of all prediction models are shown in Table 4 and Figure 6A, B.




Figure 5 | The two models accurately differentiate pancreatic adenosquamous carcinoma (PASC) from PDAC. Case 1: a 69-year-old woman with pathologically confirmed pancreatic ductal adenocarcinoma (PDAC). (A) Axial T1W image shows a hypoattenuated mass with an MRI-reported tumor size of 27 mm located at the pancreatic head (white arrow). (B). Axial T2W image shows common bile duct (CBD) cutoff and dilation (white arrow). Case 2: a 54-year-old man with pathologically confirmed PASC. (C) Axial T1W image shows a hypoattenuated mass with an MRI-reported tumor size of 39 mm located at the pancreatic head (white arrow). (D). The axial T2W image shows the typical CBD (white arrow). (E) According to the MRI model, the prediction probabilities of PASC are 0.12 (red arrow) and 0.34 (blue arrow) in cases 1 and 2, respectively. (F) According to the radiomics model, the prediction probabilities of PASC are 0.09 (red arrow) and 0.75 (blue arrow) in cases 1 and 2, respectively.




Table 4 | The Performance of the Prediction Models.






Figure 6 | Receiver operating characteristic (ROC) and decision curve analysis (DCA) curves. (A) ROC curves in the training set. (B) ROC curves of the validation set. (C) The DCA curves of the training set. The y-axis represents the net benefit. The red line represents the radiomics model. The blue line represents the MRI model. The black line represents the hypothesis that all patients had pancreatic adenosquamous carcinoma (PASC). The gray line represents the hypothesis that all patients had pancreatic ductal adenocarcinoma (PDAC). The decision curves show that with a threshold probability between 0.05 and 0.81, using the radiomics model to predict PASC in the training set added more benefit than the treat-all-patients as a PDAC scheme or the treat-none as a PASC scheme. (D) The DCA curves show that with a threshold probability between 0.02 and 0.78, using the radiomics model to predict PASC in the validation set provided more benefits than the treat-all-patients as a PDAC scheme or the treat-none as a PASC scheme.





Clinical utility

The DCA showed that if the threshold probability were 0.05–0.81 and 0.02–0.78 in the training and the validation sets, respectively, using the radiomics model to distinguish PASC from PDAC was more beneficial than the treat-all-patients as a PASC scheme or the treat-all-patients as a PDAC scheme (Figure 6C, D).




Discussion

To our knowledge, this is the first study to combine conventional MRI characteristics and radiomic features using non-enhanced MRI to develop a prediction model for the discrimination of PASC from PDAC in patients with PC. Additionally, in the present study, the fully automatic segmentation of pancreatic tumors was more in line with real-world clinical application scenarios.

Previous studies have summarized the radiologic characteristics distinguishing PASC from PDAC, including ring-enhancement, exophytic tendency, ill-defined boundary, mild MPD dilatation, and large tumor size (11–13, 31). The most vital sign was the ring-enhancement, the diagnostic sensitivity, specificity for the diagnosis of PASC (65.2% and 89.6% respectively) (11). In this study, the diagnostic sensitivity, specificity of the ring-enhancement for the diagnosis of PASC were 75.51% and 83.80% for the training set, respectively, and 60.00% and 87.38% for the validation set, respectively. This result showed that the diagnostic performance of the ring-enhancement was not ideal. Furthermore, previous studies were based on contrast imaging, and the widespread use of gadolinium-based contrast agents has resulted in safety concerns, such as nephrogenic systemic fibrosis (32) and deposition and retention of gadolinium in the brain and other organs (33). Therefore, we only incorporated all the significant MRI characteristics from non-enhanced T1WI and T2WI to develop the MRI model. The MRI model yielded an AUC of 0.71 and 0.80 in the training and validation sets, respectively, indicating limited diagnostic efficiency. Given the limitations of diagnostic efficiency in differentiating PASC from PDAC, additional tools are required to solve this dilemma.

To improve diagnostic efficacy, we added radiomics signatures from non-enhanced T1WI and T2WI to the MRI model to develop the radiomics model. Radiomics, offering better disease characterization by extracting high-dimensional features beyond visual assessment (34), has been a promising method to evaluate the infiltration levels of CD8+ T-cells in patients with PDAC (35), the differential diagnosis of mass-forming pancreatitis from PDAC (36), and the grade of nonfunctioning pancreatic neuroendocrine tumors (37). Pathologically, the squamous component of PASC has been shown to express TP63, TP40, and CK5/6 and present with dense and eosinophilic cytoplasm, clear cell boundaries (38). Finally, five radiomics features from the gray-level size zone matrix (GLSZM) were selected for the radiomics model. As a second-order feature, GLSZM reflects the size and intensity of voxel clusters in a region of interest, which has proven useful when the main feature is heterogenous (35). The radiomics model outperformed the MRI model and yielded an AUC of 0.86 and 0.87 in the training and validation sets, respectively. Additionally, we observed that, in our radiomics model, the OS was significantly associated between the two types of patients predicted by the radiomics model. Therefore, the radiomics model improved the discrimination of PASC from PDAC, helping to improve clinical outcomes and predict the prognosis of patients.

Furthermore, the strength of this study was the fully automatic pipeline for pancreatic tumor segmentation using nnU-Net, which achieved a promising performance with satisfactory DSCs on T1WI and T2WI. Automatic segmentation of tumor has the potential to decrease interobserver and intraobserver inconsistencies and reduce the time taken for and labor involved in delineating tumors. In this study, the range of interobserver and intraobserver DSCs of the tumor were only between 0.71 and 0.80. These DSCs were lower than the DSCs of the tumor (DSCs, 0.77–0.81) between the automatic and manual segmentation, indicating that our automated segmentation model has a reproducibility similar to that of a radiologist. Finally, a fully automatic pipeline for pancreatic tumor segmentation is better suited to the real world than manual segmentation.


Limitations

Our study had some limitations. First, this was a retrospective and single-center study with potential for bias. Second, an independent external validation dataset for another center will be needed in future study. Third, although our study only included sequences from non-enhanced MRI, the diffusion-weighted imaging and apparent diffusion coefficient should be investigated in the future to improve our model. Lastly, the postoperative information in many cases was unavailable, leaving potential room for bias, because patients were often followed up by the local oncologists.




Conclusion

The radiomics model based on non-enhanced MRI outperformed the MRI model and ring-enhancement to differentiate PASC from PDAC and provided important decision-making information for precise management and treatment of PASC.



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 authors.



Ethics statement

The studies involving human participants were reviewed and approved by Biomedical Research Ethics Committee of our institution of Changhai Hospital. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.



Author contributions

Guarantors of the integrity of entire study: YB and CS. Study design or data acquisition or data analysis/interpretation: all authors. Manuscript drafting or manuscript revision: QL, XL and WL. Approval of final version of submitted manuscript: all authors. Literature research: JY, YC, MZ, FL and TW. Clinical studies: JL, XF and CS. Statistical analysis: YB. Manuscript editing: QL and XL. Supervision: YB and JPL All authors contributed to the article and approved the submitted version.



Funding

This work was supported in part by the National Science Foundation for Scientists of China This work was supported in part by the National Science Foundation for Scientists of China (81871352, 82171915, 82171930, 82202125 and 82271972), The Natural Science Foundation of Shanghai Science and Technology Innovation Action Plan (21ZR1478500, 21Y11910300), Clinical Research Plan of SHDC (SHDC2020CR4073, SHDC2022CRD028), and 234 Platform Discipline Consolidation Foundation Project (2019YPT001, 2020YPT001).



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.



References

1. Schawkat, K, Manning, MA, Glickman, JN, and Mortele, KJ. Pancreatic ductal adenocarcinoma and its variants: Pearls and perils. Radiographics (2020) 40(5):1219–39. doi: 10.1148/rg.2020190184

2. Luchini, C, Capelli, P, and Scarpa, A. Pancreatic ductal adenocarcinoma and its variants. Surg Pathol Clin (2016) 9(4):547–60. doi: 10.1016/j.path.2016.05.003

3. Wild, AT, Dholakia, AS, Fan, KY, Kumar, R, Moningi, S, Rosati, LM, et al. Efficacy of platinum chemotherapy agents in the adjuvant setting for adenosquamous carcinoma of the pancreas. J Gastrointest Oncol (2015) 6(2):115–25. doi: 10.3978/j.issn.2078-6891.2014.091

4. De Souza, AL, and Saif, MW. Platinum-based therapy in adenosquamous pancreatic cancer: Experience at two institutions. Jop (2014) 15(2):144–6. doi: 10.6092/1590-8577/2358

5. Lee, SM, and Sung, CO. PD-L1 expression and surgical outcomes of adenosquamous carcinoma of the pancreas in a single-centre study of 56 lesions. Pancreatology (2021) 21(5):920–7. doi: 10.1016/j.pan.2021.03.004

6. Silvestris, N, Brunetti, O, Pinto, R, Petriella, D, Argentiero, A, Fucci, L, et al. Immunological mutational signature in adenosquamous cancer of pancreas: an exploratory study of potentially therapeutic targets. Expert Opin Ther Targets (2018) 22(5):453–61. doi: 10.1080/14728222.2018.1456530

7. Tanigawa, M, Naito, Y, Akiba, J, Kawahara, A, Okabe, Y, Ishida, Y, et al. PD-L1 expression in pancreatic adenosquamous carcinoma: PD-L1 expression is limited to the squamous component. Pathol Res Pract (2018) 214(12):2069–74. doi: 10.1016/j.prp.2018.10.006

8. Boyd, CA, Benarroch-Gampel, J, Sheffield, KM, Cooksley, CD, and Riall, TS. 415 patients with adenosquamous carcinoma of the pancreas: a population-based analysis of prognosis and survival. J Surg Res (2012) 174(1):12–9. doi: 10.1016/j.jss.2011.06.015

9. Prasoppokakorn, T, Tiyarattanachai, T, Chaiteerakij, R, Decharatanachart, P, Mekaroonkamol, P, Ridtitid, W, et al. Application of artificial intelligence for diagnosis of pancreatic ductal adenocarcinoma by EUS: A systematic review and meta-analysis. Endosc Ultrasound (2022) 11(1):17–26. doi: 10.4103/eus-d-20-00219

10. 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(4):439–57. doi: 10.6004/jnccn.2021.0017

11. Imaoka, H, Shimizu, Y, Mizuno, N, Hara, K, Hijioka, S, Tajika, M, et al. Ring-enhancement pattern on contrast-enhanced CT predicts adenosquamous carcinoma of the pancreas: a matched case-control study. Pancreatology (2014) 14(3):221–6. doi: 10.1016/j.pan.2014.02.005

12. Schawkat, K, Tsai, LL, Jaramillo-Cardoso, A, Paez, SN, Moser, JA, Decicco, C, et al. Use of ring-enhancement and focal necrosis to differentiate pancreatic adenosquamous carcinoma from pancreatic ductal adenocarcinoma on CT and MRI. Clin Imaging (2021) 73:134–8. doi: 10.1016/j.clinimag.2020.11.041

13. Ding, Y, Zhou, J, Sun, H, He, D, Zeng, M, and Rao, S. Contrast-enhanced multiphasic CT and MRI findings of adenosquamous carcinoma of the pancreas. Clin Imaging (2013) 37(6):1054–60. doi: 10.1016/j.clinimag.2013.08.002

14. Toshima, F, Inoue, D, Yoshida, K, Yoneda, N, Minami, T, Kobayashi, S, et al. Adenosquamous carcinoma of pancreas: CT and MR imaging features in eight patients, with pathologic correlations and comparison with adenocarcinoma of pancreas. Abdom Radiol (NY) (2016) 41(3):508–20. doi: 10.1007/s00261-015-0616-4

15. Ren, S, Zhao, R, Cui, W, Qiu, W, Guo, K, Cao, Y, et al. Computed tomography-based radiomics signature for the preoperative differentiation of pancreatic adenosquamous carcinoma from pancreatic ductal adenocarcinoma. Front Oncol (2020) 10:1618. doi: 10.3389/fonc.2020.01618

16. Ren, S, Tang, HJ, Zhao, R, Duan, SF, Chen, R, and Wang, ZQ. Application of unenhanced computed tomography texture analysis to differentiate pancreatic adenosquamous carcinoma from pancreatic ductal adenocarcinoma. Curr Med Sci (2022) 42(1):217–25. doi: 10.1007/s11596-022-2535-2

17. Lee, ES, and Lee, JM. Imaging diagnosis of pancreatic cancer: a state-of-the-art review. World J Gastroenterol (2014) 20(24):7864–77. doi: 10.3748/wjg.v20.i24.7864

18. Krauze, AV, Zhuge, Y, Zhao, R, Tasci, E, and Camphausen, K. AI-Driven image analysis in central nervous system tumors-traditional machine learning, deep learning and hybrid models. J Biotechnol BioMed (2022) 5(1):1–19. doi: 10.26502/jbb.2642-91280046

19. Moons, KG, Altman, DG, Reitsma, JB, Ioannidis, JP, Macaskill, P, Steyerberg, EW, et al. Transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD): Explanation and elaboration. Ann Intern Med (2015) 162(1):W1–73. doi: 10.7326/M14-0698

20. Watanabe, H, Okada, M, Kaji, Y, Satouchi, M, Sato, Y, Yamabe, Y, et al. [New response evaluation criteria in solid tumours-revised RECIST guideline (version 1.1)]. Gan To Kagaku Ryoho (2009) 36(13):2495–501. doi: 10.1053/j.gastro.2013.11.004

21. Al-Hawary, MM, Francis, IR, Chari, ST, Fishman, EK, Hough, DM, Lu, DS, et al. Pancreatic ductal adenocarcinoma radiology reporting template: consensus statement of the society of abdominal radiology and the american pancreatic association. Gastroenterology (2014) 146(1):291–304.e1. doi: 10.1053/j.gastro.2013.11.004

22. Banks, PA, Bollen, TL, Dervenis, C, Gooszen, HG, Johnson, CD, Sarr, MG, et al. Classification of acute pancreatitis–2012: revision of the Atlanta classification and definitions by international consensus. Gut (2013) 62(1):102–11. doi: 10.1136/gutjnl-2012-302779

23. Zver, T, Calame, P, Koch, S, Aubry, S, Vuitton, L, and Delabrousse, E. Early prediction of acute biliary pancreatitis using clinical and abdominal CT features. Radiology (2022) 302(1):118–26. doi: 10.1148/radiol.2021210607

24. Youn, SY, Rha, SE, Jung, ES, and Lee, IS. Pancreas ductal adenocarcinoma with cystic features on cross-sectional imaging: radiologic-pathologic correlation. Diagn Interv Radiol (2018) 24(1):5–11. doi: 10.5152/dir.2018.17250

25. Yoon, SH, Lee, JM, Cho, JY, Lee, KB, Kim, JE, Moon, SK, et al. Small (≤ 20 mm) pancreatic adenocarcinomas: analysis of enhancement patterns and secondary signs with multiphasic multidetector CT. Radiology (2011) 259(2):442–52. doi: 10.1148/radiol.11101133

26. Jang, JY, Han, Y, Lee, H, Kim, SW, Kwon, W, Lee, KH, et al. Oncological benefits of neoadjuvant chemoradiation with gemcitabine versus upfront surgery in patients with borderline resectable pancreatic cancer: A prospective, randomized, open-label, multicenter phase 2/3 trial. Ann Surg (2018) 268(2):215–22. doi: 10.1097/sla.0000000000002705

27. Bian, Y, Zheng, Z, Fang, X, Jiang, H, Zhu, M, Yu, J, et al. Artificial intelligence to predict lymph node metastasis at CT in pancreatic ductal adenocarcinoma. Radiology (2023) 306(1):160–9. doi: 10.1148/radiol.220329

28. Chalkidou, A, O'Doherty, MJ, and Marsden, PK. False discovery rates in PET and CT studies with texture features: A systematic review. PloS One (2015) 10(5):e0124165. doi: 10.1371/journal.pone.0124165

29. Lubner, MG, Smith, AD, Sandrasegaran, K, Sahani, DV, and Pickhardt, PJ. CT texture analysis: Definitions, applications, biologic correlates, and challenges. Radiographics (2017) 37(5):1483–503. doi: 10.1148/rg.2017170056

30. Portet, S. A primer on model selection using the akaike information criterion. Infect Dis Model (2020) 5:111–28. doi: 10.1016/j.idm.2019.12.010

31. Feng, YF, Chen, JY, Chen, HY, Wang, TG, Shi, D, Lu, YF, et al. 110 patients with adenosquamous carcinomas of the pancreas (PASC): imaging differentiation of small (≤ 3 cm) versus large (> 3 cm) tumors. Abdom Radiol (NY) (2019) 44(7):2466–73. doi: 10.1007/s00261-019-01989-2

32. Lunyera, J, Mohottige, D, Alexopoulos, AS, Campbell, H, Cameron, CB, Sagalla, N, et al. Risk for nephrogenic systemic fibrosis after exposure to newer gadolinium agents: A systematic review. Ann Intern Med (2020) 173(2):110–9. doi: 10.7326/m20-0299

33. Mathur, M, Jones, JR, and Weinreb, JC. Gadolinium deposition and nephrogenic systemic fibrosis: A radiologist's primer. Radiographics (2020) 40(1):153–62. doi: 10.1148/rg.2020190110

34. Lambin, P, Leijenaar, RTH, Deist, TM, Peerlings, J, de Jong, EEC, van Timmeren, J, et al. Radiomics: The bridge between medical imaging and personalized medicine. Nat Rev Clin Oncol (2017) 14(12):749–62. doi: 10.1038/nrclinonc.2017.141

35. Li, J, Shi, Z, Liu, F, Fang, X, Cao, K, Meng, Y, et al. XGBoost classifier based on computed tomography radiomics for prediction of tumor-infiltrating CD8(+) T-cells in patients with pancreatic ductal adenocarcinoma. Front Oncol (2021) 11:671333. doi: 10.3389/fonc.2021.671333

36. Ren, S, Zhang, J, Chen, J, Cui, W, Zhao, R, Qiu, W, et al. Evaluation of texture analysis for the differential diagnosis of mass-forming pancreatitis from pancreatic ductal adenocarcinoma on contrast-enhanced CT images. Front Oncol (2019) 9:1171. doi: 10.3389/fonc.2019.01171

37. Bian, Y, Jiang, H, Ma, C, Wang, L, Zheng, J, Jin, G, et al. CT-based radiomics score for distinguishing between grade 1 and grade 2 nonfunctioning pancreatic neuroendocrine tumors. AJR Am J Roentgenol (2020) 215(4):852–63. doi: 10.2214/ajr.19.22123

38. Zhang, W, Zhang, J, Liang, X, and Ding, J. Research advances and treatment perspectives of pancreatic adenosquamous carcinoma. Cell Oncol (Dordr) (2022). doi: 10.1007/s13402-022-00732-2


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.

Copyright © 2023 Li, Li, Liu, Yu, Chen, Zhu, Li, Liu, Wang, Fang, Li, Lu, Shao and Bian. 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.


OEBPS/Images/fonc-13-1108545-g004.jpg
°
°
I=3
E
@
L
€
L2
©
]
o

n.censor

Training set

31%
S
®
e
3
8
E)
s
3
g
o
Actual classification
Training set
1.00
075
0.50
025 p=0018
0.004
[) 20 40 60
Survial (month)
Number at risk
= | 205 109 40 2
=177 62 8 0
0 20 40 60
Survial (month)
Number of censoring
3
2 l 1
1
oL UL LR UL Y Ihllulll hlil [
0 20 40 60

Survial (month)

Prediction classification

Validation set

Survival probability

Radiomics model

n.censor

o
3

4
S
o

o
@
3

o
N
&

o
9
3

N

o

Actual classification

Validation set

W PASC
W PDAC

20 40 60
Survial (month)
Number at risk
49 15 2
8 1 0
20 40 60

Survial (month)

Number of censoring

RN

20

Survial (month)





OEBPS/Images/M2.jpg
2PAT)
Pl+|T|

Liw =





OEBPS/Images/fonc-13-1108545-g002.jpg
Al =
Patients confirmed by pathology utomated tumor segmentation

32x128x160x112

s 4

Prediction model

Ring-enhangced pattern

MRI model

Radiomics model

Points Folnts 0 20 4 & 80 100
o 10 20 30 40 50 60 70 80 920 100 Ye
Yes .
P —— | CBD cutoff and dilation -
No Dimeter of MPD __.A
f (V imeter o S
Dimeter of MPD
13 9 5 1
MRI-reported tumor size
4/\/,wv/\L”\¢/ﬁ\V/A\\V\\/ 80 40 0
MRI-reported tumor size S o
10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 Radomics score —
0.1197 A 2 1 U a
Total points i
20 40 60 80 100 120 140 160 180 Total points -~ 10 160, 80 500
Group Group
0.01 0.03 0.06 0.15 03 0.5 0.7 0.84 0.92 0.96 0.002  0.005 0.015 0.04 0.1 0.3 0.5 0.7 0.9 0.96 0.99
Training set Validation set Training set Validation set
2 2 - — P - — Fagomes ol
£ e B ot
b ‘.‘
e -
d |
1 &4 23 28
¥ 3
H H
B < | $s o
3 23 £3
7 b
H
o Auc o Auc o 3y
e “— Ring-enhancement pattern 0.80 (0.74-0.85) S <— Ring-enhancement pattern 0.74 (0.62-0.86)
N — Radioics model 0.8 (0.82-090) o —— Radiomics mocel 087 (0.79-096) 2 2 M
e B L N ¥ ]
o0 02 04 05 08 10 00 02 o4 05 08 10 00 0z o4 06 o8 10 G oz o4 a6 08 10
1 - Specificity 1 - Specificity High Risk Threshold High Risk Threshold

Do Do
Do Do





OEBPS/Images/fonc-13-1108545-g001.jpg
Archive data of patients who underwent
surgical resection and pathologically
confirmed pancreatic ductal
adenocarcinoma (PDAC) and pancreatic
adenosquamous carcinoma (PASC)
between January 2011 and December

2020
n=544

4 excluded:
(a) the patients had a history of squamous cell carcinoma in other organs (n = 4)

540 patients

30 excluded:
(a) patients had received any treatment (radiotherapy, chemotherapy or

chemoradiotherapy) before their imaging studies (n = 30)

510 patients

Training set
n =382

Validation set

n =128

Patients with PDAC | |Patients with PASC| |Patients with PDAC | |Patients with PASC





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Non-enhanced magnetic resonance imaging-based radiomics model for the differentiation of pancreatic adenosquamous carcinoma from pancreatic ductal adenocarcinoma

      

        		

          Purpose

        



        		

          Materials and methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Patients

          



          		

            MR protocols

          



          		

            Imaging analysis

          



          		

            Tumor annotation and segmentation

          



          		

            Radiomics feature extraction

          

            		

              Feature extraction

            



            		

              Feature and model selection

            



          



          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Clinical and MRI characteristics

          



          		

            Agreement between manual and automatic segmentation

          



          		

            Radiomics analysis

          



          		

            Performance of ring-enhancement

          



          		

            MRI model

          



          		

            Radiomics model

          



          		

            Clinical utility

          



        



        



        		

          Discussion

        

          		

            Limitations

          



        



        



        		

          Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc.2023.1108545_cover.jpg
, frontiers ‘ Frontiers in Oncology

Non-enhanced magnetic resonance
imaging-based radiomics model for
the differentiation of pancreatic
adenosquamous carcinoma from
pancreatic ductal adenocarcinoma





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-13-1108545-g006.jpg
1.0

0.8

o
o

0.0

Standardized Net Benefit

Traing set

/ AUC
~— Ring-enhancement pattern 0.80 (0.74-0.85)
— MRI model 0.71 (0.65-0.77)
— Radiomics model 0.86 (0.82-0.90)

0.0

T T T T T
0.2 04 0.6 0.8 1.0

1 - Specificity

— Radiomics model
— MRI model

Al
— None

0.0

T T T

T
0.2 0.4 06 0.8 1.0
High Risk Threshold

Sensitivity

0.4

Standardized Net Benefit

0.2

1.0

0.8

06

0.2

0.0

1.0

0.8

0.6

0.4

0.0

Validation set

AUC

~— Ring-enhancement pattern 0.74 (0.62-0.86)
— MRI model 0.80 (0.70-0.89)
— Radiomics model 0.87 (0.79-0.96)

T T T T
0.0 0.2 04 0.6

1 - Specificity

T T
0.8 1.0

— Radiomics model
— MRI model

Al
— None

0.0 0.2 0.4 0.6
High Risk Threshold

0.8 1.0






OEBPS/Images/table2.jpg
0.05

Radiomics fea

{215
log-sigma-4-0-mm-3D_glszm_GrayLevelNonUniformity (T1WI) ‘
log-sigma-4-0-mm-3D_glszm_SizeZoneNonUniformity (TIWI)

log-sigma-4-0-mm-3D_glszm_GrayLevelNonUniformity (T2WI) ‘

log-sigma-4-0-mm-3D_glszm_ZoneEntropy (TIWI)

0.39

Radiomics score =-1.28+ 0.10701* log-sigma-4-0-mm-3D_glszm_GrayLevelNonUniformity (T1WI)
+0.01 x log-sigma-4-0-mm-3D_glszm_SizeZoneNonUniformity (TTWI)

+0.30 x log-sigma-4-0-mm-3D_glszm_ZoneEntropy (TTWI)

+0.05 x log-sigma-4-0-mm-3D_glszm_GrayLevelNonUniformity (T2WI)

+0.39 x log-sigma-4-0-mm-3D_glszm_ZoneEntropy (T2WI)

log-sigma-4-0-mm-3D_glszm_ZoneEntropy (T2WI)





OEBPS/Images/table4.jpg
The ring-enhancement The MRI model The radiomics model

Performance

Training set Validation set Training set Validation set Training set Validation set
AuC 0.80(0.74,0.85) 0.74(0.62,0.86) 0.71(065,0.77) 0.80(0.70,0.89) 0.86(0.82,0.90) 0.87(0.79,0.96)
Sensitivity (%) ' 7551 60.00 67.35 84.00 89.80 80.00
Specificity (%) * 83.80 7 8738 69.01 64.08 68.66 8447
Accuracy (%) ' 81.67 82.03 68.59 67.97 74.08 8359

Performance is presented as the area under the receiver operating characteristic curve (AUC), with 95% Cls and sensitivity and specificity values according to the optimal selected cutoff.
*Data in parentheses are AUCs, with 95% Cls in brackets.

tData in parentheses are numbers of participants.





OEBPS/Images/table3.jpg
Variable

‘Tumor size, mm
Dimeter of MPD, mm
CBD cutoff and dilation

Rad-score

MRI model
OR (95% Cl) P value
1.04 (102, 1.06) <0.001
0.90 (0.81, 0.99) 0037
049 (0.28, 0.86) 0014
NA NA

Radiomics Model

OR (95% Cl)

0.96 (0.93,0.99)
0.89 (0.79, 0.99)
0.53 (027, 1.02)

12.04 (6.35, 22.80)

PDAC, pancreatic ductal adenocarcinoma; PASC, pancreatic adenosquamous carcinoma; MRI, magnetic resonance imaging; OR, odds ratio; MPD, main pancreatic duct; CBD, common bile duct; NA,

not available.





OEBPS/Images/M3.jpg





OEBPS/Images/fonc-13-1108545-g005.jpg
E

Points 8 - so—a-o—o - -
0 10 20 30 40 50 60 70 80 90 100 Points 0 20 40 60 80 100
Y
es ; : Ye:
CBD cutoff and dilation ° \ o o |o
CBD cutoff and dilation

7, g
Dimeter of MPD /,;_AM._,_O_\ Dimeter of MPD

13 9 5 1

i : i Z i MRI-reported tumor size —*—“4\‘——
80 40 0
MRI-reported tumor size
10

15 20 25 30 35 40 45 50 55 60 65 70 75 80 85

0.1197 Radomics score T > 5 -

Total points

Total points s

Group

0.01 0.03 0.06 0.15 0.3 0.5 0.7 0.84 0.92 0.96

Group 0.002 0.005 0.015 0.04 0.1 0.3 0.5 0.7 09 0.96 0.99





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-13-1108545-g003.jpg
Binomial Deviance

0.5

0.0

177

170 158 141

107 82 56 26 16 9

4 0 B 171 147 78 18

Coefficients
10 30
1 1

-10

-30
L

PDAC

log(Lambda)

PASC

-40

Log Lambda

M log-sigma-4-0-mm-3D_glszm_GrayLevelNonUniformity

B log-sigma-4-0-mm-3D_glszm_SizeZoneNonUniformity

(@ log-sigma-4-0-mm-3D_glszm_ZoneEntropy

[ log-sigma-4-0-mm-3D_glszm_GrayLevelNonUniformity

[@ log-sigma-4-0-mm-3D_glszm_HighGraylLevelZoneEmphasis
[ Radiomics score





OEBPS/Images/im1.jpg





OEBPS/Images/M1.jpg





OEBPS/Images/table1.jpg
Training set Validation set

Characteristics
PDAC (n=284) PASC (n=98) P value PDAC (n=103) PASC (n=25)

Sex, n (%) 0.94 0.85
Male 178 (62.68) 61 (62.24) 72 (69.90) 17 (68.00)
Female 106 (37.32) 37 (37.76) | 31 (30.09) 8 (32.00)
Age, years (mean=SD) 61.93+9.4 61.68+9.7 0.60 59.8249.54 63.2+£1041 0.92
BMI, kg/m2 (mean+SD) 22.85+2.87 22.65+3.49 0.03 23.0443.08 22.79+2.88 0.79
‘Tumor location, n (%) 0.001 < 0.001
Head and neck 187 (65.85) 46 (46.94) 81 (78.64) 10 (40.00)
Body and tail 97 (34.15) 52 (53.06) 22 (22.36) 15 (60.00)
MRI-reported tumor size, cm (mean+SD) 2.94+1.23 3.77+1.49 0.003 2.81+0.92 4.24%1.76 <0.001
Pancreatitis, n (%) 0.74 0.61
No 271 (95.42) 92 (93.88) 93 (90.29) 24 (96.00)
Yes 13 (4.58) 6(6.12) 10 (9.71) 1 (4.00)
Dimeter of MPD, cm (mean+SD) 0.47+0.28 0.37+0.26 0.006 0.52+0.28 0.34+0.21 0.047
CBD cutoff and dilation, n (%) . . < 0.001 0.006
No 157 (55.28) 77 (78.57) 47 (45.63) 19 (76.00)
Yes 127 (44.72) 21 (21.43) 56 (54.37) 6(24.00)
Cyst, n (%) 0.76 0.51
No 264 (92.96) 92 (93.88) 95 (92.23) 24 (96.00)
Yes 20 (7.04) 6(6.12) 8(7.77) 1 (4.00)
Contour abnormity, n (%) 0.32 0.95
No 50 (17.61) 13 (13.27) 17 (16.50) 4 (16.00)
Yes 234 (82.39) 85 (86.73) 86 (83.50) 21 (84.00)
Parenchymal atrophy, n (%) 040 0.099
No 128 (40.07) 49 (50.00) 47 (45.63) 16 (64.00)
Yes 156 (54.93) 49 (50.00) 56 (54.37) 9 (36.00)
MRI-reported LN status, n (%) 0.017 0.38
No 158 (55.63) 68 (69.39) 56 (54.37) 16 (64)
Yes 126 (44.37) 30 (30.61) 47 (45.63) 9 (36)
Ring-enhancement pattern <0.001 <0.001
No 238 (83.80) 24 (24.49) 90 (87.38) 10 (40.00)
Yes 46 (16.20) 74 (75.51) 13 (12.62) 15 (60.00)

PDAC, pancreatic ductal adenocarcinoma; PASC, pancreatic adenosquamous carcinoma; SD, standard deviation; BMI, body mass index; MPD, main pancreatic duct; CBD, common bile duct; LN,

lymph node.





