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Introduction

While lymph node metastasis (LNM) plays a critical role in determining treatment options for endometrial cancer (EC) patients, the existing preoperative methods for evaluating the lymph node state are not always satisfactory. This study aimed to develop and validate a nomogram based on intra- and peritumoral radiomics features and multiparameter magnetic resonance imaging (MRI) features to preoperatively predict LNM in EC patients.





Methods

Three hundred and seventy-four women with histologically confirmed EC were divided into training (n = 220), test (n = 94), and independent validation (n = 60) cohorts. Radiomic features were extracted from intra- and peritumoral regions via axial T2-weighted imaging (T2WI) and apparent diffusion coefficient (ADC) mapping. A radiomics model (annotated as the Radscore) was established using the selected features from different regions. The clinical parameters were statistically analyzed. A nomogram was developed by combining the Radscore and the most predictive clinical parameters. Decision curve analysis (DCA) and the net reclassification index (NRI) were used to assess the clinical benefit of using the nomogram.





Results

Nine radiomics features were ultimately selected from the intra- and peritumoral regions via ADC mapping and T2WI. The nomogram combining the Radscore, serum CA125 level, and tumor area ratio achieved the highest AUCs in the training, test and independent validation sets (nomogram vs. Radscore vs. clinical model: 0.878 vs. 0.850 vs. 0.674 (training), 0.877 vs. 0.838 vs. 0.668 (test), and 0.864 vs. 0.836 vs. 0.618 (independent validation)). The DCA and NRI results revealed the nomogram had greater diagnostic performance and net clinical benefits than the Radscore alone.





Conclusion

The combined intra- and peritumoral region multiparameter MRI radiomics nomogram showed good diagnostic performance and could be used to preoperatively predict LNM in patients with EC.
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1 Introduction

Endometrial cancer (EC) is the most common type of gynecological malignancy in developed countries (1). Detecting lymph node metastasis (LNM) before surgery can influence the staging of EC patients, helping to guide the surgical strategy and plan adjuvant treatment. Systematic lymphadenectomy is routinely recommended according to the International Federation of Gynecology and Obstetrics (FIGO), yet its use remains controversial, particularly for low-risk disease (2), as there has been no demonstrated improvement in disease-free survival or overall survival for early-stage EC patients, regardless of the use of lymphadenectomy (3). Moreover, performing lymphadenectomy without discrimination could result in unnecessary treatment and an increase in postoperative complications such as infections, vascular/nerve damage, chronic lymphedema, and lymphocysts (4). Sentinel lymph node (SLN) mapping has been recommended for the intraoperative evaluation of LNM (5). A prior study concluded that sentinel node mapping is comparable to lymphadenectomy in identifying patients with nodal disease (6). More importantly, there is greater accuracy in detecting low-volume metastases (micrometastases and isolated tumor cells) through SLN mapping (6–10). Nevertheless, SLN mapping requires skilled surgeons (11). To carry out this process effectively, one must have access to new technology, indocyanine green tracers, and follow the SLN algorithm (12, 13). Hence, it is crucial in clinical practice to develop a noninvasive and easy method that can reliably predict the LN status of EC patients prior to surgery. This information will aid in tailoring personalized treatment strategies.

Magnetic resonance imaging (MRI) is crucial for evaluating deep myometrial invasion (DMI) in EC, but its ability to detect LNM is inadequate, with a sensitivity of 36.0%–89.5% (14). Previous research has indicated that various tumor morphological factors, such as the tumor volume (TV), tumor size (maximum diameter of the tumor, TS), tumor area ratio (TAR), and maximum anteroposterior tumor diameter on sagittal T2-weighted images (T2WIs) (APsag), are correlated with EC risk stratification (15–19). The serum cancer antigen 125 (CA125) level is a useful biomarker for predicting LNM in EC patients before surgery (20). Recently, radiomics studies utilizing intratumoral features have demonstrated positive outcomes in predicting LNM before surgery (21–24). Multiple studies evaluating various types of tumors have demonstrated the significance of radiomics features from the peritumoral margin in accurately predicting LNM before surgery (25–27). Nevertheless, there is a lack of research on enhancing the diagnostic accuracy of the preoperative prediction of LNM in EC through the integration of various tumor regions. Therefore, in this study, we aimed to develop and validate an MR-based radiomic nomogram combining different imaging sequences (i.e., apparent diffusion coefficient (ADC) mapping and T2-weighted imaging (T2WI)), different tumor regions (combined intra- and peritumoral regions), and different parameters (CA125 level, tumor morphological features, and radiomic features) for predicting LNM in patients with EC.




2 Materials and methods



2.1 Patients

This retrospective study was approved by the local ethics committee, and informed consent was not required. A total of 461 patients with EC confirmed by postoperative histology from June 2015 to July 2022 who underwent preoperative MR examination were enrolled. The inclusion criteria were as follows: (1) confirmation of EC through pathology; and (2) presence of clinical and histopathological characteristic data, including age, serum CA125 level, tumor grade, depth of myometrial invasion (MI), and cervical stromal invasion. The exclusion criteria were as follows: (1) total hysterectomy not performed within 2 weeks after the MRI examination; (2) preoperative treatment with chemoradiation; (3) tumors too small to be visible on MRI; (4) images with obvious motion artifacts; (5) contraindications for MRI examination; (6) incomplete clinical data; and (7) EC occurring simultaneously with other malignant tumors. Eighty-seven patients were excluded Figure 1), and the remaining 374 patients were included (mean age: 54.3 ± 8.1 years). Surgical staging of all patients included total hysterectomy with bilateral salpingo-oophorectomy, and lymph node (LN) assessment included pelvic lymphadenectomy and accompanying paraaortic lymphadenectomy. Compared with endometrioid adenocarcinoma (EEA), non-EEA (including carcinosarcomas, mucinous carcinoma, serous carcinoma, clear cell carcinoma, mixed carcinoma, and undifferentiated carcinoma) has a greater malignancy rate and is more prone to LNM (28). Therefore, we grouped non-EEA patients in similar proportions into training, test, and independent validation cohorts on the basis of the proportion of non-EEA patients in the overall cohort (10.7%, 40/374) (Table 1). Furthermore, patients with different field strengths were evaluated, with those who underwent 1.5-T MR accounting for 62.3% of the total cohort. Therefore, in the independent validation cohort, a similar proportion (61.6%) was also used for the 1.5-T dataset. The steps for data segmentation were as follows. First, 60 patients (37 patients who underwent 1.5-T MR and 23 who underwent 3.0-T MR) were randomly selected as the independent validation group. The remaining 314 patients were randomly divided into a training cohort (n = 220) and a test cohort (n = 94) at a ratio of 7:3. All patients were recruited from a single center. Notably, the independent validation cohort was not involved in the model training and testing phases.




Figure 1 | Flow chart demonstrating how the study population was chosen and the exclusion criteria applied.




Table 1 | All patients’ clinical and tumor morphological parameters.






2.2 MRI protocol

The MRI scans were carried out via a 1.5-T (EXCELART Vantage™ powered by Atlas, Canon Medical Systems Corp., Tochigi, Japan) or 3.0-T (Siemens Magnetom Skyra, Erlangen, Germany) scanner, along with an 8-channel phased-array abdominal coil. To minimize artifacts resulting from intestinal motility, 20 mg of raceanisodamine hydrochloride (Hangzhou People’s Livelihood Pharmaceutical Co., Hangzhou, Zhejiang, China) was intravenously injected prior to scanning. All MRI sequences were obtained following a standard protocol (refer to Supplementary Table 1 for specifics). For diffusion-weighted imaging (DWI), b = 0 and 650 s/mm2 were used for the 1.5-T scanner, and b = 0 and 1000 s/mm2 were used for the 3.0-T scanner. The ADC maps were automatically reconstructed by the postprocessing workstation.




2.3 Image preprocessing, image segmentation, and radiomics feature selection

Image preprocessing was performed via a standard workflow (see the Supplementary Materials for details). Image segmentation was performed by two experienced radiologists (T.Z. and B.Y.). One month after the initial segmentation, 100 patients were randomly selected for tumor segmentation by another radiologist (Y.D.) for interreader reliability evaluation. The details of the lesion segmentation are shown in the Supplementary Materials. 3D Slicer software (version 4.10.2; https://download.slicer.org/) was used for the manual whole-tumor segmentation. Three volumes of interest (VOIs) were chosen (Figure 2) as follows: (1) intratumoral region—ROIs were delineated along the edge of the lesion slice-by-slice, including areas of hemorrhage and necrosis, and the normal anatomical structure was avoided; the ROIs were fused into a three-dimensional (3D) VOI; (2) peritumoral margin—according to the previous literature (29), the tumor contour was automatically expanded by 3 mm to generate dilated VOIs; when the dilated VOIs were beyond the scope of the uterus, they were manually corrected for their boundaries to be set to the uterus edge; when other lesions in the myometrium (like fibroids, adenomyosis, etc.) were involved in the dilated VOI, manual correction was used; the peritumoral region = dilated VOI - tumor VOI; and (3) combined intra- and peritumoral regions.




Figure 2 | The radiomic workflow included manual segmentation of 3D VOIs from intra- and peritumoral regions, extraction of radiomic features, feature selection through LASSO regression, model development using nomograms, and evaluation of diagnostic performance via receiver operating characteristic (ROC) curve analysis.



The preprocessing of images and extraction of features were carried out via Artificial Intelligence Kit (AK, Version 3.3.0, GE Healthcare) software. Radiomics features, comprising first-order, shape-based, and texture features, were obtained from each of the VOIs. The methodology for extracting the radiomics parameters is shown in Figure 2.




2.4 Tumor morphological parameter measurements

TS was defined as the maximum tumor diameter measured in three orthogonal planes: the transverse (x) and anteroposterior (y) diameters on oblique axial T2W images and the craniocaudal (z) diameter. APsag was measured on sagittal T2W images (Figures 3A, B). The whole-tumor volume on T2W images for the TV analysis was automatically calculated via 3D Slicer software. The TAR was calculated (the measurement method is detailed in the Supplementary Material) (Figures 3C, D) via the following equation from a previous study: TAR = (area of tumor/area of uterus) × 100% (18).




Figure 3 | Methods for measuring tumor morphology parameters. (A) Measurements of the tumor’s maximum transverse diameter (solid line, x) and anteroposterior diameter (dotted line, y) were taken on oblique axial T2W images. (B) On sagittal T2W images, the tumor’s maximum craniocaudal diameter (solid line, z) and maximum anteroposterior diameter were measured (dotted line, APsag). (C) The tumor border on the DW image (reverse image) is shown by the white solid line. (D) The uterine border on the axial T2W image is depicted by the white solid line.






2.5 Statistical analysis

The statistical analysis was conducted via the R language (version 4.2.0, https://www.r-project.org) and Python language (version 3.9, https://www.python.org). A binary classification model was developed to predict the LNM status as “LNM-positive” or “LNM-negative”. Clinical data were subjected to both univariate and multivariate logistic regression (LR) analyses for filtration. Radiomic features were evaluated via t tests, Fisher’s exact tests, chi-square tests and, when applicable, the Mann−Whitney U test. P <0.05 was considered to indicate statistical significance. Least absolute shrinkage and selection operator (LASSO) regression was used to identify the most important radiomic features. LR was utilized for training the prediction models and was employed to create a nomogram incorporating clinical and tumor morphological parameters along with the radiomics score (Radscore). The independent validation cohort was used only to evaluate model performance. The sample size was calculated according to the previous literature (30); the number of events per variable was 10 or greater in the setting of the multivariate LR model. Before the initiation of data modeling, radiomic features were subjected to standardization via the standard scalar method. To determine the consistency among readers in evaluating MR morphological and radiomics features, intraclass correlation coefficients (ICCs) were calculated, with an ICC value exceeding 0.8 suggesting nearly perfect agreement. The R codes used for modeling and data analysis are provided in the Supplementary Materials.

Approximately 70% of EC patients are diagnosed with stage I disease (31). The risk of LNM in EC patients with low-grade and superficial MI is 3–5%, whereas the risk of LNM in high-grade patients is approximately 16–22% (32–34). Therefore, the proportion of LNM in EC is relatively low. In this study, approximately 10.7% (40/374) of patients had LNM. To address the imbalance between LNM-positive and LNM-negative patients in our training cohort, we employed the synthetic minority oversampling technique (SMOTE) to generate synthetic samples in the minority (positive) class. SMOTE works by selecting two or more similar instances (using a distance measure) in the minority class and generating new instances that lie between these instances in the feature space (35, 36). The SMOTE has been applied in previous studies on LNM in EC (24, 37).

The performance of the prediction model was evaluated via receiver operating characteristic (ROC) curve analysis. The DeLong test was employed to assess whether the difference in the ROC curves between the two models was statistically significant. The calibration curve was assessed via the Hosmer−Lemeshow (HL) test, with a P value greater than 0.05 indicating satisfactory predictive performance. Decision curve analysis (DCA) was used to compare the net benefits of the clinical models and radiomics nomogram models, with all ROC curve cutoff values determined by the maximum Youden index. The areas under the curve (AUCs), accuracy (ACC), sensitivity (SEN), and specificity (SPE) were then calculated.





3 Results



3.1 Patient clinical characteristics and MRI findings

Table 1 summarizes the clinical and MRI morphological findings of the EC patients in the training, test, and independent validation cohorts. The 374 EC patients (1.5-T, n = 233; 3.0-T, n = 141) included 40 LNM-positive patients (40/374, 10.7%) and 334 LNM-negative patients. Forty non-EEA patients were included in this study (mixed carcinoma = 16, carcinosarcoma = 14, undifferentiated carcinoma = 4, serous carcinoma = 3, and clear cell carcinoma = 3) and were assigned to the training (24/220, 10.9%), test (9/94, 9.6%), and independent validation (7/60, 11.7%) cohorts in similar proportions.




3.2 Radiomics feature extraction, selection, and interreader reliability

From each VOI, 1036 features were extracted, including ADC_Intratumoral, ADC_Peritumoral, T2WI_Intratumoral, and T2WI_Peritumoral. After feature selection, 9 features remained and were selected for evaluating LNM status in EC (forming the Radscore, Table 2) (refer to the Supplementary Material for a breakdown of the feature extraction process). There was no significant difference in the features between the training and test sets (Table 3). After the sample imbalance was adjusted with the SMOTE, the training cohort included 120 LNM-positive patients and 196 LNM-negative patients (Figure 4).


Table 2 | Features forming the Radscore using the Logistic regression classifier.




Table 3 | Comparison of the Radiomics, clinical and morphological features in the training and test sets.






Figure 4 | SMOTE workflow. AUC, area under the curve; ACC, accuracy; SPE, specificity; SEN, sensitivity; NRI, net reclassification improvement; LNM, lymph node metastasis; SMOTE. synthetic minority oversampling technique.



All the morphological parameters and radiomics features showed excellent interreader reliability, with ICC values ranging from 0.908 to 0.997. This high level of agreement ensures the repeatability of the model for future clinical use. The details are shown in Supplementary Tables 4-6.




3.3 Clinical model development and performance

After univariate analysis, the CA125 level, tumor grade, TV, TS, APsag, and TAR were significantly different between LNM-positive and LNM-negative patients (all P < 0.05, Table 1). Among these features, the tumor grade is a postoperative pathological result that can be obtained through preoperative endometrial biopsy or diagnostic curettage. Multivariate binary LR analysis revealed that the TAR and CA125 level were independent predictors of LNM in patients with EC (all P < 0.05, Table 4). The AUCs of the clinical model for predicting LNM in the training, test, and independent validation cohorts were 0.674 (95% confidence interval [CI]: 0.587–0.763; SEN: 68.4%, SPE: 58.7%), 0.668 (95% CI: 0.636–0.741; SEN: 75.0%, SPE: 64.2%) and 0.618 (95% CI: 0.567–0.654; SEN: 54.6%, SPE: 70.0%), respectively.


Table 4 | Logistic regression analysis for predicting LNM positivity in patients with EC: the clinical model.






3.4 Radiomics model development and performance

The performance of ADC mapping and T2WI in distinguishing LNM-positive patients from LNM-negative patients is summarized in Supplementary Table 7. Interestingly, after applying LASSO regression with the peritumoral features from the ADC map, all feature coefficients decreased to zero. This implies that under the LASSO constraint, none of the features were identified as having substantial predictive power for the outcome. Therefore, ADC_Peritumoral features were excluded. Among the four radiomics models (ADC_Intratumoral, T2WI_Intratumoral, T2WI_Peritumoral, and T2WI_Intratumoral+Peritumoral), the combined intratumoral and peritumoral features from T2WI achieved the best prediction performance (AUC_training = 0.819; AUC_test = 0.771; and AUC_independent-validation = 0.772).

We combined the features of ADC mapping (intratumoral region) and T2WI (intra- and peritumoral regions) to construct the best prediction model (named hybrid-feature, Table 5), which showed the best classification performance (AUC_training = 0.850; AUC_test = 0.838; and AUC_independent-validation = 0.836). In this study, the Radscore consisted of 9 features from the hybrid-feature model.


Table 5 | Features from different imaging sequences and VOIs combined to predict LNM.






3.5 Diagnostic performance of the radiomic nomogram

The clinical model and the Radscore were combined, and a clinical–radiomics mixed model was constructed. The CA125 level, TAR, and Radscore were used to develop the nomogram in the training cohort (Figure 5A). The AUCs of the nomogram model for predicting LNM in the training (Figure 5B), test (Figure 5C) and independent validation (Figure 5D) cohorts were 0.878 (95% CI: 0.823–0.907; ACC: 81.0%, SEN: 84.0%, and SPE: 77.9%), 0.877 (95% CI: 0.831–0.914; ACC: 72.0%, SEN: 83.3%, and SPE: 71.0%) and 0.864 (95% CI: 0.815–0.901; ACC: 85.3%, SEN: 75.0%, and SPE: 86.0%), respectively. The formula was as follows:




Figure 5 | Explanation of the radiomics nomogram. (A) The nomogram of patients in the training cohort, which was developed by incorporating clinical (serum CA125 level) and morphological (TAR) features and the radiomics score (Radscore). According to this nomogram, the greater the risk is, the greater the likelihood that the patient will have LNM. (B) Comparison of ROC curves for different prediction models (n = 3) in differentiating LNM-positive and LNM-negative EC patients in the training cohort. The radiomics nomogram showed the highest AUC of 0.878 (95% CI, 0.823-0.907). In the test (C, AUC of 0.877, 95% CI: 0.831-0.914) and external validation (D, AUC of 0.864, 95% CI, 0.815-0.901) cohorts, the radiomics nomogram achieved the highest AUC.



	

The calibration curves, with HL scores of 0.481, 0.346 and 0.226 for the training, test, and independent validation cohorts, respectively, revealed that the nomogram was reasonably accurate in predicting LNM in EC patients (Figures 6A–C). The DeLong test yielded a p value of 0.03 when the radiomics model was compared with the nomogram and a p value of 0.01 when the clinical model was compared with the nomogram. These results indicate that the differences in outcomes between the nomogram and both the radiomics and clinical models are statistically significant. DCA indicated that the radiomics nomogram produced greater net benefit than the clinical model for predicting LNM in EC patients in the training (Figure 6D), test (Figure 6E), and independent validation cohorts (Figure 6F). The reclassification measures confirmed that the nomogram performed better than the radiomics and clinical models did, with a net reclassification index (NRI) of 0.208 (95% CI, 0.112–0.287) when the nomogram and radiomics model were compared and an NRI of 0.386 (95% CI, 0.264–0.482) when the nomogram and clinical model were compared.




Figure 6 | Graphs showing the calibration curves and decision curve analysis (DCA) results of the nomogram. (A–C) The calibration curves of the nomogram in the training (A), test (B), and external validation cohorts (C); (D–F) for DCAs; the net benefit is on the vertical axis; the threshold probability is on the horizontal axis; the gray line represents the assumption that all patients are classified as having LNM; the black line represents the assumption that none of the patients are classified as having LNM; the green line represents the clinical model; the red line represents the radiomics score; the blue line represents the nomogram; and the DCA of the nomogram in the training (D), test (E), and external validation cohorts (F). LNM, lymph node metastasis.







4 Discussion

In the present study, we developed and validated a brief radiomics nomogram for predicting LNM in patients with EC on the basis of the CA125 levels, TAR, and Radscore. This model showed good diagnostic performance (AUC_training = 0.878, AUC_test = 0.877, AUC_independent-validation = 0.864). Moreover, the features derived from distinct imaging sequences (i.e., T2WI and ADC mapping) and different VOIs (intratumoral, peritumoral, and combined regions) provided complementary information. Finally, a variety of field strength data were proportionally blended for the purpose of modeling and independent validation, thereby enhancing the real-world predictive capabilities of the models.

Radiomics uses automated and high-throughput feature extraction methods to transform images into feature data that can be mined. Currently, researchers have shown that intratumoral and peritumoral radiomics features in cancers such as lung, cervical, and breast cancers provide complementary information, which helps to improve LNM prediction model classification efficiency (38–40). In this study, the Radscore, which combines intra- and peritumoral features, achieved the best classification performance in predicting LNM (intratumoral region: AUC_ADC = 0.735, AUC_T2WI = 0.804; peritumoral region: AUC_T2WI = 0.770; and combined region: AUC = 0.850). This study revealed that the key features of the Radscore were wavelet transforms (WTs), which included histogram (skewness, kurtosis, and mean), texture (gray-level co-occurrence matrix (GLCM) and gray-level size zone matrix (GLSZM)) features. By utilizing the WTs, images are separated into high-frequency and low-frequency images for both intratumoral and peritumoral regions (41). The features calculated from the GLSZM offer insight into the heterogeneity of tumors, showing differences in the intensity and size of the homogeneous areas within regions (42). The GLCM is created by examining the connection between pairs of pixels and recording the occurrence of different gray-level combinations in an image or a region of interest. Compared with 2D ROIs, 3D VOIs have been shown to increase the specificity of GLCM features in identifying tumor components (43). Moreover, kurtosis and skewness are associated with high-risk histopathological features, such as lymphovascular space invasion (LVSI), DMI, and high-grade EC tumors in a previous study (44). Furthermore, the feature original_shape_LeastAxisLength was extracted from two image sequences (ADC mapping and T2WI) simultaneously, which has been repeatedly mentioned in a previous study of LNM classification in EC (37). Therefore, it is necessary to extract intra- and peritumoral radiomic features from ADC maps and T2W images to predict LNM in patients with EC.

In this study, the clinical model consisting of the CA125 level and TAR achieved moderate performance (AUC_training = 0.674, AUC_test = 0.668, and AUC_independent-validation = 0.618) in predicting LNM in patients with EC. To facilitate clinical application, we selected only tumor morphological parameters (i.e., TS, TV, TAR, and APsag) that can be obtained before surgery and are related to high-risk histopathological features (such as high-grade tumors, DMI, and LVSI) in EC (16–18, 45). After multivariate LR analysis, the CA125 level and TAR were found to be independent risk factors for predicting LNM in patients with EC. In previous studies, the CA125 level has been repeatedly mentioned as an independent risk factor for LNM in patients with EC (24, 46, 47). A previous study revealed that the TAR is closely related to DMI and high-grade tumors in patients with EC (18). To further improve the performance of the predictive model, we developed a nomogram that combines the clinical model and Radscore. The nomogram achieved good performance in predicting LNM, especially in the independent validation cohort (AUC = 0.864), proving that the model has high robustness. Moreover, due to the low rate of LNM positivity among our EC patients (40/374, 10.7%), the SMOTE was used to balance the dataset to improve the classification performance of the machine learning model. The model was further validated using a test set and an independent validation set, and the AUCs were 0.877 and 0.864, respectively, with no significant fluctuations. Additionally, DCAs and the reclassification measures of discrimination indicated that the radiomics nomograms achieved greater net benefit than did the clinical models in predicting LNM in patients with EC (NRI=0.386).

Previous studies have evaluated whether intratumoral radiomic features are useful for predicting LNM in patients with EC. Xu et al. (11) developed an MR-based radiomic nomogram (including the Radscore, LN size, and CA125 level) to predict LNM in normal-sized LNs, for which the AUCs were 0.892 and 0.883 in the training and test cohorts, respectively. Liu et al. (24) used an MR-based nomogram (including the Radscore, CA125 level, and MRI-reported MI) to predict LNM in patients with early-stage EC, and the AUCs in the training and test cohorts were 0.85 and 0.83, respectively. Our nomogram achieved similar predictive performance (AUC_training = 0.878, and AUC_test = 0.877) (11, 24). Compared with previous studies (11, 24), we established an independent validation cohort, and our nomogram achieved good predictive performance (AUC = 0.864), confirming that our model has good robustness. Second, we did not include information on MI depth, as, according to the previous literature, in some cases (such as when the junctional zone is unclear, when EC coexists with adenomyosis and/or uterine leiomyomas, or when the tumor is located in the area of the uterine cornua), it can be difficult to differentiate between superficial MI and DMI on the basis of MRI (48). Recently, Yan et al. (37) proposed radiologist-assisted MR radiomics for LNM in EC, which achieved good predictive performance (AUCs of 0.909 and 0.885 for validation sets 1 and 2, respectively). Interestingly, their study incorporated radiologists’ diagnoses of LNM, allowing some AI false-negative patients to be corrected in the final diagnosis. Although our AUCs did not exceed those of a previous study (37), grouping ECs with different histological subtypes in similar proportions to eliminate the impact of different histological subtypes on the results may be a potential strength.

This study has some potential advantages. (1) This study is the first to combine various tumor regions (combined intra- and peritumoral regions) and different parameters (clinical (CA125), tumor morphology (TAR), and radiomics features) to predict LNM in EC patients. The resulting model achieved good predictive performance and was validated across different field strengths. Tumor morphology characteristics are considered stable and do not change across scanners with different field strengths and manufacturers. Therefore, the radiomics nomogram, which combines the intra- and peritumoral features and incorporates both radiomics and morphological parameters, has better robustness and potential for clinical application. (2) Our prediction model will be beneficial for patients who are undergoing SLN mapping and who have negative pelvic LN on intraoperative frozen section analysis but may still require para-aortic lymphadenectomy. Previous studies have shown that the main obstacles in using SLN mapping are the detection rates and definition of para-aortic SLNs (49), as well as the risk of residual metastasis in non-SLNs (50). Consequently, our prediction model serves as a valuable complement to SLN mapping.

Our study has several limitations. First, no multicenter external validation was performed. Although we established separate validation cohorts to evaluate the robustness of the model, all the data were obtained from patients from a single center. A multicenter study of a larger dataset is needed to further validate the generalizability of our model. Second, this model included only the TAR and CA125 level; we did not investigate the LN size, which is an important criterion for MR to determine whether LNM is present. However, the sensitivity of the LN size in predicting LNM has been shown to be very poor (range, 36–89.5%) (14). If variables with very low sensitivity are included in an LR model, the implementation efficiency of the prediction model may be affected. Moreover, the influence of interreader variability on the LN size in MRI reports cannot be excluded. Therefore, we abandoned LN size measurements. Third, whole-tumor segmentation was manually performed instead of automatic/semiautomatic segmentation, which may be vulnerable to subjectivity and lead to inevitable bias despite our evaluation of interreader agreement. Fourth, including different pathological subtypes could have implications for predictive outcomes. EEA patients and non-EEA patients have different LNM risks. However, owing to the low incidence of LNM in EC, only 10.7% of patients in our study had LNM. Including only one subtype or stratifying by subtype could result in a small number of positive cases, which could affect the statistical performance of the radiomics model. Therefore, we decided not to use any specific pathological subtype as an inclusion criterion. As an alternative, we allocated EEA and non-EEA patients in similar proportions to the training, test, and validation cohorts to minimize the impact of different subtypes on our results. In the future, we plan to increase our sample size and develop predictive models specifically for each subtype to eliminate this confounding factor. Finally, this model is based solely on T2W and ADC images and does not consider contrast-enhanced T1W images. This could have potentially resulted in overlooking significant data. Despite these shortcomings, our study included an independent validation cohort, which decreased the risk of overfitting.

In conclusion, a combined intra- and peritumoral region multiparameter MRI radiomics nomogram was used to predict LNM in patients with EC. This model showed good diagnostic performance and may have potential clinical usefulness in the surgical treatment of EC patients. However, additional research is necessary to confirm its efficacy.





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 humans were approved by The Ethics Committee of Shaanxi Province Tumor Hospital. The studies were conducted in accordance with the local legislation and institutional requirements. The ethics committee/institutional review board waived the requirement of written informed consent for participation from the participants or the participants’ legal guardians/next of kin because this study is a retrospective one, which involved the magnetic resonance imaging data of patients.





Author contributions

BY: Conceptualization, Funding acquisition, Project administration, Resources, Writing – original draft, Investigation, Methodology. TZ: Investigation, Resources, Validation, Visualization, Writing – original draft. YD: Data curation, Formal analysis, Investigation, Methodology, Writing – original draft. YZ: Conceptualization, Project administration, Supervision, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This work was supported by the Department of Science and Technology of Shaanxi Province (no. 2024SF-YBXM-246, and no.2024SF-YBXM-257), Department of Science and Technology of Xi’an Government, (no. 24YXYJ0147), and Shaanxi Provincial Tumor Hospital (no. SC23B05).





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2024.1472892/full#supplementary-material




References

1. Henley, SJ, Ward, EM, Scott, S, Ma, JM, Anderson, RN, Firth, AU, et al. Annual report to the nation on the status of cancer, part I: National cancer statistics. Cancer. (2020) 126:2225–49. doi: 10.1002/cncr.32802

2. Makker, V, MacKay, H, Ray-Coquard, I, Levine, DA, Westin, SN, Aoki, D, et al. Endometrial cancer. Nat Rey Dis Primers. (2021) 7:788. doi: 10.1038/s41572-021-00324-8

3. Korkmaz, V, Meydanli, MM, Yalçın, I, Sarl, ME, Sahin, H, Kocaman, E, et al. Comparison of three different risk-stratification models for predicting lymph node involvement in endometrioid endometrial cancer clinically confined to the uterus. J Gynecol Oncol. (2017) 28:e78. doi: 10.3802/jgo.2017.28.e78

4. Cucinella, G, Di Donna, MC, Casarin, J, Schivardi, G, Multinu, F, Borsellino, L, et al. Lower limb lymphedema after surgical staging for endometrial cancer: Current insights and future directions. Taiwan J Obstet Gynecol. (2024) 63:500–5. doi: 10.1016/j.tjog.2024.04.008

5. Khoury-Collado, F, St Clair, C, and Abu-Rustum, NR. Sentinel lymph node mapping in endometrial cancer: an update. Oncologist. (2016) 21:461–6. doi: 10.1634/theoncologist.2015-0473

6. Bogani, G, Giannini, A, Vizza, E, Di Donato, V, and Raspagliesi, F. Sentinel node mapping in endometrial cancer. J Gynecol Oncol. (2024) 35:e29. doi: 10.3802/jgo.2024.35.e29

7. De Vitis, LA, Fumagalli, D, Schivardi, G, Capasso, I, Grcevich, L, Multinu, F, et al. Incidence of sentinel lymph node metastases in apparent early-stage endometrial cancer: a multicenter observational study. Int J Gynecol Cancer. (2024) 34:689–96. doi: 10.1136/ijgc-2023-005173

8. Cucinella, G, Schivardi, G, Zhou, XC, AlHilli, M, Wallace, S, Wohlmuth, C, et al. Prognostic value of isolated tumor cells in sentinel lymph nodes in low risk endometrial cancer: results from an international multi-institutional study. Int J Gynecol Cancer. (2024) 34:179–87. doi: 10.1136/ijgc-2023-005032

9. Dinoi, G, Ghoniem, K, Huang, Y, Zanfagnin, V, Cucinella, G, Langstraat, C, et al. Endometrial cancer with positive sentinel lymph nodes: pathologic characteristics of metastases as predictors of extent of lymphatic dissemination and prognosis. Int J Gynecol Cancer. (2024) 34:1172–82. doi: 10.1136/ijgc-2023-005181

10. Cuccu, I, Raspagliesi, F, Malzoni, M, Vizza, E, Papadia, A, Di Donato, V, et al. Sentinel node mapping in high-intermediate and high-risk endometrial cancer: Analysis of 5-year oncologic outcomes. Eur J Surg Oncol. (2024) 50:108018. doi: 10.1016/j.ejso.2024.108018

11. Xu, XJ, Li, HL, Wang, SW, Fang, MJ, Zhong, LZ, Fan, WW, et al. Multiplanar MRI-based predictive model for preoperative assessment of lymph node metastasis in endometrial cancer. Front Oncol. (2019) 9:1007. doi: 10.3389/fonc.2019.01007

12. Capasso, I, Cucinella, G, Volcheck, G, McGree, M, Fought, AJ, Chuzhyk, O, et al. Let go of the myth: safety of indocyanine green for sentinel lymph node mapping in endometrial cancer. Int J Gynecol Cancer. (2024) 34:80–7. doi: 10.1136/ijgc-2023-004918

13. Abu-Rustum, N, Yashar, C, Arend, R, Barber, E, Bradley, K, Brooks, R, et al. Uterine neoplasms, version 1.2023, NCCN clinical practice guidelines in oncology. J Natl Compr Canc Netw. (2023) 21:181–209. doi: 10.6004/jnccn.2023.0006

14. Nougaret, S, Lakhman, Y, Vargas, HA, Colombo, PE, Fujii, S, Reinhold, C, et al. From staging to prognostication: achievements and challenges of MR imaging in the assessment of endometrial cancer. Magn Reson Imaging Clin N Am. (2017) 25:611–33. doi: 10.1016/j.mric.2017.03.010

15. Yan, B, Li, ZH, Deng, Y, Ren, JL, Zhao, TT, Ding, CX, et al. A nomogram for preoperative risk stratification based on MRI morphological parameters in patients with endometrioid endometrial carcinoma. Eur J Radiol. (2023) 163:110789. doi: 10.1016/j.ejrad.2023.110789

16. Nougaret, S, Reinhold, C, Alsharif, SS, Addley, H, Arceneau, J, Molinari, N, et al. Endometrial cancer: combined MR volumetry and diffusion-weighted imaging for assessment of myometrial and lymphovascular invasion and tumor grade. Radiology. (2015) 276:797–808. doi: 10.1148/radiol.15141212

17. Bourgioti, C, Chatoupis, K, Tzavara, C, Antoniou, A, Rodolakis, A, and Moulopoulos, LA. Predictive ability of maximal tumor diameter on MRI for high-risk endometrial cancer. Abdom Radiol (NY). (2016) 41:2484–95. doi: 10.1007/s00261-016-0927-0

18. Yan, B, Liang, XF, Zhao, TT, Niu, C, Ding, CX, and Liu, WJ. Preoperative prediction of deep myometrial invasion and tumor grade for stage I endometrioid adenocarcinoma: a simple method of measurement on DWI. Eur Radiol. (2019) 29:838–48. doi: 10.1007/s00330-018-5653-2

19. Bereby-Kahane, M, Dautry, R, Matzner-Lober, E, Cornelis, F, Sebbag-Sfez, D, Place, V, et al. Prediction of tumor grade and lymphovascular space invasion in endometrial adenocarcinoma with MR imaging-based radiomic analysis. Diagn Interv Imaging. (2020) 101:401–11. doi: 10.1016/j.diii.2020.01.003

20. Shawn LyBarger, K, Miller, HA, and Frieboes, HB. CA125 as a predictor of endometrial cancer lymphovascular space invasion and lymph node metastasis for risk stratification in the preoperative setting. Sci Rep. (2022) 12:19783. doi: 10.1038/s41598-022-22026-1

21. Lu, W, Zhong, L, Dong, D, Fang, MJ, Dai, Q, Leng, SY, et al. Radiomic analysis for preoperative prediction of cervical lymph node metastasis in patients with papillary thyroid carcinoma. Eur J Radiol. (2019) 118:231–8. doi: 10.1016/j.ejrad.2019.07.018

22. Dong, Y, Feng, Q, Yang, W, Lu, ZX, Deng, CY, Zhang, L, et al. Preoperative prediction of sentinel lymph node metastasis in breast cancer based on radiomics of T2-weighted fat-suppression and diffusion-weighted MRI. Eur Radiol. (2018) 28:582–91. doi: 10.1007/s00330-017-5005-7

23. Shen, C, Liu, Z, Wang, Z, Guo, J, Zhang, HK, Wang, YS, et al. Building CT radiomics based nomogram for preoperative esophageal cancer patients lymph node metastasis prediction. Transl Oncol. (2018) 11:815–24. doi: 10.1016/j.tranon.2018.04.005

24. Liu, XF, Yan, BC, Li, Y, Ma, FH, and Qiang, JW. Radiomics nomogram in assisting lymphadenectomy decisions by predicting lymph node metastasis in early-stage endometrial cancer. Front Oncol. (2022) 12:894918. doi: 10.3389/fonc.2022.894918

25. Shi, J, Dong, Y, Jiang, W, Qin, FY, Wang, XY, Cui, LP, et al. MRI-based peritumoral radiomics analysis for preoperative prediction of lymph node metastasis in early-stage cervical cancer: A multi-center study. Magn Reson Imaging. (2022) 88:1–8. doi: 10.1016/j.mri.2021.12.008

26. Yang, Y, Chen, H, Ji, M, Wu, JZ, Chen, XS, Liu, FL, et al. A new radiomics approach combining the tumor and peri-tumor regions to predict lymph node metastasis and prognosis in gastric cancer. Gastroenterol Rep (Oxf). (2023) 7:goac080. doi: 10.1093/gastro/goac080

27. Ding, J, Chen, SL, Serrano Sosa, M, Cattell, R, Lei, L, Sun, JQ, et al. Optimizing the peritumoral region size in radiomics analysis for sentinel lymph node status prediction in breast cancer. Acad Radiol. (2022) 29 Suppl 1:S223–S228. doi: 10.1016/j.acra.2020.10.015

28. Li, Y, Cong, P, Wang, P, Peng, C, Liu, M, and Sun, G. Risk factors for pelvic lymph node metastasis in endometrial cancer. Arch Gynecol Obstet. (2019) 300:1007–13. doi: 10.1007/s00404-019-05276-9

29. Veeraraghavan, H, Friedman, CF, DeLair, DF, Nincevic, J, Himoto, Y, Bruni, SG, et al. Machine learning-based prediction of microsatellite instability and high tumor mutation burden from contrast-enhanced computed tomography in endometrial cancers. Sci Rep. (2020) 10:17769. doi: 10.1038/s41598-020-72475-9

30. Peduzzi, P, Concato, J, Kemper, E, Holford, TR, and Feinstein, AR. A simulation study of the number of events per variable in logistic regression analysis. J Clin Epidemiol. (1996) 49:1373–9. doi: 10.1016/s0895-4356(96)00236-3

31. Wang, Z, Zhang, S, Ma, Y, Li, W, Tian, J, and Liu, T. A nomogram prediction model for lymph node metastasis in endometrial cancer patients. BMC cancer. (2021) 21:748. doi: 10.1186/s12885-021-08466-4

32. Mariani, A, Webb, MJ, Keeney, GL, Haddock, MG, Calori, G, and Podratz, KC. Low-risk corpus cancer: is lymphadenectomy or radiotherapy necessary? Am J Obstet Gynecol. (2000) 182:1506–19. doi: 10.1067/mob.2000.107335

33. Mariani, A, Dowdy, SC, Cliby, WA, Gostout, BS, Jones, MB, Wilson, TO, et al. Prospective assessment of lymphatic dissemination in endometrial cancer: a paradigm shift in surgical staging. Gynecol Oncol. (2008) 109:11–8. doi: 10.1016/j.ygyno.2008.01.023

34. Turan, T, Hizli, D, Sarici, S, Boran, N, Gundogdu, B, Karadag, B, et al. Is it possible to predict para-aortic lymph node metastasis in endometrial cancer? Eur J Obstet Gynecol Reprod Biol. (2011) 158:274–9. doi: 10.1016/j.ejogrb.2011.04.031

35. Chawla, NV, Bowyer, KW, Hall, LO, and Kegelmeyer, WP. SMOTE: synthetic minority over-sampling technique. J Artif Intell Res. (2002) 16:321–57. https://arxiv.org/abs/1106.1813.

36. Fernandez, A, Garcia, S, Chawla, NV, and Herrera, F. SMOTE for learning from imbalanced data: progress and challenges, marking the 15-year anniversary. J Artif Intell Res. (2018) 61:863–905. https://www.jair.org/index.php/jair/article/view/11192.

37. Yan, BC, Li, Y, Ma, FH, Zhang, GF, Feng, F, Sun, MH, et al. Radiologists with MRI-based radiomics aids to predict the pelvic lymph node metastasis in endometrial cancer: a multicenter study. Eur Radiol. (2021) 31:411–22. doi: 10.1007/s00330-020-07099-8

38. Wang, X, Zhao, X, Li, Q, Xia, W, Peng, Z, Zhang, R, et al. Can peritumoral radiomics increase the efficiency of the prediction for lymph node metastasis in clinical stage T1 lung adenocarcinoma on CT? Eur Radiol. (2019) 29:6049–58. doi: 10.1007/s00330-019-06084-0

39. Zhang, Z, Wan, X, Lei, X, Wu, Y, Zhang, J, Ai, Y, et al. Intra- and peri-tumoral MRI radiomics features for preoperative lymph node metastasis prediction in early-stage cervical cancer. Insights Imaging. (2023) 14:65. doi: 10.1186/s13244-023-01405-w

40. Wang, Z, Zhang, H, Lin, F, Zhang, R, Ma, H, Shi, Y, et al. Intra- and peritumoral radiomics of contrast-enhanced mammography predicts axillary lymph node metastasis in patients with breast cancer: a multicenter study. Acad Radiol. (2023) Suppl 2:S133–42. doi: 10.1016/j.acra.2023.02.005

41. Zhou, J, Lu, J, Gao, C, Zeng, J, Zhou, C, Lai, X, et al. Predicting the response to neoadjuvant chemotherapy for breast cancer: wavelet transforming radiomics in MRI. BMC cancer. (2020) 20:100. doi: 10.1186/s12885-020-6523-2

42. Tixier, F, Hatt, M, Le Rest, CC, Le Pogam, A, Corcos, L, and Visvikis, D. Reproducibility of tumor uptake heterogeneity characterization through textural feature analysis in 18F-FDG PET. J Nucl Med. (2012) 53:693–700. doi: 10.2967/jnumed.111.099127

43. Mahmoud-Ghoneim, D, Toussaint, G, Constans, JM, and de Certaines, JD. Three dimensional texture analysis in MRI: a preliminary evaluation in gliomas. Magn Reson Imaging. (2003) 21:983–7. doi: 10.1016/s0730-725x(03)00201-7

44. Ueno, Y, Forghani, B, Forghani, R, Dohan, A, Zeng, XZ, Chamming's, F, et al. Endometrial carcinoma: MR imaging-based texture model for preoperative risk stratification-A preliminary analysis. Radiology. (2017) 284:748–57. doi: 10.1148/radiol.2017161950

45. Lavaud, P, Fedida, B, Canlorbe, G, Bendifallah, S, Darai, E, and Thomassin-Naggara, I. Preoperative MR imaging for ESMO-ESGO-ESTRO classification of endometrial cancer. Diagn Interv Imaging. (2018) 99:387–96. doi: 10.1016/j.diii.2018.01.010

46. Bo, J, Jia, H, Zhang, Y, Fu, B, Jiang, X, Chen, Y, et al. Preoperative prediction value of pelvic lymph node metastasis of endometrial cancer: combining of ADC value and radiomics features of the primary lesion and clinical parameters. J Oncol. (2022) 2022:3335048. doi: 10.1155/2022/3335048

47. Lei, H, Xu, S, Mao, X, Chen, X, Chen, Y, Sun, X, et al. Systemic immune-inflammatory index as a predictor of lymph node metastasis in endometrial cancer. J Inflammation Res. (2021) 14:7131–42. doi: 10.2147/JIR.S345790

48. Nougaret, S, Horta, M, Sala, E, Lakhman, Y, Thomassin-Naggara, I, Kido, A, et al. Endometrial cancer MRI staging: updated guidelines of the European Society of Urogenital Radiology. Eur Radiol. (2019) 29:792–805. doi: 10.1007/s00330-018-5515-y

49. Persson, J, Salehi, S, Bollino, M, Lonnerfors, C, Falconer, H, and Geppert, B. Pelvic sentinel lymph node detection in high-risk endometrial cancer (SHREC-trial)-the final step towards a paradigm shift in surgical staging. EurJ Cancer. (2019) 116:77–85. doi: 10.1016/j.ejca.2019.04.025

50. Zhai, L, Zhang, X, Cui, M, and Wang, J. Sentinel lymph node mapping in endometrial cancer: a comprehensive review. Front Oncol. (2021) 11:701758. doi: 10.3389/fonc.2021.701758




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 © 2024 Yan, Zhao, Deng and Zhang. 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-14-1472892-g002.jpg
MR Imageing

3D VOI

Feature Extraction

o o o o

Index into Color Map
o N M o0 @

0 500 1000 1500 2000 2500 3000 3500 4000
Image Intensity

1036 Features
First-Order: 18 GLDM: 14 NGTDM: 5

Shape: 14 GLRLM: 16 Lbp-3D: 186
GLCM: 24 GLSZM: 16 Wavelet: 743
Feature Selection

002

Coefficient

16 ) 10 - T 10 B 10
Lamda

original_shape LeastAxisLength(ADC_Intratumoral)
wavelet-HHL _firstorder Kurtosis(ADC _Intratumoral)
wavelet-LLH_firstorder Mean(ADC_Intratumoral)
original shape LeastAxisLength(T2 Intratumoral)
wavelet-HLH_firstorder Skewness(T2_Intratumoral)
wavelet-HLH glem Idmm(T2_Intratumoral)
wavelet-HLL firstorder Skewness(T2 Intratumoral)
original_glem Idmm(T2_Peritumoral)
wavelet-HLH glszm ZoneEntropy(T2_Peritumoral)

Nomogram

Nomogram
Points

CA125

Radscore
TAR [ = ® & %
Total Points

Risk O g e g

Training Sample Results

1.0

0.8|
Q
8
&
5 06|
=
=
wv
o
ot
Ué, 0.4
F
0.2
28" —— Clinical = 0.674
,', —— Radscore = 0.850
a —— Nomogram = 0.878
080 02 04 06 08

False Positive Rate

Model Performance Evaluation





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Preoperative prediction of lymph node metastasis in endometrial cancer patients via an intratumoral and peritumoral multiparameter MRI radiomics nomogram

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patients

          



          		

            2.2 MRI protocol

          



          		

            2.3 Image preprocessing, image segmentation, and radiomics feature selection

          



          		

            2.4 Tumor morphological parameter measurements

          



          		

            2.5 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Patient clinical characteristics and MRI findings

          



          		

            3.2 Radiomics feature extraction, selection, and interreader reliability

          



          		

            3.3 Clinical model development and performance

          



          		

            3.4 Radiomics model development and performance

          



          		

            3.5 Diagnostic performance of the radiomic nomogram

          



        



        



        		

          4 Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-14-1472892-g003.jpg





OEBPS/Images/fonc-14-1472892-g005.jpg
Nomogram

Points
0 20 40 60 80 100
CA125 g
0 400 800 1200 1600 2000
Radscore -
0 0.4 0.8
. ‘. ‘.  Q— 70Q rTrQ5—TTT 7T T T T T rTO T 7T v T 7T
TAR 0 20 60 80 100
Total Points
20 60 100 120 140
RISk 0.06 0.12 0.3 0.5 0.7 0.85 0.94 0.975 0.99
" Training Sample Results " Test Sample Results .o Independent Validation Sample Results
0.8 0.8 0.8
o 2 8
< <
~ ~ ~
0 00 o 06 o 0.6
2 2 g=
) o o
~
%‘ 0.4 eé 0.4 aé 04
= = =
0.2 0.2 0.2 =
rd —— Clinical = 0.674 —— Clinical = 0.668 — (Clinical =0.618
e —— Radscore = 0.850 —— Radscore = 0.838 ’ == Badssere=i0,836
”~ —— Nomogram = 0.878 — Nomogram = 0.877 " e
0g* 53 53 — 3 Ho 0.4’ 65 T — % To 9. 02 04 06 038 1.0

False Positive Rate

False Positive Rate

False Positive Rate





OEBPS/Images/table2.jpg
Imaging Region Feature

ADC mapping Intratumoral  original_shape_LeastAxisLength ~ 0.002

ADC mapping Intratumoral =~ wavelet- 0.031
HHL_firstorder_Kurtosis

ADC mapping Intratumoral = wavelet-LLH_firstorder_Mean 0.006

T2- Intratumoral = original_shape_LeastAxisLength =~ <0.001

weighted

imaging

T2- Intratumoral =~ wavelet- 0.002

weighted HLH_firstorder_Skewness

imaging

T2- Intratumoral =~ wavelet-HLH_glem_Idmn 0.029

weighted

imaging

T2- Intratumoral =~ wavelet- <0.001

weighted HLL_firstorder_Skewness

imaging

T2- Peritumoral original_glem_Idmn <0.001

weighted

imaging

T2- Peritumoral = wavelet- <0.001

weighted HLH_glszm_ZoneEntropy

imaging

The bold values indicates differences that are statistically significant. ADC, apparent
diffusion coefficient.





OEBPS/Images/table4.jpg
Parameters Univariate Multivariate

95%Cl p OR 95%Cl p

CA125 1.162 1.042- 0.007 | 1.111  1.008- 0.050
1.295 1235
Tumor grade 10.476 2.696- <0.001 | 3273  0.682- 0.138
40.698 15.706
Tumor volume 1.371 1.152- <0.001 | 1.061 = 0.818- 0.651
1.630 1.377
Tumor size 1.942 1.331- <0.001 | 0.833  0.385- 0.643
2.830 1.801
APsag 3.428 2.160- <0.001 | 1.787 0.717- 0.213
5.439 4.452
TAR 3.252 2.095- <0.001 | 2.056 1.104- 0.023
5.046 3.828

The bold values indicates differences that are statistically significant. CI, confidence interval;
OR, odds ratio; LNM, lymph node metastasis.





OEBPS/Images/fonc-14-1472892-g001.jpg
A total of 461 patients with EC confirmed by postoperative histology from June

2015 to July 2022 who underwent preoperative MR examination were enrolled.

Eighty-seven patients were exluded.

n = 31, total hysterectomy not performed within 2 weeks after
the MRI examination.

n = 13, tumors too small to be visible on MRI.
n =17, images with obvious motion artifacts.

n = 26, no preoperative CA-125 data was obtained.

The remaining 374 patients were included (mean age = 54.3 years;
range = 29-79 years).

Training cohort Test cohort Independent validation
n=220 n =94 cohort, n = 60
LNM(+) LNM(-)
n=7 n=353

f_%

LNM(+) LNM(-)
n =24 n=196






OEBPS/Images/table3.jpg
Features P value

CA125 0.361
TAR 0.445
original_shape_LeastAxisLength (ADC_Intratumoral) 0.563
wavelet-HHL_firstorder_Kurtosis (ADC_Intratumoral) 0.276
wavelet-LLH_firstorder_Mean (ADC_Intratumoral) 0.631
original_shape_LeastAxisLength (T2_Intratumoral) 0.438
wavelet-HLH_firstorder_Skewness (T2_Intratumoral) 0.383
wavelet-HLH_glem_Idmn (T2_Intratumoral) V 0.426
wavelet-HLL_firstorder_Skewness (T2_Intratumoral) | 0.503
original_glem_Idmn (T2_Peritumoral) 0.389

wavelet-HLH_glszm_ZoneEntropy (T2_Peritumoral) 0.438






OEBPS/Images/fonc.2024.1472892_cover.jpg
& frontiers | Frontiers in Oncology

Preoperative prediction of lymph node
metastasis in endometrial cancer patients
via an intratumoral and peritumoral
multiparameter MRI radiomics nomogram





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





OEBPS/Images/fonc-14-1472892-g004.jpg
374 patients were included in
this study

60 patients(Independent
Validation Cohort included
7 LNM-positive)

220 patients(Training Cohort
included 24 LNM-positive)

Training Cohort included
120 LNM-positive,
196 LNM-negative

94 patients(Testing Cohort
included 9 LNM-positive)

Radiomics Features (Radscore); AUC, ACC, SPE, SEN for
Clinical Feature (CA125); nomogram, radiomics, and
Morphological Feature (TAR) clinical model; NRI






OEBPS/Images/M1.jpg
Risk = ~1.68215933 - 0.025* TAR + 0.001 * CA125

+4.96239835 * Radscore





OEBPS/Images/table1.jpg
Training cohort (n = 220)

Test cohort (n = 94)

Independent-validation cohort (n

= 60)
Characteristic
NM(+) LNM(-) LNM(+) M(-) LNM(+) LNM(-)
(n = 24) (n = 196) (n=9) (n = 85) (n=7) (n = 53)
Age, years 540 £7.5 54.2 £ 8.0 0.861 55.1+£57 536 £7.6 59.1 £3.8 55.0 £ 10.0
CA125 (U/ml) 179.565 + 443.404 | 39.810 + 74.419  0.001 76.407 + 65.676 35.577 £ 55497 | 27.016 + 17.808 43.940 + 55.681
EEA 21 175 8 77 6 47
Non-EEA 3 21 1 8 1 6
‘ Histological grade
Grade 1 (G1) 14 3 7
I Grade 2 (G2) 13 136 4 51 3 31
Grade 3 (G3) 11 46 5 31 4 15
Low-grade (G1+G2) = 13 150 4 54 3 38
High-grade (G3) 11 46 5 31 4 15
MI
Superficial 2 145 1 57 1 35
Deep 22 51 8 28 6 18
Csl
| Yes 13 38 5 17 4 7
No 11 158 4 68 3 46
Tumor volume, cm® | 57.144 + 88.535 18.213 £ 61.593 = 0.000 83.937 +£ 120469 = 13932 £ 15.837 = 14.181 + 9.266 23.446 + 32.758
Tumor size, cm 5.893 + 3.151 4.174 +2.323 0.008 6.982 + 4.121 4.210 + 1.807 4.694 + 1.584 4471 + 2017
APsag, cm 3.633 +2.033 1.909 + 1.262 0.000 3.639 + 2.325 2.059 + 0.841 2.306 + 0.608 2.328 + 1.465
TAR, % 54211 £ 27.402 31.410 £ 18.999 = 0.000 49.478 + 17.740 35.808 + 18.229 = 52.550 + 20.444 35.088 + 18.491
FIGO
I 150 67 44
Ia 117 45 32
Ib 33 22 12
i 29 16 5
it 22 14 9 2 7 4
IIa 12 2 4
I b 1
I cl 16 5 6
I 2 6 1 4 1
v 2 3
Va 1 3
Vb 1

The bold values indicates differences that are statistically significant. LNM, lymph node metastasis; EEA, endometrioid adenocarcinoma; Non-EEA, nonendometrioid adenocarcinoma (including

mixed carcinoma, carcinosarcoma, undifferentiated carcinoma, serous carcinoma, and clear cell carcinoma); G1, well differentiated; G2, moderately differentiated; G3, poorly differentiated; low
grade, G1 and G2; high grade, G3; CA125 = cancer antigen 125; MI, myometrial invasion; CSI, cervical stromal invasion; APsag, maximum anteroposterior diameter on sagittal T2W imaging;
TAR, tumor area ratio; FIGO = International Federation of Obstetrics and Gynecology.
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Combined
Model

Independent validation cohort

Training cohort (n=220) Test cohort (n=94) (n 0)

AUC ACC SPE SEN AUC ACC SPE SEN AUC ACC  SPE
95% ClI % % % 95% Cl % % % 95% Cl % %

Model_1 0844 0.821 0811
(0.807- 742 737 74.7 (0.785- 747 754 66.7 (0.763- 787 786 80.0
0.886) 0.846) 0852)

Model_2 0786 0689 0702
(0.725- 69.7 69.7 69.7 (0.605- 68.0 727 533 (0.649- 59.0 597 50.0
0.822) 0.733) 0.732)

Model_3 0850 0838 0836
(0814- 785 732 83.8 (0.799- 720 710 833 (0.784- 72.1 714 80.0

0.891) 0.867) 0.876)

Model_1, ADC_Intratumoral+T2WI_Intratumoral; Model_2, ADC_Intratumoral+T2WI_Peritumoral; Model_3, hybrid-feature (ADC_Intratumoral+T2WI_Intratumoral
+T2WI_Peritumoral); AUC, area under the curve; CI, confidence interval; ACC, accuracy; SPE, specificitys SEN, sensitivity; VOL, volumes of interest; LNM, lymph node metastasis.





