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Background

Progression-free survival (PFS) prediction plays a pivotal role in developing personalized treatment strategies and ensuring favorable long-term outcomes in pediatric posterior mediastinal malignant tumors. This study developed and validated the first preoperative contrast-enhanced computed tomography (CT)-based radiomics nomogram to forecast PFS in posterior mediastinal malignancies patients. The aim was to provide a clinically applicable prognostic tool to stratify high-risk populations.





Methods

Medical data from 306 patients with posterior mediastinal malignancies were analyzed retrospectively and randomly divided into training (n = 215) and test sets (n = 91). The clinical model was built using conventional clinical data and CT signs. Selection of the radiomic features was performed using maximum relevance minimum redundancy and the least absolute shrinkage and selection operator. To overcome class imbalance, the synthetic minority over-sampling technique was used in the training set. Radiomics signature was derived using logistic regression algorithm, and we developed a nomogram by integrating the clinical model and the radiomics signature. The predictive efficiency of the nomogram was assessed using the area under the curve (AUC), brier score (BS), decision curve analysis, and calibration.





Results

The Ki-67 index and metastasis were identified as independent predictors, with the test set achieving an AUC of 0.82 (0.647–0.964) and a BS of 0.21 (0.181–0.239). Nineteen radiomics features most relevant to PFS were retained, with the logistic regression algorithm achieving an AUC of 0.77 (0.589–0.896) and a BS of 0.26 (0.215–0.292) in the test set. The radiomics nomogram demonstrated best predictive capability in the test set, achieving an AUC of 0.87 (0.733–0.968) and a BS of 0.22 (0.177–0.255), compared with remaining prediction models. Both calibration curves and decision curve analysis demonstrated good fit and clinical benefit.





Conclusions

Our contrast-enhanced CT-based radiomics nomogram may be a dependable, precise, and noninvasive prognostic tool to predict PFS in pediatric posterior mediastinal malignancies preoperatively.
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1 Introduction

Posterior mediastinal malignant tumors (PMMTs) constitute roughly 1/3 of all pediatric mediastinal masses (1, 2). PMMTs include various subtypes (3), with approximately 90% being neurogenic, and neuroblastoma (NB) is the most prevalent tumor (4, 5). At the time of first diagnosis, approximately 40% of children with PMMTs, due to their high heterogeneity, have locally advanced disease, or bone, bone marrow, or other metastases, which lead to a generally poor prognosis (6–8). Notably, children with intermediate- and high-risk NB have an unsatisfactory 5-year survival rate (9, 10). Accurate prediction of progression-free survival (PFS) for PMMTs could impact the choice to pursue intensive management. Currently, studies on NB suggest that the international NB staging system, namely involving age and pathological grading, can effectively predict 2-year PFS (11, 12). However, owing to the high heterogeneity of PMMTs, there is still a lack of unified standards and reliable prognostic biomarkers. Therefore, there is an urgent clinical need for an effective prognostic tool that integrates multiple factors influencing PFS.

Radiomics, an emerging field in medical imaging, presents a promising alternative to traditional visual inspection by radiologists (13–15). By analyzing extensive quantitative data from various types of medical imaging, radiomics accurately characterizes the heterogeneity and biological behavior of tumors (16, 17). Lately, radiomics has been widely applied to help with tumor diagnosis, distinguishing between different tumors, staging, tracking disease progression, and assessing treatment outcomes (18, 19). Radiomics has been used to forecast the overall survival of pediatric diffuse midline gliomas (20), and the PFS of NB patients (21) and the event-free survival of patients with hepatoblastoma (22). Furthermore, CT-based deep learning models have been very effective in identifying advanced-stage pulmonary tuberculosis in children (23) and differentiating pediatric non-Wilms tumors (24).

From the authors’ perspective, the implementation of radiomics in predicting PFS in patients with PMMTs remains limited and is not yet widely applied. Thus, our objective was to construct a radiomics nomogram using contrast-enhanced CT to predict PFS in pediatric patients with PMMTs preoperatively.




2 Materials and methods



2.1 Patients

Approval for this retrospective study was granted by our institutional ethical committee, and informed consent was not required. This study involved data for pediatric PMMT patients who were treated between February 2013 and December 2022. The inclusion criteria were as follows: 1) malignancies in the posterior mediastinum confirmed pathologically after surgery, 2) routine contrast-enhanced CT within 15 days prior to treatment, and 3) PMMTs in patients who were ≤ 18 years of age at diagnosis. Patients with PMMTs were excluded if their clinical or imaging data were incomplete. Ultimately, data for 306 patients with PMMTs were incorporated into this retrospective analysis. In a 7:3 proportion, all PMMTs were assigned to training (n = 215) and test sets (n = 91) randomly, in accordance with the Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) statement (25). The follow-up plan for postoperative pediatric patients was as follows: follow-up visits are scheduled at 1, 3, 6, 12, and 24 months post-surgery, primarily involving imaging examinations to monitor for tumor progression. The follow-up period ended on December 31, 2024. The procedure for radiomics in this study is depicted in Figure 1.




Figure 1 | The radiomics approach used in this study.






2.2 Collection of contrast-enhanced CT images

Preoperative standard CT images of PMMTs comprised precontrast, arterial, and venous phase images, which were collected using GE Discovery CT750 HD and GE Healthcare 64/16 slice spiral CT units (General Electric Company, Cincinnati, OH, USA). Imaging included the chest, with a 5-mm slice thickness and no interslice gap. The procedure involved instructing the patient to lie supine, followed by plain CT to determine the location of the lesion, and then contrast-enhanced CT. Contrast imaging included both arterial and venous phases. The contrast medium was iodixanol at 300 mgI/ml, administered in doses ranging from 1.1 to 1.6 ml/kg. Arterial phase images were acquired 15–18 seconds after the contrast injection, and venous phase images were obtained 45–55 seconds after injection.




2.3 Review of conventional CT Signs

Three radiologists, with 7, 10, and 12 years’ experience, independently evaluated all-phase CT images of the PMMTs, respectively. The radiologists had no access to the patients’ clinical data or pathological details. In instances of disagreement regarding conventional CT findings, the final decisions were made through discussion and consensus among the radiologists. The CT features were categorized as follows (Figure 2): 1) maximal diameter, 2) location, 3) heterogeneity, 4) margin (well-defined or ill-defined), 5) infiltration across the midline, 6) vascular wrapping, 7) pleural effusion, 8) calcification, 9) necrosis, 10) enhancement (uniform or nonuniform), and 11) metastasis. Features 2–11 were categorized retrospectively as either negative or positive. Researchers retrospectively collected clinical data, namely gender, age, Ki-67 index, pathological type, and information on complete resection.




Figure 2 | Review of conventional clinical data and CT signs. (A) Tumor with calcification (arrow); (B) Tumor with pleural effusion, infiltration across the midline and vascular wrapping (arrows); (C) Tumor with well-defined margins and heterogeneity (arrow); (D) Tumor with heterogeneity and nonuniform enhancement (arrow); (E) Tumor with necrosis (arrow); and (F) Tumor with maximal diameter = 4.3 cm (line).






2.4 Image segmentation and radiomic feature extraction

Using the open-source ITK-SNAP software (version 4.2.0) (26), radiologist A manually segmented the neoplastic three-dimensional region of interest (3D-ROI). The area included the entire tumor parenchyma and excluded surrounding inflammation, necrosis, pleural effusion, atelectatic lung tissue, blood vessels, and bone. Arterial and venous phase images were used to aid in accurate segmentation when the boundary was not clearly visible on precontrast images.

To measure intraobserver agreement, radiologist A manually segmented 40 randomly selected cases after a period of 2 weeks. Radiologist B independently outlined the 3D-ROIs for an equivalent number of patients to assess interobserver agreement. The clinical and histopathological details were not disclosed to either radiologist. By calculating intra-/interobserver correlation coefficients, the consistency of each radiomics feature was assessed regarding intra-/interobserver agreement.

Preprocessing steps were implemented to minimize feature variability and address inconsistent intensity because of varying scanning sequences and parameters. To strengthen the signal-to-noise ratio in texture analysis, gray-level quantization was used to decrease the gray levels. To achieve uniform voxel spacing, cubic interpolation was applied, adjusting the 3D-ROIs to an isotropic resolution (voxel size = 1 × 1 × 1 mm³).

3D Slicer (version 5.8.0) (27), an open-source free software, offers comprehensive and flexible tools for multimodal image processing and radiomics feature extraction, positioning it as an essential platform for medical image analysis research. Radiomic features, namely shape, first-order, and texture features (such as neighboring gray tone difference matrix, gray level run length matrix, gray level co-occurrence matrix, gray level dependence matrix, gray level size zone matrix) were extracted from 3D-ROIs for all-phase CT images. A wavelet transform was subsequently applied to emphasize both high- and low-frequency information for further analysis. Feature calculations were performed in accordance with the guidelines set forth by the Image Biomarker Standardisation Initiative (28).




2.5 Construction and evaluation of different models

The standardization of all radiomic features from the all-phase images was performed using the z-score method. To address imbalanced data characteristics among the groups (29), the synthetic minority over-sampling technique (SMOTE) was used to process all radiomic features in the training set for subsequent analysis. Then, three procedures were used to identify the most predictive features to predict the survival of children with PMMTs. First, using the maximum relevance minimum redundancy approach, the 20 most relevant radiomic features were retained, while irrelevant and redundant features were removed. Next, using the least absolute shrinkage and selection operator (LASSO), the most predictive features were identified. Integrating the chosen radiomics features with their LASSO coefficients linearly, a Rad-score was built for each case. Finally, R software (www.r-project.org) was utilized to construct the radiomics signature (RS) using logistic regression algorithm, as illustrated in Figure 3.




Figure 3 | Procedures for radiomics feature screening. (A) Procedure for selecting the fine-tuning parameter (λ); (B) Graphed coefficients against ln (λ); and (C) The 19 chosen radiomics features.



The conventional clinical data and CT signs were examined by the Chi-square test and Wilcoxon’s test. In the univariate analysis, factors with p-values < 0.05 were identified and chosen for use in the multivariate analysis to construct the clinical model. Ultimately, to create a dependable radiomics nomogram, multivariate analysis was used to integrate the RS and clinical model.

The ability of all models to predict PFS in patients with PMMTs was assessed in the training and test sets using the area under curve (AUC), brier score (BS), and calibration curves. Decision curve analysis was used in the training and test sets to assess the nomogram’s applicability in clinical practice.




2.6 Statistical analysis

A t-test was used for continuous variables, while the chi-square or Fisher’s exact test was used for categorical variables. Subsequently, the conventional clinical data and CT signs were evaluated by univariate and multivariate analyses. Intra-/interobserver correlation coefficients ≥ 0.80 indicated strong agreement. The accuracy of all models was evaluated using the BS. Differences in the calibration curves were compared using the Hosmer–Lemeshow test. Statistical analyses were performed using R statistical software (version 4.4.2), with statistical significance defined as p < 0.05.





3 Results



3.1 Conventional clinical data and CT signs

The medical baseline data for all PMMT patients, including conventional clinical data and CT signs, are shown in Table 1. Necrotic lesions constituted > 10% of all neoplasms. In the training set, 32 of 215 (14.9%) patients experienced progression, with a median follow-up time of 7.23 months (interquartile range: 4.45–18.08). In the test set, 13 of 91 (14.3%) patients experienced progression, with a median follow-up time of 8.57 months (interquartile range: 7.17–16.33).


Table 1 | Conventional clinical data and CT signs in pediatric patients with PMMTs.



The conventional clinical data and CT signs were incorporated into the next step of the study (Table 2). Univariate analysis indicated that the risk factors for poor survival were Ki-67 index, maximal diameter, infiltration across the midline, vascular wrapping, calcification, necrosis, and metastasis (all, p < 0.05). On the basis of the multivariate analysis, Ki-67 index and metastasis (both, p < 0.05) were used to develop the clinical model, which achieved an AUC of 0.82 (0.647–0.964) and a BS of 0.21 (0.181–0.239) in the test set.


Table 2 | Results of the univariate and multivariate analyses of conventional clinical data and CT signs.






3.2 Establishment and performance of prognostic models

Using the maximum relevance minimum redundancy and LASSO algorithms, 19 radiomics features were preserved, as shown in Figure 3. The RS was built using logistic regression, with an AUC of 0.77 (0.589–0.896) and a BS of 0.26 (Table 3). Then, the radiomics nomogram was constructed by integrating the RS with the clinical model (Figure 4). The predictive performance of the radiomics nomogram is showed in Table 3. The radiomics nomogram demonstrated outstanding PFS prediction performance, with an AUC of 0.87 (0.733–0.968) and a BS of 0.22 (0.177–0.255) (Figures 5A, B) in the test set. Figures 5C, D shows that the calibration curves and decision curve analysis results indicated good fit and clinical benefit.


Table 3 | Predictive performance of various models to assess progression-free survival.






Figure 4 | Radiomics nomogram. The nomogram combines metastasis, rad-score, and Ki-67 to calculate a total score, which is used to predict the patient’s progression-free survival (PFS) at 6, 12, and 24 months.






Figure 5 | The BSs (A) across three prediction models over 24 months. This figure shows the changes in BS values over a 24-month period for three prediction models: the clinical model (red), the radiomics nomogram (green), and the RS (blue). The x-axis represents the observation time points (in months), and the y-axis represents the BS values. The BS trends differ across the models. The AUCs (B) are shown across the three prediction models over 24 months. This figure shows the changes in AUC values over a 24-month period for three prediction models: the clinical model (red), radiomics nomogram (green), and the RS (blue). The x-axis represents the prediction time points (in months), and the y-axis represents the AUC values. The calibration curves (C), and decision curve analysis results (D) are also shown.







4 Discussion

In this study, we developed a radiomics nomogram using contrast-enhanced CT to provide a dependable, precise, and noninvasive prognostic tool to predict PFS in patients with PMMTs. To our knowledge, this study is one of the first to use contrast-enhanced CT-based radiomics to assess the PFS of pediatric patients with PMMTs. By integrating both clinical data and RS, we constructed a radiomics nomogram that achieved promising results, with an AUC of 0.87 (0.733–0.968) in the test set. These findings demonstrate that our contrast-enhanced CT-based radiomics nomogram is an effective prognostic tool to preoperatively predict PFS in pediatric patients with PMMTs. As a result, the nomogram may help clinicians personalize treatment strategies and improve the long-term prognosis of pediatric patients with PMMTs.

Currently, the PFS prediction of patients with malignant tumors in clinical practice is primarily grounded in traditional clinical metrics and conventional CT findings. In our study, we retrospectively analyzed data from 306 pediatric patients with PMMTs. The clinical model, which included the Ki-67 index and metastasis as significant predictors identified through univariate and multivariate analyses (all, p < 0.05), achieved an AUC of 0.82 (0.647–0.964) in the test set. Ki-67 is an important cell proliferation marker that reflects tumor proliferative activity and is commonly used to assess the growth rate and malignancy of tumors (30). The presence of metastasis is a key factor in tumor prognosis (31), directly affecting a patient’s survival. The clinical model showed strong performance in predicting PFS and effectively distinguishing between patients with varying survival durations. However, the clinical model included only Ki-67 and metastasis, potentially overlooking other relevant tumor features and molecular characteristics. Therefore, incorporating additional types of data is essential to further optimize the model and improve the accuracy of PFS prediction for malignant tumors.

Previous studies have highlighted the capability of radiomics to assess the biological behavior and prognosis of various malignancies. For example, Sui et al. created a radiomics model with an AUC of 0.89 using positron emission tomography/CT to predict prognosis in patients with hepatocellular carcinoma (32). To develop a prognostic model for locally advanced gastric cancer patients, Li et al. designed a CT-based radiomics model with an AUC of 0.73 (33). These studies emphasize the substantial potential of radiomics to predict survival across malignancies. In this research, we constructed an RS from contrast-enhanced CT images, enabling precise presurgical prediction of PFS and achieving an AUC of 0.77 (0.589–0.896) in the test set. Although the feasibility of radiomics has been demonstrated, this method has certain limitations compared with clinical models, particularly for stability and reliability. Therefore, relying solely on radiomics may not fully enhance predictive accuracy and overlooks the significant contribution of clinical factors in PFS prediction.

To overcome the limitations of relying solely on radiomics, this study further explored a nomogram that integrated both a clinical model and radiomics. By combining radiomics with the clinical model (Ki-67 and metastatic status), the nomogram provides a comprehensive fusion of tumor imaging characteristics and biological behavior, leveraging the complementary strengths of both data types. Previous studies have shown the efficacy of nomograms to predict survival outcomes by incorporating clinical and radiomics features. Liu et al. developed a nomogram (C-index = 0.78) that integrated radiomics and clinical data to predict overall survival in patients with hepatocellular carcinoma after hepatectomy, showing improved predictive performance (34). In the present study, the nomogram achieved an AUC of 0.87 (0.733–0.968) in the test set, which was a significantly higher AUC compared with the radiomics approach, and a BS of 0.22, showing notable improvement over radiomics. These results demonstrate that the nomogram substantially enhances the accuracy and stability of PFS prediction in malignancies. By addressing the limitations of single-source data, the nomogram offers a comprehensive and reliable prognostic assessment for clinical decision-making.

Several limitations of this study must be acknowledged. First, even with strict exclusion and inclusion criteria, selection bias cannot be entirely ruled out because of the retrospective study design. Second, segmentation of all PMMTs was used to outline the ROI manually, potentially introducing variability. Future studies should consider a semiautomatic segmentation method for more precise ROI delineation. Third, although we included data for 306 patients, this was a relatively limited sample size, and this issue and the lack of external validation restrict the broader applicability of the model. Additionally, despite the application of the SMOTE algorithm, data imbalance may still lead to biased model performance in minority populations. To enhance the accuracy and stability of the model, research will aim to expand the sample size and involve multicenter validation in the future, ensuring the model’s generalizability. Finally, the follow-up duration in this study was limited to only 2 years, which may be insufficient to fully assess the long-term survival outcomes of patients with malignancies. Future studies will extend the follow-up period to evaluate the predictive performance and stability of the model over a longer time span.




5 Conclusions

In conclusion, our contrast-enhanced CT radiomics nomogram may be a dependable, precise, and noninvasive predictive tool to assess PFS in pediatric patients with PMMTs before surgery, with potential benefits for clinical decision-making and personalized treatment planning.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving humans were approved by Medical Ethics Committee of Beijing Children\'s Hospital Affiliated to Capital Medical University. 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 due to the retrospective nature of the study, which involved the analysis of existing medical records without direct patient involvement. This approach ensured minimal risk to participants and adhered to ethical guidelines for observational research.





Author contributions

SB: Data curation, Software, Writing – original draft. CC: Data curation, Investigation, Resources, Writing – review & editing. JY: Data curation, Formal analysis, Investigation, Writing – review & editing. TY: Methodology, Resources, Validation, Writing – review & editing. JS: Data curation, Funding acquisition, Investigation, Project administration, Writing – review & editing. ZH: Data curation, Formal analysis, Software, Validation, Writing – original draft. QZ: Conceptualization, Funding acquisition, Project administration, Visualization, Writing – review & editing. YP: Conceptualization, Funding acquisition, Supervision, Visualization, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This study was supported by the Beijing Research Ward Excellence Program, BRWEP (code: BRWEP2024W102090105), the DFL20221002 Beijing Hospitals Authority’s Ascent Plan (code: DFL20221002), the Natural Science Foundation of Xinjiang Uygur Autonomous Region (code: 2022D01A306), and the Beijing Municipal Health Commission, Research Ward Excellence Program, BRWEP (code: BRWEP2024W102090106).





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.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





References

1. AK Singh, K Sargar, and CS Restrepo eds. Pediatric mediastinal tumors and tumor-like lesions. In: Seminars in Ultrasound, CT and MRI. United States: Elsevier.

2. Schmidt, A, Hempel, JM, Ellerkamp, V, Warmann, SW, Ernemann, U, and Fuchs, J. The relevance of preoperative identification of the Adamkiewicz artery in posterior mediastinal pediatric tumors. Ann Surg Oncol. (2022) 29:493–9. doi: 10.1245/s10434-021-10381-8

3. Molina, M, and Fernandez-Pineda, I. Mediastinal masses in children.  Puri, P, and Hollwarth, ME (eds) (Springer: Cham) (2023). doi: 10.1007/978-3-030-81488-5_34

4. C, JH, and R, JY. Mediastinal neuroblastoma, ganglioneuroblastoma, and ganglioneuroma: pathology review and diagnostic approach. Semin Diagn Pathol. (2021) 39:120–30. doi: 10.1053/j.semdp.2021.06.007

5. Da-Wei, Z, Mei, J, Qi, Z, Chun-Ju, Z, and Xiao-Li, MA. Posterior mediastinal neuroblastoma in 35 children. J Appl Clin Pediatr. (2012) 27(11):835–6. doi: 10.3969/j.issn.1003-515X.2012.11.010

6. Lacquet, M, Moons, J, Ceulemans, LJ, De Leyn, P, and Van Raemdonck, D. Surgery for mediastinal neurogenic tumours: A 25-year single-centre retrospective study. Interact Cardiovasc Thorac Surg. (2021) 32:737–43. doi: 10.1093/icvts/ivab002

7. Barker, LM, Pendergrass, TW, Sanders, JE, and Hawkins, DS. Survival after recurrence of Ewing’s sarcoma family of tumors. J Clin Oncol. (2005) 23:4354–62. doi: 10.1200/JCO.2005.05.105

8. Matser, YAH, Samim, A, Fiocco, M, van de Mheen, M, van der Ham, M, de-Sain-van-der-Velden, MGM, et al. Urinary catecholamines predict relapse during complete remission in high-risk neuroblastoma. JCO Precis Oncol. (2025) 9:e2400491. doi: 10.1200/PO-24-00491

9. Olsen, HE, Campbell, K, Bagatell, R, and Dubois, SG. Trends in conditional survival and predictors of late death in neuroblastoma. Pediatr Blood Cancer. (2020) 67(10):e28329. doi: 10.1002/pbc.v67.10

10. Holmes, K, Pötschger, U, Pearson, AD, Sarnacki, S, Cecchetto, G, Gomez-Chacon, J, et al. Influence of surgical excision on the survival of patients with stage 4 high-risk neuroblastoma: A report from the Hr-Nbl1/Siopen study. J Clin Oncol. (2020) 38:2902–15. doi: 10.1200/JCO.19.03117

11. London, WB, Castel, V, Monclair, T, Ambros, PF, Pearson, ADJ, Cohn, SL, et al. Clinical and biologic features predictive of survival after relapse of neuroblastoma: A report from the international neuroblastoma risk group project. J Clin Oncol. (2011) 29:3286–92. doi: 10.1200/jco.2010.34.3392

12. Sun, Q, Chen, Y, Jin, Q, and Yuan, X. A nomogram for predicting recurrence-free survival of intermediate and high-risk neuroblastoma. Eur J Pediatr. (2022) 181:4135–47. doi: 10.1007/s00431-022-04617-2

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

14. Lambin, P, Rios-Velazquez, E, Leijenaar, R, Carvalho, S, Stiphout, R, Granton, P, et al. Radiomics: extracting more information from medical images using advanced feature analysis. Eur J Cancer (Oxford England: 1990). (2012) 48:441–6. doi: 10.1016/j.ejca.2011.11.036

15. Thrall, JH, Li, X, Li, Q, Cruz, C, Do, S, Dreyer, K, et al. Artificial intelligence and machine learning in radiology: opportunities, challenges, pitfalls, and criteria for success. J Am Coll Radiology: JACR. (2018) 15:504–8. doi: 10.1016/j.jacr.2017.12.026

16. Xia, T, Zhao, B, Li, B, Lei, Y, Song, Y, Wang, Y, et al. Mri-based radiomics and deep learning in biological characteristics and prognosis of hepatocellular carcinoma: opportunities and challenges. J Magn Reson Imaging. (2024) 59:767–83. doi: 10.1002/jmri.28982

17. Kumar, V, Gu, Y, Basu, S, Berglund, A, Eschrich, SA, Schabath, MB, et al. Radiomics: the process and the challenges. Magn Reson Imaging. (2012) 30:1234–48. doi: 10.1016/j.mri.2012.06.010

18. Koska, IO, Ozcan, HN, Tan, AA, Beydogan, B, Ozer, G, Oguz, B, et al. Radiomics in differential diagnosis of Wilms tumor and neuroblastoma with adrenal location in children. Eur Radiol. (2024) 34(8):5016–27. doi: 10.1007/s00330-024-10589-8

19. Tam, LT, Yeom, KW, Wright, JN, Alok, J, Alireza, R, Michelle, H, et al. Mri-based radiomics for prognosis of pediatric diffuse intrinsic pontine glioma: an international study. Neuro-Oncology Adv. (2021) 3(1):vdab042. doi: 10.1093/noajnl/vdab042

20. Liu, X, Jiang, Z, Roth, HR, Anwar, SM, Bonner, ER, Mahtabfar, A, et al. Early prognostication of overall survival for pediatric diffuse midline gliomas using Mri radiomics and machine learning: A two-center study. Neuro-oncology Adv. (2024) 6:vdae108. doi: 10.1093/noajnl/vdae108

21. Wang, H, Li, T, Xie, M, Si, J, Qin, J, Yang, Y, et al. Association of computed tomography radiomics signature with progression-free survival in neuroblastoma patients. Clin Oncol (Royal Coll Radiologists (Great Britain)). (2023) 35:e639–e47. doi: 10.1016/j.clon.2023.06.008

22. Jiang, Y, Sun, J, Xia, Y, Cheng, Y, Xie, L, Guo, X, et al. Preoperative assessment for event-free survival with hepatoblastoma in pediatric patients by developing a Ct-based radiomics model. Front Oncol. (2021) 11:644994. doi: 10.3389/fonc.2021.644994

23. Wang, B, Li, M, Ma, H, Han, F, Wang, Y, Zhao, S, et al. Computed tomography-based predictive nomogram for differentiating primary progressive pulmonary tuberculosis from community-acquired pneumonia in children. BMC Med Imaging. (2019) 19:63. doi: 10.1186/s12880-019-0355-z

24. Zhu, Y, Li, H, Huang, Y, Fu, W, Wang, S, Sun, N, et al. Ct-based identification of pediatric non-wilms tumors using convolutional neural networks at a single center. Pediatr Res. (2023) 94:1104–10. doi: 10.1038/s41390-023-02553-x

25. Collins, GS, Reitsma, JB, Altman, DG, and Moons, KGM. Transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (Tripod): the tripod statement. BMJ (Clinical Res ed). (2015) 350:g7594. doi: 10.1136/bmj.g7594

26. Yushkevich, PA, Gao, Y, and Gerig, G. Itk-snap: an interactive tool for semi-automatic segmentation of multi-modality biomedical images. In: Annual International Conference of the IEEE Engineering in Medicine and Biology Society IEEE Engineering in Medicine and Biology Society Annual International Conference, vol. 2016. (United States: Institute of Electrical and Electronics Engineers (IEEE)) (2016). p. 3342–5. doi: 10.1109/embc.2016.7591443

27. Fedorov, A, Beichel, R, Kalpathy-Cramer, J, Finet, J, Fillion-Robin, J-C, Pujol, S, et al. 3d slicer as an image computing platform for the quantitative imaging network. Magnetic resonance Imaging. (2012) 30:1323–41. doi: 10.1016/j.mri.2012.05.001

28. Zwanenburg, A, Vallières, M, Abdalah, MA, Aerts, HJWL, Andrearczyk, V, Apte, A, et al. The image biomarker standardization initiative: standardized quantitative radiomics for high-throughput image-based phenotyping. Radiology. (2020) 295:328–38. doi: 10.1148/radiol.2020191145

29. Wang, L, Wu, X, Tian, R, Ma, H, Jiang, Z, Zhao, W, et al. Mri-based pre-radiomics and delta-radiomics models accurately predict the post-treatment response of rectal adenocarcinoma to neoadjuvant chemoradiotherapy. Front Oncol. (2023) 13:1133008. doi: 10.3389/fonc.2023.1133008

30. Zeng, M, Zhou, J, Wen, L, Zhu, Y, Luo, Y, and Wang, W. The relationship between the expression of Ki-67 and the prognosis of osteosarcoma. BMC Cancer. (2021) 21:210. doi: 10.1186/s12885-021-07880-y

31. Lin, M, Zhang, X-L, You, R, Liu, Y-P, Cai, H-M, Liu, L-Z, et al. Evolutionary route of nasopharyngeal carcinoma metastasis and its clinical significance. Nat Commun. (2023) 14:610. doi: 10.1038/s41467-023-35995-2

32. Sui, C, Chen, K, Ding, E, Tan, R, Li, Y, Shen, J, et al. 18f-fdg Pet/Ct-based intratumoral and peritumoral radiomics combining ensemble learning for prognosis prediction in hepatocellular carcinoma: A multi-center study. BMC Cancer. (2025) 25:300. doi: 10.1186/s12885-025-13649-4

33. Li, J, Li, Z, Wang, Y, Li, Y, Zhang, J, Li, Z, et al. Ct radiomics-based intratumoral and intertumoral heterogeneity indicators for prognosis prediction in gastric cancer patients receiving neoadjuvant chemotherapy. Eur Radiol. (2025). doi: 10.1007/s00330-025-11430-6

34. Liu, Q, Li, J, Liu, F, Yang, W, Ding, J, Chen, W, et al. A radiomics nomogram for the prediction of overall survival in patients with hepatocellular carcinoma after hepatectomy. Cancer Imaging. (2020) 20:82. doi: 10.1186/s40644-020-00360-9




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 © 2025 Bi, Chen, Yu, Yang, Sun, Hu, Zeng and Peng. 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-15-1586980-g001.jpg
d18)
.
e

Prescton e Precion bme

n i ( i
. & | ¥
_-llll.lII
e
-
f
ol

: ‘Calideation plot
=
B = § -
. — = { - A
3 — = £ 7 bty o
e = % —
y =  : "
= ) -
= oy i.
: “ os os

Nomory e Prescind Pritataty o ehe24

suissadoadaag sasewr| 1D-4D

Radiomics Models Construction

CE-CT Images Segmentation Radiomics Features Extraction

Predictive Performance Evaluation





OEBPS/Images/fonc-15-1586980-g004.jpg
Points

metastasis
rad_score

Ki.67

Total Points

PFS=6 months
PFS=12 months
PFS=24 months

0 10 20 30 40 50 60 70 80 90 100
e S S S S B B R B TR I —————

1
'—l

0

20
10

20

100

80 90 100 110

0.95 0.85 0.75 0.60.5

|

0.95

0.85 0.75 0.60.5

11 1 1

0.95

0.85 0.75 0605

120

130





OEBPS/Images/fonc-15-1586980-g003.jpg
Binomial Deviance

Coefficients

14

12

10

08

20 20 20 20 20 20 19 18

Log Lambda
0.00666709928658817

14 10 2

V-wavelet-LHLngtdmStrength

A-originalshapeSphericity
A-wavelet-HHHglszmGrayLevelNonUniformityNormalized
A-wavelet-HHHfirstorderSkewness
V-wavelet-HHHfirstorderSkewness
A-wavelet-LHHglrimLowGrayLevelRunEmphasis
A-wavelet-LHLngtdmStrength
A-log-sigma-1-5-mm-3DglszmLargeAreaHighGrayLevelEmphasis
P-wavelet-LHHngtdmBusyness
A-wavelet-LLLglszmLargeArealLowGraylLevelEmphasis

Feature

V-wavelet-LHLglcmClusterProminence
V-wavelet-LHLglszmGrayLevelNonUniformityNormalized
A-wavelet-HHLfirstorderSkewness
V-originalfirstorder10Percentile
P-log-sigma-1-5-mm-3DglrimLongRunHighGrayLevelEmphasis
P-wavelet-LLHglszmGrayLevelNonUniformityNormalized
P-wavelet-LLHglszmSmallAreal owGrayLevelEmphasis
V-wavelet-LHHfirstorderMean

P-wavelet-HHHngtdmComplexity

C

-1.0

05 0.0
Coefficients

05

10





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Preoperative CT-based radiomics nomogram for progression-free survival prediction in pediatric posterior mediastinal malignancies

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Patients

          



          		

            2.2 Collection of contrast-enhanced CT images

          



          		

            2.3 Review of conventional CT Signs

          



          		

            2.4 Image segmentation and radiomic feature extraction

          



          		

            2.5 Construction and evaluation of different models

          



          		

            2.6 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Conventional clinical data and CT signs

          



          		

            3.2 Establishment and performance of prognostic models

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Variables

Univariate Analysis

Multivariable Analysis

OR 95%Cl OR 95%Cl
Gender 0.649 (0.305-1.378) 0.260
Age 1.008 (0.999-1.017) 0.077
Ki-67 index 1.037 (1.023-1.052) <0.001 1.037 (1.021-1.053) <0.001
Pathological type 0.718 (0.338-1.529) 0.391
Complete resection 2318 (0.997-5.390) 0.051
Maximal Diameter 1122 (1.005-1.253) 0.040 0.958 (0.800-1.147) 0.640
Location 1.040 (0.490-2.208) 0919
Heterogeneity 1.941 (0.851-4.426) 0.115
Margin 2220 (0.868-5.678) 0.096
Infiltration Across the Midline 3.229 (1.467-7.105) 0.004 0.454 (0.113-1.826) 0.266
Vascular Wrapping 2420 (1.062-5.512) 0.035 0.972 (0.206-4.595) 0.971
Pleural Effusion 1.830 (0.859-3.895) 0.117
Calcification 3.345 (1.231-9.090) 0.018 0.374 (0.115-1.215) 0.102
Necrosis 2.553 (1.183-5.511) 0.017 1.159 (0.359-3.739) 0.805
Enhancement 1.941 (0.851-4.426) 0.115
Metastasis 6.067 (2.738-13.446) <0.001 0.200 (0.073-0.546) 0.002
Rad_score 1.986 (1.530-2.579) <0.001 1.189 (1.363-2.428) <0.001

OR, odd ratio; Cl, confidence interval.





OEBPS/Images/table3.jpg
Clinical Model

Radiomics Signature

Radiomics Nomogram

Training
Test
Training
Test
Training

Test

Brier score

027

021

024

0.26

0.24

0.22

95%Cl
(0.237-0.286)
(0.181-0.239)
(0.208-0.259)
(0.215-0.292)
(0.212-0.266)

(0.177-0.255)

0.85

0.82

087

077

091

0.87

95%Cl
(0.789-0.909)
(0.647-0.964)
(0.814-0.912)
(0.589-0.896)
(0.858-0.943)

(0.733-0.968)






OEBPS/Images/fonc-15-1586980-g002.jpg





OEBPS/Images/fonc-15-1586980-g005.jpg
Brier Score

Actual efs=24 (proportion)

0.300-

0.275-

0.250 -

0.225 -

0.8

0.4

0.0

5 10 15 20 25
Prediction time (months)

Calibration plot

0.0 0.2 0.4 0.6 0.8 1.0

Nomogram-Predicted Probability of PFS=24

C

AUC

0.8-

06-

04-

0.2-

Net Benefit

0.00

' '
10 15

Prediction time (months)

0.25 0.50 0.75
Risk Threshold

'
20

1.00

~#— Clinical model

—o— Radiomics nomogram

-o- RS

25

— Radiomics nomogram

== Clinical model
- RS

- Al

+ None





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





OEBPS/Images/fonc.2025.1586980_cover.jpg
& frontiers | Frontiers in Oncology

Preoperative CT-based radiomics
nomogram for progression-free survival
prediction in pediatric posterior mediastinal
malignancies





OEBPS/Images/table1.jpg
Training set (n=215) Test set (n=91) P

Progression No 183 78 1.000
Yes 32 13

Progression-Free Survival* (months) 7.23 (4.45,18.08) 8.57 (7.17,16.33 <0.001

Gender Male 88 54 0.003
Female 127 37

Age* (months) 39.00 (16.00,65.00) 41.00 (21.00,72.00) 0429

Ki-67 index* 8.00 (3.00, 40.00) 5.00 (3.00,20.00) <0.001

Pathological type NB 86 28 0.114
non-NB 129 63

Complete resection + 175 84 0.108
- 40 7

Maximal Diameter* (cm) 6.40 (4.20,8.90) 6.10 (4.50,8.40) 0.704

Location L. 116 50 0.874
R 99 41

Heterogeneity - 88 41 0.504
+ 127 50

Margin Well-defined 68 30 0.818
111-defined 147 61

Infiltration Across the Midline - 126 13 0.013
+ 89 67

Vascular Wrapping - 98 52 0.064
+ 117 39

Pleural Effusion = 128 64 0.074

+ 87 27 ]

Calcification - 75 40 0.134
3 140 52

Necrosis = 153 74 0.064
+ 62 17

Enhancement Uniform 88 41 0.504
Non-uniform 127 50

Metastasis = 165 74 0.376
+ 50 17

® Continuous variables* are presented as median (Q1, Q3) and compared using an independent t-test.
@ Categorical variables were compared using Fisher's exact test or chi-square test.





