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Objectives

To identify radiomic features extracted from ultrasound images and to develop and externally validate a comprehensive model that combines clinical data with ultrasound radiomics features to predict the residual tumor status in patients with advanced epithelial ovarian cancer (OC).





Methods

The study included 112 patients with advanced epithelial OC who underwent preoperative transvaginal ultrasound. Of these, 78 patients were assigned to the development cohort and 34 to the external validation cohort. Tumor contours were manually delineated as regions of interest (ROI) on the ultrasound images, and radiomic features were extracted. The final set of variables was identified using LASSO (least absolute shrinkage and selection operator) regression. Clinical features were also collected and incorporated into the model. A combination model integrating ultrasound radiomics and clinical variables was developed and externally validated. The performance of the predictive models was assessed.





Results

A total of 1,561 radiomic features and 18 clinical features were extracted. The final model included 10 significant ultrasound radiomic variables and 4 clinical features. The comprehensive model outperformed models based on either clinical or radiomic features alone, achieving an accuracy of 0.84, a sensitivity of 0.80, a specificity of 0.75, a precision of 0.88, a positive predictive value of 0.81, a negative predictive value of 0.86, an F1-score of 0.78, and an AUC of 0.82 in the external validation set.





Conclusions

The comprehensive model, which integrated clinical and ultrasound radiomic features, exhibited strong performance and generalizability in preoperatively identifying patients likely to achieve complete resection of all visible disease.
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1 Introduction

Ovarian cancer (OC) ranks among the most prevalent gynecological cancers, holding the position of the third most commonly diagnosed malignancy in the female reproductive system, surpassed only by cervical and endometrial cancers. Moreover, it exhibits the highest mortality rate within this category of cancers, posing a significant threat to women’s health (1). Because early symptoms are often nonspecific, the majority of patients are diagnosed at an advanced clinical stage, frequently presenting with localized or widespread pelvic and abdominal metastases. Despite initial treatment, recurrence rates and mortality remain high, with frequent development of drug resistance. As a result, the 5-year survival rate is below 40%, leading to a generally poor prognosis for these patients (2).

According to the International Federation of Obstetrics and Gynecology (FIGO), there are two main treatment strategies for advanced OC in stages IIIC-IV: (1) primary debulking surgery (PDS) followed by six cycles of postoperative platinum-based chemotherapy, and (2) for patients unlikely to achieve satisfactory tumor reduction, two to three cycles of neoadjuvant chemotherapy can be given before interval debulking surgery (IDS), followed by postoperative adjuvant chemotherapy, a strategy commonly referred to as “sandwich” therapy (3). The primary goal of both treatment approaches is to maximize tumor reduction, ideally leaving a residual tumor (RT) diameter of less than 1 cm, or achieving no visible residual tumor (R0). Maximal cytoreduction stands as a critical prognostic factor in the treatment of advanced OC, showing the most favorable outcomes following adjuvant chemotherapy.

Unfortunately, not all OC patients are suitable candidates for primary debulking surgery (PDS) aimed at achieving an R0 resection (4). For those with a low probability of attaining R0 resection, there is a consensus that surgical intervention should be avoided if incomplete resection (with residual tumor greater than 1 cm) is anticipated, as it has little benefit to patient survival and may lead to a high incidence of perioperative related diseases (3–5). Therefore, assessing the probability of a patient’s RT-resection during PDS prior to surgery is advantageous, as it supports the implementation of individualized treatment strategies.

In recent years, the field of imaging has made significant advancements, allowing for a more detailed depiction of tumor heterogeneity and providing valuable prognostic information (6). Various mathematical approaches have been applied to extract a vast array of radiomic features from medical images with high throughput, enabling clinicians to improve diagnostic accuracy and develop personalized, precision treatments (7, 8). Transvaginal ultrasound is a commonly utilized, cost-effective method for the clinical diagnosis of OC, and ultrasound radiomics has been increasingly employed in the study of various malignancies, including thyroid, cervical, liver, and OC (9–11). For example, Chiappa et al. utilized ultrasound radiomics to distinguish between malignant and benign ovarian tumors, highlighting its potential to enhance the preoperative evaluation of patients with ovarian masses and accurately identify those with OC (12). Thus, a comprehensive and unbiased assessment of ultrasound image features is essential (10).

This study seeks to assess the predictive significance of ultrasound radiomics and clinical factors in creating and validating a more reliable and generalizable preoperative model for forecasting RT status in patients with advanced epithelial OC. The goal is to standardize and simplify the process for gynecologists, enabling them to extract critical information from traditional diagnostic imaging more effectively and make informed decisions based on it.




2 Materials and methods



2.1 Study population

The study enrolled 112 patients with histologically confirmed FIGO stage III or IV OC diagnosed between January 2018 and June 2024. Of these, 78 patients from the Central Hospital of Enshi Tujia and Miao Autonomous Prefecture formed the development cohort, while 34 patients, recruited by collaborators at the Ethnic Hospital of Enshi Tujia and Miao Autonomous Prefecture, comprised the external validation cohort. The inclusion and exclusion criteria were consistent across both cohorts. The exclusion criteria included patients currently undergoing neoadjuvant chemotherapy, those lacking essential clinical or surgical data, individuals with poor image quality or significant image artifacts affecting visualization, and patients with a history of repeated biopsies. We established a standardized protocol to define dataset variables and outcomes, enabling the retrospective collection of data within the same time frame. Patients who met the inclusion criteria were divided into two groups: (1) the RT<1 group, comprising individuals with no visible gross residual tumor (RT) and a maximum tumor diameter of less than 1 cm; and (2) the RT≥1 group, which included patients with a maximum tumor diameter of 1 cm or greater (13). This retrospective study was approved by our institution’s ethics review board, with informed consent obtained from all participants.




2.2 Clinical information

Clinical data, including age, body mass index (BMI), parity, presence of hydrothorax, ascites, and ASA score, as well as the metastases in abdomen and pelvis (MAP) score, were collected. Laboratory findings such as perioperative platelet count, perioperative albumin levels, serum cancer antigen-125 (CA125), serum human epididymis protein 4 (HE-4) levels, and the neutrophil-to-lymphocyte ratio (NLR) were also obtained. Additionally, ultrasonic measurement characteristics such as maximum tumor diameter, arterial pulsatility index, resistance index, end diastolic flow rate, peak flow rate, and average flow rate were retrieved from the medical records.

The MAP score was assessed based on preoperative enhanced CT scans of the abdomen and pelvis, with two radiologists, blinded to intraoperative records, scoring and documenting the findings. The score was based on the Zhongshan Hospital rating scale for preoperative OC, which assessed lesions in various regions, including the diaphragmatic peritoneum, liver and kidney recesses, liver capsule, hepato-gastric space, spleen and stomach space, greater omentum (covering both the liver area and splenic curvature), mesentery, peritoneum, intestines, paracolic sulci, uterorectal space, uterine bladder space, and lymph nodes. Each identified lesion contributed 2 points, with the total score being the cumulative sum of all lesions. Any discrepancies in scoring were resolved through consensus.




2.3 Image segmentation

In accordance with the Institutional Review Board’s approved protocol, essential clinical data and ultrasound image locations were systematically documented in standardized electronic case report forms (CRFs) and collected within four weeks prior to the primary surgical intervention. The segmentation of images was conducted independently by two seasoned radiologists who were unaware of the patients’ tissue pathology. One of the radiologists, possessing around 12 years of experience, utilized the open-source ITK-SNAP software (version 3.8.0; www.itksnap.org) to manually delineate the regions of interest (ROIs) on the image slices. The Kappa consistency analysis was performed to evaluate discrepancies between two radiologists, and a Kappa value ≥ 0.85 was regarded as a good consistency.




2.4 Radiomics feature extraction

PyRadiomics (v.2.0.0; http://www.radiomics.io/pyradiomics.html) software was used to extract features from medical images (14). The process included importing manually delineated ROI images along with the original images into the PyRadiomics platform, where an internal feature analysis program was utilized to extract the relevant features. We adopted nonlinear intensity transformation on image voxels, Gaussian Laplace filter and Eight wavelet transform to obtain high-throughput features. Radiomic features can be categorized into three main groups: (I) geometry, (II) intensity, and (III) texture. Geometric features describe the three-dimensional shape of the tumor, while intensity features reflect the first-order statistical distribution of voxel intensities within the tumor. Texture features, on the other hand, analyze the patterns and the second- and higher-order spatial distributions of these intensities. A total of 1,561 radiomic features were extracted, encompassing first-order features, shape-based features, and a variety of matrix features, including gray level co-occurrence matrix (GLCM) features, gray level dependence matrix (GLDM) features, gray level run length matrix (GLRLM) features, gray level size zone matrix (GLSZM) features, and neighborhood gray-tone difference matrix (NGTDM) features.




2.5 Radiomics feature selection

To eliminate differences in index dimensions, Z-score normalization was applied to account for the varying scales of the manually derived radiomic features. Three methods were employed to select the final variables. Initially, the Mann-Whitney U test was performed to filter all radiomic features, retaining only those with a p-value of less than 0.05. Subsequently, Pearson’s rank correlation coefficient was computed to evaluate the correlation between features, and those with an intraclass correlation coefficient (ICC) below 0.9 were discarded to guarantee high repeatability. Finally, the least absolute shrinkage and selection operator (LASSO) regression model was employed to identify the final variables for model construction. Ultimately, the best features were incorporated into the prediction models, which were developed using 10-fold cross-validation.




2.6 Model development and validation

Three models were developed using the development set of 78 patients: model I (the clinical model), model II (the radiomics model), and model III (the clinical-radiomics model). For radiomics models, we tested 15 machine learning algorithms, with the LightGBM model demonstrating the best performance (Appendix 1). However, the clinical-radiomics model was chosen as the nomogram to enhance convenience for clinical application.

The external validation set (34 patients) used to evaluate model performance. The model’s performance was assessed through several metrics, including accuracy, sensitivity, specificity, precision, positive predictive value, negative predictive value, and F1-Score. Additionally, the receiver operating characteristic (ROC) curve was calculated along with the area under the ROC curve (AUC). Calibration was assessed through calibration plots, which depicted the relationship between predicted probabilities and observed proportions. To evaluate the clinical utility and benefits of the predictive model, decision curve analysis (DCA) was conducted.




2.7 Statistical analysis

All statistical analyses were performed using Python packages (version 0.13.2). Group differences were evaluated using either Student’s t-test or Mann–Whitney U test for continuous variables, while categorical variables were analyzed using the chi-square test or Fisher’s exact test. Multivariate analysis was conducted to select the final variables. Continuous variables that followed a normal distribution are presented as means ± standard deviations (SDs), whereas non-normally distributed variables are reported as medians ± interquartile ranges (IQRs). And odds ratios (ORs), 95% confidence intervals (CIs), HosmerLemeshow (H-L) test were also calculated. And a p value < 0.05 was considered statistically significant.





3 Results



3.1 Clinical and demographic characteristics

The final cohort comprised 112 patients with advanced epithelial OC. This included the development cohort (n=78), which consisted of 55 patients with R0 resection and 23 patients with non-R0 status, and the external validation cohort (n=34), which included 24 patients with R0 resection and 10 patients with non-R0 status. The comparison between the development and external validation cohorts revealed no significant differences between the two groups, nor within each group (p > 0.05), indicating a reasonable classification. Table 1 present the baseline characteristics of patients in each cohort. In the multivariate analysis, age (p = 0.031; OR = 1.011, 95% CI: 1.003-1.018), CA125 level (p = 0.002; OR = 1.001, 95% CI: 1.000-1.001), presence of hydrothorax (p = 0.003; OR = 1.174, 95% CI: 1.078-1.279), and maximum tumor diameter (p = 0.031; OR = 1.002, 95% CI: 1.001-1.004) were identified as independent predictors of RT status (Table 2).


Table 1 | Clinical and demographic characteristics of development and validation cohort.




Table 2 | the univariate and multivariate logistic regression analysis of development cohort.






3.2 Radiomics characteristics

A total of 1,561 radiomic features were extracted from ultrasound images, which included 306 first-order features, 14 shape-based features, 374 features from the GLCM, 238 features from the GLDM, 272 features from the GLRLM, 272 features from the GLSZM, and 85 features from the NGTDM. The t-test or Mann-Whitney U test was utilized for the preliminary screening of all features, resulting in the inclusion of 42 features. Subsequently, Pearson correlation analysis was conducted, revealing 25 features that were significantly different between the two groups. Next, LASSO regression was conducted using 10-fold cross-validation with the minimum criterion to determine the optimal λ values. The λ value that resulted in the lowest cross-validation errors is illustrated in Figures 1 and 2. Following this, ten features with nonzero coefficients were used for this task. Finally, ultrasonic radiomic features were established using these 10 features, namely exponential_firstorder_Skewness, exponential_glszm_LargeAreaHighGrayLevelEmphasis, gradient_firstorder_Minimum, lbp_3D_m2_firstorder_90Percentile, logarithm_firstorder_Minimum, squareroot_glcm_Idn, squareroot_glszm_GrayLevelNonUniformityNormalized, squareroot_glszm_SmallAreaEmphasis, wavelet_LHL_ngtdm_Contrast, wavelet_LLL_glcm_Idn (Figures 1, 2).




Figure 1 | Study flowchart of the radiomics analysis.






Figure 2 | Radiomic feature extraction. (A, B) Radiomic features extraction using least absolute shrinkage and selection operator (LASSO) algorithm. (C) The final features included in our study.






3.3 Model construction and performance assessment

We developed three models to identify patients suitable for optimal primary debulking surgery. Model 1 (the clinical model) was based solely on clinical characteristics using the LightGBM algorithm. Model 2 (the radiomics model) relied exclusively on ultrasonic radiomics characteristics, also employing the LightGBM algorithm (Appendix 1). Model 3 (the clinical-radiomics model) was an integrative nomogram that combined clinical and radiomics features to enhance clinical application convenience (Figure 3).




Figure 3 | A nomogram integrates clinical parameters and radiomics features.



The radiomic-clinical nomogram demonstrated superior performance compared to the clinical or radiomics models alone, achieving an accuracy of 0.84, a sensitivity of 0.80, a specificity of 0.75, a precision of 0.88, a positive predictive value of 0.81, a negative predictive value of 0.86, an F1-Score of 0.78, and an AUC of 0.82 in the external validation set (Table 3). Figure 4 illustrates the AUC for both the development and external validation cohorts. The calibration curves for the radiomic-clinical nomogram demonstrated strong agreement between predicted and observed outcomes in both the development and validation cohorts (Figure 4). The Hosmer-Lemeshow (HL) test indicated favorable goodness-of-fit for the data (all p > 0.05). Furthermore, the DCA revealed that the nomogram offers greater clinical benefit (Figure 4), namely, the DCA for the three models indicates that this new diagnostic approach yields a greater net benefit (where a value greater than 0 indicates patient benefit) in predicting the residual tumor status in patients with advanced OC, with the clinical-radiomics model showing a more significant benefit compared to the clinical model or radiomics model.


Table 3 | The performance of clinical model, radiomics model and combined nomogram for predicting RT status.






Figure 4 | The performance of clinical model, radiomics model and combined nomogram with ROC, calibration curves and decision curve analysis. (A, B) ROC curves of each model in the (A) development and (B) external validation cohort for prediction of RT status. (C, D) Calibration curves of each model in the (C) development and (D) external validation cohort for prediction of RT status, and A 45° diagonal line indicates perfect calibration. (E, F) Decision curve analysis of each model in the (E) development and (F) external validation cohort for prediction of RT status, and the colored lines were expected net benefit of per patient. ROC, Receiver operating characteristics curves; RT, Residual tumor.







4 Discussion

In our study, we integrated primary radiomic features, laboratory findings, and clinical factors from patients with advanced epithelial OC to create and validate a radiomics-clinical nomogram. This nomogram is designed for individualized preoperative prediction of treatment response (RT) status. The results demonstrated that the integrated radiomic-clinical nomogram showed enhanced predictive performance compared to using radiomic or clinical signatures individually after external validation. The final model is capable of identification of the RT status prior to surgery. This advancement enhances clinical decision-making, patient communication, and prognosis assessment. For those with a low probability of attaining R0 resection, the surgical intervention should be avoided if incomplete resection. The presence or absence of response to treatment (RT) following PDS or IDS is the most significant factor influencing the prognosis of patients with advanced OC. Notably, a 10% increase in the rate of complete tumor resection can lead to a 5% improvement in overall survival for these patients (15). Research has shown that RT status is an independent and significant prognostic factor for patients with advanced OC. The extent of RT is inversely correlated with patient survival, disease-free survival (DFS), and overall survival (OS) (5, 16). According to Kehoe et al., patients with OC who underwent PDS followed by RT excision experienced the most favorable prognosis (17). High-grade serous ovarian cancer (HGSOC) is the most common and aggressive histological subtype of OC, and complete resection of all visible lesions (RT-resection) in advanced HGSOC patients after PDS is linked to the best outcomes (5, 18). Therefore, it is essential to assess all epithelial OC patients suspected of being at stage IIIC or IV to determine their eligibility for PDS prior to initiating therapy, in line with the clinical practice guidelines set forth by the Society of Gynecologic Oncology and the American Society of Clinical Oncology (19).

For patients in whom achieving satisfactory tumor reduction is challenging, neoadjuvant chemotherapy should be considered prior to PDS. Kevin et al. (21) demonstrated that the mean tumor nuclear area and the major axis length of the stroma are significant factors that can improve risk stratification in patients with HGSOC. For the ultrasonic radiomic characteristics, three methods were employed to select the final variables, resulting in the inclusion of 10 features from a total of 1,561 radiomic features in our model, effectively eliminating invalid variables. Previous studies have demonstrated that all ultrasonic radiomics and clinical features included in our study are relevant to the diagnosis, treatment, and prognosis of ovarian cancer (15, 18, 21, 24).

CA-125 is one of the most commonly used serum biomarkers for OC. Some studies (13, 20) have found that preoperative CA-125 levels can predict gross residual disease at PDS for advanced epithelial OC. Additionally, moderate to severe ascites has been associated with residual disease (13) and may serve as a surrogate indicator of advanced disease across multiple anatomic locations. The maximum tumor diameter is a critical predictor for individualized preoperative assessment of RT status in patients with advanced OC, as reflected in radiomic shape-based features. For patients who are unlikely to achieve satisfactory tumor reduction, neoadjuvant chemotherapy should be considered prior to PDS. Kevin et al. (21) demonstrated that the mean tumor nuclear area and the major axis length of the stroma are important factors for improving risk stratification in patients with HGSOC. In analyzing ultrasonic radiomic characteristics, three methods were utilized to select the final variables, resulting in the inclusion of 10 features from a total of 1,561 radiomic features in our model, effectively eliminating invalid variables.

Ultrasound offers several advantages, including real-time display, convenience, and affordability, making it widely used for screening and preoperative evaluation of OC. Recently, applications of ultrasound-based radiomics have been reported in tumor diagnosis (12), pathology grading (22), vascular invasion assessment, therapeutic evaluation (23), and prognostic prediction (24). However, there are few reports on RT status based on ultrasonics. Meanwhile, several radiomic models for predicting RT status based on computed tomography (CT) and magnetic resonance imaging (MRI) have been developed and validated (25, 26). Lu et al. (26) developed an MRI-based radiomic-clinical nomogram that successfully predicted RT status preoperatively in patients with HGSOC. A multicenter assessment was conducted to evaluate the efficacy of preoperative CT scans and CA-125 levels in predicting gross residual disease following PDS for advanced epithelial OC (25). However, the pelvic CT-based model was primarily developed with a focus on abdominal metastases. These findings support the hypothesis that radiomic features can effectively predict treatment response (RT) status by capturing variations in tumor heterogeneity.

There are several limitations to our study. Firstly, it relies on a small sample size, necessitating larger databases and multicenter studies to confirm the generalizability of this model. Second, future studies should integrate CT or contrast-enhanced CT and MRI or contrast-enhanced MRI into the predictive model to enhance the prediction of RT status in OC. Finally, our study focused exclusively on advanced epithelial OC subtypes, excluding rare variants. Future research should include data from additional OC subtypes to improve the models’ universality and clinical applicability.




5 Conclusion

In our study, we confirmed the clinical value of ultrasound-based radiomics for the preoperative prediction of treatment response (RT) status in patients with advanced epithelial OC, and radiomic feature extraction and selection may provide a deeper understanding of ultrasound imaging mechanism. The comprehensive model combined clinical and ultrasonic radiomics features not only had a better performance in preoperative identification of complete resection of all visible diseases but also had a higher generalization ability.





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 Central Hospital of Enshi Prefecture Tujia and Miao Autonomous Prefecture. The studies were conducted in accordance with the local legislation and institutional requirements. Written informed consent for participation in this study was provided by the participants’ legal guardians/next of kin.





Author contributions

SL: Data curation, Formal Analysis, Writing – original draft. QD: Data curation, Investigation, Methodology, Writing – review & editing. LJ: Methodology, Resources, Software, Writing – review & editing. YL: Resources, Writing – review & editing. HZ: Data curation, Visualization, Writing – review & editing. YW: Data curation, Visualization, Writing – review & editing. XW: Methodology, Writing – review & editing. BD: Writing – review & editing. QA: Project administration, Writing – review & editing.





Funding

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




Acknowledgments

The authors extend our deepest appreciation to the patients and their families receiving care in the Central Hospital of Enshi Prefecture. The authors also thank team staff who assisted in the data collection and analysis.





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2025.1540734/full#supplementary-material




References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer J Clin. (2021) 71:209–49. doi: 10.3322/caac.21660

2. Webb, PM, and Jordan, SJ. Epidemiology of epithelial ovarian cancer. Best Pract Res Clin Obstetrics Gynaecology. (2017) 41:3–14. doi: 10.1016/j.bpobgyn.2016.08.006

3. Chi, DS, Eisenhauer, EL, Lang, J, Huh, J, Haddad, L, Abu-Rustum, NR, et al. What is the optimal goal of primary cytoreductive surgery for bulky stage IIIC epithelial ovarian carcinoma (EOC)? Gynecologic Oncol. (2006) 103:559–64. doi: 10.1016/j.ygyno.2006.03.051

4. Ghirardi, V, Moruzzi, MC, Bizzarri, N, Vargiu, V, DIndinosante, M, Garganese, G, et al. Minimal residual disease at primary debulking surgery versus complete tumor resection at interval debulking surgery in advanced epithelial ovarian cancer: A survival analysis. Gynecologic Oncol. (2020) 157:209–13. doi: 10.1016/j.ygyno.2020.01.010

5. du Bois, A, Reuss, A, Pujade-Lauraine, E, Harter, P, Ray-Coquard, I, and Pfisterer, J. Role of surgical outcome as prognostic factor in advanced epithelial ovarian cancer: a combined exploratory analysis of 3 prospectively randomized phase 3 multicenter trials: by the Arbeitsgemeinschaft Gynaekologische Onkologie Studiengruppe Ovarialkarzinom (AGO-OVAR) and the Groupe d’Investigateurs Nationaux Pour les Etudes des Cancers de l’Ovaire (GINECO). Cancer. (2009) 115:1234–44. doi: 10.1002/cncr.v115:6

6. Aerts, HJ, Velazquez, ER, Leijenaar, RT, Parmar, C, Grossmann, P, Carvalho, S, et al. Decoding tumour phenotype by noninvasive imaging using a quantitative radiomics approach. Nat Commun. (2014) 5:4006. doi: 10.1038/ncomms5006

7. Aerts, HJ. The potential of radiomic-based phenotyping in precision medicine: A review. JAMA Oncol. (2016) 2:1636–42. doi: 10.1001/jamaoncol.2016.2631

8. Kirienko, M, Cozzi, L, Antunovic, L, Lozza, L, Fogliata, A, Voulaz, E, et al. Prediction of disease-free survival by the PET/CT radiomic signature in non-small cell lung cancer patients undergoing surgery. Eur J Nucl Med Mol Imaging. (2018) 45:207–17. doi: 10.1007/s00259-017-3837-7

9. Park, VY, Han, K, Lee, E, Kim, EK, Moon, HJ, Yoon, JH, et al. Association between radiomics signature and disease-free survival in conventional papillary thyroid carcinoma. Sci Rep. (2019) 9:4501. doi: 10.1038/s41598-018-37748-4

10. Jin, X, Ai, Y, Zhang, J, Zhu, H, Jin, J, Teng, Y, et al. Noninvasive prediction of lymph node status for patients with early-stage cervical cancer based on radiomics features from ultrasound images. Eur Radiol. (2020) 30:4117–24. doi: 10.1007/s00330-020-06692-1

11. Hu, HT, Wang, Z, Huang, XW, Chen, SL, Zheng, X, Ruan, SM, et al. Ultrasound-based radiomics score: a potential biomarker for the prediction of microvascular invasion in hepatocellular carcinoma. Eur Radiol. (2019) 29:2890–901. doi: 10.1007/s00330-018-5797-0

12. Chiappa, V, and Bogani, G. The Adoption of Radiomics and machine learning improves the diagnostic processes of women with Ovarian MAsses (the AROMA pilot study). J Ultrasound. (2021) 24:429–37. doi: 10.1007/s40477-020-00503-5

13. Suidan, RS, Ramirez, PT, Sarasohn, DM, Teitcher, JB, Iyer, RB, Zhou, Q, et al. A multicenter assessment of the ability of preoperative computed tomography scan and CA-125 to predict gross residual disease at primary debulking for advanced epithelial ovarian cancer. Gynecologic Oncol. (2017) 145:27–31. doi: 10.1016/j.ygyno.2017.02.020

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

15. Bristow, RE, Tomacruz, RS, Armstrong, DK, Trimble, EL, Montz, FJ, et al. Survival effect of maximal cytoreductive surgery for advanced ovarian carcinoma during the platinum era: a meta-analysis. J Clin Oncology: Off J Am Soc Clin Oncol. (2002) 20:1248–59. doi: 10.1200/JCO.2002.20.5.1248

16. Fagotti, A, Vizzielli, G, Fanfani, F, Costantini, B, Ferrandina, G, Gallotta, V, et al. Introduction of staging laparoscopy in the management of advanced epithelial ovarian, tubal and peritoneal cancer: impact on prognosis in a single institution experience. Gynecologic Oncol. (2013) 131:341–6. doi: 10.1016/j.ygyno.2013.08.005

17. Kehoe, S, Hook, J, Nankivell, M, Jayson, GC, Kitchener, H, Lopes, T, et al. Primary chemotherapy versus primary surgery for newly diagnosed advanced ovarian cancer (CHORUS): an open-label, randomised, controlled, non-inferiority trial. Lancet. (2015) 386:249–57. doi: 10.1016/S0140-6736(14)62223-6

18. Chang, SJ, Bristow, RE, and Ryu, HS. Impact of complete cytoreduction leaving no gross residual disease associated with radical cytoreductive surgical procedures on survival in advanced ovarian cancer. Ann Surg Oncol. (2012) 19:4059–67. doi: 10.1245/s10434-012-2446-8

19. Wright, AA, Bohlke, K, Armstrong, DK, Bookman, MA, Cliby, WA, Coleman, RL, et al. Neoadjuvant chemotherapy for newly diagnosed, advanced ovarian cancer: Society of Gynecologic Oncology and American Society of Clinical Oncology Clinical Practice Guideline. Gynecol Oncol. (2016) 143:3–15. doi: 10.1016/j.ygyno.2016.05.022

20. Chi, DS, Zivanovic, O, Palayekar, MJ, Eisenhauer, EL, Abu-Rustum, NR, Sonoda, Y, et al. A contemporary analysis of the ability of preoperative serum CA-125 to predict primary cytoreductive outcome in patients with advanced ovarian, tubal and peritoneal carcinoma. Gynecologic Oncol. (2009) 112:6–10. doi: 10.1016/j.ygyno.2008.10.010

21. Boehm, KM, Aherne, EA, Ellenson, L, Nikolovski, I, Alghamdi, M, Vázquez-García, I, et al. Multimodal data integration using machine learning improves risk stratification of high-grade serous ovarian cancer. Nat Cancer. (2022) 3:723–33. doi: 10.1038/s43018-022-00388-9

22. Ren, S, Qi, Q, Liu, S, Duan, S, Mao, B, Chang, Z, et al. Preoperative prediction of pathological grading of hepatocellular carcinoma using machine learning-based ultrasomics: A multicenter study. Eur J Radiol. (2021) 143:109891. doi: 10.1016/j.ejrad.2021.109891

23. Wang, W, Wu, SS, Zhang, JC, Xian, MF, Huang, H, Li, W, et al. Preoperative pathological grading of hepatocellular carcinoma using ultrasomics of contrast-enhanced ultrasound. Acad Radiol. (2021) 28:1094–101. doi: 10.1016/j.acra.2020.05.033

24. Yao, F, Ding, J, Hu, Z, Cai, M, Liu, J, Huang, X, et al. Ultrasound-based radiomics score: a potential biomarker for the prediction of progression-free survival in ovarian epithelial cancer. Abdominal Radiol. (2021) 46:4936–45. doi: 10.1007/s00261-021-03163-z

25. Gu, Y, Qin, M, Jin, Y, Zuo, J, Li, N, Bian, C, et al. A prediction model for optimal primary debulking surgery based on preoperative computed tomography scans and clinical factors in patients with advanced ovarian cancer: A multicenter retrospective cohort study. Front Oncol. (2021) 10. doi: 10.3389/fonc.2020.611617

26. Lu, J, Cai, S, Wang, F, Wu, PY, Pan, X, Qiang, J, et al. Development of a prediction model for gross residual in high-grade serous ovarian cancer by combining preoperative assessments of abdominal and pelvic metastases and multiparametric MRI. Acad Radiol. (2023) 30:1823–31. doi: 10.1016/j.acra.2022.12.019




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 Li, Ding, Li, Liu, Zou, Wang, Wang, Deng and Ai. 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/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Ultrasonic radiomics-based nomogram for preoperative prediction of residual tumor in advanced epithelial ovarian cancer: a multicenter retrospective study

      

        		

          Objectives

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Study population

          



          		

            2.2 Clinical information

          



          		

            2.3 Image segmentation

          



          		

            2.4 Radiomics feature extraction

          



          		

            2.5 Radiomics feature selection

          



          		

            2.6 Model development and validation

          



          		

            2.7 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 Clinical and demographic characteristics

          



          		

            3.2 Radiomics characteristics

          



          		

            3.3 Model construction and performance assessment

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Variables Univariate logistic regression analysis Multivariate logistic regression analysis

OR OR 95% CI 2 OR OR 95% CI P
Age 1.02 1.01-1.03 0.001 1.01 1.00-1.02 0.030
BMI 1.00 0.98-1.04 0.609
NLR 1.01 0.97-1.06 0.639
Perioperative platelet 1.00 1.00-1.00 0.450
Perioperative albumin 0.99 0.97-1.00 0.145
CA125 1.00 1.00-1.00 0.000 1.00 1.00-1.00 0.002
HE-4 0.89 0.85-0.93 0.365
MAP score 0.95 0.94-0.96 0210
Maximum tumor diameter 1 1.00 i 1.00-1.00 0.013 | 1.00 1 1.00-1.00 I 0.031
Arterial pulsatility index 0.98 0.51-1.90 0.959
Resistance index 1.65 0.65-4.24 0.376
End diastolic flow rate 0.96 0.96-1.03 0.830
Peak flow rate 1.00 0.97-1.05 0.837
Average flow rate 1.02 0.98-1.07 0.397
Parity 0.92 0.81-1.04 0.244
ASA score 1.01 0.95-1.08 0.757
Ascites 124 1.12-1.36 0.000 117 1.08-1.28 0.003
Hydrothorax 1.65 0.65-4.24 0.376

A p value < 0.05 was considered statistically significant.
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