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Background

The early prediction of postoperative recurrence and high recurrence area of gliomas is important for individualized clinical treatment. This study aimed to evaluate the performance of a magnetic resonance imaging (MRI)-based multiparametric radiomics model for the early prediction of postoperative recurrences.





Methods

The data from 60 patients who met the inclusion criteria between 2000 and 2021 were collected in this study. Radiological features were extracted from the T1-weighted imaging (T1WI) and T2WI/fluid-attenuated inversion recovery sequence images. The multiparametric model was composed of two classifiers, the support vector machine and the logistic regression (LR), and it was used for training and prediction. The highest scoring classifiers and sequences were screened out according to the area under the curve (AUC) and accuracy.





Results

For predicting the postoperative recurrences and high recurrence areas of gliomas, the performance of the LR classifier was most stable, and the multiparametric model based on clinical information, basic imaging, and radiomics had the best performance (AUC: 0.99; Accuracy: 0.96).





Conclusion

The MRI-based multiparametric radiomics method provided a non-invasive, stable, and relatively accurate method for the early prediction of postoperative recurrences, which has guiding importance for individualized clinical treatment.





Keywords: glioma, relapse, radiomics, magnetic resonance imaging, individualized clinical treatment




1 Background

Glioma is the most common primary tumor of the human brain, approximately 80% of which are malignant (1). High-grade gliomas, especially glioblastomas, are the most common and aggressive subtype of glioma (2, 3). Despite the choice of treatment comprising maximal safe resection combined with standard therapeutic regimens of radiotherapy and/or chemotherapy (4), most patients have a poor prognosis with a median survival of 12–15 months, which is mainly correlated with a recurrence of the tumor/residual tumor (5). Most patients may relapse in the short term, and approximately 90% of the recurrence sites are within the range of radiotherapy (6). Recurrent tumors destroy the blood–brain barrier, and the nodules with abnormal enhancements on contrast-enhanced T1-weighted imaging (CET1WI) are the targets for therapy after recurrences. Therefore, predicting the patients who will have a recurrence and their recurrence sites early may lead to early and active treatment, thereby reducing the risk of recurrence and improving their prognoses.

Based on the 2016 update of the World Health Organization (WHO) classification of tumors of the central nervous system, the 5th edition published in 2021 advances the integration of molecular diagnostics with a histopathological assessment of brain tumors, including dividing the previously designated glioblastoma entities into isocitrate dehydrogenase (IDH)-wild-type glioblastoma and IDH-mutant glioblastoma (7). A recurrence is correlated with the tumor’s spatial heterogeneity, invasiveness, and vascular proliferation. The high expression of antigen KI-67 (Ki-67) is correlated with the invasiveness, as well as the cellular and vascular proliferation of the tumor (8). It has been shown that a patient’s age, the extent of resection, and expressions of Ki-67 and IDH are correlated with poor postoperative prognoses in gliomas (9). By combining positron emission tomography (PET) and magnetic resonance imaging (MRI) with available tumor-related molecular understanding, a wealth of information about the relevant tumor tissue may be captured to assist in the diagnosis and treatment of gliomas (10). Due to the heterogeneity of gliomas, many tumor microenvironments may not be observed by the naked eye and are limited by multiple factors, such as the resolution, evaluation parameters, and doctor’s experience. What a doctor can see with solely their eyes is still unable to meet the requirements of any clinical precision treatment when evaluating the recurrence of a tumor.

Radiomics refers to the mining, high-throughput extraction of features from medical images that characterize the underlying pathophysiology of tumors (11). With the emerging technologies such as shape, size, and texture features (12, 13), the clinical features and molecular markers may be taken as additional input features and combined with radiomics (technologies defined as high-throughput biochemical assays that measure comprehensively and simultaneously molecules of the same type from a biological sample) features to build predictive models. Therefore, quantitative assessment of imaging and the development of imaging biomarkers using radiomics may assist in understanding the biology of tumors. Many studies (14, 15) have shown that radiography combined with radiomics technology has a high predictive ability in the diagnosis, grading, phenotype prediction, and treatment evaluation of tumors (16). In recent years, advances in computer technology have led to breakthroughs in radiomics-related research, which is now being increasingly applied in the detection of the invasive margins of gliomas, distinguishing the treatment-related changes from the true tumor progression, and predicting the invasiveness, risk of future recurrence, and overall survival, to achieve real-time tumor therapy monitoring (17).This study aims to evaluate the multiparametric radiomics model’s ability to predict the postoperative recurrence of gliomas based on conventional MRI sequences and attempts to identify the gross area of recurrence, which might guide the delineation of clinical surgical resections and postoperative radiotherapy regimens.




2 Materials and methods



2.1 General data

A retrospective cross-sectional approach was adopted in this study, and the data from 450 patients with pathologically confirmed gliomas who were treated in the Hainan Provincial People’s Hospital between February 2000 and January 2022 were collected. The inclusion criteria were as follows: (1) adult patients that had a primary glioma and had histopathological proof of a history of central nervous system malignancy; (2) patients that were tested for IDH and Ki-67 expression; (3) patients that had preoperative and postoperative axial T1WI enhancement and T2WI/FLAIR data; (4) the MRI images obtained had no artifacts affecting image observation and post-processing; (5) patients who had not received radiotherapy, chemotherapy, or other treatments before surgery; and (6) patients that had a recurrence and the existence of measurable enhanced lesions on CET1WI MRI within the 80% isodose range after concurrent chemoradiotherapy. As a result, there were 60 cases of patients included. Thirty of these patients had a recurrence, and 30 had not (Figure 1). The Institutional Review Board approved this study, and the requirement for written informed consent was waived.
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Figure 1 | Flowchart of patient inclusion and exclusion criteria.






2.2 Image acquisition and preprocessing

The conventional MRI images were obtained in all patients after tumor resection. The Digital Imaging and Communications in Medicine images were imported into the local computer by the picture archiving and communication system. All MRI images came from different scanners. To eliminate the impact of different scanning parameters and physiological differences among patients, the FMRIB software library (http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FSL) was adopted for registration. The image was re-sampled to a voxel size of 1 × 1 × 1 mm3 by the custom software using linear interpolation before feature extraction.




2.3 Tumor segmentation

The enhanced lesions were manually segmented for all subjects on T1WI using the ITK-SNAP (version 3.4.0; http://www.itksnap.org) software (13). The region of interest (ROI) included the entire tumor while avoiding the blood vessels and identifiable peritumoral edemas. Finally, the mask was registered to the T2WI/fluid-attenuated inversion recovery (FLAIR) sequence. This process was conducted by a clinical radiologist with 3 years of experience and verified by a senior radiologist with 20 years of experience, who was blind to the final outcome. The analysis flow chart and typical images used in this study are shown in Figures 2 and 3.
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Figure 2 | Flowchart, including image preprocessing, ROI segmentation, feature extraction, feature dimension reduction, modeling and model performance evaluation.
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Figure 3 | Representative MRI images of primary tumor, based on CE-T1WI sequence (a) and T2WI/FLAIR sequence (b), and recurrent tumors, based on CE-T1WI sequence (c) and T2WI/FLAIR sequence (d).






2.4 Feature extraction and preprocessing

3D Slicer (version 5.0.2; https://www.slicer.org/) was used to extract features from each enhanced lesion and the surrounding T2WI/FLAIR high signal components, including first-order statistical features, shape features, and second-order gray level co-occurrence matrix (GLCM), gray-level run-length matrix, and gray-level size zone matrix (GLSZM). There were filters (the wavelet transforms, Laplacian of Gaussian, square root, and the log and exponent of the square root) built into these features. In order to eliminate the difference in the scale of extracted feature values, normalization and standardization were performed before feature extraction. Zscores were normalized for each feature of all patients, the mean was subtracted, and divided by SD.




2.5 Model construction

A total of three radiomics models were constructed, followed by feature screening and training: (i) Molecular typing prediction model to predict the expression status of molecules, including the five characteristics of gender, age at diagnosis, radiomics characteristics, location of lesions (frontal lobe, temporal lobe, parietal lobe, or occipital lobe), and degree of edema (none, mild, or obvious); (ii) Recurrence prediction model based on group characteristics, and (iii) Recurrence prediction model based on radiomics and clinical characteristics, early prediction of postoperative recurrence of glioma. This combined radiomics and radiological model was validated by the receiver operator characteristic curve, calibration curve, and detrended correspondence analysis.




2.6 Feature screening and training

The least absolute shrinkage and selection operator (LASSO)-logistic regression was adopted to screen out the most relevant features. The SelectKBest method was adopted to screen out the ten most relevant features. The support vector machine (SVM) and logistic regression (LR) classifiers are robust machine learning classifiers that are often applied in biomedical data classification. In this work, the test set and training set are divided into test set and training set according to the ratio of 7:3, and we use SVM and LR to train the training set. At the same time, a 5-fold cross-validation scheme is applied to avoid training bias. The features with the highest frequency in all the training were determined as the most discriminative features in the training set. The model’s performance was then validated in an independent test cohort.




2.7 Statistical analysis

The measurement data were tested for a normal distribution, and those that satisfied the normal distribution characteristics were compared. Age was represented by mean ± standard deviation (X ± s), and an independent samples t-test was adopted to compare groups. The chi-square test was used for countable data, such as gender and molecular typing. The SPSS 25.0 software was used for data analysis.





3 Results



3.1 General data of the subjects

The difference in gender between the recurrence group and the control group was not statistically significant (X2 = 1.424, P = 0.233), while the difference in Ki-67 expression between the two groups was statistically significant (X2 = 21.592, P < 0.001). The average ages of the two groups were 45.7 ± 15.0 years and 30.0 ± 17.1 years, respectively, and the difference was statistically significant (t = 3.658, P < 0.001).




3.2 Feature extraction

There were 1,064 radiomics features extracted based on T1-enhanced and T2WI/FLAIR sequences, respectively. With the exclusion of some invalid information and also the LASSO screening, a total of 39 features were extracted.




3.3 Feature correlation

The ten most relevant features found are demonstrated in Figure 4, including the Ki-67, GLCM, first-order morphological features, first-order statistical features, and their wavelet features.
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Figure 4 | The ten most relevant features found of molecular prediction model (a), recurrence prediction model, based on radiomics features (b), and recurrence prediction model, based on radiomics features and clinical characteristics (c).






3.4 Model prediction performance

The performance of the two classifiers in different models is illustrated in Figure 5, respectively, and LR had the best performance. The results of the calibration curve and K-fold cross-validation are shown in Figures 6 and 7. The performances of the three models in predicting the molecular classification and recurrence of gliomas were as follows.
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Figure 5 | Performance of molecular prediction model (a, b), recurrence prediction model, based on radiomics features (c, d), and recurrence prediction model, based on radiomics features and clinical characteristics (e, f), constructed based on SVM and LR in training set and test set.
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Figure 6 | Calibration of molecular prediction model (a), recurrence prediction model, based on radiomics features (b), recurrence prediction model, based on radiomics features and clinical characteristics (c).
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Figure 7 | The K-fold cross-validation (CV), reflecting the stability of the model.





3.4.1 Molecular prediction model



3.4.1.1 SVM

The area under the curve (AUC) of the training set was 0.97, and, when the threshold was 0.82, the sensitivity, specificity, and accuracy of the set were 97%, 89%, and 97%, respectively (95% confidence interval [95%CI]: 0.91–1).

The AUC of the test set was 1, and, when the threshold was 0.67, the sensitivity, specificity, and accuracy of the set were 100%, 100%, and 100%, respectively (no 95%CI required).




3.4.1.2 LR

The AUC of the training set was 0.99, and, when the threshold was 0.97, the sensitivity, specificity, and accuracy of the set were 95%, 88%, and 96%, respectively (95%CI: 0.97–1).

The AUC of the test set was 0.96, and, when the threshold was 0.88, the sensitivity, specificity, and accuracy of the set were 88%, 100%, and 100%, respectively (95%CI: 0.87–1).





3.4.2 Recurrence prediction model, based on radiomics features



3.4.2.1 SVM

The AUC of the training set was 0.89, and, when the threshold was 0.47, the sensitivity, specificity, and accuracy of the set were 93%, 75%, and 93%, respectively (95%CI: 0.78–1).

The AUC of the test set was 1, and, when the threshold was 0.83, the sensitivity, specificity, and accuracy of the set were 100%, 100%, and 100%, respectively (no 95%CI required).




3.4.2.2 LR

The AUC of the training set was 0.76, and, when the threshold was 0.68, the sensitivity, specificity, and accuracy of the set were 94%, 75%, and 94%, respectively (95%CI: 0.5–1).

The AUC of the test set was 1, and, when the threshold was 0.81, the sensitivity, specificity, and accuracy of the set were 100%, 100%, and 100%, respectively (no 95%CI required).





3.4.3 Based on radiomics features and clinical characteristics



3.4.3.1 SVM

The AUC of the training set was 0.97, and, when the threshold was 0.82, the sensitivity, specificity, and accuracy of the set were 97%, 89%, and 97%, respectively (95%CI: 0.91–1).

The AUC of the test set was 1, and, when the threshold was 0.68, the sensitivity, specificity, and accuracy of the set were 100%, 100%, and 100%, respectively (no 95%CI required).




3.4.3.2 LR

The AUC of the training set was 0.99, and, when the threshold was 0.67, the sensitivity, specificity, and accuracy of the set were 95%, 89%, and 96%, respectively (95%CI: 0.97–1).

The AUC of the test set was 0.96, and, when the threshold was 0.88, the sensitivity, specificity, and accuracy of the set were 88%, 100%, and 100%, respectively (95%CI: 0.87–1) (Tables 1, 2).


Table 1 | Performance of 2 models in the training set.




Table 2 | Performance of 2 models in the test set.









4 Discussion

Gliomas are the most common malignant tumors of the central nervous system. Glioblastomas, due to their aggressiveness and rate of infiltration, have a high recurrence rate after surgery. Previous studies have reported that although there were interventions using secondary resection, radiotherapy, and chemotherapy to treat patients with recurrences, the results showed limited clinical benefit for patients (18). Therefore, early predictions of tumor recurrence, together with interventions and targeted, individualized treatments, are crucial for improving the prognoses of these patients.

Imaging techniques such as PET and MRI are highly valuable in predicting postoperative recurrence of gliomas, but there are many problems with these methods, including higher rates of false negativity, high prices, and lower accuracy. Taking amino acid PET as an example, although it can display the tumor metabolic activity area beyond the enhanced boundary detected by MRI through the biologically active volume (BTV), providing a more accurate range of infiltration for surgical planning (19). With the continuous development of artificial intelligence, the identification of microstructures and tumor microenvironments by radiomics provides a possibility for the early prediction of recurrences in patients with glioma using conventional imaging techniques. For example, the voxel-level radiomics model based on postoperative MRI (such as the CatBoost algorithm) has demonstrated good performance in an external cohort, with an average AUC of 0.81 and an accuracy of 84%. Moreover, the predicted recurrence area is highly spatially consistent with the actual recurrence (20).

In this study, the radiomics features were extracted from conventional MRI, and a predictive model was developed for an early prediction of the molecular classification and postoperative recurrence in patients with glioma. The results indicated that a comprehensive model combining the clinical features and radiomics features could better assist in diagnosing the postoperative recurrence of gliomas. As an independent predictor of the prognosis in glioma, the IDH level is generally considered more objective and reliable than current clinical criteria (21). However, in this study, it was suggested that the Ki-67 level was a factor more relevant to the recurrence of gliomas. The reconstructed model, which removed the irrelevant features, including IDH expression, but incorporated highly relevant features such as the Ki-67 level, was reconstructed, and it was revealed that the final model had a better performance, which further verified the high correlation between Ki-67 and the recurrence of gliomas. However, owing to the small sample size of this study, there might be some bias.

The ten radiomic features screened could be roughly divided into four categories: (1) first-order morphological features, (2) Ki-67 as the clinical feature, (3) GLCM and GLSZM as the texture features, and (4) the features with the conduction of wavelet transformation on the first several feature. The high recurrence of Ki-67 indicated that tumor recurrence was correlated with the abnormal proliferation of tumor cells. Because the spatial distribution of grayscale is adopted in the GLCM to characterize texture, the spatial distributions of textures with different thicknesses are different. Their high recurrence also indicated that the recurrence of gliomas might be closely correlated with spatial heterogeneity. To verify the correlation, the model was not only reconstructed using these features and not only performed 5-fold cross-validation but also verified the correlation between these features extracted from a single sequence and glioma recurrence in this study. The correlated features, extracted by the T1WI and T2WI/FLAIR images, failed to predict the recurrence of gliomas successfully, except for the CE-T1 sequence. Tumor tissues showed similar signals on the T1WI, which might be why features extracted from the T1WI sequence alone failed to predict the recurrence of gliomas successfully. The prediction model was developed by combining the CE-T1 sequence and radiomics score (Radcore), including the T1WI and T2WI/FLAIR features, and the results revealed a strong prediction performance. This suggested that multi-feature analysis along with the Radscore might be more effective than traditional texture features in predicting the recurrence of gliomas. And this result was consistent with what has been demonstrated in previous studies, that is, the TI value can distinguish tumor infiltration from edema, a high TI value corresponds to the area with a high recurrence risk at the edge of the surgical cavity, and it is related to the preservation of neurological function after surgery (22). However, the biological significance of some of the radiomics features in this study still remains unknown, and further research is needed to investigate the potential significance in the future.

In this study, as a relatively traditional and robust nonlinear classifier, the SVM showed poor prediction performance on the test set, which was inconsistent with previous studies. On the one hand, it might be related to the small sample size of the test set. On the other hand, as a classic linear classifier, whether the uniformly better prediction performance of the LR in the training and test sets could indicate that the prediction of glioma recurrences might be more related to the extraction and screening of linear features was a question that had not been addressed in previous studies.

Previous studies primarily focused on adopting radiomics methods to distinguish whether a glioma was benign or malignant and evaluate the postoperative efficacy. Some studies did not consider clinical factors. However, these studies mainly focused on the application of radiomics for the therapeutic evaluation of recurrent malignant gliomas, and most studies did not consider the clinical factors (23, 24). The significance of this study lies in the early prediction of glioma recurrences. By extracting the features of recurrence areas at different time points multiple times, we screen out features related to recurrence and establish a prediction model to achieve early prediction of glioma recurrence and high-recurrence general areas.

The comprehensive model showed the ability to predict early the recurrence of gliomas and predilection sites in both the training and test sets. To eliminate the selection bias caused by the small sample size as much as possible, the K-fold cross-validation method was adopted, and the features were re-screened through multiple cross-validations; the results proved that the model had good stability. The results of the statistical analysis also revealed that the statistical difference between the two cohorts was not significant. Therefore, building a multiparametric radiomics model was a feasible solution for the early prediction of glioma recurrences, which was also in line with the current trend of individualized medicine (17, 25).

This study also attempted to incorporate the macroscopic radiographical features (tumor location, midline spanning, and degree of peri-tumor edema) into the comprehensive model, but the results showed no high recurrence indicators, which indicated that these features did not significantly correlate with the recurrence of gliomas. The texture features were extracted from the T1WI and T2/FLAIR images through a filtering step, with extraction and enhancement of the features of different sizes corresponding to fine, medium, and coarse texture scales. Because of these features, the constructed model better predicted postoperative recurrence of gliomas with a strong performance, demonstrating that texture analysis might predict the postoperative recurrence of gliomas by quantifying heterogeneity without additional unconventional imaging.

The image segmentation method is a very important factor for radiomics. In recent years, automatic segmentation has become increasingly popular among researchers due to the development of deep learning. This study adopted a combination of manual and semi-automatic segmentation methods. Although different from the mainstream methods, manual segmentation had the advantage of enabling the doctors to modify the ROI based on their own recognition since there was information that was difficult to be explained by the current automatic segmentation technology in the images. Moreover, the final performance of the radiomics model not only depended on the image segmentation method but also on the selection of clinical information, the degree of differentiation of the tumor and other factors.

There were certain limitations in this study. First, this was a retrospective study, and there might have been selection bias. Second, most of the subjects included in the present study were those with tumors classified as grades III to IV by WHO. If those with low-grade gliomas could be enrolled in the study, comparing recurrences between different grades could make the correlation between the recurrence of gliomas and the spatial heterogeneity more convincing. In addition, the sample size was small and lacked external validation. There was the possibility of model over-fitting, which should be solved through continuous optimization of dimensionality reduction methods. The model in this study uses the default parameters of sklearn library without tuning parameters, which might also contribute to sub-optimal performance. In the future, it is also advisable to consider incorporating the characterization of transcriptional heterogeneity by radio genomic features, integrating more molecular markers (such as factors related to the circ0030018/miR-1236/HER2 pathway and functional imaging parameters, so as to further optimize the universality and predictive efficacy of the model (3, 16).

In conclusion, it was demonstrated in this study that combining the MRI-based multiparametric radiomic model with clinical features, molecular information, and basic imaging features might have complementary effects and could improve the early predictions of postoperative glioma recurrences and the areas of high recurrence with a strong performance. In the future, the investigation will focus on integrating more molecular markers, radiomics signatures, and functional imaging to apply clinical decision support tools for individualized treatment decisions and improve the patients’ quality of life.





Data availability statement

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





Ethics statement

This study was conducted in accordance with the declaration of Helsinki. This study was conducted with approval from the Ethics Committee of Hainan Provincial People’s Hospital. Due to the retrospective nature of the study, the requirement of patient consent for inclusion was waived. Patient personal privacy and data confidentiality has been upheld. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.





Author contributions

F-XF: Data curation, Formal Analysis, Writing – review & editing, Writing – original draft. GL: Data curation, Formal Analysis, Writing – review & editing. LH: Conceptualization, Writing – review & editing. W-SC: Data curation, Conceptualization, Funding acquisition, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by the National Natural Science Foundation of China (grant number 82360342); the Joint Program on Health Science & Technology Innovation of Hainan Province (grant number WSJK2024MS227); the Academic Enhancement Support Program of Hainan Medical University (grant number XSTS2025010), and the National Institute for Health and Care Research (NIHR) Sheffield Biomedical Research Centre (grant number NIHR203321).





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.





Abbreviations

MRI, magnetic resonance imaging; T1WI, T1-weighted imaging; LR, logistic regression; AUC, area under the curve; CET1WI, contrast-enhanced T1-weighted imaging; WHO, World Health Organization; IDH, isocitrate dehydrogenase; PET, positron emission tomography.




References

1. Hasan, S, Mahmud, Z, Hossain, M, and Islam, S. Harnessing the role of aberrant cell signaling pathways in glioblastoma multiforme: a prospect towards the targeted therapy. Mol Biol Rep. (2024) 51:1069. doi: 10.1007/s11033-024-09996-3

2. Fyfe, I. Microglia subset associated with high-grade glioma. Nat Rev Neurol. (2021) 17:660. doi: 10.1038/s41582-021-00580-y

3. Liu, A, Jiang, B, Song, C, Zhong, Q, Mo, Y, Yang, R, et al. Isoliquiritigenin inhibits circ0030018 to suppress glioma tumorigenesis via the miR-1236/HER2 signaling pathway. MedComm. (2020) 4:e282. doi: 10.1002/mco2.282

4. Lechpammer, M, Rao, R, Shah, S, Mirheydari, M, Bhattacharya, D, Koehler, A, et al. Advances in immunotherapy for the treatment of adult glioblastoma: overcoming chemical and physical barriers. Cancers (Basel). (2022) 14:1627. doi: 10.3390/cancers14071627

5. Liu, CC, Wu, CL, Lin, MX, Sze, CI, and Gean, PW. Disulfiram sensitizes a therapeutic-resistant glioblastoma to the TGF-β Receptor inhibitor. Int J Mol Sci. (2021) 22:10496. doi: 10.3390/ijms221910496

6. Mizuhata, M, Takamatsu, S, Shibata, S, Sakurai, T, Minamikawa, R, Yamazaki, M, et al. Patterns of failure in glioblastoma multiforme following Standard (60 Gy) or Short course (40 Gy) radiation and concurrent temozolomide. Jpn J Radiol. (2023) 41:660–8. doi: 10.1007/s11604-023-01386-2

7. Hartmann, C, Hentschel, B, Wick, W, Capper, D, Felsberg, J, Simon, M, et al. Patients with IDH1 wild type anaplastic astrocytomas exhibit worse prognosis than IDH1-mutated glioblastomas, and IDH1 mutation status accounts for the unfavorable prognostic effect of higher age: implications for classification of gliomas. Acta Neuropathol. (2010) 120:707–18. doi: 10.1007/s00401-010-0781-z

8. Sommerlath, VN, Buergy, D, Etminan, N, Brehmer, S, Reuss, D, Sarria, GR, et al. Molecular features of glioblastomas in long-term survivors compared to short-term survivors-a matched-pair analysis. Radiat Oncol. (2022) 17:15. doi: 10.1186/s13014-022-01984-w

9. Shi, W, Wang, X, Liu, S, Zheng, Z, Dong, L, and Jiang, X. A multivariate retrospective analysis of high-grade gliomas: Survival and prognostic factors. Cancer Med. (2024) 13:e7456. doi: 10.1002/cam4.v13.15

10. Wang, K, Qiao, Z, Zhao, X, Li, X, Wang, X, Wu, T, et al. Individualized discrimination of tumor recurrence from radiation necrosis in glioma patients using an integrated radiomics-based model. Eur J Nucl Med Mol Imaging. (2020) 47:1400–11. doi: 10.1007/s00259-019-04604-0

11. Compter, I, Verduin, M, Shi, Z, Woodruff, HC, Smeenk, RJ, Rozema, T, et al. Deciphering the glioblastoma phenotype by computed tomography radiomics. Radiother Oncol. (2021) 160:132–9. doi: 10.1016/j.radonc.2021.05.002

12. Chen, Y, Lin, H, Sun, J, Pu, R, Zhou, Y, and Sun, B. Texture feature differentiation of glioblastoma and solitary brain metastases based on tumor and tumor-brain interface. Acad Radiol. (2025) 32:400–10. doi: 10.1016/j.acra.2024.08.025

13. Elazab, N, Gab Allah, W, and Elmogy, M. Computer-aided diagnosis system for grading brain tumor using histopathology images based on color and texture features. BMC Med Imaging. (2024) 24:177. doi: 10.1186/s12880-024-01355-9

14. Li, Y, Ammari, S, Lawrance, L, Quillent, A, Assi, T, Lassau, N, et al. Radiomics-based method for predicting the glioma subtype as defined by tumor grade, IDH mutation, and 1p/19q codeletion. Cancers (Basel). (2022) 14:1778. doi: 10.3390/cancers14071778

15. Jia, X, Zhai, Y, Song, D, Wang, Y, Wei, S, Yang, F, et al. A multiparametric MRI-based radiomics nomogram for preoperative prediction of survival stratification in glioblastoma patients with standard treatment. Front Oncol. (2022) 12:758622. doi: 10.3389/fonc.2022.758622

16. Zhang, X, Zhang, X, Zhu, J, Yi, Z, Cao, H, Tang, H, et al. An MRI radiogenomic signature to characterize the transcriptional heterogeneity associated with prognosis and biological functions in glioblastoma. Front Biosci (Landmark Ed). (2025) 30:36348. doi: 10.31083/FBL36348

17. Fathi Kazerooni, A, Bagley, SJ, Akbari, H, Saxena, S, Bagheri, S, Guo, J, et al. Applications of radiomics and radiogenomics in high-grade gliomas in the era of precision medicine. Cancers (Basel). (2021) 13:5921. doi: 10.3390/cancers13235921

18. Easaw, JC, Mason, WP, Perry, J, Laperrière, N, Eisenstat, DD, Del Maestro, R, et al. Canadian recommendations for the treatment of recurrent or progressive glioblastoma multiforme. Curr Oncol. (2011) 18:e126–36. doi: 10.3747/co.v18i3.755

19. Hughes, KL, O’Neal, CM, Andrews, BJ, Westrup, AM, Battiste, JD, and Glenn, CA. A systematic review of the utility of amino acid PET in assessing treatment response to bevacizumab in recurrent high-grade glioma. Neurooncol Adv. (2021) 3:vdab003. doi: 10.1093/noajnl/vdab003

20. Cepeda, S, Luppino, LT, Pérez-Núñez, A, Solheim, O, García-García, S, Velasco-Casares, M, Karlberg, A, et al. Predicting regions of local recurrence in glioblastomas using voxel-based radiomic features of multiparametric postoperative MRI. Cancers (Basel). (2023) 15:1894. doi: 10.3390/cancers15061894

21. Hajri, R, Nicod-Lalonde, M, Hottinger, AF, Prior, JO, and Dunet, V. Prediction of glioma grade and IDH status using 18F-FET PET/CT dynamic and multiparametric texture analysis. Diagnostics (Basel). (2023) 13:2604. doi: 10.3390/diagnostics13152604

22. Armocida, D, Bianconi, A, Zancana, G, Jiang, T, Pesce, A, Tartara, F, et al. DTI fiber-tracking parameters adjacent to gliomas: the role of tract irregularity value in operative planning, resection, and outcome. J Neurooncol. (2025) 171:241–52. doi: 10.1007/s11060-024-04848-3

23. Zhang, Q, Cao, J, Zhang, J, Bu, J, Yu, Y, Tan, Y, et al. Differentiation of recurrence from radiation necrosis in gliomas based on the radiomics of combinational features and multimodality MRI images. Comput Math Methods Med. (2019) 2019:2893043. doi: 10.1155/2019/2893043

24. Wang, C, Sun, W, Kirkpatrick, J, Chang, Z, and Yin, FF. Assessment of concurrent stereotactic radiosurgery and bevacizumab treatment of recurrent Malignant gliomas using multi-modality MRI imaging and radiomics analysis. J Radiosurg SBRT. (2018) 5:171–81.

25. Kwak, S, Akbari, H, Garcia, JA, Mohan, S, Dicker, Y, Sako, C, et al. Predicting peritumoral glioblastoma infiltration and subsequent recurrence using deep-learning-based analysis of multi-parametric magnetic resonance imaging. J Med Imaging (Bellingham). (2024) 11:054001. doi: 10.1117/1.JMI.11.5.054001




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 Fu, Li, Hong and Chen. 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-15-1592881-g005.jpg
Ture Positive Rate

Ture Positive Rate

Ture Positive Rate

—_— SVM
1840) — [ R
0.8
0.6
0.4
0.2
0.0
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
— SVM
1.0 — R
0.8
0.6
0.4
0.2
0.0
T T T T T T T T T L
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
] — SWM
— R

1.0+
0.6-
0.4—-
0.0—-

0.0

0.2

0.4 0.6
False Positive Rate

0.8

1.0

Ture Positive Rate

Ture Positive Rate

Ture Positive Rate

0.0

0.2

0.2

0.2

0.4 0.6
False Positive Rate

0.4 0.6
False Positive Rate

0.4 0.6
False Positive Rate

0.8

0.8

0.8

— SVM
=R

1.0

i

1.9

—.R

0

— SVM

— LR






OEBPS/Images/fonc-15-1592881-g007.jpg
True Positive Rate

1.0

0.8

=
o

O
N

0.2

0.0

0.0

0.2

ROC fold 0 (AUC = 1.00)
ROC fold 1 (AUC = 1.00)
ROC fold 2 (AUC = 1.00)
ROC fold 3 (AUC = 1.00)
ROC fold 4 (AUC = 1.00)

—— Mean ROC (AUC = 1.00 pm 0.00)
+ 1 std. dev.

0.4 0.6 0.8
False Positive Rate

1.0





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Preliminary investigation on predicting postoperative glioma recurrences based on a multiparametric radiomics model

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Background

        



        		

          2 Materials and methods

        

          		

            2.1 General data

          



          		

            2.2 Image acquisition and preprocessing

          



          		

            2.3 Tumor segmentation

          



          		

            2.4 Feature extraction and preprocessing

          



          		

            2.5 Model construction

          



          		

            2.6 Feature screening and training

          



          		

            2.7 Statistical analysis

          



        



        



        		

          3 Results

        

          		

            3.1 General data of the subjects

          



          		

            3.2 Feature extraction

          



          		

            3.3 Feature correlation

          



          		

            3.4 Model prediction performance

          

            		

              3.4.1 Molecular prediction model

            

              		

                3.4.1.1 SVM

              



              		

                3.4.1.2 LR

              



            



            



            		

              3.4.2 Recurrence prediction model, based on radiomics features

            

              		

                3.4.2.1 SVM

              



              		

                3.4.2.2 LR

              



            



            



            		

              3.4.3 Based on radiomics features and clinical characteristics

            

              		

                3.4.3.1 SVM

              



              		

                3.4.3.2 LR

              



            



            



          



          



        



        



        		

          4 Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Generative AI statement

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-15-1592881-g003.jpg
CE-T1WI T2WI/FLAIR

Primary Tumor

Recurrent Tumor






OEBPS/Images/fonc-15-1592881-g001.jpg





OEBPS/Images/table2.jpg
Classifiers 95% Cl Specificity Sensitivity Accuracy

SVM 1 1 1 1
Model 1

LR 0.96 0.97-1 . 1 1

SVM 1 1 1
Model 2

LR 1 1 1

SVM 1 1 1
Model 3

LR 0.96 0.87-1 . 1 1





OEBPS/Images/fonc-15-1592881-g006.jpg
Calibration plots

1.0 4
0.8 9
0.6 1
@
o
2
2]
3
o
3
k]
-]
S
;<]
15
g
=
0.4 4
{
0.2 A 1
----- Perfectly calibrated
0.0 4 —8— Train LR
—#— Test LR
T —— T — T —T
0.0 0.2 0.4 0.6 0.8 1.0
Mean predicted value
Calibration plots
1.04
0.8
0.6
1]
o
2
B
<)
%
k]
-]
8
|
15}
©
-
=
0.4 4
0.24
----- Perfectly calibrated
0.0 1 —— Train LR
~#— Test LR
T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Mean predicted value

b Calibration plots

1.0

0.8

0.6
8
2
]
B
<]
]
3
-]
8
<]
O
g
=

0.4

0.2

S gt s Perfectly calibrated
0.0 of —8— Train LR
—#— Test LR
=3 T — T = T
0.0 0.2 0.4 0.6 0.8 1.0

Mean predicted value





OEBPS/Images/fonc.2025.1592881_cover.jpg
& frontiers | Frontiers in Oncology

Preliminary investigation on predicting
postoperative glioma recurrences based
on a multiparametric radiomics model





OEBPS/Images/fonc-15-1592881-g004.jpg
beature MpGrianges ol Seeeii st Feature Importances of SelectKBest

iginal_sh: Maxi 2DDi terSlice
original_shape_Maximum iameterSlice dignasBios Trmgeld-67

1 ith Imc1
ogarithm_glcm_Imc logarithm_glem_Imcl

iginal_sh MinorAxisL
original_shape_MinorAxisLength original_shape_Maximum?2DDiameterSlice

let-LHL, SizeZoneNonUnif ityN alized
wavele -giszin BizcdoncNen S wavelet-LHL_glszm_SizeZoneNonUniformityNormalized

square_glcm_InverseVariance
square_glszm_ZonePercentage

iginal_sh Maximum2DDj terCol
original_shape_ um iameterColumn sriginl shaps Elongation

I ith Imc2
agaritinm glom, Jme logarithm_glszm_SizeZoneNonUniformityNormalized

1 ith SmallAreaLowGrayLevelEmphasi
ogasithm, glazm, Sm CRkSY ey e SImpRass log-sigma-4-0-mm-3D_firstorder_Kurtosis

squareroot_glszm_SizeZoneNonUniformityNormalized Togarithin;_glom, Jme?

wavelet-LHL_glem_ClusterShade wavelet-LLH_glcm_InverseVariance

wavelet-LLL_glem_JointEntropy 4
wavelet-LLL_glem_Correlation 4
logarithm_glem_Correlation +
original_glem_Correlation
diagnostics_Image-original_edema
square_glem_Correlation 4
original_shape_LeastAxisLength §
original_shapc_SurfaccVolumcRatio 4
wavelet-HHH_glem_ldn 4

wavelet-LLL_glszm_SmallAreaLowGrayLevelEmphasis 4






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





OEBPS/Images/fonc-15-1592881-g002.jpg
combineclinic
shape \ radiomic
feature signature

X

machine
learningand
validation
texture S
feature Primary Cohort Decision curve
0.710 (0.904, 0.828) g
< None
° Al s ¢
wavelet | B -
analysis ST — Vodal (o0 MET s A1)
— Integrated Model
e e R R o
o

T T T T T T T T T T
00 01 02 03 04 05 06 07 08 09 10
Threshold probabifity






OEBPS/Images/table1.jpg
Classifiers 95% Cl Specificity Sensitivity Accuracy

SVM 0.97 0.91-1 0.97 ‘ 0.89 0.97
Model 1

LR 0.99 0.97-1 0.95 ‘ 0.88 0.96

SVM 0.89 0.78-1 0.93 ‘ 0.75 0.93
Model 2

LR 0.76 0.5-1 0.94 ‘ 0.75 0.94

SVM 0.97 0.91-1 0.97 0.97
Model 3

LR 0.99 0.97-1 0.95 0.96






