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Abstract

:

Simple Summary


A high Ki-67 index usually suggests accelerated and uncontrolled cell proliferation correlated with tumor growth and is a prognostic factor that is associated with an increased recurrent risk in meningioma patients. The aim of our study is to predict the Ki-67 proliferative index in meningioma patients using machine learning technology. With 371 cases collected from two centers, we systematically analyzed the relevance between clinical/radiological features and the Ki-67 index. Moreover, with radiomic features extracted from postcontrast images, we built three radiomic models and three clinical radiological–radiomic models to predict the Ki-67 status. The models showed good performance, with an AUC of 0.837 in the internal test and 0.700 in the external test. The results provide a quantitative method to facilitate clinical decision making for meningioma patients.




Abstract


Background/aim This study aimed to explore the value of radiological and radiomic features retrieved from magnetic resonance imaging in the prediction of a Ki-67 proliferative index in meningioma patients using a machine learning model. Methods This multicenter, retrospective study included 371 patients collected from two centers. The Ki-67 expression was classified into low-expressed and high-expressed groups with a threshold of 5%. Clinical features and radiological features were collected and analyzed by using univariate and multivariate statistical analyses. Radiomic features were extracted from contrast-enhanced images, followed by three independent feature selections. Six predictive models were constructed with different combinations of features by using linear discriminant analysis (LDA) classifier. Results The multivariate analysis suggested that the presence of intratumoral necrosis (p = 0.032) and maximum diameter (p < 0.001) were independently correlated with a high Ki-67 status. The predictive models showed good performance with AUC of 0.837, accuracy of 0.810, sensitivity of 0.857, and specificity of 0.771 in the internal test and with AUC of 0.700, accuracy of 0.557, sensitivity of 0.314, and specificity of 0.885 in the external test. Conclusion The results of this study suggest that the predictive model can efficiently predict the Ki-67 index of meningioma patients to facilitate the therapeutic management.
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1. Introduction


Meningioma is the most common type of intracranial tumor, which has an incidence rate of 37.6% among all primary central nervous system tumors [1,2,3]. According to the 2021 EANO guideline, surgery is considered to be the primary treatment of rapid growing meningioma, while observation is recommended for asymptomatic incidental tumors with a self-limited growth pattern [4]. The Ki-67 index, a histopathological marker defined by calculating the percentage of cells by immunostaining with a specific antibody in a section of confirmed tumor tissue, is reported to be significantly related to both treatment scheming and prognostic prediction [5,6,7]. A high Ki-67 index usually suggests accelerated and uncontrolled cell proliferation correlated with tumor growth, which is one of the main features indicating necessary clinical intervention [4,8]. Moreover, accumulated evidence has suggested that a high Ki-67 index is an independent prognostic predictor that is associated with an increased recurrent risk following surgical resection [9,10,11,12,13]. However, even though there is a correlation between the meningioma WHO grade and Ki-67 percentage, Ki-67 is not part of the WHO grading criteria of meningiomas. Therefore, an accurate prediction of the Ki-67 index status in meningiomas can facilitate clinical decision making and is important in individual treatment planning.



Magnetic resonance imaging (MRI) is the preferred modality for noninvasive detection and pretreatment diagnosis of meningiomas [4,14]. Previous research has shown that some MRI findings were useful in predicting the Ki-67 status for meningioma patients [15]. However, a manual analysis is subjective to both radiological variations and personal experience. A quantitative analysis with less interpretation by human expert evaluation is therefore warranted to better reflect intratumoral heterogeneity.



Radiomic analysis with machine learning has attracted considerable interest in neuro-oncological research [16]. Advances in the extraction of high-throughput computational features encourage oncologists to convert the gray-level intensity of clinical digital images into mineable data [17], which can be subsequently analyzed by machine learning algorithms [18,19]. Recently, evidence suggested machine learning was feasible to stratify the Ki-67 status in WHO grade I meningiomas based on a radiomic analysis from multiparametric MRI [20]. However, the following concerns remain to be addressed: first, the generalization of this method has not been tested on multicenter data; second, it remains unknown if the results are applicable to high-grade meningiomas; third, clinical and radiologic features were not yet incorporated into the model.



In this research, based on the standard preoperative MRIs collected from two institutions, we developed machine learning models to predict the Ki-67 proliferative index in meningioma patients. Moreover, clinical parameters and radiological findings were analyzed and introduced to the predictive models. The ability to predict Ki-67 preoperatively provides clinicians with fast yet important evidence that can be used to guide patient management and surgical strategy.




2. Methods and Materials


2.1. Patient Selection


This is a retrospective, multicenter study. From 1 January 2014 to 31 December 2020, 347 cases from Center A and 75 cases from Center B were initially collected in the present study. Their pathology reports were reviewed to ensure they met criteria for meningioma using the 2021 World Health Organization (WHO) Classification of Tumors of the Central Nervous System [2]. Inclusion criteria for selecting the subjects were as follows: (1) histologically confirmed meningioma and (2) available standard MR scans before any clinical intervention (including biopsy and radiotherapy). Exclusion criteria were (1) incomplete electronic clinical data (n = 27), (2) presence of significant motion artifact on MR scans (n = 18), and (3) irrelevant intracranial disease history, such as subarachnoid hemorrhage and cerebral infarction (n = 7). Based on the above criteria, 310 patients and 61 patients were identified from Center A and Center B, respectively. The flow chart of the patient selection process is demonstrated in Figure 1. In all patients, the Ki-67 labeling index was assessed by immunohistochemistry using an avidin–biotin–peroxidase complex method by using Aperio IHC image analysis software, as provided in Figure 2.




2.2. MR Scan Protocols


In Center A, standard MRI was performed in all patients on 3.0 T Siemens Trio Scanner. The detailed protocols and parameters were set as: Slice Thickness = 1 mm; Repetition Time = 1550; Echo Time = 1.98 s; Echo Number(s) = 1; Percent Phase Field of View = 90.625; Acquisition Matrix = 0\256\232\0; Flip Angle = 9 degrees.



In Center B, contrast-enhanced MRI was performed using 3.0 T Skyra. The detailed protocols and parameters were set as: Thickness = 1 mm; Repetition Time = 1550; Echo Time = 2.44 s; Echo Number(s) = 1; Percent Phase Field of View = 75; Acquisition Matrix = 0\256\154\0; Flip Angle = 8 degrees.



All the contrast-enhanced MR scans were acquired following the injection of gadopentetate dimeglumine (dose: 0.1 mmol/kg) as the contrast agent. The scanning of dynamic-enhanced MRI was conducted within 250 s after injection of the contrast agent.




2.3. Image Preprocessing and Tumor Segmentation


Image preprocessing was required to standardize radiomic feature extraction. Image preprocessing for each of the patients included normalization at a scale of 100, a resampling of the images to 1 × 1 × 1 mm3 resolution, and gray-level intensity normalization in the range of 0 to 255.



The study used 3D slicer software (version 4.11, Kikinis et al, Boston, MA, USA) to gain satisfying image segmentation. Among all MRIs, contrast-enhanced images can clearly describe the tumor boundary and were selected for radiomic feature extraction. Blinded to the electronic medical record and Ki-67 proliferation index, regions of interests (ROIs) were separately segmented along the boundary of the enhancing tumors by two neuroradiologists with more than 10 years of experience in image reading and were checked by a senior neuro-radiologist with more than 20 years of experience in image reading. Enhanced tumor dual tails were excluded in the ROIs in the present study.




2.4. Collection of Clinical Features, Radiological Features, and Radiomic Features


Five radiological features were analyzed by two neuroradiologists with more than 10 years of experience in image reading, including peritumoral edema, cerebrospinal fluid (CSF) space surrounding tumor, absent capsular enhancement, heterogeneous enhancement, and intratumoral necrosis. The following clinical features and pathological features were also retrieved: age, gender, and WHO grade. Tumor characteristics were calculated and collected from drawn ROIs, including laterality, location, maximum tumor diameter, and tumor volume.



The radiomic features were retrieved by using “PyRadiomics” package on Python. In total, 1218 radiomic features were initially retrieved, including shape features, first order radiomic features, and higher-order radiomic features from four different matrices, including gray-level cooccurrence matrix (GLCM), gray-level run length matrix (GLRLM), gray-level size zone matrix (GLSZM), and gray-level dependence matrix (GLDM). Then, the radiomic features were standardized by removing the mean and scaling to unit variance.




2.5. Feature Selection and Machine Learning Model Establishment


Figure 3 describes the workflow for establishing machine learning models. The extensive number of extracted texture features must be selected properly at first to avoid overfitting the machine learning algorithms. For clinical features and radiological features, multivariate logistic regression was performed to select the significantly correlated features for the machine learning model, and p values less than 0.05 were considered statistically significant in multivariate analysis. In addition, for radiomic features, three methods were independently used to select relatively important features, including least absolute shrinkage and selection operator (LASSO), extra tree classification (ETC), and linear support vector classification (LinearSVC).



Three radiomic-based machine learning models and three clinical radiological–radiomic-based machine learning models were established for five-fold cross-validation to predict the Ki-67 index in the meningioma patients. Cases from Center A were randomly divided into the training group and the internal test group at a ratio of 4:1; cases from Center B were used as the external test group. Although the Ki-67 index was determined as a prognostic predictor for meningioma patients, the optimal threshold had not been identified yet. Based on previous machine learning research, the Ki-67 index was stratified as binary variable by defining <5% as low and ≥5% as high [12]. The machine learning classifier used in this research was the linear discriminant analysis (LDA). Performances were demonstrated with areas under curve (AUC), accuracy, sensitivity, and specificity, respectively. The predictive models were performed with Python programming language (version 3.9).




2.6. Statistical Analysis


Categorical variables were presented with percentages and frequencies, whereas continuous variables were presented with means and standard deviation. In univariate analysis, point-biserial correlation analysis and chi-square test were used to assess the associations between the Ki-67 index and clinical/radiological features, and p value less than 0.10 were considered statistically significant. Interobserver agreement was evaluated by calculating intra-/interclass correlation coefficients (ICCs) of two extracted features, and only the radiomics features with high ICCs (ICCs ≥ 0.75) were taken into modeling. Statistical analysis was performed with IBM SPSS Statistics 22.





3. Results


3.1. Patient Characteristics


The patient baseline clinical characteristics and demographics are summarized in Table 1. The mean patient age was 52.6 ± 11.8 years (range: 5–82%), and the sex ratio of the study cohort was Male: Female =113: 258. For 310 cases from Center A, the mean Ki-67 of tumor specimens was 4.63 ± 2.96%, range between 1% and 20%. There were 152 patients (49.0%) with a low Ki-67 status and 158 patients with a high Ki-67 status (51.0%). For the 61 cases from Center B, the mean Ki-67 of tumor specimens was 3.57 ± 1.93% (range 1–10%), and a total of 14 subjects (23.0%) had a high Ki-67 status in this group. The vast majority of the included tumors were histologically proven as low-grade meningioma in both the high Ki-67 group (59.3%) and low Ki-67 group (87.9%).




3.2. Morphologic Analysis and Radiological Findings


There were wide overlaps in both the maximum diameter and tumor volumes between lesions with a low Ki-67 index and a high Ki-67 index, as illustrated in Figure 4. The mean and standard deviation of maximum tumor diameters in high Ki-67 group were 5.72 ± 2.70 cm, compared with 4.53 ± 1.76 cm in the low Ki-67 group. Meningiomas with a high Ki-67 index were also larger in volume compared to tumors with a low Ki-67 index (41.57 ± 51.32 cm3 and 24.03 ± 27.00 cm3, respectively). Moreover, in the high Ki-67 group, the percentage of peritumoral edema, CSF space surrounding tumor, absent capsular enhancement, heterogeneous enhancement, and intratumoral necrosis was 78.5%, 58.1%, 25.0%, 59.3%, and 30.8%, respectively, while the percentages in the low Ki-67 group were 70.4%, 49.2%, 17.1%, 48.2%, and 22.6%, respectively.




3.3. Clinical and Radiological Features Related to Ki-67 Index


The results of the chi-square test and point-biserial correlation suggest that the presence of peritumoral edema (p = 0.076), CSF space surrounding tumor (p = 0.095), absent capsular enhancement (p = 0.072), intratumoral tumor necrosis (p = 0.078), heterogeneous enhancement (p = 0.037), higher WHO grade (p < 0.001), larger maximum tumor diameters (p < 0.001), and larger tumor volumes (p < 0.001) was significantly associated with a high Ki-67 status. A multivariate analysis of logistic regression suggested that intratumoral tumor necrosis (p = 0.032) and maximum tumor diameters (p < 0.001) were independently associated with the Ki-67 status. The results of the univariate analysis and multivariate analysis are demonstrated in Table 2.




3.4. Radiomic Feature Selection and Model Performances


Based on the results of feature selection, 14, 11, and 8 radiomic features were determined to be important and were separately introduced into predictive models wrapped by the LDA algorithm. The distribution of each selected feature is demonstrated in Table 3. Three radiomic-based models were constructed based on radiomic features, and three clinical radiological–radiomic-based models were constructed using different combinations of radiomic features and clinical features. The model performance in both the internal test and external test is listed in Table 4.



Among the radiomic-based models, a relatively better performance was yielded from the model constructed by the features selected by Lasso. In the internal test, the AUC, accuracy, sensitivity, and specificity were 0.795, 0.722, 0.724, and 0.719, respectively. In the external test, the model showed a decline in these indexes and the AUC of 0.631, accuracy of 0.508, sensitivity of 0.278, and specificity of 0.840. When combined with clinical features, this method showed improvement and achieved the highest performance among all the models, with AUC of 0.837, accuracy of 0.810, sensitivity of 0.857, and specificity of 0.771 in the internal test, and with AUC of 0.700, accuracy of 0.557, sensitivity of 0.314, and specificity of 0.885 in the external test. The ROC curves of the Lasso + LDA models are illustrated in Figure 5. All of the model performance is demonstrated in Table 4.





4. Discussion


Although the majority of meningiomas are classified as low-grade, benign tumors, there is wide heterogeneity in the rate of growth, clinical presentation, and risk of recurrence after treatment [21]. The prediction of Ki-67 is clinically relevant as it may reveal prognostic insights to predict tumor behavior and to assist in choosing a more individual treatment strategy [7,10,13]. In the current study, we systematically analyzed the relationship between the Ki-67 status and traditional radiological findings. Moreover, machine learning models fusing radiomic features and radiological features were trained to predict the Ki-67 status in meningiomas, and the performance of models was tested in both the internal cohorts and external cohorts. The results may guide surgical timing and operative strategy in that a more aggressive operative intervention with an earnest attempt should be considered for patients known to harbor tumors with a high Ki-67 status.



This study revealed five radiological features, which were significantly different between the high Ki-67 meningioma group and the low Ki-67 meningioma group. In our datasets, a univariate analysis suggested that compared to low Ki-67 meningiomas, high Ki-67 meningiomas were more likely to present peritumoral edema (p = 0.076), larger tumor volume (p < 0.001), and larger tumor maximum diameter (p < 0.001). These results are consistent with the long-held point that the rapid growth of tumors, for which a high-expressed Ki-67 is a surrogate marker, may induce a greater degree of peritumoral edema [15]. In addition, the results of this study also suggest that higher Ki-67 meningiomas were more likely to present intratumoral necrosis (p = 0.078) and heterogeneous enhancement (p = 0.037), which corroborated earlier findings that necrosis and “fluid-secreting” low-grade neoplasm were strong predictors of meningioma progression [22,23,24]. Another important finding was that absent capsular enhancement was significantly different between high Ki-67 and low Ki-67 meningiomas (p = 0.072), and this could result from the adaption of a rapid tumor, causing a less fibrous part and a more venous vascular component in the capsule [25]. Taken together, these morphologic findings indicated that tradition radiological features were useful in predicting Ki-67 status, highlighting the benefits of using clinical radiological–radiomic features instead of solely radiomic features to improve the performance of machine learning models.



There is a growing body of literature that has applied radiomic-based machine learning to meningiomas. These studies received promising results in prognostic analysis, grading prediction, and image-guided molecular diagnosis [5,6,7]. Generally, models involving multiparametric feature sets are superior to models involving single-sequence feature sets [26,27,28]. Similarly, in previous research, radiomic-based machine learning algorithms were built to predict the Ki-67 status in meningiomas by enrolling the features extracted from multiple MR sequences, including T1/T2-weighted, T1-weighted contrast-enhanced (T1CE), and FLAIR [20]. Their radiomic model outperformed our model with an AUC of 0.84. This result undoubtedly suggests that multiparametric feature sets could provide more information and assist in classification, which corroborated previous findings that some radiological features were more apparent on multiparametric MRI sequences. However, overfitting should be considered and investigated if the model can generalize the learning of the training data [20]. One major concern should be noted that there were too many features involved in their modeling compared to ours (60 vs. 14). The most convincing method to identify whether the trained model is overfitted is externally testing it on unseen data obtained from another institution [29,30]. The results of our external test suggest there was a moderate overfitting in our models, even if only 14 features were used as classifier inputs. Therefore, the generalization of the radiomic-based model was limited, and the improved method should be explored in future research.



The present study further enrolled statistically significant clinical findings and radiological findings into the classifiers. The clinical radiological–radiomic-based models showed better performance in both the internal test and external test, with an AUC of 0.837 and 0.700, respectively. It has long been demonstrated in previous studies that some combined models may serve to outperform the single radiomic models or clinical models [31,32,33]. In contrast to the higher-order radiomic features, the relationship between these image parameters and tumor growth has long been established by researchers and provided a clearer interpretation of the models [25,34]. Considering that all the image findings included in this study can be easily collected in routine clinical practice, robust clinical radiological–radiomic-based models are more recommended to facilitate the treatment strategy and perform the surveillance of meningioma patients.



Our study has several limitations. First, this is a retrospective analysis, and inherent selection bias is inevitable. Second, the external test illustrates insufficiency in the sensitivity, as high Ki-67 patients only account for a small percentage of total patients in Center B. A large-scale validation from multicenter research is required to further support our results. Third, the methodology of this study is mainly restricted to machine learning algorithms, and advanced deep learning technology can provide an end-to-end approach without complicated preprocessing steps. Deep learning models should be investigated in future research. Finally, the model robustness should be examined in future studies. Since the radiomic features in the present study were extracted from MP-RAGE sequence, radiomics from different sequences including 3D-SPGR and TSE should be investigated.




5. Conclusions


This study set out to use machine learning algorithms to construct predictive models of the Ki-67 index before any invasive examinations in all grades of meningioma patients. We built three radiomic models along with three clinical radiological–radiomic-based models and proved them to be efficient and accurate. The findings will be of interest to the therapeutic management of meningioma patients in clinical practice. Further multicenter studies with advanced machine learning algorithms are required to validate the results.







Author Contributions


Conceptualization, C.C.; data curation, J.X., B.C. and C.C.; formal analysis, Y.Z.; methodology, Y.Z., L.C. and C.C.; resources, Y.Z.; supervision, J.X. and C.C.; validation, Y.Z. and B.C.; visualization, B.C.; writing—original draft, Y.Z.; writing—review and editing, C.C. All authors have read and agreed to the published version of the manuscript.




Funding


1.3.5 project for disciplines of excellence, West China Hospitical, Sichuan University: ZYJC18007; Key research and development project of science and technology department of Sichuan Province: 2019YFS0392.




Institutional Review Board Statement


Studies involving human participants were reviewed and approved by the medical ethics committee of West China hospital (Center A) and the Third Hospital of Mianyang (Center B). Ethical code: 2021-s-851. The legal guardian of the patients/participants provided written informed consent to participate in this study.




Informed Consent Statement


Informed consent was waived by the institutional review board.




Data Availability Statement


Data are available on request due to privacy and ethical restrictions.




Acknowledgments


The authors are most grateful to all the patients whose data were used in this study.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



NCCN Clinical Practice Guidelines in Oncology- Central Nervous System Cancers, Version 3. 2020. Available online: http://www.nccn.org (accessed on 15 October 2021).

	



Louis, D.N.; Perry, A.; Wesseling, P.; Brat, D.J.; Cree, I.A.; Figarella-Branger, D.; Hawkins, C.; Ng, H.K.; Pfister, S.M.; Reifenberger, G.; et al. The 2021 WHO Classification of Tumors of the Central Nervous System: A summary. Neuro-oncology 2021, 23, 1231–1251. [Google Scholar] [CrossRef]

	



Ostrom, Q.T.; Gittleman, H.; Truitt, G.; Boscia, A.; Kruchko, C.; Barnholtz-Sloan, J.S. CBTRUS Statistical Report: Primary Brain and Other Central Nervous System Tumors Diagnosed in the United States in 2011–2015. Neuro-oncology 2018, 20, iv1–iv86. [Google Scholar] [CrossRef]

	



Goldbrunner, R.; Stavrinou, P.; Jenkinson, M.D.; Sahm, F.; Mawrin, C.; Weber, D.C.; Preusser, M.; Minniti, G.; Lund-Johansen, M.; Lefranc, F.; et al. EANO guideline on the diagnosis and management of meningiomas. Neuro-oncology 2021, 23, 1821–1834. [Google Scholar] [CrossRef]

	



van Velthuysen, M.L.; Groen, E.J.; van der Noort, V.; van de Pol, A.; Tesselaar, M.E.; Korse, C.M. Grading of neuroendocrine neoplasms: Mitoses and Ki-67 are both essential. Neuroendocrinology 2014, 100, 221–227. [Google Scholar] [CrossRef]

	



Pouget, C.; Hergalant, S.; Lardenois, E.; Lacomme, S.; Houlgatte, R.; Carpentier, C.; Dehais, C.; Rech, F.; Taillandier, L.; Sanson, M.; et al. Ki-67 and MCM6 labeling indices are correlated with overall survival in anaplastic oligodendroglioma, IDH1-mutant and 1p/19q-codeleted: A multicenter study from the French POLA network. Brain Pathol. 2020, 30, 465–478. [Google Scholar] [CrossRef]

	



Masuda, D.; Masuda, R.; Matsuzaki, T.; Imamura, N.; Aruga, N.; Tanaka, M.; Inokuchi, S.; Kijima, H.; Iwazaki, M. Ki-67 labeling index affects tumor infiltration patterns of lung squamous cell carcinoma. Mol. Med. Rep. 2015, 12, 7303–7309. [Google Scholar] [CrossRef]

	



Gerdes, J.; Schwab, U.; Lemke, H.; Stein, H. Production of a mouse monoclonal antibody reactive with a human nuclear antigen associated with cell proliferation. Int. J. Cancer 1983, 31, 13–20. [Google Scholar] [CrossRef]

	



van Alkemade, H.; de Leau, M.; Dieleman, E.M.; Kardaun, J.W.; van Os, R.; Vandertop, W.P.; van Furth, W.R.; Stalpers, L.J. Impaired survival and long-term neurological problems in benign meningioma. Neuro-oncology 2012, 14, 658–666. [Google Scholar] [CrossRef]

	



Haddad, A.F.; Young, J.S.; Kanungo, I.; Sudhir, S.; Chen, J.S.; Raleigh, D.R.; Magill, S.T.; McDermott, M.W.; Aghi, M.K. WHO Grade I Meningioma Recurrence: Identifying High Risk Patients Using Histopathological Features and the MIB-1 Index. Front. Oncol. 2020, 10, 1522. [Google Scholar] [CrossRef]

	



Winther, T.L.; Torp, S.H. Significance of the Extent of Resection in Modern Neurosurgical Practice of World Health Organization Grade I Meningiomas. World Neurosurg. 2017, 99, 104–110. [Google Scholar] [CrossRef]

	



Nowak-Choi, K.; Palmer, J.D.; Casey, J.; Chitale, A.; Kalchman, I.; Buss, E.; Keith, S.W.; Hegarty, S.E.; Curtis, M.; Solomides, C.; et al. Resected WHO grade I meningioma and predictors of local control. J. Neuro-Oncol. 2021, 152, 145–151. [Google Scholar] [CrossRef]

	



Liu, N.; Song, S.Y.; Jiang, J.B.; Wang, T.J.; Yan, C.X. The prognostic role of Ki-67/MIB-1 in meningioma: A systematic review with meta-analysis. Medicine 2020, 99, e18644. [Google Scholar] [CrossRef]

	



Huang, R.Y.; Bi, W.L.; Griffith, B.; Kaufmann, T.J.; la Fougère, C.; Schmidt, N.O.; Tonn, J.C.; Vogelbaum, M.A.; Wen, P.Y.; Aldape, K.; et al. Imaging and diagnostic advances for intracranial meningiomas. Neuro-oncology 2019, 21, i44–i61. [Google Scholar] [CrossRef]

	



Kim, B.W.; Kim, M.S.; Kim, S.W.; Chang, C.H.; Kim, O.L. Peritumoral brain edema in meningiomas: Correlation of radiologic and pathologic features. J. Korean Neurosurg. Soc. 2011, 49, 26–30. [Google Scholar] [CrossRef]

	



Villanueva-Meyer, J.E.; Chang, P.; Lupo, J.M.; Hess, C.P.; Flanders, A.E.; Kohli, M. Machine Learning in Neurooncology Imaging: From Study Request to Diagnosis and Treatment. Am. J. Roentgenol. 2019, 212, 52–56. [Google Scholar] [CrossRef]

	



Rudie, J.D.; Rauschecker, A.M.; Bryan, R.N.; Davatzikos, C.; Mohan, S. Emerging Applications of Artificial Intelligence in Neuro-Oncology. Radiology 2019, 290, 607–618. [Google Scholar] [CrossRef]

	



Machine Learning Improves Diagnosis of CNS Cancers. Cancer Discov. 2018, 8, 523–524. [CrossRef]

	



Jian, A.; Jang, K.; Manuguerra, M.; Liu, S.; Magnussen, J.; Di Ieva, A. Machine Learning for the Prediction of Molecular Markers in Glioma on Magnetic Resonance Imaging: A Systematic Review and Meta-Analysis. Neurosurgery 2021, 89, 31–44. [Google Scholar] [CrossRef]

	



Khanna, O.; Fathi Kazerooni, A.; Farrell, C.J.; Baldassari, M.P.; Alexander, T.D.; Karsy, M.; Greenberger, B.A.; Garcia, J.A.; Sako, C.; Evans, J.J.; et al. Machine Learning Using Multiparametric Magnetic Resonance Imaging Radiomic Feature Analysis to Predict Ki-67 in World Health Organization Grade I Meningiomas. Neurosurgery 2021, 89, 928–936. [Google Scholar] [CrossRef]

	



Maillo, A.; Orfao, A.; Espinosa, A.B.; Sayagués, J.M.; Merino, M.; Sousa, P.; Lara, M.; Tabernero, M.D. Early recurrences in histologically benign/grade I meningiomas are associated with large tumors and coexistence of monosomy 14 and del(1p36) in the ancestral tumor cell clone. Neuro-oncology 2007, 9, 438–446. [Google Scholar] [CrossRef]

	



Sun, S.Q.; Kim, A.H.; Cai, C.; Murphy, R.K.; DeWees, T.; Sylvester, P.; Dacey, R.G.; Grubb, R.L.; Rich, K.M.; Zipfel, G.J.; et al. Management of atypical cranial meningiomas, part 1: Predictors of recurrence and the role of adjuvant radiation after gross total resection. Neurosurgery 2014, 75, 347–354; discussion 345–354; quiz 355. [Google Scholar] [CrossRef]

	



Barresi, V.; Lionti, S.; Caliri, S.; Caffo, M. Histopathological features to define atypical meningioma: What does really matter for prognosis? Brain Tumor Pathol. 2018, 35, 168–180. [Google Scholar] [CrossRef]

	



Smirniotopoulos, J.G.; Murphy, F.M.; Rushing, E.J.; Rees, J.H.; Schroeder, J.W. Patterns of contrast enhancement in the brain and meninges. Radiogr. A Rev. Publ. Radiol. Soc. North Am. Inc. 2007, 27, 525–551. [Google Scholar] [CrossRef]

	



Phuttharak, W.; Boonrod, A.; Thammaroj, J.; Kitkhuandee, A.; Waraasawapati, S. Preoperative MRI evaluation of meningioma consistency: A focus on detailed architectures. Clin. Neurol. Neurosurg. 2018, 169, 178–184. [Google Scholar] [CrossRef]

	



Zhang, B.; Tian, J.; Dong, D.; Gu, D.; Dong, Y.; Zhang, L.; Lian, Z.; Liu, J.; Luo, X.; Pei, S.; et al. Radiomics Features of Multiparametric MRI as Novel Prognostic Factors in Advanced Nasopharyngeal Carcinoma. Clin. Cancer Res. Off. J. Am. Assoc. Cancer Res. 2017, 23, 4259–4269. [Google Scholar] [CrossRef]

	



Tang, T.Y.; Li, X.; Zhang, Q.; Guo, C.X.; Zhang, X.Z.; Lao, M.Y.; Shen, Y.N.; Xiao, W.B.; Ying, S.H.; Sun, K.; et al. Development of a Novel Multiparametric MRI Radiomic Nomogram for Preoperative Evaluation of Early Recurrence in Resectable Pancreatic Cancer. J. Magn. Reson. Imaging 2020, 52, 231–245. [Google Scholar] [CrossRef]

	



Cui, E.; Li, Z.; Ma, C.; Li, Q.; Lei, Y.; Lan, Y.; Yu, J.; Zhou, Z.; Li, R.; Long, W.; et al. Predicting the ISUP grade of clear cell renal cell carcinoma with multiparametric MR and multiphase CT radiomics. Eur. Radiol. 2020, 30, 2912–2921. [Google Scholar] [CrossRef]

	



Gitto, S.; Cuocolo, R.; Annovazzi, A.; Anelli, V.; Acquasanta, M.; Cincotta, A.; Albano, D.; Chianca, V.; Ferraresi, V.; Messina, C.; et al. CT radiomics-based machine learning classification of atypical cartilaginous tumours and appendicular chondrosarcomas. EBioMedicine 2021, 68, 103407. [Google Scholar] [CrossRef]

	



Romeo, V.; Cuocolo, R.; Apolito, R.; Stanzione, A.; Ventimiglia, A.; Vitale, A.; Verde, F.; Accurso, A.; Amitrano, M.; Insabato, L.; et al. Clinical value of radiomics and machine learning in breast ultrasound: A multicenter study for differential diagnosis of benign and malignant lesions. Eur. Radiol. 2021, 31, 9511–9519. [Google Scholar] [CrossRef]

	



Fiz, F.; Masci, C.; Costa, G.; Sollini, M.; Chiti, A.; Ieva, F.; Torzilli, G.; Viganò, L. PET/CT-based radiomics of mass-forming intrahepatic cholangiocarcinoma improves prediction of pathology data and survival. Eur. J. Nucl. Med. Mol. Imaging 2022, 49, 3387–3400. [Google Scholar] [CrossRef]

	



Zhang, M.Z.; Ou-Yang, H.Q.; Liu, J.F.; Jin, D.; Wang, C.J.; Ni, M.; Liu, X.G.; Lang, N.; Jiang, L.; Yuan, H.S. Predicting postoperative recovery in cervical spondylotic myelopathy: Construction and interpretation of T(2)(*)-weighted radiomic-based extra trees models. Eur. Radiol. 2022, 32, 3565–3575. [Google Scholar] [CrossRef]

	



Bos, P.; van den Brekel, M.W.M.; Gouw, Z.A.R.; Al-Mamgani, A.; Waktola, S.; Aerts, H.; Beets-Tan, R.G.H.; Castelijns, J.A.; Jasperse, B. Clinical variables and magnetic resonance imaging-based radiomics predict human papillomavirus status of oropharyngeal cancer. Head Neck 2021, 43, 485–495. [Google Scholar] [CrossRef]

	



Morin, O.; Chen, W.C.; Nassiri, F.; Susko, M.; Magill, S.T.; Vasudevan, H.N.; Wu, A.; Vallières, M.; Gennatas, E.D.; Valdes, G.; et al. Integrated models incorporating radiologic and radiomic features predict meningioma grade, local failure, and overall survival. Neuro-Oncol. Adv. 2019, 1, vdz011. [Google Scholar] [CrossRef]








[image: Cancers 14 03637 g001 550] 





Figure 1. The flowchart of patient selection. 
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Figure 2. Immunohistochemical staining for Ki-67 in meningiomas. 
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Figure 3. The workflow for the development of machine learning models to predict the Ki-67 index in meningioma patients. ETC: Extra tree classifier; Lasso: Least absolute shrinkage and selection operator; LDA: Linear discriminant analysis; SVC: Support vector machine; ROIs: Region of interests; AUC: Area under curve. 
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Figure 4. Distribution of maximum tumor diameter and tumor volume of Ki-67 ≥ 5% and Ki-67 < 5% meningiomas. 
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Figure 5. Receiver operating characteristic curves of Lasso+ LDA machine learning models. (A): Internal test (n = 62) of radiomic model; (B): External test (n = 61) of radiomic model; (C): Internal test (n = 62) of clinical radiological–radiomic-based model; (D): External test (n = 61) of clinical radiological–radiomic-based model; AUC: Area under Curve. 
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Table 1. Baseline clinical and radiological characteristics of the study population.
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Characteristics

	
Center A (n = 310)

	
Center B (n = 61)

	
Total

	
p Value




	
Ki-67 ≥ 5%

(n = 158)

	
Ki-67 < 5%

(n = 152)

	
Ki-67 ≥ 5%

(n = 14)

	
Ki-67 < 5%

(n = 47)

	
Ki-67 ≥ 5%

(n = 172)

	
Ki-67 < 5%

(n = 199)






	
Age

	

	

	

	

	

	

	




	
 mean

	
51.7 ± 14.8

	
56.0 ± 10.0

	
51.7 ± 14.2

	
55.0 ± 12.1

	
51.7 ± 14.5

	
55.2 ± 11.7

	
0.546




	
 range

	
5−82

	
39−76

	
9−77

	
31−77

	
5−82

	
31−77

	




	
Gender

	

	

	

	

	

	

	




	
 male

	
53 (33.6%)

	
42 (27.6%)

	
5 (35.7%)

	
13 (27.7%)

	
58 (33.7%)

	
55 (27.6%)

	
0.215




	
 Female

	
105 (66.4%)

	
110 (72.4%)

	
9 (64.3%)

	
34 (72.3%)

	
114 (66.3%)

	
144 (72.4%)

	




	
Location

	

	

	

	

	

	

	




	
 Cerebral convexity

	
90 (57.0%)

	
78 (51.3%)

	
5 (35.7%)

	
25 (53.2%)

	
95 (55.2%)

	
103 (51.8%)

	
0.433




	
 Falx

	
23 (14.5%)

	
32 (21.1%)

	
2 (14.3%)

	
7 (14.9%)

	
25 (14.5%)

	
39 (19.6%)

	




	
 Skull base

	
45 (28.5%)

	
42 (27.6%)

	
7 (50%)

	
15 (31.9%)

	
52 (30.3%)

	
57 (28.6%)

	




	
Laterality

	

	

	

	

	

	

	




	
 Left

	
70 (44.3%)

	
69 (45.4%)

	
7 (50%)

	
21 (44.7%)

	
77 (44.8%)

	
90 (45.2%)

	
0.715




	
 Right

	
71 (44.9%)

	
71 (46.7%)

	
6 (42.9%)

	
22 (46.8%)

	
77 (44.8%)

	
93 (46.7%)

	




	
 Midline

	
17 (10.8%)

	
12 (7.9%)

	
1 (7.1%)

	
4 (8.5%)

	
18 (10.4%)

	
16 (8.1%)

	




	
WHO grade

	

	

	

	

	

	

	




	
 Low grade

	

	

	

	

	

	

	




	
  WHO I

	
94 (59.5%)

	
133 (87.5%)

	
8 (57.1%)

	
42 (89.4%)

	
102 (59.3%)

	
175 (87.9%)

	
<0.001




	
 High grade

	

	

	

	

	

	

	




	
  WHO II

	
57 (36.1%)

	
19 (12.5%)

	
5 (35.7%)

	
5 (10.6%)

	
62 (36.0%)

	
24 (12.1%)

	
<0.001




	
  WHO III

	
7 (4.4%)

	
0 (0%)

	
1 (7.2%)

	
0 (0%)

	
8 (4.7%)

	
0 (0%)

	
<0.001




	
Peritumoral edema

	
125 (79.1%)

	
110 (72.4%)

	
10 (71.4%)

	
30 (63.8%)

	
135 (78.5%)

	
140 (70.4%)

	
0.076




	
CSF space surrounding tumor

	
92 (58.2%)

	
78 (51.3%)

	
8 (57.1%)

	
20 (42.6%)

	
100 (58.1%)

	
98 (49.2%)

	
0.095




	
Absent capsular enhancement

	
39 (24.7%)

	
25 (16.4%)

	
4 (28.6%)

	
9 (19.1%)

	
43 (25.0%)

	
34 (17.1%)

	
0.072




	
Heterogeneous enhancement

	
93 (58.9%)

	
75 (49.3%)

	
9 (64.3%)

	
21 (44.7%)

	
102 (59.3%)

	
96 (48.2%)

	
0.037




	
Intratumoral Necrosis

	
48 (30.4%)

	
35 (23%)

	
5 (35.7%)

	
10 (21.3%)

	
53 (30.8%)

	
45 (22.6%)

	
0.078




	
Maximum diameter

	
5.76 ± 2.56

	
4.53 ± 1.63

	
5.16 ± 3.74

	
4.52 ± 2.13

	
5.72 ± 2.70

	
4.53 ± 1.76

	
<0.001




	
Tumor volume

	
43.1 ± 52.4

	
23.0 ± 26.5

	
24.8 ± 33.5

	
27.4 ± 28.6

	
41.57 ± 51.32

	
24.03 ± 27.00

	
<0.001
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Table 2. Univariate and multivariate statistical analyses of clinical and radiological features.
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Variables (Ki-67 ≥ 5% vs. Ki-67 < 5%)

	
Odds Ratio, 95% CI

	
p Value




	
Univariate Analysis

	
Multivariate Analysis






	
Peritumoral edema

	
1.538 (0.957–2.470)

	
0.076

	
0.279




	
CSF space surrounding tumor

	
1.403 (0.930–2.116)

	
0.095

	
0.216




	
Absent capsular enhancement

	
1.618 (0.976–2.681)

	
0.072

	
0.602




	
Heterogeneous enhancement

	
1.536 (1.035–2.361)

	
0.037

	
0.320




	
Intratumoral necrosis

	
1.524 (0.959–2.424)

	
0.078

	
0.032




	
Tumor volume (cm3)

	
1.013 (1.006–1.019)

	
<0.001

	
0.672




	
Maximum diameter (cm)

	
1.025 (1.014–1.035)

	
<0.001

	
<0.001
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Table 3. The number of features selected by different feature selection methods.
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	Radiomic Features
	Lasso (n = 14)
	SVC (n = 11)
	ETC (n = 8)





	First-Order Features
	3
	3
	0



	Shape Features (2D)
	1
	1
	0



	Shape Features (3D)
	0
	0
	0



	GLCM Features
	3
	5
	1



	GLSZM Features
	5
	1
	4



	GLRLM Features
	0
	0
	1



	GLDM Features
	2
	1
	2







GLCM: Gray-Level Co-occurrence Matrix; GLSZM: Gray-Level Size Zone Matrix; GLRLM: Gray-Level Run Length Matrix; GLDM: Gray-Level Dependence Matrix.
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Table 4. Predictive model performance in the internal test and external test.
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Features

	
Features

	
Test

	
AUC

	
Accuracy

	
Sensitivity

	
Specificity






	
Radiomics

	
Lasso + LDA

	
Internal Test

	
0.795 ± 0.033

	
0.722 ± 0.042

	
0.724 ± 0.043

	
0.719 ± 0.046




	
External Test

	
0.631 ± 0.015

	
0.508 ± 0.027

	
0.278 ± 0.017

	
0.840 ± 0.019




	
SVC + LDA

	
Internal Test

	
0.782 ± 0.034

	
0.730 ± 0.042

	
0.703 ± 0.058

	
0.769 ± 0.029




	
External Test

	
0.646 ± 0.013

	
0.590 ± 0.021

	
0.323 ± 0.018

	
0.867 ± 0.030




	
ETC + LDA

	
Internal Test

	
0.764 ± 0.038

	
0.645 ± 0.039

	
0.708 ± 0.033

	
0.605 ± 0.030




	
External Test

	
0.56 ± 0.017

	
0.525 ± 0.032

	
0.143 ± 0.031

	
0.725 ± 0.23




	
Radiomics+ Clinics

	
Lasso + LDA

	
Internal Test

	
0.837 ± 0.036

	
0.810 ± 0.042

	
0.857 ± 0.040

	
0.771 ± 0.044




	
External Test

	
0.700 ± 0.026

	
0.557 ± 0.027

	
0.314 ± 0.017

	
0.885 ± 0.030




	
SVC + LDA

	
Internal Test

	
0.798 ± 0.033

	
0.698 ± 0.046

	
0.676 ± 0.056

	
0.731 ± 0.046




	
External Test

	
0.702 ± 0.015

	
0.492 ± 0.017

	
0.282 ± 0.010

	
0.864 ± 0.014




	
ETC + LDA

	
Internal Test

	
0.754 ± 0.024

	
0.710 ± 0.039

	
0.760 ± 0.038

	
0.676 ± 0.028




	
External Test

	
0.607 ± 0.025

	
0.574 ± 0.027

	
0.286 ± 0.024

	
0.818 ± 0.021








ETC: Extra tree classifier; Lasso: Least absolute shrinkage and selection operator; LDA: Linear discriminant analysis; SVC: Support vector machine.
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