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Abstract


Background: This study aimed to develop a fully nested, information leakage-free machine-learning workflow to predict the volumetric response of meningioma to Gamma Knife radiosurgery (GKRS) from pre-treatment MRI and to compare the predictive value of radiomic, fractal, lacunarity and clinical/radiosurgical features. GKRS is widely used for treating meningiomas because of its high precision and efficacy. Variability in tumor volumetric response highlights the need for reliable predictors of treatment outcome. Methods: This retrospective cohort study included 204 patients treated with GKRS for grade I meningioma. Radiomic, fractal and lacunarity features were extracted from pre-treatment CE-T1w 3-Tesla MRIs. Feature signatures were generated using a machine-learning workflow incorporating five feature selectors based on a consensus principle to reduce spurious feature selection, followed by five classifiers to predict binary outcome. Results: The models demonstrated consistent predictive performance in the test folds, with AUC values from 0.77 to 0.84. Supplementing radiomic features with clinical, fractal or lacunarity features did not improve predictive performance. Conclusions: Radiomic features showed the strongest predictive value for meningioma volumetric response to GKRS. Darker intratumoral intensity values were associated with a favorable volumetric response, possibly reflecting biologically less active tumor regions. The supplied code enables individual-level prediction for newly encountered patients.
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1. Introduction


Meningiomas are the most common primary brain tumors and are usually benign, with 80–90% classified as WHO grade I [1]. Although most grow slowly and remain noninvasive, a subset shows more aggressive behavior and is classified as WHO grade II or III [1]. Treatment options include surgical resection, radiosurgery or radiotherapy. Despite favorable overall outcomes after Gamma Knife radiosurgery (GKRS), individual treatment response in meningiomas varies considerably, underscoring the need for more reliable predictors of outcome [2,3]. Currently used prognostic indicators include clinical symptoms, patient age, general health status, neurological deficits, recurrence after prior treatment, tumor size, location, degree of delineation from surrounding brain tissue and the presence of cystic components [4,5,6,7,8]. Larger tumor size and male sex have been reported to predispose patients to meningioma progression following GKRS [9,10]. In addition, diffusion-weighted imaging (DWI) and diffusion tensor imaging (DTI) parameters have been investigated as predictors of meningioma type and prognosis after stereotactic radiosurgery (SRS) [9,11,12,13]. Among imaging biomarkers, first-order texture features derived from conventional MRI sequences, fractional anisotropy combined with other DTI-derived parameter maps and the third eigenvalue of the DTI tensor have shown strong correlations with treatment outcomes after SRS. Among standard MRI sequences, the strongest conventional imaging predictor of volumetric outcome was the standard deviation of voxel intensities on T2-weighted images, reflecting the degree of intratumoral signal heterogeneity [14].



Radiomics has shown promise across oncology as a non-invasive method for predicting treatment response and prognosis [15,16]. It extracts quantitative intensity, shape and texture features from medical images to capture tumor characteristics beyond visual assessment. Most radiomic analyses rely on texture features derived from statistical gray-level matrices, such as GLCM, GLRLM and GLSZM, which quantify spatial heterogeneity of voxel intensities and are widely used because of their relative reproducibility, methodological maturity and standardized computation. Descriptors derived from fractal analysis, such as fractal dimension, together with related measures such as lacunarity, provide complementary information by quantifying structural complexity, spatial organization and heterogeneity across scales, but are not incorporated into standard radiomics frameworks. These features are mostly used separately to evaluate diagnostic and prognostic value in MRI and CT studies, including glioblastoma survival prediction and tumor grading [17,18,19].



We previously found that 2D fractal and textural features derived from 2D MRI slices showed similar classification performance [20]. Another study in locally advanced rectal cancer compared 2D textural, intensity and fractal features on T2-weighted MRI and reported that fractal features were the most informative for predicting pathologic complete response after chemoradiotherapy [21]. Other studies have also been limited to 2D fractal features, which are not directly comparable to 3D radiomic features because the two approaches quantify tumor structure in different dimensional frameworks [22,23]. Although other studies did calculate 3D fractal features, they did not compare their performance against standard radiomics features [19,24,25].



Our previous machine-learning study for predicting meningioma volumetric response after GKRS used 337 radiomic features, including features derived from Laplacian of Gaussian (LoG), logarithm and exponential image filters [15]. This made biological interpretation difficult because the resulting predictors obtained on filtered images were less directly linked to the original tumor appearance on MRI [15]. In the present study, we addressed this limitation by restricting the radiomic analysis to 107 features extracted only from the original images and by implementing a strict nested machine-learning framework with consensus-based feature selection. This approach allowed a more reliable assessment of feature stability, reproducibility and relative importance while minimizing information leakage. Furthermore, we hypothesized that incorporation of 3D fractal and lacunarity features into conventional radiomics may improve characterization of tumor heterogeneity and consequently the prediction of meningioma volumetric response. To our knowledge, a direct comparison of standard radiomic texture features with fractal/lacunarity descriptors has not previously been reported.



Deep network architectures are increasingly used for medical image classification purposes. However, these tools are still associated with reduced interpretability [26]. Furthermore, part of the observed predictive performance could reflect the mirage effect [27] or other influences not genuinely grounded in image-derived biological information. Although the MLP-like Kolmogorov–Arnold neural network architecture was designed with improved interpretability in mind (https://arxiv.org/abs/2510.25781, (accessed on 7 May 2026), evidence supporting this advantage remains limited. Therefore, in this study, we used simpler and more interpretable machine-learning tools.



The primary aim of this study was to determine whether pre-treatment MRI provides predictive information even when analyzed using a rigorous, fully nested machine-learning workflow designed to avoid information leakage. The second aim was to reduce the influence of chance feature selection by applying consensus feature selection. We also aimed to improve the biological interpretation of the selected predictors, as the nested ML workflow enabled assessment of feature stability and, together with SHAP, helped identify the most important features and imaging characteristics associated with favorable or unfavorable tumor response. The fourth aim was to directly compare the predictive performance of 3D fractal features and conventional radiomic features. To match the intended real-world application of predicting future patients from a retrospective institutional cohort, the dataset was divided chronologically rather than randomly into development and test subsets. Our code freezes the final optimized models and enables prospective, individual predictive assessment for each newly encountered patient. The clinical relevance of improved treatment outcome prediction lies in supporting personalized treatment planning and optimization of therapeutic strategies, ultimately enhancing patient care. If an unfavorable outcome is predicted, a higher prescribed tumor dose or greater consideration of surgical resection may be warranted. Conversely, if a very favorable outcome is predicted, the tumor dose may be reduced to minimize the risk of treatment-related complications.




2. Materials and Methods


This study adheres to the guidelines set out in the STROBE statement for cohort studies.



2.1. Ethics Approval Statement


The study received approval (CEI-290) from the CEDIMAT Institutional Review Board and adheres to The Code of Ethics of the World Medical Association (Declaration of Helsinki), as published in the British Medical Journal (18 July 1964) and its 7th revised edition in 2013. The need for written informed consent was waived by the ethics committee due to the retrospective nature of the analysis.




2.2. Patients


A total of 204 patients with grade I meningioma were included in this study. Patient age ranged from 15.2 to 88.7 years (mean 53.6). All patients were treated at our Gamma Knife center. Magnetic resonance imaging (MRI) had been performed within 4 weeks prior to radiosurgery, and follow-up imaging was available for at least 12 months after treatment (range 12–152 months; mean 47.4 months; Table 1). Tumor volumes ranged from 0.3 to 50.9 cm3 (mean 8.4 cm3).



Tumor location was at the skull base in 133 cases, at the convexity in 61, at the falx in 5, at the tentorium in 3, and intraventricular in 2 patients. A history of previous surgery was documented in 88 cases. Histological results were available in 25 of these patients. Among these, 19 tumors were classified as meningothelial or psammomatous meningiomas, five as fibroblastic meningiomas, and one as transitional meningioma; none showed atypical features. In cases without available histology, tumors were presumed to represent WHO grade I meningiomas based on typical radiological characteristics, including homogeneous contrast enhancement, presence of a dural tail, absence of extension through cranial foramina, minimal or no peritumoral edema, and lack of significant lobulation.




2.3. Gamma Knife Treatment


Treatments were performed using a Gamma Knife model 4C from 2011 to 2021, subsequently using the model ICON (Elekta Instrument AB, Stockholm, Sweden). Details of the Gamma Knife treatment technique were previously described [28]. On treatment day MRI sequences were coregistered to a stereotactic 3D CT image set.



Depending on tumor size and location, the prescribed margin dose ranged from 11 to 24 Gy (Table 1). Most meningiomas (177 cases) were treated in a single session, with margin doses between 11 and 18 Gy (mean 13.7 Gy).



According to our institutional protocol, tumors located close to organs at risk (OARs), particularly the anterior optic pathway (AOP), were treated with hypofractionated stereotactic radiosurgery (HFSRS). This approach was used in 27 cases. These patients received either 6 Gy in three fractions or 5–6 Gy in four fractions on consecutive days.



To allow comparison between different fractionation regimens, the biologically effective dose (BED) was calculated based on the widely used linear–quadratic (LQ) model, acknowledging its limitations at high doses [29]. HFSRS doses were further converted into single-fraction equivalent doses (SFED) [30] to facilitate comparison with conventional single-session radiosurgery. Using an α/β ratio of 3.76 Gy [31], the calculated margin SFED for HFSRS treatments ranged from 9.4 to 13.5 Gy (mean 11.9 Gy).



All treatments were planned using the Leksell GammaPlan workstation (Elekta AB). Planning aimed to achieve high tumor coverage (mean 96.3%) while limiting radiation exposure to critical structures such as the anterior optic pathway, cochlea and brainstem.




2.4. Sample Size Calculation


Sample size was prospectively calculated based on a pilot experiment including 100 patients, which showed that 136 patients, with 23 positive cases, were required to detect an AUC of 0.70 with α = 0.05 and β = 0.10 (MedCalc v20; MedCalc Software Ltd., Ostend, Belgium). The 100 patients from the pilot experiment were included in the final cohort.



In total, the final CE-T1w cohort comprised 204 patients, including 45 positive cases, with AUCs ranging from 0.77 to 0.84.




2.5. MRI


MRI was performed on a 3-Tesla scanner (Achieva; Philips, Eindhoven, The Netherlands). Contrast-enhanced sequence was acquired with the following parameters:



3D-T1w magnetization-prepared rapid acquisition (MPRAGE) sequence: gradient echo, TR/TE/TI 6.8/3.2/900 ms, flip angle 8°, measured voxel size 0.6 × 0.6 × 1.0 mm, before and after intravenous injection of contrast medium.




2.6. Postprocessing


All 204 meningiomas were manually delineated on CE-T1w images using the Leksell GammaPlan (Elekta Instrument AB, Stockholm, Sweden) workstation by experienced neurosurgeons with 5 to 16 years of radiosurgical experience, in collaboration with a neuroradiologist with more than 43 years of experience. Image sets were reviewed for quality, and sequences with artifacts were excluded.




2.7. Follow-Up


Imaging and clinical follow-up were performed every six months for the first two years after GKRS and annually thereafter.




2.8. Extraction of Radiomics Features


MRI intensities were normalized using z-score normalization before feature extraction. In addition, all images were resampled to isotropic 1 × 1 × 1 mm voxels using interpolation to standardize spatial resolution across scans. The radiomics analysis was conducted using Pyradiomics (version 5.6.1) [32]. The parameter file instructed the preprocessing computation of all available image transformations and feature types. We only used the 107 features per MRI scan obtained from original images. Prior to Pyradiomics analysis, MRI scans underwent z-score intensity normalization, followed by scaling with a factor of 600. To standardize image resolution, all scans were resampled to an isotropic voxel spacing of 1 × 1 × 1 mm using B-spline interpolation. For detailed descriptions of the extracted radiomics features please see: https://pyradiomics.readthedocs.io/en/latest/features.html (accessed on 7 May2026).




2.9. Extraction of Fractal, Lacunarity and Additional Shape Features


3D fractal and lacunarity features were computed from isotropically resampled (1 mm3) segmented tumor volumes.



Binary-mask fractal features (binROI3D_Db_D) were derived from the 3D segmented tumor volume after binarization of the mask (tumor voxels = 1, background = 0) using box counting across spatial scales; the resulting slope (Db_D) represented the fractal dimension, while r2, se and yint described the regression fit.



Surface fractal features (surfROI3D_Ds_D) were also computed together with the corresponding regression-derived parameters r2, se and yint, but only on the extracted 3D tumor boundary shell, thereby characterizing surface irregularity rather than the full filled volume.



The grayscale fractal feature (grayROI3D_dbc_D) was computed from normalized tumor intensities using a 3D differential box-counting approach.



The main grayscale lacunarity feature was gray3D_lac_nonoverlap_mean, which quantified the multiscale heterogeneity of grayscale box masses across non-overlapping boxes. In addition, regression-derived parameters describing the scale dependence of lacunarity were calculated, including the scale-dependence parameter slope_loglac_vs_log1s and the fit-related parameters r2, se, and yint. These features, together with the thirteen additional shape features, are described in more detail in Supplementary File.



The following 14 clinicopathological features were used alongside the fractal, lacunarity, and standard radiomic features: age at first GK session, gender, volumetric classification, hypofractionation, number of fractions, margin dose/fraction [Gy/fx], maximum dose/fraction [Gy], total physical dose to the margin (dose per fraction × number of fractions), BED, SFED, coverage [%], selectivity, Paddick index, and initial volume [cm3].




2.10. Machine Learning Workflow


A total of 191 features calculated from the CE-T1w sequence were included in the ML workflow. A fully nested repeated stratified cross-validation framework was used to prevent information leakage and provide an unbiased estimate of predictive performance. In each split, features were z-score normalized and filtered for near-zero variance, univariate AUC and high pairwise correlation. The remaining features were then evaluated using five feature selection methods: mRMR, N-mRMR, Boruta, L1-regularized selection and Elastic Net. Features selected by at least three of these methods were retained by consensus. The resulting feature set was used to train five classifiers: Gaussian Naïve Bayes, Gaussian Process, ExtraTrees, logistic regression and stochastic gradient descent with log-loss.




2.11. Outer Folds


In each outer iteration, the development cohort was divided into outer-training and outer-validation folds. All preprocessing, feature filtering, feature selection, model fitting and hyperparameter tuning were performed using only the outer-training data. The outer-validation folds were reserved solely for performance evaluation.




2.12. Inner Folds


Within each outer-training set, stratified five-fold inner cross-validation was used for model selection and hyperparameter tuning. Feature robustness was assessed by selection frequency across folds and repeats.




2.13. Final Model Refitting, Independent Test-Set Evaluation and Inference


Test-set performance was assessed by refitting the complete preprocessing, feature-selection and classification pipeline on the entire development cohort (train and validation subsets) using the optimal hyperparameters and then evaluating this final refit model once on the independent holdout test set.



Because follow-up duration differed substantially among patients, simple relative volume change was not considered an optimal outcome measure, as it does not distinguish treatment response from length of observation. Normalization by follow-up time in months partially addresses this issue but assumes a linear rate of volume change, which did not adequately reflect the observed behavior of meningioma volume after radiosurgery. In this study, serial meningioma volume measurements demonstrated an approximately exponential pattern of volume decay, supporting the use of logarithmic time adjustment. The approximately exponential tumor volume regression was also previously observed after SRS [33], particularly beyond an initial phase of approximately twelve months [34]. Because exponential processes become linear when expressed against ln(time), quantifying response relative to ln(time) enables more consistent comparisons across patients with different follow-up durations [15].Therefore, relative volume change normalized by logarithmic follow-up time was selected as the primary outcome. This transformation reduced the dependence of the outcome on follow-up duration, produced an approximately stable regression trend across time, and preserved a wide dynamic range of response values, making it more suitable for modeling individualized volumetric response after radiosurgery (Figure 1).



The normalized endpoint was computed as:


ΔV_log = (V_last − V_SRS)/(V_SRS·ln(T_FU))








where “V_SRS” denotes tumor volume at radiosurgery, “V_last” the tumor volume at last follow-up, and “T_FU” the time interval from SRS to the final follow-up [15].



Inference in our workflow refers to applying the frozen, finalized model to a new patient. Because model training and feature selection are omitted at this stage, this prediction step is computationally lightweight and takes 30 s.




2.14. Feature Importance Using SHAP


Feature importance was assessed using SHapley Additive exPlanations (SHAP), which quantifies each feature’s contribution to an individual prediction relative to the model’s expected output. For each feature, SHAP values were calculated for each sample in the test set, and the mean absolute SHAP value was used to summarize feature importance.



SHAP values were computed using model-specific explainers when supported: TreeExplainer was used for the tree-based ExtraTrees model, and LinearExplainer was used for logistic regression and SGD (log-loss) models. In contrast, Gaussian Naïve Bayes and the Gaussian Process classifier do not provide a model structure compatible with fast analytical SHAP explainers.





3. Results


The treatment results are presented in Table 1. After a mean follow-up of 47.4 (12–152) months, the control rate was 96.1%. The volume of meningiomas at the latest imaging follow-up was compared to pre-SRS imaging data and categorized according to RANO criteria for meningiomas [35]. Partial response was achieved in 45 (22.1%) meningiomas, while a minor response was observed in 81 (39.7%). Stable disease occurred in 70 (34.3%) cases, and progressive disease was observed in eight (3.9%) meningiomas at the last follow-up. The absolute volume decreased by 2.24 cm3 at the last follow-up, with a mean volume change rate of 0.87% per month.



The workflow of the study is shown in Figure 2. The predictive models for meningioma response to radiosurgery were developed using contrast-enhanced T1-weighted MRI. Feature processing and selection were implemented exclusively in a nested way, only within training folds to prevent information leakage. After within-fold z-score normalization, features passed through three filters: a low-variance (threshold variance < 1 × 10−6), followed by a univariate AUC-based filter to remove near-random predictors (AUCs 0.42–0.58) and a Pearson correlation filter (|r| > 0.98) to reduce redundancy (Figure 2). The remaining features were then subjected to five feature selection methods: mRMR, normalized mRMR, Boruta (random forest–based selection), L1-regularized selection (LASSO-type) and Elastic Net selection. A consensus rule was applied, retaining features selected by at least three of the five selectors. Such agreement across multiple feature selectors reduced the influence of selector-specific instability and helped limit spurious features from affecting model performance. Thus, the use of multiple complementary feature selectors was intended to improve robustness, rather than to obtain a favorable result by chance (Figure 2). The consensus feature sets were used to train multiple classifiers: Gaussian Naïve Bayes, Gaussian Process, Extremely Randomized Trees (ExtraTrees), logistic regression and SGD classification with log-loss (Figure 2).



Two separate cross-validation procedures were applied: the inner loop was used for model development, including preprocessing, feature selection, hyperparameter tuning and determination of the decision threshold, while the outer loop was used for unbiased evaluation of generalization performance in unseen patients. This ensured that model optimization and final performance assessment were performed independently, in separate cross-validation loops, reducing the risk of overfitting and information leakage.



Additionally, the repeated nested design enabled assessment of feature-selection stability, defined as the product of the frequency with which a feature entered the consensus set across the five folds and the mean number of feature-selector votes (n_folds_in_consensus x mean_selector_votes).



Final test performance was assessed once by retraining the full workflow: preprocessing, feature-selection and classification pipeline on the entire development cohort with the previously selected hyperparameters and applying this final refit model to the independent holdout test set. AUC, MCC, Youden index, F1, accuracy and balanced accuracy were used for predictive evaluation.



This machine-learning classification workflow integrated clinical features together with three imaging-derived feature groups: standard radiomics, fractal features and lacunarity features. Standard PyRadiomics features comprise first-order intensity features that describe the distribution of voxel values, shape features that characterize VOI geometry and texture features derived from matrices such as GLCM, GLRLM, GLSZM, GLDM, NGTDM, which quantify spatial gray-level patterns and intratumoral heterogeneity. In contrast, fractal dimension (FD) quantifies the scale-dependent geometric complexity of tumor structure, whereas lacunarity measures the distribution of gaps, voids and clustering, thereby reflecting spatial “gappiness” and heterogeneity.



Because the clinicopathological feature set (n = 14) and the fractal/lacunarity feature sets (n = 17) were small, they were not analyzed as standalone feature groups (Table 2). Instead, their contribution was assessed by comparing the radiomics-only model with models in which CP and/or fractal/lacunarity features were added to the radiomic feature set (Table 2). These additions did not improve classification performance, as the AUC did not increase beyond 0.840, which was achieved using radiomic features alone (Table 2).



However, CP, fractal and lacunarity features still demonstrated predictive relevance, as both were included among the top 20 selected features (Table 3). One fractal feature ranked among the top 20, grayROI3D_dbc_se, in which se denotes the standard error of the regression used to derive the grayscale fractal dimension, thereby reflecting the goodness-of-fit and stability of that estimate across scales. Among the most important lacunarity features was gray3D_lac_nonoverlap_r2, where r2 denotes the coefficient of determination, reflecting how well lacunarity conforms to a scale-invariant relationship across spatial scales. Notably, both selected features represented fit-quality parameters, rather than the primary fractal or lacunarity measures themselves, which weakens their interpretation. Based on grayROI3D_dbc_se, a better response was associated with less tightly fitted grayscale fractal scaling, whereas based on gray3D_lac_nonoverlap_r2, a better response was associated with a more regular and better-defined lacunarity pattern across scales (Table 3). Overall, tumors with better response tended to show a less uniform fractal intensity pattern but a more consistent multiscale gap/texture organization. The main fractal features grayROI3D_dbc_D and binROI3D_dbc_D, as well as the main lacunarity feature gray3D_lac_nonoverlap_mean, were not among the top 20 selected features.



Although shape features seem enriched in the selected set, with four of the top 20 selected features (20%) being shape-related, they were not, because in the total pool, 27 of 151 features (18%) were shape-related. All selected shape features reflect tumor geometry: shape3D_roughness (surface irregularity relative to the convex hull), shape3D_radius_max_min_ratio, shape3D_radius_min_mm_volume_mm3 and original_shape_Flatness (low values mean the VOI is very thin/flat). Shape features suggested that better radiotherapy response was associated with tumors that had smoother surfaces and a more elongated shape, whereas poorer response tended to occur in tumors with rougher surfaces and a more spherical morphology (Table 3).



Five of the selected features (25%) were emphasis features but this again did not represent enrichment because emphasis features already comprised 24 of 107 standard radiomic features (22.4%) in the total pool. These features describe how strongly the image contains particular structural patterns, such as small homogeneous regions, long continuous runs or high-intensity areas. These texture features suggested that a good outcome was associated with greater representation of low-gray-level components, including long runs of low-intensity voxels, more low-intensity zones and overall emphasis on low (darker) gray levels. Taken together, better responders appeared to show a texture pattern shifted toward darker lower intensities and away from extensive compact high-intensity areas (Table 3).



Several selected features were clinical, including Selectivity, Coverage (%) and Paddick. Overall, the top 20 selected features included all feature classes used in the study: clinical, standard radiomic, fractal and lacunarity.



The features in Table 3 are ranked by stability and importance, enabling comparison of the relative contribution of CP, standard radiomics, fractal and lacunarity features. Stability was defined by combining the number of folds in which a feature was retained by the selector consensus, multiplied by the mean number of selector votes. This stability value was further multiplied by the mean absolute SHAP value to obtain feature importance. SHAP values were calculated through a logistic regression classifier because the best-performing classifier, Naïve Bayes, does not support SHAP analysis. However, the performance difference between the logistic regression (AUC = 0.812) and Naive Bayes (AUC = 0.833) classifiers was only marginal, suggesting that the importance analysis is unlikely to be affected. The most important feature was Skewness, a first-order intensity feature that measures the asymmetry of the voxel-intensity distribution around the mean, indicating whether the histogram has a heavier tail toward higher or lower intensities. Because its AUC was below 0.5, lower Skewness values were associated with better volumetric response, implying that relatively darker VOIs were associated with better response.




4. Discussion


This study demonstrates that radiomic signatures derived from pre-GKRS MRI data can predict tumor volumetric response to radiosurgery even within a rigorously implemented, fully nested radiomics machine-learning pipeline designed according to best-practice standards to prevent information leakage and minimize optimism bias. Fractal and lacunarity features did not provide additional predictive value beyond standard radiomic features, while the radiomics-only model achieved an AUC of 0.84.



Previous studies have demonstrated the value of advanced MRI techniques, particularly DWI and DTI, as predictors of meningioma histological type and prognosis following stereotactic radiosurgery [9,10,11,12,13,14]. These diffusion-derived metrics have been associated with tumor cellularity, microstructural integrity and biological aggressiveness, making them promising biomarkers for outcome prediction. Unfortunately, the predictive performance of these studies cannot be directly compared with that of our current study, as they did not report AUC, F1 score or other standard measures of prediction performance. Instead, they reported hazard ratios, correlation coefficients and F-values. In addition, other investigations have shown the benefit of applying texture analysis [14] and broader radiomics methodologies [15] to conventional MRI sequences for forecasting volumetric tumor behavior after SRS. Study [15] outperformed our current study by achieving an AUC of 0.88; however, it included a small cohort of 93 patients and did not use a nested workflow. Furthermore, the aim of the present study was not to compete with previously reported AUC values, but to estimate the true predictive value of radiomics and compare it with that of 3D fractal features.



Although 3D fractal and lacunarity descriptors are theoretically appealing as complementary imaging biomarkers, because they quantify multiscale structural complexity, space-filling irregularity and spatial nonuniformity beyond the scope of conventional texture analysis, in this study, their addition did not improve predictive performance over standard radiomic features alone. This should not be interpreted as evidence that MRI fractal or lacunarity features lack biological relevance, but rather as highlighting a key methodological challenge in their application to magnetic resonance imaging. In this study, the average number of voxels within the tumor VOI was 10,454 ± 8832, which is approximately 1000-fold lower than the number of pixels in a typical 10-megapixel tumor histology image. Therefore, even the largest meningioma in this study, containing 43,286 voxels, remains far below the pixel count typically available in histopathology images. Reliable fractal estimation depends on the availability of a sufficiently broad range of spatial scales, while an MRI tumor VOI might contain too few voxels to support stable multiscale analysis. As a result, only a small number of 3–5 3D spatial scales can be sampled, making regression-based estimates of fractal dimension vulnerable to noise and numerical instability. This limitation arises from the relatively low spatial resolution of routine clinical MRI, which restricts the structural detail available for robust fractal characterization. By contrast, conventional radiomic texture features rely on local voxel-intensity relationships and can therefore be extracted more reliably from a smaller number of MRI voxels. Taken together, these findings suggest that, in the MRI setting, the added value of fractal and lacunarity analysis is limited. This is consistent with previous findings showing that 3D fractal features calculated from MRI achieved modest classification performance in meningioma, with AUC values up to 0.74 [25].



Fractal and lacunarity descriptors extracted from tumor VOIs on MRI or CT have previously been investigated as imaging biomarkers for tumor characterization and prognosis, including glioblastoma survival prediction [17] meningioma grading [36] and glioma classification [19]. Mezei et al. used fractal dimension and lacunarity features extracted from MRI tumor segmentations for predicting meningioma histological grade using logistic regression models, without the use of machine-learning classifiers. Fractal features alone achieved moderate predictive performance (AUC = 0.697 for WHO grade); however, standard radiomic texture features were not included in the analysis for comparison [25]. Fractal dimension and lacunarity derived from tumor MRI were tested for the preoperative classification of pediatric posterior fossa tumors and a scoring system was proposed by combining fractal metrics with conventional imaging features. Although the model achieved moderate discriminative performance (AUC = 0.79), it relied on logistic regression rather than modern machine-learning approaches and did not include standard radiomic features for comparison [37]. Our previous directionally sensitive fractal analysis study of osteosarcoma MRI scans also did not compare fractal and radiomics features, or calculated 3D fractal features [38,39]. Importantly, all the above studies calculated fractal features in 2D tumor slices, which have several methodological limitations: 2D analysis ignores inter-slice tumor heterogeneity, depends strongly on slice selection and might primarily capture boundary complexity rather than the full three-dimensional tumor architecture [25,37,40]. The 3D whole-volume analysis used in this study has been shown to provide greater interobserver reproducibility of radiomic and fractal features in MRI studies [36,41]. Unlike prior studies that used 2D fractal descriptors as auxiliary radiomic features, our current study integrates 3D fractal and lacunarity features with radiomics in a fully nested machine-learning framework optimized for unbiased prediction of individual future patients.



Feature importance based on stability and SHAP analysis indicated that the top 20 selected features included eight textural features, three intensity, one fractal, one lacunarity, four shape and three clinico-dosimetric features. We extracted 1781 reliably calculable PyRadiomics features from the original and all filtered or transformed image versions, with reliability defined by gray-level discretization such that the selected bin width was expected to produce 30–130 bins across patient scans. However, only the 107 features derived from the original images were included in the final analysis, as this smaller set improves model usability by being more practical for prospective individual-level prediction and facilitating clinical interpretation. In addition, the inclusion of approximately 1600 extra features from transformed images provided only marginal improvement in predictive AUC (unpublished observation). Better volumetric response to GKRS was associated with a smoother tumor surface, increased flatness and greater elongation, as well as with textures shifted toward darker, lower-intensity components and a more regular multiscale lacunarity pattern. In contrast, poorer response tended to occur in less elongated, rounder tumors with rougher surfaces and a greater prominence of compact, lighter, higher-intensity regions. The selected fractal/lacunarity-related features were primarily fit-quality parameters rather than direct primary fractal and lacunarity descriptors of tumor morphology or texture. Therefore, their biological interpretation is limited. This supports the view that MRI provides relatively low resolution and voxel counts; therefore, fractal/lacunarity estimates may be influenced by the stability and quality of model fitting. Surface regularity, flatness and elongation features have previously been evaluated for the prediction of meningioma grade, but not GKRS response [42]. Features identified as important in the present study, such as t1c_original_shape_MajorAxisLength and t1c_original_shape_Flatness, were also previously reported as important for predicting recurrence in atypical meningioma [43].



Furthermore, the interpretation of the selected features extends to the first-order intensity features: kurtosis and the 10th percentile, which were among the most informative predictors in this study. Together, these features indicate that tumors containing a greater proportion of darker, lower-intensity components on contrast-enhanced T1-weighted MRI were more likely to respond favorably. This is consistent with previous radiomics studies suggesting that first-order intensity-based features may outperform higher-order texture metrics in predicting outcome in benign brain tumors, particularly under standardized imaging conditions [44,45]. There is no direct link between darker intensity values and skewness, because skewness reflects the asymmetry of the intensity distribution rather than absolute signal intensity itself. Our findings align with an earlier report implicating skewness as a marker of biologically relevant heterogeneity associated with radiosurgical outcome, although direct comparison is limited because that study evaluated post-treatment rather than pre-treatment MRI [46]. In addition to their predictive value, first-order features may offer greater translational potential because they are relatively robust, reproducible and straightforward to interpret.



A possible biological explanation is that lower signal intensity, resulting from less enhancement on contrast-enhanced T1-weighted MRI, may reflect cystic change, intratumoral hemorrhage, reduced vascular density, fibrotic transformation, edema, necrosis or calcification [47,48]. Such properties could correspond to lower cellularity, lower proliferative activity, or impaired microvascular supply, all of which may favor radiosurgical response or limit post-irradiation tumor expansion. This interpretation is supported by prior Gamma Knife studies showing that heterogeneous MRI appearance, including mixed enhancement patterns and non-uniform internal architecture, is associated with improved local control and lower progression rates after stereotactic radiosurgery [49,50,51]. Our results extend this concept by indicating that relatively simple first-order radiomic features can capture clinically meaningful heterogeneity relevant to treatment response. This was consistent with second-order emphasis features showing in this study that long dark runs were associated with good response, whereas extensive compact high-intensity areas were associated with poor response.



From a treatment-planning perspective, pre-radiosurgical prediction of volumetric response may have practical clinical value. Imaging signatures associated with unfavorable response could support consideration of dose escalation, hypofractionation, or earlier surgical resection, whereas highly favorable predicted response might justify dose de-escalation to reduce the risk of radiation-induced complications, particularly near critical neurovascular structures. More broadly, this approach is consistent with the emerging concept of personalized radiosurgery, in which treatment is adapted to tumor-specific biological characteristics rather than based solely on size and location [52].



To our knowledge, this is only the second meningioma study to apply computational prognostic or predictive modelling. A further novel aspect is the newly developed machine-learning framework, which combines a nested workflow to prevent information leakage with consensus feature selection to reduce chance-driven feature selection. Although nested machine learning is widely regarded as the appropriate approach, it remains rarely implemented in published prognostic and predictive studies. To illustrate this, we added in the Supplementary Materials an example set of 25 PubMed-listed machine-learning studies identified using the keywords “prognosis”, “predict”, “cancer”, and “machine learning”; only one explicitly mentioned a nested design, while three provided the code used in the study (Supplementary File). This is important because, without a proper workflow, it becomes difficult to determine whether reported results reflect true predictive value or are inflated by information leakage.



The nested design strengthened the study in several ways. It separated model selection from model evaluation, with the inner loop used for hyperparameter tuning and pipeline selection and the outer loop used for unbiased performance estimation. In addition, all supervised feature-selection and preprocessing steps—including scaling, variance filtering, AUC-based filtering, correlation filtering, and class balancing—were performed only within the training folds. This prevented validation-fold labels, defined here as the binary outcome of good versus poor responder, from influencing feature selection or preprocessing, and ensured that the reported internal performance reflected the full model-building procedure rather than a classifier evaluated after globally optimized preprocessing or feature selection.



Another novel aspect is the direct comparison between 3D fractal features and conventional radiomic features. In addition, the study provides implementation-ready code for Google Colab, making it suitable for users who are not experienced with complex coding tools.



Limitations of this study include the cohort size, although the cohort was highly homogeneous and widely exceeded minimum sample size requirements. Larger cohorts are needed to further confirm the association between the features selected here and meningioma volumetric response to GKRS. Additional limitations include the relatively short follow-up period and the retrospective study design. Although the models were validated on a patient subset from the same institution that was used for model development, external validation is required to confirm broader generalizability and clinical applicability. However, this institutional validation is clinically relevant, as the model would initially be intended for use in our own institutional patients. Finally, despite the objective computational framework, some degree of subjectivity remained in tumor VOI segmentation. Although all tumor segmentations were performed by experienced radiosurgical neurosurgeons in collaboration with an experienced neuroradiologist, ROI delineation remains a potential source of variability. Minor boundary differences may affect radiomic features and could be amplified in features that depend on 3D spatial organization, including fractal and lacunarity estimates. A formal segmentation-perturbation or interobserver variability analysis was beyond the scope of the present study and should be addressed in future work.




5. Conclusions


To our knowledge, this is the first study to compare radiomic, fractal and lacunarity features within the same 3D framework for the classification of MRI or CT scans. One fractal and one lacunarity feature were selected in the final model, indicating predictive value; however, their inclusion did not improve the performance of standard MRI-based radiomic features for classifying meningioma volumetric response to GKRS. Darker intratumoral intensity values on pre-treatment contrast-enhanced T1-weighted MRI were associated with a more favorable volumetric response to stereotactic radiosurgery, possibly reflecting biologically less active tumor regions.



The applied machine-learning pipeline used a fully nested design to prevent information leakage and supports one-by-one prediction for future individual patients using a frozen model trained retrospectively on an institutional cohort, making it suitable for potential internal use within our institution.
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Figure 1. Relationship between tumor volume change and follow-up duration. Scatter plots showing (A) relative tumor volume change from baseline (%), (B) monthly relative tumor volume change from baseline (%/month), and (C) relative tumor volume change normalized by logarithmic follow-up time (%/log month), each plotted against follow-up duration in months. The dotted trend lines indicate the overall linear regression trend for each outcome measure. The log-time-normalized measure was used to reduce dependence on follow-up duration while accounting for the approximately exponential pattern of post-treatment volume change. 
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Figure 2. Workflow of the machine-learning classification analysis. Pre-GKRS MRI scans were acquired and tumor VOIs were segmented. Prior to feature extraction, images underwent z-score normalization, interpolation and resampling. All feature classes were extracted with application of all transformation filters, but only 107 features obtained on original images were used in analysis. The resulting feature values were subsequently z-score normalized, and features with low variance, near-random univariate AUC, or high pairwise correlation were excluded. Five feature-selection methods and five classifiers were assessed. Final evaluation on the independent test set was performed using a refit model trained on the entire development cohort with the optimized hyperparameters. 






Figure 2. Workflow of the machine-learning classification analysis. Pre-GKRS MRI scans were acquired and tumor VOIs were segmented. Prior to feature extraction, images underwent z-score normalization, interpolation and resampling. All feature classes were extracted with application of all transformation filters, but only 107 features obtained on original images were used in analysis. The resulting feature values were subsequently z-score normalized, and features with low variance, near-random univariate AUC, or high pairwise correlation were excluded. Five feature-selection methods and five classifiers were assessed. Final evaluation on the independent test set was performed using a refit model trained on the entire development cohort with the optimized hyperparameters.
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Table 1. Patients, treatment characteristics and treatment results.
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	Patient and Treatment Characteristics
	Value
	Range





	Number of patients
	204
	-



	Age in years (mean, range)
	53.6
	(15.2/88.7)



	Pre-SRS tumor volume in cm3 (mean, range)
	8.4
	(0.3/50.9)



	Previous RT, SRS
	0 [0%]
	-



	Previous surgeries
	88 [43.1%]
	-



	Single fraction SRS treatments
	177
	-



	Hypofractionated SRS treatments
	27
	-



	Number of Fractions (mean, range)
	1.35
	(1/4)



	Coverage index (mean, range)
	96.3%
	(67.0%/100%)



	Selectivity index (mean, range)
	70.2%
	(16.0%/93.0%)



	Paddick conformity index (mean, range)
	67.5%
	(16.0%/92.1%)



	Margin physical Dose in Gy (mean, range)
	14.5
	(11.0/24.0)



	Maximum physical Dose in Gy (mean, range)
	29.0
	(22.0/48.0)



	Margin BED in Gy (mean, range)
	62.5
	(33.0/104.2)



	Margin SFED in Gy (mean, range)
	13.5
	(9.4/18.0)



	Treatment Results
	Value
	Range



	Follow-up period in months (mean, range)
	47.4
	(12.0/152.0)



	Complete response (CR)
	0 [0%]
	-



	Partial response (PR, decrease by ≥50%)
	45 [22.1%]
	-



	Minor response (MR, ≥25% and <50% decrease)
	81 [39.7%]
	-



	Stable disease (SD, <25% decrease but <25% increase)
	70 [34.3%]
	-



	Progressive disease (PD, ≥25% increase)
	8 [3.9%]
	-



	Absolute volume change in cm3 (mean, range)
	−2.24
	(−42.42/42.44)



	Relative volume change (mean, range)
	−30.00%
	(−99.5%/190.5%)



	Volume change per month (mean, range)
	−0.87%
	(−6.56%/7.62%)







Abbreviations: SRS, stereotactic radiosurgery; RT, radiotherapy; BED, biologically effective dose; SFED, single fraction equivalent dose; Gy, gray.













 





Table 2. Prognostic performance of machine-learning models based on clinical parameters, radiomics and fractal/lacunarity features a.
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Test Set b




	
Model

	
AUC

	
Acc.

	
Balanced Acc.

	
MCC

	
Youden

	
F1




	
Naïve Bayes






	
Radiomics

	
0.833

	
0.900

	
0.890

	
0.725

	
0.780

	
0.769




	
CP + radiomics

	
0.840

	
0.900

	
0.813

	
0.671

	
0.625

	
0.727




	
Radiomics + fractal

	
0.826

	
0.900

	
0.813

	
0.671

	
0.625

	
0.727




	
CP + radiomics + fractal

	
0.833

	
0.866

	
0.854

	
0.641

	
0.708

	
0.714




	
Gaussian Process




	
Radiomics

	
0.701

	
0.767

	
0.667

	
0.315

	
0.333

	
0.462




	
CP + radiomics

	
0.771

	
0.833

	
0.833

	
0.583

	
0.667

	
0.667




	
Radiomics + fractal

	
0.819

	
0.800

	
0.812

	
0.530

	
0.625

	
0.625




	
CP + radiomics + fractal

	
0.812

	
0.833

	
0.708

	
0.447

	
0.417

	
0.545




	
ExtraTrees




	
Radiomics

	
0.833

	
0.933

	
0.896

	
0.792

	
0.792

	
0.833




	
CP + radiomics

	
0.800

	
0.867

	
0.792

	
0.583

	
0.583

	
0.667




	
Radiomics + fractal

	
0.819

	
0.900

	
0.812

	
0.671

	
0.625

	
0.727




	
CP + radiomics + fractal

	
0.806

	
0.900

	
0.812

	
0.671

	
0.625

	
0.727




	
Logistic Regression




	
Radiomics

	
0.812

	
0.900

	
0.812

	
0.671

	
0.625

	
0.727




	
CP + radiomics

	
0.812

	
0.900

	
0.812

	
0.671

	
0.625

	
0.727




	
Radiomics + fractal

	
0.800

	
0.833

	
0.708

	
0.447

	
0.417

	
0.545




	
CP + radiomics + fractal

	
0.778

	
0.867

	
0.792

	
0.583

	
0.583

	
0.667




	
Stochastic Gradient Descent with logistic loss




	
Radiomics

	
0.792

	
0.833

	
0.833

	
0.582

	
0.667

	
0.667




	
CP + radiomics

	
0.694

	
0.600

	
0.688

	
0.301

	
0.375

	
0.455




	
Radiomics + fractal

	
0.677

	
0.800

	
0.688

	
0.375

	
0.375

	
0.500




	
CP + radiomics + fractal

	
0.771

	
0.733

	
0.771

	
0.442

	
0.542

	
0.556








a Models were trained against a meningioma volumetric response threshold of −0.30% per logarithmic month. Good responders were coded as events; therefore, an AUC above 0.5 indicates that higher feature values are associated with a better volumetric response. b The final refit was performed on the entire development set and performance metrics were evaluated on the test set. Abbreviations: CP, clinical parameters.













 





Table 3. SHAP and stability-based importance of selected clinical, radiomic, fractal and lacunarity features in the logistic regression model a.
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Logistic Regression Classifier




	
Feature

	
Consensus Folds

	
Avg.

Votes

	
Stability

	
Mean

SHAP

	
Importance

	
AUC b

	
Feature

Type






	
orig_firstorder_Skewness

	
5

	
4.2

	
21

	
0.091

	
1.909

	
0.67

	
Textural




	
gray3D_lac_nonoverlap_r2

	
5

	
4.4

	
22

	
0.084

	
1.852

	
0.64

	
Lacunarity




	
Selectivity

	
3

	
4.0

	
12

	
0.099

	
1.187

	
0.30

	
Clinical




	
orig_gldm_LargeDepHighGrayLevelEmph

	
5

	
4.2

	
21

	
0.056

	
1.167

	
0.30

	
Textural




	
Coverage [%]

	
5

	
3.8

	
19

	
0.056

	
1.068

	
0.62

	
Clinical




	
orig_glszm_LargeAreaHighGrayLevelEmph

	
5

	
4.4

	
22

	
0.044

	
0.973

	
0.33

	
Textural




	
shape3D_roughness

	
5

	
3.8

	
19

	
0.051

	
0.964

	
0.37

	
Shape




	
orig_firstorder_Kurtosis

	
4

	
3.2

	
13

	
0.069

	
0.892

	
0.35

	
Intensity




	
shape3D_radius_max_min_ratio

	
4

	
4.5

	
18

	
0.044

	
0.789

	
0.62

	
Shape




	
shape3D_radius_min_mm

	
3

	
4.3

	
13

	
0.060

	
0.781

	
0.32

	
Shape




	
grayROI3D_dbc_se

	
4

	
3.2

	
13

	
0.060

	
0.779

	
0.59

	
Fractal




	
orig_glcm_Imc1

	
4

	
3.2

	
13

	
0.053

	
0.687

	
0.63

	
Textural




	
orig_glrlm_LongRunLowGrayLevelEmph

	
4

	
3.7

	
15

	
0.044

	
0.666

	
0.66

	
Textural




	
orig_glszm_LowGrayLevelZoneEmph

	
3

	
3.6

	
11

	
0.050

	
0.545

	
0.64

	
Textural




	
Paddick

	
2

	
4.0

	
8

	
0.065

	
0.520

	
0.32

	
Clinical




	
orig_glcm_ClusterShade

	
3

	
3.6

	
11

	
0.046

	
0.504

	
0.58

	
Textural




	
orig_firstorder_10Percentile

	
2

	
4.0

	
8

	
0.062

	
0.495

	
0.40

	
Intensity




	
orig_gldm_LowGrayLevelEmph

	
2

	
4.5

	
9

	
0.051

	
0.456

	
0.67

	
Textural




	
orig_glcm_Imc2

	
5

	
3.4

	
17

	
0.026

	
0.443

	
0.66

	
Textural




	
original_shape_Flatness

	
2

	
4.5

	
9

	
0.030

	
0.31

	
0.39

	
Shape








a This model was trained against a meningioma volumetric response threshold of −0.30% per logarithmic month. Good responders were coded as events; therefore, an AUC above 0.5 indicates that higher feature values are associated with a better volumetric response. b The final refit was performed on the entire development set, and AUC was evaluated on the test set. Abbreviations: Avg. average; Dep, dependence; Emph, emphasis.
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