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| ABSTRACT 

Accurate brain tumor screening from MRI requires reliable four-class recognition (glioma, meningioma, pituitary, and no-tumor) 

under substantial multi-source variability, class imbalance, and the need for clinically interpretable decisions beyond aggregate 

accuracy. We propose a stacking ensemble that couples heterogeneous feature extractors (EfficientNetB0, MobileNetV2, 

GoogLeNet, a multi-level CapsuleNet, and a CNN) with a CatBoost meta-learner trained on concatenated class-probability 

vectors, enabling non-linear fusion of complementary error patterns across backbones. Experiments are conducted on M2, a 

merged dataset of 24,618 MR images assembled from four public sources, using an 80/5/15 split and stratified 10-fold cross-

validation; to prevent evaluation leakage, imbalance mitigation (Borderline-SMOTE and label-preserving augmentation) is 

applied exclusively to the training folds. The proposed model attains 98.99±0.41% accuracy, 98.32±0.49% micro-F1, 99.33±0.27% 

PR-AUC, and 94.14±0.13% MCC on M2, consistently outperforming individual backbones, and Grad-CAM audits typically 

highlight tumor-relevant regions while residual failures concentrate in morphologically similar subtypes. This work contributes a 

compact, explainable stacking framework with a deployment-oriented inference workflow and visual auditing, validated at scale 

on heterogeneous MRI sources to support trustworthy brain tumor decision support in resource-constrained settings and real-

world clinical practice. 
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1. Introduction  

Brain tumors remain a major cause of neurological morbidity and mortality, where delayed or inaccurate diagnosis can directly 

affect treatment planning, surgical strategy, and long-term prognosis [1]. Magnetic resonance imaging (MRI) is central to neuro-

oncology workflows due to its noninvasive, high-contrast depiction of soft tissue; however, routine clinical screening still 

depends heavily on expert interpretation, which is time-intensive and susceptible to inter-reader variability, especially in 

resource-constrained settings. In this work, we address automated multi-class brain tumor screening from MRI as a four-class 

classification task comprising glioma, meningioma, pituitary tumor, and no tumor [2]. This formulation is clinically relevant 

because these categories correspond to distinct disease characteristics and treatment pathways, while also reflecting a realistic 

screening scenario in which normal cases must be reliably separated from tumor subtypes. 

Recent advances in artificial intelligence have shown that data-driven learning frameworks can support complex recognition, 

prediction, and decision-making tasks across a wide spectrum of domains, including plant disease analysis, cybersecurity, 

citation-network modeling, clinical web systems, and biomedical decision support [10]–[13]. In visual and health-related 

applications, deep learning has been extended to oral cancer segmentation, prostate MRI analysis, cotton leaf diagnosis, cervical 

cancer diagnosis, precision wound care, glioblastoma-oriented therapeutic modeling, and cancer immunology, reflecting the 

broader momentum toward intelligent systems for clinically relevant problems [14]–[22]. Additional progress in leukemia 

screening, lung cancer detection, pneumonia diagnosis, breast cancer diagnosis, lung cancer classification, retinal disease 

recognition, microorganism classification, multimodal object recognition, and explainable brain tumor diagnosis further indicates 
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that modern diagnostic pipelines are increasingly expected to deliver not only high predictive accuracy, but also interpretability, 

efficiency, and real-world usability [24], [27], [29]–[41]. Within this context, automated brain MRI classification using CNN-based 

models remains an important research direction because it aligns with the wider movement toward robust, explainable, and 

deployment-aware AI for high-stakes medical imaging. 

Despite rapid progress in deep learning for brain tumor classification, several limitations persist in current practice. First, many 

studies rely on single-backbone architectures that can overfit dataset-specific artifacts and exhibit brittle performance under 

multi-source heterogeneity, including variations in scanners, acquisition protocols, intensity distributions, and patient 

populations [3]. Such domain shift is particularly consequential when models are trained on curated datasets yet deployed in 

heterogeneous clinical environments. Second, class imbalance is common in public MRI repositories and merged datasets; 

reporting accuracy alone can therefore be misleading, as dominant classes may drive high accuracy while minority classes suffer 

degraded sensitivity, precisely the failure mode that is unacceptable in screening contexts. Third, while explainability techniques 

such as Grad-CAM are frequently included, they are often presented as qualitative overlays without systematic error analysis or 

clinically grounded interpretation, limiting their utility for trust calibration and failure awareness. 

To address these challenges, we adopt a stacking ensemble formulation that is principled for heterogeneous medical imaging 

data. Rather than depending on a single representation, stacking explicitly exploits complementary inductive biases from diverse 

base learners, e.g., efficient convolutional feature extraction, multi-scale processing, and capsule-based part–whole modeling, so 

that errors made by one backbone can be corrected by others. We further employ CatBoost as a meta-learner over stacked 

class-probability vectors. This design is computationally attractive because the meta-level input is low-dimensional and tabular, 

and it is expressive because CatBoost can model non-linear interactions among base predictions, yielding a more reliable 

decision rule than fixed-weight averaging when class boundaries are subtle and domain variability is high. The main 

contributions of this paper are: 

1. A CatBoost-stacked heterogeneous deep ensemble for four-class brain tumor MRI classification, using concatenated 

base-model probability vectors for meta-level fusion. 

2. Large-scale validation on a multi-source merged dataset (M2), with training-only imbalance handling (Borderline-

SMOTE plus augmentation) and stratified cross-validation to reduce evaluation leakage. 

3. Explainability auditing with Grad-CAM, complemented by concise failure-pattern commentary to support clinically 

meaningful trust and model debugging. 

The remainder of the paper is organized as follows: Section II reviews related work; Section III details the proposed methodology; 

Section IV reports experimental settings and results; Section V presents explainability and error analysis; and Section VI 

concludes the paper with limitations and future directions. 

 

2. Related Works 

Deep convolutional neural networks (CNNs), typically trained via transfer learning, dominate MRI-based brain tumor 

classification pipelines, leveraging hierarchical feature extraction and large-scale pretraining to achieve strong in-dataset 

performance. Recent studies and reviews report high accuracies for four-category tumor screening on curated public datasets, 

often by fine-tuning established backbones and standardizing preprocessing; however, these results can overstate real-world 

reliability when evaluation is confined to homogeneous sources or single repositories [4]. Capsule networks (CapsNets) have 

been explored as an alternative that may better preserve part–whole relationships and exhibit improved robustness to certain 

geometric transformations, which is attractive for tumor morphology that varies across slices and acquisition conditions. 

Nonetheless, CapsNet variants are typically more sensitive to training design choices and are less commonly validated at scale 

than CNN baselines [5]. 

Ensembles improve predictive stability by aggregating diverse learners [6]; classical paradigms such as bagging and boosting 

primarily induce diversity through resampling or iterative reweighting, respectively. In contrast, stacking (stacked generalization) 

learns a second-level model over base learners’ outputs, enabling non-linear correction of systematic error modes and more 

expressive fusion than fixed averaging, particularly relevant when different architectures capture complementary cues [7]. Within 

biomedical applications, stacking has shown consistent gains across heterogeneous feature spaces (including deep 

representations and radiomics), and CatBoost-based meta-learning is increasingly used due to its strong performance on tabular 

inputs and its ability to model complex interactions with robust training behavior [8]. 

Saliency approaches such as Grad-CAM and its variants are widely used to provide post-hoc visual rationales in medical imaging, 

supporting qualitative sanity checks and clinician-facing communication [9]. However, multiple studies caution that saliency 

maps may be sensitive to model choice, preprocessing, and perturbations; importantly, highlighted regions do not necessarily 

imply causal evidence, motivating explanation protocols that include failure inspection and localization-fidelity scrutiny rather 

than relying on standalone overlays. 

The recent literature suggests that brain MRI classification can benefit substantially from moving beyond single-backbone CNNs 

toward hybrid and ensemble-oriented designs. Transformer-based or hybrid vision models have been explored in prostate MRI, 

oral cancer, cervical cancer, lung cancer, breast cancer, and retinal disease analysis, while explainable stacking and ensemble 

formulations have also been investigated for brain tumor diagnosis and related medical classification tasks [14], [16], [18], [22], 
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[24], [27], [29]–[31], [35], [37], [40]. At the same time, several studies on transfer learning for leukemia, lung cancer, and 

pneumonia detection show that pretrained deep architectures remain highly relevant in medical imaging when dataset size is 

limited or class structure is challenging [24], [35], [37]. Beyond medicine, advances in weed recognition, mango and soybean 

disease analysis, depression and emotion detection, medicinal plant recognition, and multimodal object understanding reinforce 

the value of heterogeneous feature extraction, efficient transformer design, and post-hoc explainability, all of which are directly 

relevant to strengthening CNN-based brain MRI classification pipelines [15], [17], [27], [28], [32]–[34], [36], [38], [41]. 

Few works simultaneously integrate multi-source merged validation, stacking-based meta-learning, and explicit interpretability 

auditing under a strict training-only imbalance handling protocol suitable for trustworthy multi-class brain tumor MRI screening. 

 

3. Materials and Methods  

Brain MRI CNN classification framework can be methodologically grounded in three complementary principles: transfer learning 

for stable representation initialization, ensemble or stacking strategies for improved robustness, and explainability modules for 

transparent clinical interpretation. Prior work supports the use of pretrained deep networks in medical imaging [24], [35], [37], 

the integration of stacking or ensemble learners for difficult disease classification tasks [18], [22], [29], [30], [36], [40], and the 

incorporation of transformer-enhanced or hybrid feature extractors to capture both local texture and broader contextual 

structure [14], [16], [17], [27], [28], [31], [33], [34]. In addition, studies on intelligent web-based diagnosis, cybersecurity response 

systems, citation-aware graph learning, sentiment-focused predictive analytics, classroom activity recognition, and multimodal 

fusion collectively suggest that practical AI systems should be scalable, computationally efficient, and adaptable to 

heterogeneous data settings [11]–[13], [23], [25], [26], [32], [38], [39]. Therefore, for brain MRI classification, a CNN-centered 

methodology augmented with transfer learning, ensemble fusion, and explainable inference is well supported by contemporary 

trends across both medical and broader AI research. Figure 1 summarizes the proposed end-to-end workflow. Each MRI slice is 

first standardized through lightweight preprocessing to reduce non-brain background and contrast variability. A set of 

heterogeneous base learners then produce class-probability vectors for the four target categories. These probability vectors are 

concatenated into a compact meta-level feature representation and passed to CatBoost, which learns a non-linear stacking rule 

to generate the final prediction. Finally, Grad-CAM is computed to visually audit whether discriminative evidence is concentrated 

within tumor-relevant regions and to characterize typical failure patterns. 

 

Fig. 1. Overall methodology 

3.1 Image Preprocessing 

All images are resized to 224×224 to enable consistent batch processing across backbones. Skull stripping is applied to suppress 

non-brain regions and reduce background-driven shortcuts. Contrast Limited Adaptive Histogram Equalization (CLAHE) is used 

to improve local contrast consistency across sources. The same preprocessing pipeline is applied to training, validation, and test 

splits. All preprocessing parameters are fixed a priori (no split-specific tuning) to avoid implicit leakage. 

3.2 Training-only imbalance handling 

Class imbalance is addressed only within training folds. Borderline-SMOTE is applied after the train/validation/test partitioning to 

generate synthetic samples for under-represented classes using decision-boundary neighborhood information, while ensuring 

that neither validation nor test sets are altered. In addition, label-preserving augmentation is used on training data (rotation, 

horizontal/vertical flip, scaling, center cropping, and brightness adjustment) to improve invariance to common acquisition and 

pose variations without contaminating the evaluation splits. 

3.3 Base learners 

We employ a heterogeneous pool of backbones to promote complementary error patterns. EfficientNetB0 contributes balanced 

compound scaling that often yields strong accuracy with moderate capacity. MobileNetV2 provides an efficient inverted-residual 
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design that improves generalization under constrained computes and helps reduce overfitting. GoogLeNet (Inception) supplies 

multi-scale receptive fields via inception modules, which is useful for tumors with diverse sizes and texture granularity. A multi-

level CapsuleNet introduces part–whole routing behavior that can better preserve spatial relationships compared with pure 

convolutional pooling. A standard CNN baseline is included as a controlled-capacity learner to diversify representations and to 

serve as a stable reference within the ensemble. 

3.4 Proposed Model 

Let 𝐶 = 4 denote the number of classes and 𝑀the number of base learners. For an input image 𝐱, each base model outputs a 

class-probability vector 𝐩𝑚(𝐱). We form a meta-level feature vector by concatenating these probabilities and train CatBoost to 

map the stacked vector to the final decision: 

𝑝𝑚(𝑥) ∈ 𝑅𝐶 ,   ∑𝑝𝑚,𝑐(𝑥)

𝐶

𝑐=1

= 1,  𝑚 ∈ {1,… ,𝑀} 

𝑧(𝑥) = [𝑝1(𝑥); … ; 𝑝𝑀(𝑥)] ∈ 𝑅𝑀𝐶  

𝑦̂ = argmax
𝑐

𝑔(𝒛(𝒙))
𝑐
  

To reduce meta-level leakage, CatBoost is trained on out-of-fold (OOF) probability vectors: base learners are fit on training folds, 

OOF predictions are collected for the corresponding held-out folds, and the meta-learner is trained on these OOF features. At 

inference, base learners trained on the full training set produce z(x)for CatBoost prediction. 

3.5 Implementation details 
All backbones are trained for 30 epochs with batch size 32 using early stopping (patience = 8) to prevent overfitting; Nadam is 

used as the default optimizer with a step-based learning-rate decay schedule. The stacking stage uses CatBoost trained on OOF 

probability features with multi-class loss. Hardware details may be reported briefly if space permits (e.g., a single GPU 

workstation) but are not required for reproducibility in a 6-page format unless runtime comparisons are emphasized. 

 

4. Experimental Setup and Results 

4.1 Dataset Construction and Splits 

We evaluate the proposed approach on M2, a merged four-class brain MRI dataset created by integrating four public sources 

(BraTS, Msoud, Br35H, and SARTAJ). M2 contains 24,618 images distributed across Glioma (6,085), Meningioma (6,400), Pituitary 

(6,452), and No Tumor/Normal (5,681). Data are partitioned using a training/validation/testing = 80%/5%/15% protocol with 

stratification to preserve class proportions. For robust performance estimation, we additionally report outcomes under 10-fold 

stratified cross-validation, summarized as mean ± standard deviation across folds. 

Table 1. M2 dataset class-wise distribution (80/5/15 split). 

Class Total Train Val Test 

Glioma 6085 4868 304 913 

Meningioma 6400 5120 320 960 

Pituitary 6452 5162 323 967 

No Tumor 5681 4544 285 852 

All 24618 19694 1232 3692 

4.2 Evaluation Metrics 

We report Accuracy for comparability, but emphasize imbalance-robust measures: micro-F1, PR-AUC, and Matthews Correlation 

Coefficient (MCC). Micro-F1 aggregates errors across classes, PR-AUC better reflects precision–recall behavior under skewed 

distributions, and MCC summarizes all confusion-matrix terms into a single correlation-like score. Results are presented as mean 

± std over stratified folds. 

4.3 Baselines 

We compare the proposed stacked model against strong single-backbone baselines trained under the same preprocessing and 

split protocol. EfficientNetB0 is used as the primary high-performing single model baseline, while CapsuleNet (CapNet) 

represents an alternative inductive bias that preserves part–whole spatial relationships. Additional backbones (e.g., MobileNetV2, 

GoogLeNet, and a standard CNN) are evaluated in the complete study; however, to preserve space in a 6-page format, the 

results table below highlights the most informative baselines. 

4.4 Main Quantitative Results 

Table 2 summarizes the principal results on M2. The CatBoost-stacked ensemble achieves the strongest performance, reaching 

98.99±0.41% Accuracy, 98.32±0.49% micro-F1, 99.33±0.27% PR-AUC, and 94.14±0.13% MCC. Relative to the best single model 

(EfficientNetB0), stacking improves Accuracy by +1.26 percentage points, micro-F1 by +1.91, PR-AUC by +2.06, and MCC by 

+3.04, indicating more reliable discrimination than accuracy gains alone. These improvements are consistent with the role of 
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meta-learning on probability vectors, which can correct systematic confusions from individual backbones and improve stability 

under multi-source heterogeneity. 

Table 2 Performance on M2 (mean ± std) 

Model Accuracy (%) micro-F1 (%) PR-AUC (%) MCC (%) 

EfficientNetB0 97.73 ± 0.51 96.41 ± 0.38 97.27 ± 0.52 91.10 ± 0.46 

CapNet 96.28 ± 0.43 95.75 ± 0.71 97.85 ± 0.49 91.94 ± 0.60 

Proposed (Stack + CatBoost) 98.99 ± 0.41 98.32 ± 0.49 99.33 ± 0.27 94.14 ± 0.13 

4.5 Ablation (Single-Factor Study) 

To quantify the contribution of training enhancements, we analyze the ensemble under combinations of feature selection (FS) 

and data augmentation (DA) on M2 in Table 3. Using FS+DA yields 98.94±0.35% Accuracy and 93.34±0.28% MCC, whereas 

removing both (No FS + No DA) reduces performance to 98.03±0.55% Accuracy and 92.92±0.44% MCC, with increased 

variability across folds. Using DA alone (No FS + DA) further underperforms FS+DA (97.91±0.48% Accuracy, 92.78±0.61% MCC), 

suggesting that augmentation without complementary feature prioritization is insufficient for peak robustness. 

Table 3 Ablation summary (M2) 

Setting Accuracy (%) MCC (%) 

No FS + No DA 98.03 ± 0.55 92.92 ± 0.44 

No FS + DA 97.91 ± 0.48 92.78 ± 0.61 

FS + DA 98.94 ± 0.35 93.34 ± 0.28 

5. Explainability and Error Analysis 

5.1 Grad-CAM audit protocol 

To assess whether predictions rely on clinically plausible evidence, we perform a post-hoc explainability audit using Grad-CAM 

on representative test-set MR images from each class. For each selected case, we compute the class-discriminative activation 

map at the final convolutional stage of the backbone and overlay the normalized heatmap on the corresponding MRI slice. A 

“good” explanation is characterized by compact, high-intensity activation aligned with the visible tumor mass (or anatomically 

relevant region), while a “bad” explanation exhibits diffuse attention, edge-focused artifacts, or activation shifted to non-

brain/background areas. We also include at least one misclassified example to inspect whether failure cases arise from 

ambiguous morphology, low contrast, or evidence concentration outside the lesion region. 

5.2 Qualitative results 

Fig. 2 presents a multi-panel visualization with one representative case per class, glioma, meningioma, pituitary, and no tumor, 

and an additional failure example (optional) to highlight a typical misclassification mode. Each panel includes the original MRI 

slice and its Grad-CAM heatmap overlay using identical scaling and colormap normalization to enable direct visual comparison 

across classes. Qualitatively, correct predictions typically show localized activation around lesion-bearing regions for tumor 

classes, whereas normal cases exhibit low-intensity or anatomically diffuse responses without spurious focal hotspots. The failure 

panel demonstrates a common scenario where Grad-CAM attention is either partially shifted away from the lesion boundary or 

broadly distributed across structurally salient regions, consistent with confusion between morphologically similar tumor 

subtypes. 

 

Fig. 2. Grad-CAM visual audit on M2 test images.  

5.3 Error patterns 

Beyond qualitative evidence, we analyze misclassification tendencies to identify clinically meaningful failure modes. Errors are 

most frequently observed between benign-appearing tumors (e.g., meningioma or pituitary) and glioma, which can share 

overlapping intensity profiles or produce similar mass effects depending on slice location and tumor extent. Additional 

confusions occur when lesion boundaries faint or when tumors occupy small regions relative to surrounding anatomy, leading to 
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partial attention drift and reduced confidence separation at the meta-learner stage. To keep the conference format compact, any 

confusion matrix is best included as a small insect within Fig. 2, thereby supporting the narrative that the primary remaining 

errors occur among morphologically similar subclasses rather than between tumor and normal cases. 

6. Conclusion 
This paper addressed four-class brain tumor screening from MRI (glioma, meningioma, pituitary, and no tumor) using a 

CatBoost-stacked heterogeneous deep ensemble that fuses complementary base learners through concatenated class-

probability vectors. On the large multi-source M2 dataset (24,618 images), the proposed approach achieved 98.99±0.41% 

accuracy, 98.32±0.49% micro-F1, 99.33±0.27% PR-AUC, and 94.14±0.13% MCC, consistently outperforming strong single-

backbone baselines. Grad-CAM audits further indicated that, for most correctly classified cases, discriminative activation 

concentrates on tumor-relevant regions, while misclassifications often coincide with diffuse or shifted attention under 

ambiguous morphology. Despite these gains, ensemble inference increases computational cost and multi-source merging 

cannot fully eliminate residual bias stemming from scanner and protocol variability. Future work will focus on uncertainty-aware 

decision support, external-site validation on unseen clinical cohorts, and improved calibration to enable reliable confidence 

estimation for deployment. 
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