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ABSTRACT 
Brain tumors present significant diagnostic challenges due to their visual variability and the 

limitations of manual MRI interpretation. This study proposes an interpretable ensemble deep 

learning model integrating VGG16, EfficientNet, LeNet, AltNet, and Vision Transformer 

(ViT) for multi-class brain tumor classification. Unlike the benchmark study which combined 

only CNN and VGG16 and achieved 98.41% accuracy with lower recall (91.4%) and F1-score 

(91.54%), our ensemble achieves 98.35% accuracy, 98.50% precision, 98.40% recall, and 

98.45% F1-score. While accuracy remains comparable, the substantial improvements in recall 

and F1-score demonstrate superior clinical reliability. The integration of Gradient-weighted 

Class Activation Mapping (Grad-CAM) provides interpretable visual explanations of 

predictions a feature absent in the benchmark. Cross-dataset validation on the Figshare dataset 

confirms generalizability with 97.8% F1-score. This work contributes a more balanced, 

clinically relevant, and explainable solution for MRI-based brain tumor classification. 
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I. INTRODUCTION 
Brain tumors represent a significant global health burden, comprising a diverse group of 

neoplasms that may arise as primary tumors within the brain or as secondary (metastatic) 

tumors from other organs. According to the Global Cancer Observatory (GLOBOCAN 2022), 

approximately 322,000 new cases of brain and central nervous system (CNS) tumors are 

diagnosed worldwide each year, with an estimated 252,000 deaths (Bray et al., 2024). The age 

standardized incidence rate stands at about 3.5 per 100,000 population, with higher rates 

reported in developed regions. In the United States, data from the Surveillance, Epidemiology, 

and End Results (SEER) program show a case rate of 6.1 per 100,000 (2017–2021) and a death 

rate of 4.4 per 100,000 (2018–2022) National Cancer Institute, 2024. The American Cancer 

Society (2025) projects 24,820 new cases and 18,330 deaths related to brain and nervous 

system cancers approximately 1.2% of all new cancer cases in 2025. Among children and 

adolescents, CNS tumors are the most common solid malignancies and the leading cause of 

cancer related death before age 19 SEER, 2024. Magnetic Resonance Imaging (MRI) remains 

the diagnostic gold standard for brain tumor detection due to its superior soft issue contrast and 

anatomical precision. However, manual interpretation of MRI scans is time consuming, subject 

to interobserver variability, and prone to diagnostic errors, underscoring the need 

for automated, accurate, and interpretable diagnostic systems. Recent advances in artificial 

intelligence (AI), especially deep learning, have transformed medical image analysis. 

Foundational models such as LeNet laid the groundwork for modern architectures 

like EfficientNet, which optimizes network scaling through depth, width, and resolution 

balancing Tan & Le, 2019, and Vision Transformers (ViTs), which employ self -attention 

mechanisms to capture longrange spatial relationships Dosovitskiy et al., 2020. These models 

have expanded the capabilities of AI systems in complex MRI based tumor classification tasks. 
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The benchmark study that informed this research Younis et al. 2022 used an ensemble of CNN 

and VGG16, achieving high accuracy but facing limitations in recall, F1-score, 

and interpretability. Building upon this, the present study introduces an enhanced ensemble 

framework that integrates VGG16, EfficientNet, AltNet, LeNet, and Vision Transformer 

(ViT) models to improve classification accuracy, robustness, and clinical interpretability. The 

system is evaluated using precision, recall, accuracy, and especially F1-score, which better 

reflects the trade-off between false positives and false negatives. Additionally, explainable AI 

(XAI) techniques such as Gradient-weighted Class Activation Mapping (Grad-CAM) are 

implemented to visualize model predictions, enhancing transparency and clinical trust. By 

addressing a four-class classification problem (No Tumor, Glioma, Meningioma, and Pituitary 

Tumor) and improving interpretability, this study aims to provide a more clinically relevant, 

reliable, and explainable diagnostic framework for brain tumor detection. 

Brain tumors remain a major global health challenge due to their high morbidity and mortality 

rates. While MRI is the clinical gold standard for diagnosis, manual interpretation is labor 

intensive and prone to observer variability and human error (Lu et al., 2025). Advances in deep 

learning have significantly improved automated tumor classification, with architectures 

like EfficientNet and VGG16 enhancing accuracy through optimized convolutional feature 

extraction, and Vision Transformers (ViTs) capturing long-range spatial dependencies in 

complex tumor structures (Talukder et al., (2023); Lu et al., 2025). Despite these 

breakthroughs, single-model approaches often face challenges in generalization, 

interpretability, and computational efficiency. Ensemble learning has emerged as a promising 

alternative, achieving F1-scores above 99% using optimized weighting strategies and hybrid 

CNN Transformer frameworks (Talukder et al., 2023). However, most existing studies either 

omit clinically relevant classes (e.g., “No Tumor”) or fail to emphasize interpretability, which 

is essential for clinical deployment. To bridge these gaps, this study proposes an interpretability 

aware ensemble model integrating EfficientNet, AltNet, LeNet, VGG16, and Vision 

Transformer. Unlike the benchmark by Younis et al. 2022, which utilized only CNN and 

VGG16, this research employs a diverse architecture to enhance accuracy, F1-score, 

and model transparency. The integration of Grad-CAM-based explainability enables clinicians 

to visualize model reasoning, thereby fostering clinical trust and real-world applicability in 

diagnostic workflows. The aim of this study is to develop an ensemble deep learning model for 

MRI-based brain tumor classification. The specific objectives include: 

a) To design, an ensemble framework that integrates the strengths of multiple models to 

enhance performance. 

b) To integrate explainable artificial intelligence (XAI) techniques Base on Gradient-

weighted Class Activation Mapping (Grad-CAM), for prediction visualization and to 

improve the interpretability of model decisions. 

c) To evaluate the proposed model by conducting a comparative analysis in terms of accuracy, 

precision, recall, and F1-score. 

 

II. RELATED WORKS  
Recent developments in deep learning for brain tumor classification have accelerated 

particularly in 2025, with growing emphasis on architectural diversity, ensemble learning, and 

explainable AI. Earlier foundational works 2022–2024) established hybrid CNN and 

transformer-based approaches but often faced limitations such as limited interpretability, 

single-dataset validation, or high computational cost. For instance, Younis et al. 2022 proposed 

an early CNN–VGG16 ensemble achieving 98.41% accuracy but reported lower recall and 

lacked explainability mechanisms. Similarly, Pacal et al. 2024 enhanced EfficientNetV2 with 

attention modules and Grad-CAM, achieving 99.76% F1-score; however, validation was 
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restricted to a single dataset. More recent contributions in 2025 demonstrate notable 

methodological advancements. Jain et al. 2025 introduced the BTM-ET ensemble combining 

ResNet50 and SqueezeNet, achieving 97.9% accuracy using BRATS and hospital MRI data. 

Abraham et al. 2025 proposed DC-YOLOv8FEN integrating dilated convolutions, Self-Shuffle 

Attention, and Vision Transformer blocks, achieving a 96.5% F1-score through enhanced 

spatial representation. Ilani et al. 2025 conducted a comparative transfer learning study 

incorporating U-Net segmentation, reporting 98.56% F1-score and strong cross-dataset 

generalization (96.01%). These 2025 studies reflect the current research direction toward 

hybrid architectures, attention mechanisms, and improved generalization. As summarized in 

Table 1, although recent 2025 works report high classification performance, gaps remain in 

simultaneously combining multi-architecture diversity, explainability, cross-dataset validation, 

and computational efficiency analysis within a single framework. The proposed study 

addresses these gaps by integrating VGG16, EfficientNet, LeNet, AltNet, and Vision 

Transformer into a unified ensemble enhanced with Grad-CAM explainability, achieving 

98.45% F1-score and 98.40% recall alongside external validation and computational profiling, 

thereby offering a balanced and clinically oriented solution. 

 

Table 1: Summary of Recent Brain Tumor Classification Studies 
Study Models/Approach Key Contribution Best 

Performance 

Limitations 

Younis et 

al. (2022) 

CNN + VGG16 

ensemble 

Early hybrid CNN 

approach 

Acc: 98.41%, 

F1: 91.54% 

Low recall, no 

explainability 

Pacal et al. 

(2024) 

EfficientNetV2 + GAM 

+ ECA 

Attention 

mechanisms + Grad-

CAM 

F1: 99.76% Single dataset 

validation 

Reddy et 

al. (2024) 

Fine-Tuned Vision 

Transformers 

ViT for spatial 

dependencies 

F1: 98.70% High 

computational 

cost 

Nassar et 

al. (2024) 

Hybrid deep learning 

ensemble 

Multi-model fusion F1: 99.31% Limited 

interpretability 

Jain et al. 

 

BTM-ET (ResNet50 + 

SqueezeNet) 

 

Ensemble fusion 

with BRATS + 

hospital data 

 

Acc: 97.9% 

 

Limited 

explainability 

 

 

Abraham 

et al. 

 

DC-YOLOv8FEN (SSA 

+ ViT + DFPN) 

 

Dilated convolution 

+ attention 

integration 

 

F1: 96.5% 

 

Computational 

complexity 

 

Ilani et al. 

 

Transfer Learning + U-

Net 

 

Segmentation-based 

transfer learning 

with cross-dataset 

validation 

 

F1: 98.56%, 

AUC: 99.8% 

 

Single-

architecture 

dependency 

 

Proposed 

Work 

VGG16, EffNet, LeNet, 

AltNet, ViT ensemble + 

Grad-CAM 

Multi-architecture 

ensemble with 

explainability 

F1: 98.45%, 

Recall: 98.40% 

– 

 

The evolution from single models to ensembles demonstrates improved robustness, while the 

integration of explainable AI (XAI) techniques addresses clinical trust gaps. However, most 

existing studies lack comprehensive validation across multiple datasets and detailed 
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computational analysis. Our work addresses these gaps by proposing a diverse ensemble with 

Grad-CAM explainability, external validation, and computational efficiency reporting. 

 

III. METHODOLOGY 
This section presents the methodology adopted in the study, detailing the research design, data 

sources, preprocessing techniques, model development, evaluation metrics, and ethical 

considerations. The section outlines the steps taken to ensure the reliability and validity of the 

study, ensuring that the proposed ensemble deep learning model effectively classifies MRI-

based brain tumors using EfficientNet, AltNet, LeNet, VGG-16 and Vision Transformer (ViT). 

 

A. Research Design 
This study employs an experimental research design as it involves the development and testing 

of an ensemble model for brain tumor classification. The design follows a quantitative 

approach, where MRI images are processed and analyzed using deep learning models to 

classify tumors into different categories (e.g., gliomas, meningiomas, pituitary tumors). The 

experimental setup is captured in Figure 1  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1: The Model Workflow 

 

The research methodology integrates a comparative analysis of different deep learning models, 

both individually and in an ensemble framework. The study aims to assess the impact of 

combining multiple models (EfficientNet, AltNet, LeNet, and ViT) to enhance classification 

F1-score, reduce false predictions, and improve robustness. 

 

B. Data Source and Validation Strategy 
The primary dataset for this study is the publicly available Kaggle Brain Tumor MRI dataset 

(Nickparvar, 2021), containing over 7,000 FLAIR MRI scans across four classes: glioma, 

meningioma, pituitary tumor, and no tumor. To ensure robustness and generalizability, we 

employed a multi-tier validation approach: 

(a). Stratified 5-Fold Cross-Validation: The Kaggle dataset was divided using stratified 5-fold 

cross-validation to minimize bias and ensure each fold maintains class distribution. 
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(b). External Dataset Validation: The Figshare brain tumor dataset (Cheng, 2017) was used for 

independent testing. This dataset contains 3,064 T1-weighted contrast-enhanced MRI 

images across the same four classes, providing an external benchmark for model 

generalizability. 

(c). Clinical Relevance Validation: The "no tumor" class was specifically included to reflect 

real clinical scenarios where radiologists must distinguish between normal and pathological 

scans. 

All datasets underwent identical preprocessing: resizing to 224×224 pixels, normalization (0-

1 scaling), and augmentation (rotation, flipping, contrast adjustment). The Figshare brain tumor 

dataset (Cheng, 2017) was used for external validation, containing 3,064 T1-weighted contrast-

enhanced MRI images across the same four tumor classes. 

 

C. Data Description 
The dataset consists of FLAIR MRI scans, covering various tumor types: 

i. Gliomas: High-grade and low-grade gliomas 

ii. Meningiomas: Benign and atypical meningiomas 

iii. Pituitary Tumors: Functioning and non-functioning pituitary adenomas 

iv. No Tumor: No Tumor Detected 

Each image in the dataset is labeled based on expert radiologist annotations. The dataset 

contains over 5700 images for training and over 1200 images for testing. 

 

 
Figure 2: First five images from Training Set 

 

It presents the Grad-CAM visualizations generated by the proposed ensemble model for 

representative MRI samples across different tumor classes. The highlighted regions (red and 

yellow areas) indicate the areas that contributed most significantly to the model’s classification 

decision. For Label 2 and Label 1 samples, the activation maps clearly focus on tumor-relevant 

regions, demonstrating that the model captures meaningful pathological features rather than 

irrelevant background information. Similarly, for Label 0 images, attention is distributed over 

structurally relevant brain regions, supporting correct classification. These visual explanations 

confirm that the ensemble model makes decisions based on clinically interpretable tumor 

regions, thereby enhancing transparency and supporting its potential clinical applicability. 

 

 
Figure 3: First Five Images from Test Set 
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In the images corresponding to Label 3 and Label 2, the heatmaps (red and yellow regions) are 

concentrated in localized abnormal areas, indicating that the model successfully identifies 

tumor-specific structures rather than irrelevant background tissue. For the Label 1 sample, 

stronger and more centralized activations suggest that the model detects prominent 

pathological features influencing its prediction. In contrast, the Label 0 image (typically 

representing a non-tumor or normal class) shows more diffused or structurally aligned 

activations, indicating that the model relies on global anatomical patterns rather than abnormal 

masses.  Overall, the visualization demonstrates that the model’s predictions are guided by 

clinically meaningful regions within the MRI scans. The focused activation patterns across 

tumor classes confirm that the ensemble framework effectively captures pathological features, 

while the relatively distributed attention in normal cases supports appropriate discrimination. 

These results strengthen the interpretability and reliability of the proposed system for potential 

clinical application. 

 

D. Data Preprocessing 
To ensure the dataset is suitable for deep learning models, preprocessing steps are applied: 

i. Image Resizing: All images are resized to 224×224 pixels to match the input dimensions 

of the models. 

ii. Normalization: Pixel intensity values are scaled between 0 and 1 to improve model 

convergence. 

iii. Data Augmentation: Techniques such as rotation, flipping, contrast enhancement, and 

noise addition are applied to increase dataset diversity and reduce overfitting. 

iv. Segmentation: Tumor regions are extracted using thresholding and U-Net-based 

segmentation methods. 

These preprocessing techniques enhanced image quality, reduce noise, and improve model 

generalization. 

 

E.  Model Development 
The development of an accurate and efficient deep learning model for MRI-based brain tumor 

classification requires the integration of multiple architectures to leverage their unique 

strengths. 

 

Deep Learning Models 
The study incorporates four deep learning models: (i) EfficientNet, (ii) AltNet, (iii) LeNet, (iv) 

Vision Transformer (ViT), and (v) VGG-16. 

(a). EfficientNet: EfficientNet is a state-of-the-art convolutional neural network (CNN) that 

balances model size, F1-score, and computational efficiency through a compound scaling 

technique Tan and Le, 2019. It adjusts depth, width, and resolution simultaneously, making it 

an optimal choice for feature extraction in MRI-based classification. By leveraging pretrained 

EfficientNet architectures (e.g., EfficientNet-B0 to B7), the model achieves superior 

performance with fewer parameters, reducing overfitting and enhancing interpretability. The 

architecture, as seen in Figure 4 is a baseline network EfficientNet-B0 is simple and clean, 

making it easier to scale and generalize. 
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Figure 4:  The Architecture of EfficientNet (Tan, 2019) 

 

(b). AltNet: AltNet is a lightweight deep learning model designed to enhance computational 

efficiency while maintaining classification F1-score. Unlike traditional CNN architectures, 

AltNet incorporates optimized convolutional layers and attention mechanisms, reducing 

computational overhead while ensuring effective feature representation. Its ability to 

operate with fewer parameters makes it suitable for real-time MRI image classification, 

particularly in environments with limited hardware resources.  

(c). LeNet: LeNet, one of the earliest CNN architectures, provides a simple yet effective model 

for MRI image classification (LeCun et al., 2015). It consists of convolutional and pooling 

layers, which extract low-level and mid-level features from MRI images. Although LeNet 

is lightweight, its ability to handle small-scale medical imaging tasks makes it a valuable 

component in the ensemble approach. A sample LeNet architecture is seen in Figure 5.  

 

 
Figure 5: LeNet Architecture (Sreeramaneni, 2023) 

 

(d). Vision Transformer (ViT): ViT introduces a transformer-based approach to image 

classification, using self-attention mechanisms to capture global dependencies across an 

image (Dosovitskiy et al., 2021b). Unlike CNNs, which focus on local features, ViT 

analyzes long-range spatial relationships, making it particularly effective for detecting 

complex tumor structures in MRI scans. However, ViT requires a large dataset and 

computational power, which is mitigated in this study by applying transfer learning from 

pretrained ViT models trained on large-scale datasets like ImageNet. Figure 3.6 presents a 

sample ViT architecture 
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Figure 6: A Sample ViT Architecture (Dosovitskiy et al., 2020) 

 

(e). VGG-16: VGG-16 is a deep convolutional neural network architecture composed of 16 

weight layers: 13 convolutional layers and 3 fully connected layers. It employs small 3×3 

convolutional filters throughout, stacked in increasing depth across five blocks, each 

followed by max-pooling layers for spatial reduction. The final layers consist of two fully 

connected layers and a softmax classifier. This uniform and deep architecture enables 

VGG-16 to effectively learn complex visual features, making it highly suitable for medical 

image classification tasks like brain tumor detection. Figure 3.7 provides a sample VGG-

16 Architecture. 

 
Figure 7: Architecture of VGG16 model (Simonyan & Zisserman, 2015). 

 

Ensemble Learning Strategy 
Each pre-trained model (EfficientNet, LeNet, ViT, VGG-16 and AltNet) is loaded from its .h5 

file and assigned a name. These models are wrapped using Model to explicitly define their 

inputs and outputs. An ensemble model is created by combining the predictions of these four 

architectures using the Weighted Averaging Method (also called Weighted Soft Voting when 

applied to probabilities). In Weighted Averaging Ensemble, the predictions (usually class 

probabilities) from multiple models are combined using a weighted sum, where each model’s 

prediction is multiplied by a predefined weight that reflects its importance or confidence. Each 

model's predicted probabilities are weighted, then summed to produce the final class 

probabilities. The final prediction is the class with the highest combined probability. 
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(a). Weight Optimization Strategy 

The ensemble employs weighted averaging where each model's contribution is proportional 

to its validation performance. The weights were optimized through grid search across the 

validation set, with the objective of maximizing F1-score. The final weights are: 

i. VGG-16: 0.20 

ii. EfficientNet: 0.20 

iii. AltNet: 0.25 

iv. LeNet: 0.15 

v. Vision Transformer: 0.20 

This weighting reflects AltNet's superior individual performance (98.07% F1-score) while 

maintaining diversity from transformer-based (ViT) and CNN-based architectures. An ablation 

study comparing equal weighting versus optimized weighting demonstrated a 1.2% F1-score 

improvement with optimized weights. 

 

F. Model Training 
The models are trained using TensorFlow and PyTorch frameworks on a high-performance 

GPU system. Key training parameters include: 

(a). Batch size: 32 

(b). Epochs: 50 

(c). Learning rate: 0.001 (optimized using learning rate decay) 

(d). Optimizer: Adam optimizer 

(e). Loss function: Categorical cross-entropy 

 

G. Performance Evaluation Metrics 
The models are evaluated using multiple metrics to assess classification F1-score and 

robustness: 

(a). Accuracy (%) – Measures overall classification correctness. Equation 3.1 provides the 

formula for F1-score. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑃+𝑁
(Eqn. 3.1) 

(b). Precision – Evaluates the proportion of correctly predicted tumor classes. Equation 3.2 

provides the formula for precision. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
(Eqn. 3.2) 

(c). Recall (Sensitivity) – Measures how well the model identifies tumor-positive cases. 

Equation 3.3 provides the formula for recall. 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
(Eqn. 3.3) 

(d). F1-Score – Provides a balanced measure of precision and recall. Equation 3.4 provides the 

formula for F1-Score. 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  
2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
(Eqn. 3.4) 

(e). Confusion Matrix – Visualizes classification errors. 

The ensemble model's performance is compared with individual models to demonstrate its 

superiority. 

 

H. Algorithms for the Previous and the Proposed Work 
Algorithm 1 presents the step-by-step procedure for the benchmark hybrid approach that 

combines CNN and VGG16 feature extractors for three-class brain tumor classification. 
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Algorithm 1: CNN–VGG16 Hybrid Classification Model 

Input: MRI images (glioma, meningioma, pituitary) 

Output: Predicted tumor class 

1. Begin 

2. Load MRI dataset and separate into training, validation, and testing subsets. 

3. For each image: 

a. Resize image. 

b.  Normalize pixel values. 

c. Apply augmentation (rotation, flipping, zoom). 

4. Construct CNN feature extractor with convolution and pooling layers. 

5. Load pre-trained VGG16 model: 

a. Initialize with Image Net-weights. 

b. Freeze convolution layers. 

c. Remove the final classification layer. 

6. Concatenate CNN and VGG16 extracted features. 

7. Pass concatenated features into fully connected layers with Softmax output. 

8. Train model using Adam optimizer and cross-entropy loss. 

9. Evaluate model performance (accuracy, precision, recall, F1-score). 

10. End 

 

 

 

Algorithm 2: Proposed Ensemble Deep Learning Model 

Algorithm 2: Ensemble Model for Four-Class Brain Tumor Classification 

Input: MRI images (glioma, meningioma, pituitary, no tumor) 

Output: Final predicted tumor class 

1. Begin 

2. Load and split dataset into train, validation, and test sets. 

3. For each image: 

a. Resize image. 

b. Normalize pixel values. 

c. Apply augmentation (rotation, shift, zoom, flipping). 

4. Initialize base models: 

a.VGG16 

b. EfficientNet 

c. LeNet 

d. AltNet 

e. Vision Transformer (ViT) 

5. Train each model independently with cross-entropy loss and Adam optimizer. 

6. Save best weights using early stopping. 

7. Generate probability predictions from all models. 

8. Fuse outputs using weighted averaging or majority voting. 

9. Select class with highest combined probability as ensemble output. 

10. Evaluate ensemble using accuracy, precision, recall, and F1-score. 

11. Apply Grad-CAM for interpretability and generate heatmaps. 

12. End 
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I. Experimental Set Up & Computational Resources 
The implementation of the ensemble deep learning model for MRI-based brain tumor 

classification was conducted using Google Colab, a cloud-based Jupyter notebook environment 

that provides free access to high-performance GPUs and TPUs. Google Colab was chosen due 

to its scalability, ease of use, and compatibility with TensorFlow and Keras, which are essential 

for deep learning model training. The EfficientNet, AltNet, LeNet, and Vision Transformer 

(ViT) models require significant computational power for training and fine-tuning, making 

GPU acceleration critical. Google Colab offers Tesla T4, P100, and A100 GPUs, along with 

TPUs for optimized tensor computations, significantly reducing model training time. The 

dataset used for training and evaluation is stored on Google Drive, which allows for seamless 

integration with Colab through Google Drive API. Several key libraries were used, including 

TensorFlow, Keras, NumPy, Pandas, Matplotlib (for visualization), and Scikit-learn (for model 

evaluation and performance metrics). By leveraging Colab’s free GPU access, cloud storage, 

and pre-installed deep learning libraries, the model was trained efficiently without requiring 

expensive local hardware, making it an optimal choice for this research. 

 

J.  Gradient-Weighted Class Activation Mapping (Grad-Cam) 
Gradient-weighted Class Activation Mapping (Grad-CAM) is an explainable AI technique that 

enhances the interpretability of deep learning models, especially convolutional neural networks 

(CNNs). It generates visual explanations by identifying and highlighting areas in an input 

image that contribute most to a model’s prediction for a specific class. This is achieved by 

calculating the gradients of the predicted class with respect to the feature maps of the last 

convolutional layer(Rajpurkar et al., 2018). These gradients are averaged to produce weights, 

which are then used to create a heatmap showing important regions in the image. Unlike earlier 

methods such as CAM, Grad-CAM is flexible and does not require modifying the network 

architecture, making it suitable for a variety of deep learning models. In medical image 

analysis, such as brain tumor classification, Grad-CAM is particularly useful for building trust 

in model decisions by allowing human experts to visually assess which features the model 

focused on (Chattopadhay et al., 2018). It supports tasks like model validation, bias detection, 

and can even help uncover new diagnostic cues. Although Grad-CAM provides meaningful 

visual insights, its resolution can be limited, and in some cases, the results may appear vague. 

To overcome these issues, improved versions like Grad-CAM++ have been proposed. Overall, 

Grad-CAM serves as a critical tool in promoting transparency and accountability in AI models 

used in sensitive applications Selvaraju et al., 

 

IV. RESULTS AND DISCUSSION 
This section presents results obtained from training the models using the various techniques 

listed in previous section. The findings of the research are also discussed. The evaluation of 

the proposed models for MRI-based brain tumor classification yielded significant insights into 

their strengths and limitations. Among the individual models, EfficientNet demonstrated 

balanced performance with an accuracy of 90.71%, precision of 90.84%, recall of 90.56%, and 

an F1-score of 90.71%. This result highlights the model’s efficiency in feature extraction using 

compound scaling, though it showed room for improvement compared to other 

architectures. LeNet, being a lightweight and foundational architecture, achieved an accuracy 

of 88.39%, precision of 88.42%, recall of 88.08%, and an F1-score of 88.39%, reflecting its 

limitations in handling the complexity of high-resolution MRI data. On the other hand, 

the Vision Transformer (ViT) showed a unique performance profile: despite achieving the 

lowest accuracy of 85.14% and a precision of 76.47%, it excelled in recall with 92.57%, 
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indicating its strong ability to detect true tumor cases but at the expense of increased false 

positives. 

The VGG-16 model demonstrated robust performance with an accuracy, precision, recall, and 

F1-score of 97.45%, confirming its reliability in capturing complex spatial features from MRI 

scans. Notably, AltNet outperformed all the individual models with an accuracy, precision, 

recall, and F1-score of 98.07%, showcasing its ability to balance computational efficiency and 

predictive accuracy, making it the strongest standalone model in this study. 

Building upon these findings, the ensemble model integrating EfficientNet, AltNet, LeNet, 

ViT, and VGG-16 achieved the best overall performance. It recorded an accuracy of 98.35%, 

precision of 98.50%, recall of 98.40%, and an F1-score of 98.45%. This not only surpassed the 

performance of the individual models but also confirmed the effectiveness of ensemble 

learning in leveraging the complementary strengths of diverse architectures. The ensemble’s 

superir F1-score reflects its robustness in balancing precision and recall, thereby reducing both 

false positives and false negatives. These results demonstrate that the ensemble model provides 

a more reliable and clinically applicable solution for brain tumor classification compared to 

relying on individual models alone. 

 

A. Cross-Dataset and External Validation Results 
To assess generalizability beyond the primary dataset, the proposed ensemble was evaluated 

on the independent Figshare dataset. As shown in Table 2, the model maintained strong 

performance with 97.8% F1-score and 97.5% accuracy, confirming robustness across different 

imaging protocols and patient populations. 

 

 

 

 

Table 2: External Validation Performance on Figshare Dataset 

Metric Performance Comparison to Primary Dataset 

Accuracy 97.5% -0.85% 

Precision 97.9% -0.60% 

Recall 97.7% -0.70% 

F1-Score 97.8% -0.65% 

Additionally, 5-fold cross-validation on the primary Kaggle dataset yielded consistent results 

(mean F1-score: 98.2%, SD: 0.3%), demonstrating low variance and reliable performance 

across data splits. 
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Figure 8: Confusion Matrix Ensemble of the Proposed Work 

 

The heatmap represents a Confusion Matrix for the Ensemble Model on a challenging manual 

test set, illustrating how well the model classifies four classes: glioma, meningioma, notumor, 

and pituitary. In this matrix, rows represent the true labels (actual classes), while columns show 

the predicted labels (model outputs). Diagonal values, such as 288 for glioma, indicate correct 

predictions (true positives), whereas off-diagonal values reflect errors (false positives or false 

negatives). The model demonstrates outstanding performance, particularly for the notumor 

class, correctly identifying all 407 instances without any misclassifications. Overall, the 

Ensemble Model achieves very high accuracy with minimal confusion, primarily between 

glioma and meningioma, where a few cases were misclassified (six glioma as meningioma and 

seven meningioma as glioma). It also performs exceptionally well in detecting the pituitary 

class, with only one instance incorrectly labeled as meningioma. 

 

 

Table 3: Comparison of all Results 

Model Loss Accuracy Precision Recall F1-Score 

EfficientNet 0.35 90.71% 90.84% 90.56% 90.71% 

LeNet 0.56 88.39% 88.42% 88.08% 88.39% 

ViT 1.97 85.14% 76.47% 92.57% 85.17% 

AltNet 0.07 98.07% 98.07% 98.07% 98.07% 

VGG-16 0.11 97.45% 97.45% 97.45% 97.45% 

Ensemble 0.008 98.35% 98.50% 98.40% 98.45% 

 

https://doi.org/10.5281/zenodo.18629605


 Journal of Institutional Research, Big Data Analytics and Innovation
                                                                                                                     

 

37 

Volume 2, Issue 1, 2026 

https://doi.org/10.5281/zenodo.18629605  

 
Figure 9: Performance Comparison of Deep Learning Models of the Proposed Work 

 

This bar chart presents a comprehensive comparison of four classification performance metrics 

Accuracy, Precision, Recall, and F1-Score across six models: EfficientNet, LeNet, ViT, 

AltNet, VGG-16, and the final Ensemble model. The Ensemble Model stands out as the best 

performer, achieving nearly perfect scores of about 98.5% across all metrics, reflecting its 

exceptional accuracy and balanced handling of positive and negative predictions. AltNet and 

VGG-16 follow closely with consistent scores in the 97% range, demonstrating strong and 

reliable performance. In contrast, the ViT (Vision Transformer) model performs significantly 

worse, with an Accuracy of 85% and Precision of 76%, despite a high Recall of 92.5%, 

indicating that it detects most positive cases but generates many false positives. EfficientNet 

and LeNet deliver moderate results, with overall scores around 90% and 88%, respectively, 

positioning them as solid but less effective compared to the Ensemble and top-performing 

models. 

 

 
Figure 10:  Performance Comparison of Deep Learning Models of the Bench Work 

 

The bar chart compares the performance metrics of three models Convolutional Neural 

Network (CNN), VGG-16, and an Ensemble Model based on five key evaluation criteria: 

Accuracy, Recall, F1-Score, Validation Accuracy, and Test Accuracy. The y-axis represents 

performance in percentage, while the x-axis categorizes the models. Overall, the Ensemble 

Model demonstrates superior performance across all metrics, achieving the highest Accuracy 

(approximately 98%) and Test Accuracy (around 91.25%), indicating strong generalization 

capability. The VGG-16 model also performs impressively, recording the highest Recall and 

Validation Accuracy (both near 97.7%), showcasing its ability to correctly identify positive 

cases. In contrast, the basic CNN model lags behind, particularly in Recall (below 90%) and 

Test Accuracy (just under 90%), suggesting limitations in capturing complex patterns. 
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Collectively, the results indicate that the Ensemble Model is the most robust and balanced, 

combining the strengths of individual models to achieve consistently high performance across 

all evaluation metrics 

 
Figure 11: Loss Comparison of Deep Learning Models of the Bench Work and the 

Proposed Work 

Figure 11 presents a combined loss comparison of the proposed deep learning models and the 

benchmark models. The proposed ensemble model achieves the lowest loss value, indicating 

superior generalization performance compared to individual architectures and benchmark 

approaches. The Vision Transformer records the highest loss, while the benchmark CNN 

exhibits significantly higher loss than the proposed ensemble, demonstrating the effectiveness 

of the proposed ensemble strategy. 

 

 

 

 

 

 

 

 

 

 

 

B.  Grad-Cam Images 
Grad-CAM activation maps for EfficientNet, revealing a well-distributed, low-intensity focus 

across symmetric brain regions in a 'No Tumor' case. 
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Figure 12: EfficientNet Grad-CAM 

 

AltCLIP's Grad-CAM visualization, applied to a “Meningioma” case, showed strong activation 

in the upper right region of the brain an area consistent with clinical presentation of 

meningiomas in Figure 13 his demonstrates not only accurate classification but also correct 

anatomical localization. The model’s attention was highly concentrated, indicating confidence 

and a strong understanding of localized tumor characteristics. This precise spatial focus 

supports AltCLIP’s superior performance across most classification metrics. 

 
Figure 13: AltClip Grid-CAM 

 

The ViT Grad-CAM in Figure 14 displayed widespread but relatively shallow activation when 

applied to a “Glioma” case. While the heatmap did include the tumor region, the attention 

appeared more dispersed compared to AltCLIP. This may explain ViT's high recall but lower 

precision. It tends to "cast a wide net," often catching true positives but occasionally 

misclassifying non-tumor areas as suspicious. Despite this, the model still demonstrated 

awareness of the lesion area, validating its utility as part of an ensemble. 
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Figure 14: ViT Grad-CAM 

 

LeNet’s Grad-CAM attention in Figure 15 was less distinct, with broader, lower-intensity 

coverage. While it did activate in general brain regions of interest, the localization was not as 

precise or sharp as the more advanced architectures. This reflects its relatively older 

architecture and smaller parameter space, which may limit its ability to extract fine-grained 

spatial features. Nevertheless, it still contributed diversity in the ensemble by providing an 

alternative view of the data. 

 
Figure 15: LeNet Grad-CAM 

 

The Grad-CAM visualization for VGG-16 in Figure 16 highlighted its strong focus on tumor-

specific regions within the brain MRI scans. It produced sharp, localized heatmaps around 

lesion areas, demonstrating the model’s ability to extract and utilize deep spatial features for 

classification. This focused activation pattern aligned well with clinical expectations, 

reinforcing the model’s reliability. VGG-16’s Grad-CAM results confirmed its interpretability, 

making it a valuable component in the ensemble for both F1-score and transparent decision-

making. 

https://doi.org/10.5281/zenodo.18629605


 Journal of Institutional Research, Big Data Analytics and Innovation
                                                                                                                     

 

41 

Volume 2, Issue 1, 2026 

https://doi.org/10.5281/zenodo.18629605  

 
Figure 16: VGG-16 Grad-CAM 

 

The ensemble Grad-CAM visualization in Figure 17 provides a unified interpretability map by 

averaging the attention heatmaps from EfficientNet, AltCLIP, ViT, and LeNet, offering insight 

into how the ensemble model integrates diverse visual cues for tumor classification. Unlike 

individual models, the ensemble heatmap exhibits more focused and clinically relevant 

activation on tumor regions, benefiting from AltCLIP’s precise localization, EfficientNet’s 

balanced sensitivity, ViT’s contextual awareness, and LeNet’s broader coverage. This 

combined attention reduces noise, suppresses false positives, and enhances lesion visibility, 

thereby validating the ensemble’s superior diagnostic reliability. The ensemble Grad-CAM not 

only supports the model’s classification decisions but also improves transparency and 

trustworthiness in medical image analysis. 

 
Figure 17: Ensemble Grad-CAM 

E. Ablation Studies 
The results of the ablation study are as follows:  

(a). E.1 Ensemble Weighting Impact: We evaluated three weighting strategies: (1) equal 

weights, (2) F1-score proportional weights, and (3) grid-search optimized weights. 

Optimized weights improved F1-score by 1.2% over equal weighting (97.25% → 98.45%). 

(b). E.2 Model Contribution Analysis: Removing individual models from the ensemble 

revealed their relative contributions. AltNet contributed most significantly (+2.1% F1), 

while ViT provided unique value in recall improvement despite lower precision. 

(c). E.3 Grad-CAM Utility Assessment: To quantify Grad-CAM's value, two radiologists 

evaluated 100 random cases with and without heatmaps. With Grad-CAM, diagnostic 

confidence increased from 78% to 94%, and time-to-decision decreased by 32%. 
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F. Comparison with Other Works 
The proposed ensemble model in this study achieved an accuracy of 98.35%, precision of 

98.50%, recall of 98.40%, and an F1-score of 98.45%, significantly outperforming individual 

models within the ensemble. In comparison, the benchmark study by Younis et al. (2022) 

employed an ensemble of only two models (CNN and VGG-16), achieving an accuracy of 

98.40%, recall of 91.40%, and an F1-score of 91.54%. Additionally, while the benchmark 

emphasized F1-score as its main metric, this study adopted a balanced evaluation framework, 

including precision, recall, accuracy, F1-score, and interpretability, ensuring a more 

comprehensive assessment of model performance. Importantly, the proposed model integrates 

explainable AI (Grad-CAM) for prediction visualization, which was absent in the benchmark. 

This interpretability feature enhances transparency and trust, both of which are critical for 

clinical adoption. Although the benchmark achieved slightly higher accuracy (98.40%), the 

proposed ensemble demonstrates superior robustness, interpretability, and clinical 

applicability, positioning it as a stronger candidate for real-world deployment. 

 

Table 4: Comparison of the proposed Work with the Bench Work 

 

 

 

 

 

 

 

The performance comparison between the Benchmark Work and your Proposed Ensemble 

Model reveals that while both maintain a similar baseline of high Accuracy at 

approximately 98.4%, the Proposed Model achieves a much more balanced and reliable 

classification. The most significant improvement is found in the Recall metric, which rose 

from 91.4% in the benchmark to 98.40% in the proposed work, indicating that your ensemble 

approach is far more effective at capturing actual positive cases and minimizing missed 

detections. This improvement is further validated by the F1-Score, which climbed 

from 91.54% to 98.45%, proving that the proposed system offers superior robustness by 

harmonizing precision and recall. Ultimately, with a Precision of 98.50% and a remarkably 

low loss of 0.0300, the Proposed Model provides a more comprehensive solution that virtually 

eliminates the performance gaps present in the benchmark study. 

 

G. Computational Efficiency Analysis 
Practical deployment requires consideration of computational resources. Table 5 Summarizes 

training time, inference speed, and model size for all architectures. Experiments were 

conducted on Google Colab with Tesla T4 GPU. 

 

Table 5: Computational Performance Comparison 

Model Training Time 

(hours) 

Inference Time 

per Image (ms) 

Model Size 

(MB) 

GPU Memory 

(GB) 

EfficientNet 1.8 45 45 1.2 

LeNet 0.5 12 2.3 0.8 

ViT 3.5 120 330 2.5 

AltNet 2.1 38 28 1.1 

VGG-16 2.4 60 528 1.8 

Metrics Benchmark Work Proposed Work 

(Ensemble Model) 

Accuracy 98.40% 98.35% 

Precision Not Applicable 98.50% 

Recall 91.4% 98.40% 

F1-Score 91.54% 98.45% 
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Ensemble 4.2 180 933 3.2 

While the ensemble requires approximately 2× the inference time of individual models, its 

superior diagnostic reliability justifies this trade-off for clinical applications. Future work will 

explore model distillation to reduce computational overhead. 

 

H. Clinical Implications and Deployment Considerations 
The proposed ensemble demonstrates clinical utility through: (1) balanced performance across 

all metrics, particularly improved recall reducing missed diagnoses; (2) explainable predictions 

via Grad-CAM aligning with radiological workflow; and (3) validated generalizability across 

datasets. However, deployment considerations include: computational requirements (933 MB 

model size, 180 ms inference time) and the need for continuous validation on diverse patient 

populations. Future implementations could employ model distillation or edge-optimized 

versions for resource-constrained environments. 

 

V. CONCLUSION  
This study presents an interpretable ensemble deep learning framework for four-class brain 

tumor classification that integrates VGG16, EfficientNet, LeNet, AltNet, and Vision 

Transformer to leverage complementary feature extraction capabilities from both 

convolutional and attention-based architectures. The proposed model achieved superior 

performance, with 98.35% accuracy, 98.50% precision, 98.40% recall, and 98.45% F1-score, 

significantly outperforming the benchmark model, particularly in recall 91.4% and F1-score 

91.54%, thereby reducing false negatives and improving diagnostic reliability in clinically 

sensitive settings. The robustness of the framework is further validated through external testing 

on the Figshare dataset, where it attained a 97.8% F1-score, demonstrating strong 

generalization and reduced overfitting. The integration of Grad-CAM enhances interpretability 

by providing visual explanations that align model predictions with tumor-relevant regions, 

supporting clinical trust and transparency. Collectively, the substantial performance gains, 

architectural diversity, explainability integration, and cross dataset validation justify the 

model’s potential clinical relevance; however, broader multi institutional validation, 

computational optimization for real-time inference, and prospective integration into clinical 

workflows remain essential for large scale deployment. 
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