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ABSTRACT 

Brain tumor classification remains a critical challenge in medical imaging because manual diagnosis from 

Magnetic Resonance Imaging is time-consuming and may produce inconsistent interpretations. Automated ap-

proaches using deep learning have shown promising results, although single-model methods may still face limita-

tions in generalization and stability. This study introduces a lightweight multi model Convolutional Neural Net-

work that combines MobileNetV2 and ResNet50V2 as dual-backbone feature extractors. MobileNetV2 supports 

computational efficiency, while ResNet50V2 strengthens residual feature learning. The Bangladesh Brain MRI 

Dataset, which contains 6,056 images in three categories, Brain Glioma, Brain Meningioma, and Brain Tumor, 

was used in this study. All images were resized to 224 × 224 pixels before feature extraction, fusion, and classifi-

cation. The proposed multi-model achieved 99.56% training accuracy and 93.37% validation accuracy, outper-

forming MobileNetV2 with 98.37% and 89.60 percent, and ResNet50V2 with 97.55% and 86.17 percent. On the 

test set, it reached 94.89% accuracy, 0.1536 loss, and 0.991 ROC AUC. These results show that integrating light-

weight and deep architectures can improve robustness and accuracy while maintaining efficiency, making this 

approach suitable for real-world clinical support in brain tumor diagnosis. 
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I. INTRODUCTION 

RAIN tumors are a major concern in neurological disorders, where timely and accurate diagnosis 

is essential for improving survival rates and treatment planning. Magnetic Resonance Imaging 

(MRI) is widely used as a standard diagnostic tool because it provides high spatial resolution 

and detailed anatomical structures without ionizing radiation [1]. However, manual interpretation of 

MRI scans is often time-consuming and subject to observer variability, which supports the need for 

automated methods. With recent advances in deep learning, particularly Convolutional Neural Networks 

(CNNs), automated brain tumor classification systems have shown strong potential to improve 

diagnostic reliability and efficiency [2], [3]. 

Advancements in Convolutional Neural Networks (CNNs) and transfer learning have also improved 

classification performance in MRI-based tumor detection. Pretrained architectures such as DenseNet121 

[4], ResNet50 [5], MobileNetV2 [6], InceptionResNetV2 [7], and EfficientNet [8] have been widely 

used for feature extraction from large-scale datasets such as ImageNet. Putri et al. [9] achieved 98.44% 

accuracy using ResNet50, outperforming DenseNet121, while Somoal and Dzikrillah [10] reported 98% 

accuracy with MobileNetV2 using the Adam optimizer and transfer learning. Optimization and augmen-

tation strategies have further improved performance. For example, Mahendra et al. [11] reached 99.70% 

accuracy with InceptionResNetV2 and MixUp augmentation, and Kurniawan and Utami [12] found that 

VGG16 delivered 94.93% accuracy despite shorter training times. Similar gains have been observed 

with MobileNetV2 [13], SVM optimization [14], and CNN-based early detection [15]. 

B 
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Ensemble and hybrid approaches have shown further improvements. Hosny et al. [16] combined 

DenseNet121 and InceptionV3 to achieve 99.02% accuracy, while Mathivanan et al. [17] introduced the 

Brain-Tumor Detection Network (BTDN), reaching 99.68% accuracy. Pande and Chaki [18] combined 

DenseNet121 and ResNet101 with PCA and Random Forest to maintain over 90% accuracy on noisy 

data, and Abdusalomov et al. [19] adapted MobileNet into RetinaNet for lightweight deployment. Fea-

ture engineering methods have also produced strong results, including FlexiCombFE by Tuncer et al. 

[20] with 99.35% accuracy and hybrid attention AlexNet by Chaudhary et al. [21] with 99.69% accu-

racy, have also shown strong results. Architectural improvements like those by Ishaq et al. [22] on Ef-

ficientNet and Sharma et al. [23] on ResNet50 further demonstrate the value of customized deep learning 

designs. 

Comparative studies underline the benefits of transfer learning and data augmentation. Anaya-Isaza 

et al. [24] found that transfer learning with augmented datasets improved accuracy by up to 6%, while 

Disci et al. [25] reported Xception as the top-performing model at 98.73% accuracy. Hybrid CNN–

machine learning combinations have also emerged, with Shoaib et al. [26] combining DenseNet201 

features with SVM and MLP classifiers to achieve up to 100% accuracy, and İncir and Bozkurt [27] 

attaining 98.41% accuracy through EfficientNetV2-M and InceptionV3 concatenation. Large-scale eval-

uations confirm that transfer learning remains important for improving accuracy while reducing com-

putational cost [28], [29], [30], [31], [32]. Taken together, these findings suggest that multi-model inte-

gration, lightweight architectures, advanced feature engineering, and transfer learning are promising 

directions for accurate, efficient, and clinically viable brain tumor classification. 

Despite these advancements, most existing studies focus on either lightweight architectures or deep 

residual networks but rarely combine the two to achieve both computational efficiency and high accu-

racy. Furthermore, although ensemble learning has been explored, lightweight multi-model fusion for 

resource-limited clinical environments remains underrepresented in the literature. This study addresses 

this gap by proposing a lightweight multi-model CNN fusion of MobileNetV2 [6] and ResNet50V2 [33] 

for brain tumor classification from MRI scans. MobileNetV2 provides computational efficiency for real-

time applications, while ResNet50V2 offers deep residual learning for complex feature representation. 

The contributions of this work include (1) developing a hybrid CNN fusion that integrates a lightweight 

and a deep architecture, (2) optimizing the architecture for minimal computational overhead without 

sacrificing accuracy, and (3) evaluating the proposed model on the Bangladesh Brain Cancer MRI Da-

taset, consisting of 6,056 labeled images across three tumor types: Brain Glioma, Brain Meningioma, 

and Brain Tumor (general). The proposed approach is expected to achieve high classification perfor-

mance while remaining practical for deployment in clinical and low-resource settings. 

II. RESEARCH METHOD 

This study adopts a systematic approach to improving brain tumor classification accuracy using MRI 

images. The method is structured into several key stages: data collection, image preprocessing, model 

design, training, and performance evaluation. A multi-model architecture combining MobileNetV2 and 

ResNet50V2 is used to draw on the strengths of both lightweight and deep CNN models. Each stage is 

described in detail in the following subsections. 

A. Data Collection 

This study uses the Brain Cancer MRI dataset developed by Rahman [34], a curated collection of 

brain MRI images designed to support medical diagnostic research, particularly the detection and clas-

sification of brain tumors. The dataset consists of a total of 6,056 MRI images grouped into three main 

classes: Brain Glioma with 2,004 images, Brain Meningioma with 2,004 images, and Brain Tumor (gen-

eral) with 2,048 images. Figure 1 presents sample images from the dataset used in this study. All images 

were obtained from several hospitals in Bangladesh through collaboration with experienced medical 

professionals to ensure accurate labeling and diverse case representation. Each image was uniformly 

resized to 512 × 512 pixels to maintain consistency and compatibility with image processing techniques, 

machine learning algorithms, and deep learning models. The availability of this dataset is particularly 

valuable because high-quality medical imaging data for brain tumor cases remain limited, especially in 

developing regions. Therefore, this dataset provides a reliable foundation for developing and evaluating 

artificial intelligence-based diagnostic systems. 
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B. Image Preprocessing 

All data preprocessing procedures in this study were conducted using the latest version of the Tensor-

Flow framework. The primary objective of this stage was to prepare the image data according to the 

input specifications of deep learning models and to improve the model’s generalization performance. 

1) Image Resizing and Format Adjustment 

The original MRI images were uniformly resized to 224 × 224 pixels to ensure compatibility with 

contemporary convolutional neural network architectures. Although the source scans were typically 

grayscale, all images were converted to RGB format with three color channels so that they matched the 

input dimensionality expected by the pretrained models used in this study. This step standardizes spatial 

resolution and channel structure across the entire dataset. 

2) Normalization and Batch Processing 

After resizing and format conversion, pixel intensities were scaled to the [0, 1] range by dividing each 

value by 255. This normalization reduces numeric instability and accelerates convergence during train-

ing. The data were organized into mini-batches of 32 to balance computational efficiency with stable 

gradient updates, supporting effective optimization of the model parameters. 

3) Dataset Splitting 

The dataset was divided into three separate portions: 75% for training, 15% for validation, and 15% 

for testing. The split was performed while maintaining class balance so that each subset reflected the 

overall distribution of the categories. The training portion was used to fit the model, the validation por-

tion was used to monitor performance and adjust hyperparameters, and the testing portion was reserved 

for an independent evaluation of the final model. 

4) Data Augmentation 

Real-time data augmentation was applied only to the training subset to increase the effective dataset 

size, improve diversity, and strengthen the model’s generalization capability. The augmentation proce-

dures included horizontal and vertical flipping to represent variations in spatial orientation, random ro-

tations of up to ±20% to introduce orientation variability, and random zoom operations of up to ±20% 

to simulate scale differences. No augmentation was applied to the validation or testing subsets, ensuring 

the consistency and integrity of model performance evaluation. 

 
Figure 1. Brain Cancer MRI Dataset 
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C. Model Architecture 

The model used in this study adopts a multi-backbone convolutional neural network architecture that 

integrates two pretrained models, MobileNetV2 and ResNet50V2, both initialized with weights from 

ImageNet training. This dual-backbone design is intended to use the complementary strengths of each 

model in extracting discriminative visual features from brain MRI images. By combining the lightweight 

and efficient feature extraction capabilities of MobileNetV2 with the deeper and more complex repre-

sentations learned by ResNet50V2, the architecture aims to produce a more comprehensive and robust 

feature representation for classification. Figure 2 illustrates the proposed model architecture, including 

the dual-backbone structure, intermediate processing layers, and final classification layer. 

The developed model takes MRI images as input, each resized to 224 × 224 pixels with three RGB 

channels. The architecture uses a dual-backbone framework that combines two pretrained convolutional 

neural networks to draw on their complementary capabilities in feature representation. 

1) Backbone Feature Extractors 

The input images are processed simultaneously by two pretrained models: MobileNetV2, which 

serves as a lightweight feature extractor with high computational efficiency, and ResNet50V2, which 

captures deeper and more complex representations through residual connections. Both backbones are 

initialized in non-trainable mode, with frozen weights, to preserve the pretrained feature representations, 

and their original fully connected layers are excluded. 

2) Feature Flattening and Normalization 

The output feature maps from each backbone are transformed into one-dimensional vectors using a 

Flatten layer. These vectors are then normalized using Batch Normalization to accelerate convergence 

and stabilize the training process. 

3) Dense Transformation and Feature Fusion 

Each normalized feature vector is passed through a Dense layer with 200 neurons and ReLU activation 

to apply non-linear transformations. The outputs from both Dense layers are then concatenated to pro-

duce a unified feature vector that combines the representational strengths of both backbones. 

 
Figure 2. Architectural Overview of the Proposed Brain MRI Classification System 
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4) Final Classification Layer 

The combined feature representation is directed to a fully connected layer containing three nodes, 

aligned with the classification labels. A Softmax activation is then applied at the output stage to deter-

mine the likelihood of each class. 

This architecture combines the computational efficiency of MobileNetV2 with the representational 

depth of ResNet50V2. By integrating features from both networks through an ensemble-like approach, 

the model improves classification performance for brain tumor detection in MRI images, aligning with 

findings from prior studies in medical imaging. 

D. Model Training 

The training process in this study was designed to optimize model performance while minimizing 

overfitting and maintaining computational efficiency. Key hyperparameters, including learning rate, 

batch size, number of epochs, and optimizer, were determined through preliminary experiments to bal-

ance convergence speed and stability. An early stopping strategy was applied by monitoring validation 

accuracy with a patience value of 10 and a minimum improvement requirement of 0.2, as well as vali-

dation loss with a patience value of 5 and a minimum reduction requirement of 0.05. This approach 

supports optimal performance while preventing overfitting when using high-capacity architectures such 

as the combination of MobileNetV2 and Res-Net50V2. 

E. Evaluation Metrics 

To measure effectiveness, the model was tested using widely recognized metrics, including accuracy, 

loss, precision, recall, F1 score, ROC AUC, and confusion matrix. Independent validation data ensured 

that the evaluation remained objective and unbiased. The selected metrics provided a broad view of 

performance by accounting for overall accuracy, error rate, class sensitivity, and the relationship be-

tween precision and recall. ROC AUC and the confusion matrix also provided further insight into dis-

crimination power and per-class outcomes. In addition to predictive performance, computational com-

plexity was analyzed by examining the number of parameters and inference time of each model, allow-

ing the efficiency of the proposed architecture and its feasibility for practical deployment in medical 

imaging applications to be assessed. 

III. RESULTS AND DISCUSSION 

In this section, we present and analyze the results of the brain tumor classification models, focusing 

on MobileNetV2, ResNet50V2, and the proposed multi-model approach that combines both architec-

tures. The analysis covers two main aspects: model convergence and stability, as well as performance 

metrics, including accuracy, loss, precision, recall, F1-score, ROC AUC, and confusion matrices. De-

tailed insights and comparative discussion are provided in the following subsections, highlighting the 

strengths and limitations of each model in producing accurate and reliable classification results on MRI 

brain scan data. 

A. Analysis of Accuracy and Loss on Training and Validation Data 

This section provides a detailed analysis of the model learning process by examining the accuracy 

and loss curves on both the training and validation datasets. The primary goal is to evaluate model 

convergence and identify any signs of overfitting or underfitting throughout the training epochs. 

Figure 3 illustrates the training accuracy and loss curves for MultiModel, MobileNetV2, and Res-

Net50V2. The accuracy trends in Figure 3(a) show that all models improve consistently, with Multi-

Model achieving the highest accuracy throughout training, followed by MobileNetV2 and ResNet50V2. 

The loss curves in Figure 3(b) indicate that MultiModel consistently records the lowest loss, reflecting 

a better fit to the training data. These results suggest that combining MobileNetV2 and ResNet50V2 in 

a multi-model architecture improves convergence and classification performance compared with the 

individual models. 

Figure 4 presents the validation accuracy and loss curves for MultiModel, MobileNetV2, and Res-

Net50V2. As shown in Figure 4(a), MultiModel consistently outperforms the other models in validation 

accuracy across all epochs, followed by MobileNetV2, while ResNet50V2 records the lowest accuracy. 

The validation loss curves in Figure 4(b) indicate that MultiModel maintains the lowest and most stable 

loss throughout training, suggesting better generalization and a lower risk of overfitting. These results 
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confirm that the fusion of MobileNetV2 and ResNet50V2 provides better validation performance than 

using each backbone independently. 

As shown in Table 1, the Combined (Multi) model achieved the highest training accuracy at 99.56% 

and validation accuracy at 93.37%, surpassing the individual performances of MobileNetV2 and Res-

Net50V2. MobileNetV2 recorded a training accuracy of 98.37% and a validation accuracy of 89.60%, 

while ResNet50V2 achieved 97.55% and 86.17%, respectively. These results indicate that integrating 

MobileNetV2 and ResNet50V2 improves feature representation, allowing the Combined model to gen-

eralize more effectively to unseen data. In addition, the smaller gap between training and validation 

 
(a) 

 
(b) 

Figure 3. Training Performance Metrics: (a) Training Accuracy and (b) Training Loss 

 

 
(a) 

 
(b) 

Figure 4. Validation Performance Metrics: (a) Validation Accuracy and (b) Validation Loss 
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accuracy in the Combined model suggests better stability and reduced overfitting compared with the 

standalone architectures. 

B. Comparison of Performance on Test Data 

This section evaluates the generalization performance of the trained models using the unseen test 

dataset. The analysis compares accuracy and loss values to identify which architecture provides the most 

robust and reliable classification capability. 

As shown in Table 2, the Combined (Multi) model achieved the best performance, with a test accuracy 

of 94.89% and the lowest loss of 0.1536, outperforming both MobileNetV2 and ResNet50V2. This find-

ing shows that combining the two architectures improves classification accuracy and reduces prediction 

error compared with using either model individually. However, because the proposed model was eval-

uated on a single dataset, its generalization across different clinical environments may still be limited. 

C. Evaluation Based on Classification Metrics 

Beyond overall accuracy, per-class performance evaluation provides a deeper understanding of model 

behavior. This analysis uses key classification metrics, including precision, recall, F1-score, and ROC 

AUC, to assess the models’ ability to handle each brain tumor category. 

According to Table 3, the Multi-model configuration delivered better results than MobileNetV2 and 

ResNet50V2 across precision, recall, F1-score, and ROC AUC. With scores of 0.94 for precision, 0.93 

for recall, and 0.94 for F1, along with a ROC AUC of 0.991, the model was more effective in supporting 

accurate brain tumor classification. The improvements in F1-score and ROC AUC show the strength of 

the combined approach in producing reliable predictions while reducing misclassification errors. 

D.  Analysis of Confusion Matrix 

A detailed examination of the confusion matrix for each model is presented, providing a visual and 

numerical representation of classification performance. This analysis reviews the counts of true posi-

tives, false positives, and false negatives to identify the types of errors made by the models. 

Based on the confusion matrices and their summary in Table 4, the final analysis confirms that the 

Multimodel approach provides the most effective classification performance. As shown in Figure 5, 

TABLE 1 
TRAINING ACCURACY RESULTS 

Model Training Accuracy Validation Accuracy 

ResNet50V2 97.55% 86.17% 
MobileNetV2 98.37% 89.60% 

Combined (Multi) 99.56% 93.37% 

TABLE 2 

COMPARISON OF ACCURACY AND LOSS ON TEST DATA 

Model Training Accuracy Validation Accuracy 

ResNet50V2 84.83 0.3746 

MobileNetV2 92.60 0.2374 

Combined (Multi) 94.89 0.1536 

TABLE 3 
SUMMARY OF CLASSIFICATION EVALUATION METRICS 

Model Precision Recall F1-Score ROC AUC 

ResNet50V2 0.86 0.86 0.86 0.967 
MobileNetV2 0.92 0.91 0.92 0.983 

Combined (Multi) 0.94 0.93 0.94 0.991 

 

 
(a) 

 
(b) 

 
(c) 

Figure 5. Confusion Matrices of the Models: (a) ResNet50V2, (b) MobileNetV2, and (c) Multimodel 
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which presents the confusion matrices for ResNet50V2, MobileNetV2, and Multimodel, the Multimodel 

consistently achieves the highest number of correct predictions and the lowest number of misclassifica-

tions across the three tumor classes. This pattern is especially clear in the classification of Brain Glioma 

and Brain Tumor, where it outperforms both MobileNetV2 and ResNet50V2. Although MobileNetV2 

shows strong performance and slightly surpasses the Multimodel for the Brain Menin class in the sum-

mary table, its overall performance is less consistent across all classes compared with the Multimodel. 

In contrast, ResNet50V2 shows the weakest performance, with a higher rate of misclassification, espe-

cially for Brain Glioma. Therefore, the combined analysis indicates that the Multimodel’s fusion of 

features from both architectures leads to a more accurate and stable classification system. 

E. Computational Complexity Analysis 

In addition to evaluating classification performance, this study also analyzes the computational effi-

ciency of the proposed architecture. Because this study claims a lightweight-oriented fusion model, a 

quantitative comparison of computational complexity was conducted. The analysis focuses on the total 

number of parameters, the number of trainable parameters, and the inference time required to process a 

single MRI image. These metrics provide insight into the computational cost and practical feasibility of 

deploying the model in real-world clinical environments. Inference time was measured during the pre-

diction stage and represents the average time required to process one image using the same hardware 

configuration. The comparison between MobileNetV2, ResNet50V2, and the proposed fusion model is 

presented in Table 5. 

As shown in Table 5, MobileNetV2 has the smallest architecture with the fastest inference time of 42 

ms per image, reflecting its lightweight design. ResNet50V2 has a larger architecture with 24.81 million 

parameters and requires 64 ms per image. The proposed fusion model combines both architectures, re-

sulting in 27.85 mil-lion parameters and an inference time of 98 ms per image. Although the computa-

tional cost increases, the inference time remains below 100 ms per image, indicating that the model 

maintains reasonable efficiency while improving classification performance. Although the proposed fu-

sion model combines two backbone networks, its computational complexity remains manageable com-

pared with many recent ensemble architectures that often exceed 50 to 100 million parameters. There-

fore, the model retains a relatively lightweight characteristic for practical deployment. 

F. Discussion and Interpretation of Results 

The results of this study show that the proposed multi-model architecture, which combines Mo-

bileNetV2 and ResNet50V2, consistently outperforms the individual backbone models across all eval-

uation stages. Recent studies such as Hosny et al. [16] and Mathivanan et al. [17] have explored ensem-

ble-based CNN architectures for brain tumor classification. Compared with these approaches, the pro-

posed model emphasizes a balance between classification performance and computational efficiency. In 

terms of training performance (Table 1), the Combined model achieved the highest training accuracy of 

99.56% and validation accuracy of 93.37%, indicating stronger feature extraction and generalization 

capability. The difference between training accuracy and validation accuracy suggests a moderate de-

gree of overfitting, which is common in medical imaging datasets with limited variability. Data aug-

mentation and early stopping were used to mitigate this effect. The relatively smaller gap between train-

ing and validation accuracy further suggests better stability and lower overfitting risk compared with 

standalone architectures. When evaluated on unseen test data (Table 2), the Combined model maintained 

its superiority with the highest accuracy of 94.89% and the lowest loss value of 0.1536, outperforming 

TABLE 4 

SUMMARY OF CONFUSION MATRIX (CORRECT CLASSIFICATIONS / TOTAL) 

Class ResNet50V2  MobileNetV2 Multimodel 

Brain Glioma 236 / 298 259 / 298 284 / 298 

Brain Menin 233 / 266 245 / 266 236 / 266 
Brain Tumor 301 / 332 317 / 332 320 / 332 

TABLE 5 

COMPUTATIONAL COMPLEXITY AND INFERENCE TIME COMPARISON 

Model Total Parameters Inference Time (ms/image) 

MobileNetV2 2,257,984 42 

ResNet50V2 24,812,395 64 

Proposed Fusion Model 27,851,019 98 
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MobileNetV2 (92.60%, 0.2374) and ResNet50V2 (84.83%, 0.3746). This finding confirms that inte-

grating the two architectures improves classification robustness and reduces prediction error.  

Further evaluation using classification metrics (Table 3) reinforces these observations. The Combined 

model achieved the highest precision (0.94), recall (0.93), F1-score (0.94), and ROC AUC (0.991), re-

flecting its strong ability to classify MRI brain tumor images correctly while minimizing both false 

positives and false negatives. The improvements in F1-score and ROC AUC highlight the balanced and 

reliable performance of the multi-model approach across different tumor types. 

The confusion matrix analysis (Figure 5) provides deeper insights into class-specific performance. 

The Combined model recorded the highest number of correct classifications in Brain Glioma (284/298) 

and Brain Tumor (320/332), with a consistently lower misclassification rate than the other models. Alt-

hough MobileNetV2 slightly outperformed the Combined model in the Brain Menin class, its perfor-

mance was less consistent across all categories. In contrast, ResNet50V2 showed the weakest results, 

with more frequent misclassifications, particularly in Brain Glioma cases. Taken together, these findings 

confirm that the fusion of MobileNetV2 and ResNet50V2 uses the computational efficiency of Mo-

bileNetV2 and the deep representational power of ResNet50V2, resulting in a more accurate, stable, and 

generalizable classification framework for brain tumor detection on MRI scans. The improvement ob-

served in the proposed model can be explained by the complementary characteristics of the two back-

bones. MobileNetV2 employs depthwise separable convolutions that efficiently capture local spatial 

patterns with low computational cost, while ResNet50V2 uses deep residual connections to learn more 

complex hierarchical features. The fusion layer integrates both representations, allowing the classifier 

to benefit from efficient low-level features and deeper semantic information at the same time. 

IV. CONCLUSION 

This study proposed a lightweight multi-model convolutional neural network that integrates Mo-

bileNetV2 and ResNet50V2 for brain tumor classification using MRI scans. The experimental results 

show that the proposed model consistently outperformed the individual backbone models, achieving a 

training accuracy of 99.56%, validation accuracy of 93.37%, and test accuracy of 94.89% with a loss 

value of 0.1536. The model also achieved strong classification performance, with a precision of 0.94, 

recall of 0.93, F1-score of 0.94, and ROC AUC of 0.991, indicating reliable and balanced predictions 

across tumor classes. The fusion of MobileNetV2’s computational efficiency and ResNet50V2’s deep 

feature extraction capability allows the model to capture complementary feature representations, result-

ing in improved classification performance. However, the gap between training and validation accuracy 

indicates mild overfitting, which was partly mitigated using data augmentation and early stopping. Ad-

ditional regularization techniques, such as Dropout or L2 weight regularization, may further improve 

the model’s generalization ability. 

This study also has several limitations. The evaluation was conducted on a single dataset, and k-fold 

cross-validation and statistical significance testing were not included due to computational constraints. 

Future research should address these limitations by incorporating cross-validation strategies, statistical 

validation, and evaluation on additional public MRI datasets to improve the robustness and generaliza-

tion of the proposed approach. 
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