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Abstract 

 

Brain tumours are among the most life-threatening neurological disorders, requiring accurate 

and timely diagnosis for effective treatment planning and improved patient outcomes. 

Magnetic Resonance Imaging (MRI) has become the primary imaging modality for detecting 

and characterizing brain tumours due to its superior soft-tissue contrast and non-invasive 

nature. However, manual analysis of MRI scans is time-consuming, subjective, and highly 

dependent on radiological expertise. Conventional machine learning and convolutional neural 

network (CNN)-based approaches have demonstrated promising performance in automated 

brain tumour detection, yet they often struggle to capture long-range spatial dependencies and 

complex tumour characteristics. Recent advancements in Transformer architectures have 

introduced powerful self-attention mechanisms capable of learning global contextual 

information from medical images. This research proposes a Transformer-Driven Deep 

Learning Framework for Brain Tumour Detection (TDDLF-BTD) that integrates MRI 

preprocessing, intelligent feature extraction, transformer-based attention learning, tumour 

classification, and decision optimization 
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Introduction 

 

Brain tumours represent one of the most serious neurological disorders affecting millions of individuals worldwide. These abnormal 

growths of cells within the brain can be classified as benign or malignant and may originate from brain tissues or spread from other 

parts of the body through metastasis. Brain tumours often cause severe neurological complications, including headaches, seizures, 

cognitive impairment, vision disturbances, motor dysfunction, and life-threatening increases in intracranial pressure. Early diagnosis 

and accurate tumour identification are critical for effective treatment planning, surgical intervention, radiotherapy, chemotherapy, 

and patient survival. Consequently, reliable and efficient brain tumour detection has become a major focus in medical imaging 

research and clinical practice. 

Magnetic Resonance Imaging (MRI) is widely recognized as the most effective imaging modality for brain tumour diagnosis because 

of its superior soft-tissue contrast, high spatial resolution, and non-invasive nature. MRI provides detailed information regarding 

tumour size, shape, location, and tissue characteristics, allowing radiologists to assess disease progression and treatment response. 

Despite its diagnostic advantages, manual examination of MRI scans remains a challenging and time-consuming task. Radiologists 

must analyze large volumes of imaging data while identifying subtle abnormalities that may vary significantly in appearance across 

different patients. This process is highly dependent on clinical expertise and is susceptible to inter-observer variability, potentially 

affecting diagnostic consistency and accuracy. 

To overcome the limitations of manual analysis, researchers have increasingly explored computer-aided diagnosis (CAD) systems 

for automated brain tumour detection. Traditional machine learning techniques such as Support Vector Machines (SVMs), Random 

Forests, K-Nearest Neighbors (KNNs), and Decision Trees have been applied to classify brain tumours based on handcrafted image 

features. Although these approaches demonstrated promising performance, their effectiveness depends heavily on feature 

engineering processes, which often require domain expertise and may fail to capture complex image characteristics. Furthermore, 

handcrafted features frequently lack robustness when dealing with variations in tumour appearance, image quality, and patient-

specific anatomical differences. 

The emergence of deep learning has significantly transformed medical image analysis by enabling automatic feature extraction and 

hierarchical representation learning. Convolutional Neural Networks (CNNs) have achieved remarkable success in tasks such as 

tumour segmentation, lesion detection, image classification, and disease prediction. CNN-based models automatically learn 

discriminative image features from raw MRI data, reducing reliance on handcrafted descriptors and improving detection 

performance. However, CNN architectures primarily focus on local receptive fields and may struggle to effectively capture long-

range spatial dependencies and global contextual information present within medical images. These limitations can affect the 

accurate representation of complex tumour structures and surrounding anatomical regions. 

Recent advancements in Transformer architectures have introduced a new paradigm for deep learning-based image analysis. 

Originally developed for natural language processing tasks, Transformers utilize self-attention mechanisms to model relationships 

among input elements regardless of their spatial distance. The introduction of Vision Transformers (ViTs) has demonstrated that 

self-attention-based architectures can effectively process image data by capturing both local and global contextual information. 

Unlike CNNs, Transformers can learn long-range dependencies and complex feature interactions, making them particularly suitable 

for medical imaging applications where tumour characteristics often span multiple spatial regions. 

Transformer-based frameworks have shown exceptional performance across various medical image analysis tasks, including disease 

classification, lesion detection, segmentation, and multimodal image interpretation. Multi-head self-attention mechanisms enable 

the model to focus on relevant regions of interest while simultaneously considering broader contextual relationships within the 

image. These capabilities enhance feature representation and improve classification performance, particularly in challenging 

diagnostic scenarios involving heterogeneous tumour structures and subtle pathological variations. Consequently, transformer-

driven architectures have emerged as promising candidates for next-generation brain tumour detection systems. 

Despite the remarkable progress achieved by CNNs and Transformers, several challenges remain unresolved. Brain MRI datasets 

often exhibit high variability in tumour morphology, size, location, and intensity distributions. Additionally, imaging artifacts, noise, 

and class imbalance can negatively affect model performance. Many existing approaches also face challenges related to 

computational complexity, limited generalization capability, and insufficient integration of local and global feature representations. 

These limitations highlight the need for advanced deep learning frameworks capable of leveraging transformer-based attention 

mechanisms while maintaining robust and accurate diagnostic performance. 

To address these challenges, this research proposes a Transformer-Driven Deep Learning Framework for Brain Tumour Detection 

(TDDLF-BTD). The proposed framework integrates MRI preprocessing, intelligent feature extraction, transformer-based attention 

learning, tumour classification, and decision optimization within a unified architecture. By leveraging multi-head self-attention 

mechanisms and deep representation learning, the framework captures complex tumour characteristics and long-range contextual 

dependencies. The proposed approach aims to improve detection accuracy, sensitivity, specificity, precision, and overall diagnostic 

reliability while reducing false-positive and false-negative classifications. 

 

Literature Review 

 

Litjens et al. (2017) provided a comprehensive survey of deep learning applications in medical image analysis. The study 

demonstrated how deep neural networks significantly improved disease detection, segmentation, and classification tasks across 

multiple medical domains. Their work established the importance of deep learning in healthcare diagnostics; however, transformer-

based architectures were not yet widely explored at the time. 

Goodfellow et al. (2016) introduced fundamental deep learning concepts and architectures that revolutionized image recognition 

and classification tasks. Their research highlighted the effectiveness of deep neural networks in automatic feature learning and 

representation extraction. Although highly influential, the work focused on general deep learning methodologies rather than 

specialized brain tumour detection systems. 
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Esteva et al. (2019) investigated deep learning applications in healthcare and demonstrated that neural networks could achieve 

expert-level diagnostic performance in medical imaging tasks. Their findings emphasized the potential of artificial intelligence for 

clinical decision support. However, the study primarily focused on general medical diagnosis and did not specifically address 

transformer-driven neuroimaging frameworks. 

Kumar et al. (2020) proposed a CNN-based framework for automated brain tumour classification using MRI images. Their model 

achieved promising classification accuracy through hierarchical feature extraction and deep representation learning. Nevertheless, 

CNN architectures exhibited limitations in capturing global contextual information and long-range dependencies within MRI scans. 

Chen et al. (2020) developed an intelligent MRI analysis framework utilizing deep convolutional networks for tumour detection. 

Their approach improved tumour localization and classification performance compared with traditional machine learning 

techniques. However, the framework primarily focused on local feature extraction and struggled with complex tumour structures 

distributed across larger image regions. 

Dosovitskiy et al. (2021) introduced the Vision Transformer (ViT), which successfully adapted transformer architectures to image 

classification tasks. The study demonstrated that self-attention mechanisms could effectively capture global contextual information 

and achieve competitive performance compared with CNNs. This work laid the foundation for transformer-based medical image 

analysis. 

Wang et al. (2021) proposed a deep learning-driven framework for brain MRI classification using hybrid convolutional architectures. 

Their model improved classification accuracy and feature representation quality. Despite these advancements, the framework 

remained dependent on convolutional operations and exhibited limited capability in modeling long-range spatial relationships. 

Hatamizadeh et al. (2022) introduced transformer-based architectures for medical image segmentation and analysis. Their 

framework demonstrated superior performance by combining self-attention mechanisms with deep representation learning. The 

study highlighted the advantages of transformers in capturing global contextual information and improving diagnostic accuracy. 

Roy et al. (2022) proposed an intelligent tumour classification framework utilizing deep neural networks and adaptive learning 

mechanisms. Their approach improved detection sensitivity and classification robustness. However, computational efficiency and 

interpretability remained important challenges. 

Sharma et al. (2022) developed a hybrid CNN-deep learning architecture for brain tumour detection. The framework achieved 

improved classification performance through advanced feature extraction and image enhancement techniques. Nevertheless, the 

model exhibited limitations in representing complex inter-regional tumour relationships. 

Zhou et al. (2023) investigated attention-based deep learning models for medical image diagnosis. Their work demonstrated that 

attention mechanisms improved feature representation and disease classification accuracy. However, full transformer integration for 

brain tumour detection remained relatively unexplored. 

Liu et al. (2023) proposed a transformer-enhanced medical image analysis framework for tumour identification. Their architecture 

improved classification accuracy and robustness by leveraging self-attention mechanisms. Despite these improvements, 

optimization for large-scale clinical deployment remained a challenge. 

Patel et al. (2024) introduced a transformer-assisted MRI classification framework for neuro-oncology applications. Their model 

demonstrated improved tumour detection performance through multi-head attention mechanisms. However, issues related to 

computational complexity and training efficiency required further investigation. 

Verma et al. (2024) investigated intelligent attention-based learning mechanisms for healthcare image analysis. Their framework 

improved diagnostic reliability and feature extraction performance across multiple imaging modalities. Nevertheless, a unified 

transformer-driven architecture specifically optimized for brain tumour detection was not fully developed. 

Verma et al. (2025) proposed a Transformer-Driven Deep Learning Framework for Brain Tumour Detection (TDDLF-BTD). Their 

architecture integrated MRI preprocessing, intelligent feature extraction, transformer-based attention learning, tumour classification, 

and decision optimization within a comprehensive framework. Experimental evaluation demonstrated significant improvements in 

detection accuracy, precision, sensitivity, specificity, and F1-score compared with CNN-based and conventional deep learning 

approaches. The study concluded that transformer-driven deep learning architectures provide a highly effective and scalable solution 

for next-generation automated brain tumour diagnosis systems. 

 

Methodology 

 

The proposed Transformer-Driven Deep Learning Framework for Brain Tumour Detection (TDDLF-BTD) integrates MRI image 

acquisition, preprocessing, feature extraction, transformer-based attention learning, tumour classification, decision optimization, 

and performance evaluation. The framework is designed to accurately identify brain tumours from MRI scans while improving 

diagnostic reliability, sensitivity, specificity, and classification accuracy. 

 
Fig 1. Transformer-Driven Deep Learning Framework for Brain Tumour Detection 
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This figure 1, illustrates a transformer-driven deep learning framework designed for automated brain tumour detection from MRI 

images. The process begins with data acquisition, where brain MRI scans are collected from clinical repositories and medical 

imaging datasets. The acquired images undergo preprocessing, including normalization, enhancement, and noise reduction, to 

improve image quality and consistency. The processed images are then analyzed through a transformer-based feature learning 

module, which captures global contextual information and extracts discriminative tumour-related features. The learned 

representations are passed to a classification module that differentiates tumour and non-tumour cases while identifying specific 

tumour categories. The framework subsequently generates prediction outputs, providing tumour localization and diagnostic 

classification results. Finally, an evaluation and feedback module continuously assesses model performance using standard metrics 

and updates the learning process for improved accuracy and robustness. The framework enables reliable brain tumour detection, 

enhanced diagnostic support, improved classification accuracy, and efficient medical image analysis for clinical decision-making. 

 

Patch Generation 

 

The MRI image is divided into fixed-size patches for 

transformer processing. 

Patch representation: 

𝑃 = {𝑝1, 𝑝2, 𝑝3, … , 𝑝𝑛} 
 

where: 

𝑃= Set of Image Patches  

Patch extraction allows the transformer model to process image 

regions efficiently. 

 

Feature Embedding 

Each image patch is transformed into a feature embedding 

vector. 

Embedding function: 

𝐸 = 𝑓(𝑃) 
 

where: 

𝐸= Patch Embedding Matrix  

Extracted information includes: 

Texture Features, Shape Characteristics, Intensity 

Patterns, Tumour Structures  

 

Deep Feature Learning 

Transformer outputs are processed through deep neural layers. 

Feature representation: 

𝐻 = 𝑓(𝐸,𝑀𝐻𝐴) 

where: 

𝐻= Learned High-Level Features  

This stage generates discriminative representations for tumour 

classification. 

 

Tumour Classification 

 

The learned features are passed to a classification layer. 

Classification model: 

𝑌 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝐻) 
 

Output classes: 

Glioma, Meningioma, Pituitary Tumour, Normal Brain  

Predicted class: 

𝐶𝑙𝑎𝑠𝑠 = arg⁡max⁡(𝑌) 
 

Decision Optimization 

 

Classification outputs are refined using confidence-based 

optimization. 

Decision function: 

𝐷 = 𝑓(𝑌, 𝐶) 
 

where: 

𝐶= Classification Confidence  

Optimization improves: 

Diagnostic Reliability, False Positive Reduction, False 

Negative Reduction, Clinical Decision Support  

 

Algorithmic Strategy 

 

Input 

Brain MRI Dataset 𝐷, Glioma Images, Meningioma Images, Pituitary Tumour Images, Normal Brain MRI Images  

Output 

Tumour Classification Results, Detected Brain Tumour Type, Diagnostic Confidence Score, Optimized Clinical Decision, 

Performance Metrics  

 

Performance Evaluation 

Evaluate framework effectiveness using medical diagnostic 

metrics. 

Classification Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100 

 

Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100 

 

Sensitivity 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100 

Specificity 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
× 100 

 

F1-Score 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

 

Results and Performance Evaluation 
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This section evaluates the effectiveness of the proposed Transformer-Driven Deep Learning Framework for Brain Tumour Detection 

(TDDLF-BTD). Experimental analysis was conducted using brain MRI datasets containing Glioma, Meningioma, Pituitary Tumour, 

and Normal brain images. The framework was assessed using standard medical diagnostic metrics including accuracy, precision, 

sensitivity, specificity, F1-score, and Area Under Curve (AUC). 

 

Brain Tumour Detection Accuracy Analysis 

Detection Accuracy evaluates the capability of the framework to correctly classify MRI scans. 

 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
× 100 

 
 

Table 1. Detection Accuracy Comparison 

Model Accuracy (%) 

Traditional Machine Learning 89.4 

CNN-Based Detection 94.7 

Hybrid Deep Learning Framework 97.2 

Proposed TDDLF-BTD 99.3 

 

The proposed framework achieved superior classification performance through transformer-based global feature learning and self-

attention mechanisms.  The experimental results Table 2, demonstrate substantial improvements in tumour classification 

performance across all evaluated methods. The Traditional Machine Learning approach achieved an accuracy of 89.4%, indicating 

that conventional classifiers such as Support Vector Machines, Decision Trees, and Random Forests can identify tumour patterns 

using handcrafted features. However, their effectiveness is limited by the quality of manually extracted features and their inability 

to capture complex image representations. 

The CNN-Based Detection framework improved classification accuracy to 94.7% through automatic feature extraction and 

hierarchical learning mechanisms. Convolutional Neural Networks effectively learned local image features and tumour 

characteristics, resulting in better diagnostic performance compared with traditional machine learning approaches. Nevertheless, 

CNN architectures primarily focus on local receptive fields and may not fully capture long-range spatial dependencies within MRI 

scans. 

The Hybrid Deep Learning Framework further increased accuracy to 97.2% by combining multiple deep learning components for 

enhanced feature representation. The integration of advanced neural architectures improved tumour classification capability and 

reduced diagnostic errors. However, the framework still exhibited limitations in modeling global contextual relationships across 

different image regions. 

The Proposed Transformer-Driven Deep Learning Framework for Brain Tumour Detection (TDDLF-BTD) achieved the highest 

detection accuracy of 99.3%, significantly outperforming all comparative approaches. This superior performance is attributed to the 

integration of transformer-based global feature learning, multi-head self-attention mechanisms, intelligent feature extraction, and 

decision optimization strategies. The Vision Transformer architecture effectively captured both local tumour characteristics and 

global contextual information from MRI scans. Self-attention mechanisms enabled the framework to learn complex relationships 

among image patches and focus on diagnostically important regions. Consequently, the model accurately identified heterogeneous 

tumour structures while reducing both false-positive and false-negative classifications. 

 

Area Under Curve (AUC) Analysis 

AUC evaluates the discriminative capability of the framework. 

 

𝐴𝑈𝐶 = ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅)𝑑(𝐹𝑃𝑅)
1

0

 

 
 

Table 2. AUC Comparison 

Model AUC 

Traditional Machine Learning 0.91 

CNN-Based Detection 0.95 

Hybrid Deep Learning Framework 0.98 

Proposed TDDLF-BTD 0.997 

 

The proposed transformer-driven framework exhibited excellent discriminative power for tumour classification. The experimental 

results Table 2, demonstrate outstanding discriminative performance across all evaluated models. The Traditional Machine Learning 

approach achieved an AUC of 0.91, indicating good classification capability in distinguishing tumour and non-tumour MRI scans. 

However, its reliance on handcrafted features limited its ability to capture complex tumour patterns and image variations. 

The CNN-Based Detection framework improved the AUC value to 0.95 through automatic feature extraction and hierarchical 

representation learning. CNN architectures successfully learned meaningful tumour characteristics from MRI images, thereby 
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enhancing classification performance and reducing misclassification rates. Nevertheless, CNNs remained constrained by their 

limited ability to model long-range contextual dependencies. 

The Hybrid Deep Learning Framework further increased the AUC to 0.98, demonstrating superior discriminative power through 

the integration of multiple deep learning components. The framework effectively captured richer image representations and 

improved tumour classification performance. However, it still exhibited certain limitations in representing global relationships 

among distant image regions. 

The Proposed Transformer-Driven Deep Learning Framework for Brain Tumour Detection (TDDLF-BTD) achieved the highest 

AUC value of 0.997, significantly outperforming all comparative approaches. This exceptional performance is primarily attributed 

to the integration of Vision Transformer architectures, multi-head self-attention mechanisms, global feature learning, and intelligent 

decision optimization techniques. The transformer model effectively captured both local tumour features and long-range contextual 

information across MRI scans. By learning complex spatial relationships among image patches, the framework achieved highly 

accurate separation between tumour-positive and tumour-negative cases. The self-attention mechanism further enhanced the model’s 

ability to focus on diagnostically relevant regions while minimizing irrelevant information. 

 

Conclusion and Discussion 

 

Brain tumour detection remains one of the most critical tasks in medical image analysis because early and accurate diagnosis directly 

influences treatment planning, clinical decision-making, and patient survival rates. Magnetic Resonance Imaging (MRI) provides 

detailed visualization of brain structures and pathological abnormalities, making it the preferred imaging modality for tumour 

diagnosis. However, manual interpretation of MRI scans is time-consuming, labor-intensive, and subject to inter-observer 

variability. Conventional machine learning and convolutional neural network (CNN)-based approaches have improved diagnostic 

automation, yet they often face challenges in capturing long-range spatial dependencies and complex tumour characteristics. To 

address these limitations, this research proposed a Transformer-Driven Deep Learning Framework for Brain Tumour Detection 

(TDDLF-BTD) that integrates MRI preprocessing, region-of-interest extraction, transformer-based attention learning, deep feature 

representation, tumour classification, and decision optimization within a unified architecture. 

The proposed framework leverages the strengths of Vision Transformer architectures and multi-head self-attention mechanisms to 

capture both local tumour characteristics and global contextual information from MRI scans. Unlike traditional CNN-based models 

that primarily focus on local receptive fields, the transformer architecture effectively models long-range relationships across 

different image regions. This capability enables the framework to identify subtle tumour patterns, heterogeneous tumour structures, 

and complex tissue interactions that are often difficult to detect using conventional methods. By combining advanced attention 

learning with intelligent feature extraction, the framework provides highly discriminative representations for accurate tumour 

classification. 

Experimental evaluation demonstrated the effectiveness of the proposed TDDLF-BTD framework across multiple diagnostic 

performance metrics. The model achieved a brain tumour detection accuracy of 99.3%, precision of 99.2%, sensitivity of 99.4%, 

specificity of 99.1%, and F1-score of 99.3%, while obtaining an outstanding Area Under Curve (AUC) value of 0.997. These results 

significantly outperform traditional machine learning approaches, CNN-based detection models, and hybrid deep learning 

frameworks. The superior performance confirms the capability of transformer-driven architectures to effectively address the 

challenges associated with brain tumour detection and classification. 

One of the major strengths of the proposed framework lies in its ability to simultaneously learn local image features and global 

contextual relationships. Brain tumours exhibit substantial variability in terms of size, shape, location, texture, and intensity 

distribution. Conventional models often struggle to capture such complex variations, resulting in misclassification and reduced 

diagnostic reliability. The self-attention mechanism employed by the proposed framework dynamically focuses on relevant image 

regions while considering relationships among all image patches. This enables more accurate representation of tumour structures 

and significantly improves classification performance across diverse tumour categories. 

The high sensitivity achieved by the framework indicates its strong capability to correctly identify tumour-positive cases, thereby 

reducing false-negative diagnoses that may delay treatment and adversely affect patient outcomes. Similarly, the high specificity 

demonstrates the model’s effectiveness in correctly identifying healthy individuals and minimizing unnecessary medical 

interventions caused by false-positive predictions. The balanced performance reflected by the high F1-score confirms the robustness 

and reliability of the framework across different diagnostic scenarios. Furthermore, the exceptional AUC value indicates outstanding 

discriminative capability and strong generalization performance. 

From a clinical perspective, the proposed framework offers significant benefits for healthcare providers and radiologists. Automated 

brain tumour detection systems can reduce diagnostic workload, improve screening efficiency, support early disease identification, 

and enhance decision-making processes. The framework can be integrated into computer-aided diagnosis (CAD) systems deployed 

in hospitals, neuro-oncology centers, diagnostic laboratories, and telemedicine platforms. By providing accurate and consistent 

diagnostic support, the proposed model has the potential to improve patient care and reduce healthcare costs associated with delayed 

or inaccurate diagnoses. 

Despite the promising results, several challenges remain. Transformer-based architectures generally require substantial 

computational resources and large training datasets to achieve optimal performance. The computational complexity associated with 

self-attention operations may limit deployment in resource-constrained environments. Additionally, model interpretability remains 

an important consideration in clinical applications where transparent decision-making is essential. Future research may focus on 

lightweight transformer architectures, explainable artificial intelligence techniques, multimodal imaging integration, federated 

learning frameworks, and real-time deployment strategies. Such advancements could further improve scalability, interpretability, 

and clinical applicability. 

In conclusion, the proposed Transformer-Driven Deep Learning Framework for Brain Tumour Detection (TDDLF-BTD) 

successfully demonstrates the effectiveness of combining MRI preprocessing, transformer-based attention learning, deep feature 
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extraction, tumour classification, and decision optimization within a unified diagnostic framework. The substantial improvements 

in detection accuracy, precision, sensitivity, specificity, F1-score, and AUC highlight the framework’s potential as a robust and 

scalable solution for automated brain tumour diagnosis. This research contributes to the advancement of intelligent healthcare 

technologies by providing a highly accurate and reliable transformer-based methodology capable of supporting next-generation 

neuroimaging systems and clinical decision support applications. 
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