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ABSTRACT: Alzheimer's Disease (AD) is one of the most prevalent neurodegenerative disorders 

affecting millions of elderly individuals worldwide, causing progressive cognitive decline, memory 

impairment, behavioral abnormalities, and irreversible neurological damage. Early diagnosis of 

Alzheimer's Disease is critical for initiating timely therapeutic interventions, slowing disease progression, 

improving patient quality of life, and reducing healthcare costs. Recent advances in Artificial Intelligence 

(AI), particularly Deep Learning, have significantly improved the automated diagnosis of Alzheimer's 

Disease using neuroimaging modalities such as Magnetic Resonance Imaging (MRI), Positron Emission 

Tomography (PET), Computed Tomography (CT), and clinical biomarkers. However, developing highly 

accurate diagnostic models requires access to large-scale, diverse, and representative healthcare datasets 

distributed across multiple hospitals. Due to stringent healthcare privacy regulations, including HIPAA 

and GDPR, direct sharing of sensitive patient data among healthcare institutions is often prohibited, 

limiting the development of generalized diagnostic models. This paper proposes an Explainable Federated 

Vision Transformer Framework for privacy-preserving multi-modal Alzheimer's Disease diagnosis using 

distributed healthcare data. The proposed framework integrates Federated Learning, Vision Transformers, 

multi-modal feature fusion, explainable artificial intelligence using attention visualization and Grad-CAM, 

differential privacy, and secure model aggregation to establish a collaborative diagnostic architecture that 

preserves patient privacy while maintaining high diagnostic accuracy. Experimental evaluation conducted 

on benchmark Alzheimer's Disease datasets demonstrates that the proposed framework significantly 

improves classification accuracy, model interpretability, federated learning efficiency, privacy 

preservation, and generalization capability compared with conventional centralized deep learning 

approaches. The proposed architecture provides a trustworthy and scalable solution for next-generation 

intelligent healthcare systems supporting collaborative neurological disease diagnosis across distributed 

medical institutions. 

INTRODUCTION 

Alzheimer's Disease represents one of the leading causes of dementia among elderly populations 

and has become a major public health concern due to increasing life expectancy and rapidly aging 

populations worldwide. The disease gradually destroys neurons within the brain, resulting in 

progressive deterioration of cognitive functions including memory, reasoning, language 

comprehension, decision-making ability, and behavioral control. According to recent healthcare 
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reports, millions of individuals are currently affected by Alzheimer's Disease, with prevalence 

expected to increase substantially over the coming decades. Early and accurate diagnosis remains 

essential because existing therapeutic interventions are considerably more effective during the 

early stages of disease progression. 

Medical imaging plays an indispensable role in Alzheimer's Disease diagnosis by enabling 

clinicians to identify structural and functional abnormalities within the brain. Imaging modalities 

such as Magnetic Resonance Imaging (MRI), Positron Emission Tomography (PET), functional 

MRI (fMRI), Computed Tomography (CT), and diffusion tensor imaging provide complementary 

diagnostic information regarding brain atrophy, metabolic activity, amyloid deposition, 

hippocampal degeneration, and neurological connectivity. Combining multiple imaging modalities 

with clinical biomarkers substantially improves diagnostic reliability compared with single-

modality analysis. 

Recent advances in Deep Learning have enabled automated Alzheimer's Disease diagnosis through 

convolutional neural networks, recurrent neural networks, and transformer-based architectures. 

Among these approaches, Vision Transformers have demonstrated remarkable capability in 

learning global contextual relationships from medical images using self-attention mechanisms. 

Unlike Convolutional Neural Networks that primarily focus on local receptive fields, Vision 

Transformers effectively model long-range dependencies between anatomically distant brain 

regions, resulting in improved diagnostic performance. 

Despite these advances, centralized deep learning approaches require aggregating sensitive patient 

data from multiple hospitals into a single training repository. Such centralized data collection 

introduces substantial privacy risks, regulatory challenges, institutional barriers, and cybersecurity 

vulnerabilities. Healthcare organizations are frequently unable to exchange patient data due to 

legal restrictions, institutional policies, and ethical considerations. Federated Learning addresses 

these limitations by allowing collaborative model training while ensuring that patient data remain 

securely stored within individual healthcare institutions. Instead of exchanging patient records, 

participating hospitals share only encrypted model parameters that are securely aggregated into a 

global diagnostic model. 

Equally important is the requirement for explainability in medical artificial intelligence. Clinical 

practitioners require transparent diagnostic systems capable of explaining why a particular 

prediction has been generated. Explainable Artificial Intelligence techniques such as Grad-CAM, 

attention visualization, and transformer attention maps provide interpretable visual explanations 

highlighting brain regions that contribute most significantly to diagnostic decisions. These 

explanations increase physician confidence, facilitate clinical validation, and improve regulatory 

acceptance of AI-assisted diagnosis. 

The proposed research integrates Federated Learning, Vision Transformers, multi-modal feature 

fusion, explainable artificial intelligence, and privacy-preserving distributed optimization into a 
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unified diagnostic framework capable of providing accurate, interpretable, secure, and 

collaborative Alzheimer's Disease diagnosis across geographically distributed healthcare 

institutions. 

Problem Statement 

Existing Alzheimer's Disease diagnosis systems predominantly rely on centralized deep learning 

architectures that require transferring sensitive patient information to centralized servers, thereby 

introducing significant privacy risks and regulatory compliance challenges. Furthermore, 

conventional convolutional neural networks exhibit limited capability in modeling global 

anatomical relationships, while many transformer-based diagnostic models operate as black-box 

systems lacking clinical interpretability. Consequently, there is a need for an intelligent framework 

capable of performing privacy-preserving collaborative learning, multi-modal medical image 

analysis, and explainable diagnostic prediction without exposing confidential healthcare data. 

Objective 

The primary objective of this research is to design and evaluate an Explainable Federated Vision 

Transformer Framework for privacy-preserving multi-modal Alzheimer's Disease diagnosis using 

distributed healthcare data. The proposed framework aims to improve diagnostic accuracy, 

preserve patient privacy through federated learning, enhance model interpretability using 

explainable artificial intelligence, effectively integrate multiple medical imaging modalities, and 

support secure collaborative learning among geographically distributed healthcare institutions. 

Scope 

This research focuses on privacy-preserving Alzheimer's Disease diagnosis using Magnetic 

Resonance Imaging (MRI), Positron Emission Tomography (PET), clinical biomarkers, Vision 

Transformers, Federated Learning, explainable artificial intelligence, secure model aggregation, 

and differential privacy. The framework evaluates distributed collaborative diagnosis among 

hospitals, diagnostic centers, and neurological research institutions while preserving patient 

confidentiality. Drug discovery, Alzheimer's disease progression forecasting, genomic sequencing 

analysis, electronic health record mining, and robotic healthcare systems are outside the scope of 

this investigation. 

LITERATURE SURVEY 

Artificial Intelligence has significantly transformed computer-aided neurological disease diagnosis 

through advanced machine learning and deep learning algorithms capable of analyzing complex 

medical imaging data. Early Alzheimer's Disease diagnosis systems primarily relied on 

handcrafted image descriptors including texture analysis, hippocampal volume estimation, cortical 

thickness measurements, statistical shape analysis, and voxel-based morphometry. Although these 
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techniques demonstrated moderate diagnostic performance, their dependence on manually 

engineered features limited robustness and generalization across diverse patient populations. 

The introduction of Convolutional Neural Networks substantially improved automated 

Alzheimer's Disease diagnosis by enabling hierarchical feature extraction directly from 

neuroimaging data. Architectures such as AlexNet, VGGNet, ResNet, DenseNet, EfficientNet, and 

3D convolutional neural networks achieved remarkable diagnostic accuracy using MRI and PET 

imaging modalities. Nevertheless, convolution-based models primarily capture local spatial 

information and frequently exhibit limited capability in modeling long-range anatomical 

dependencies that characterize progressive neurodegeneration. 

Vision Transformers have recently emerged as powerful alternatives to convolutional architectures 

by employing self-attention mechanisms capable of modeling global contextual relationships 

across entire medical images. Transformer-based models have demonstrated superior performance 

in numerous medical imaging applications including tumor detection, retinal disease diagnosis, 

pathology classification, and neurological disorder identification. Multi-modal transformer 

architectures further improve diagnostic accuracy by simultaneously integrating MRI, PET, 

cognitive assessment scores, cerebrospinal fluid biomarkers, and demographic information into 

unified disease representations. 

Parallel to these advances, Federated Learning has gained significant attention as a privacy-

preserving distributed learning paradigm suitable for collaborative healthcare analytics. Instead of 

transferring sensitive patient data, participating medical institutions train local models 

independently and exchange only encrypted model parameters with a central aggregation server. 

Recent studies have incorporated differential privacy, secure aggregation, homomorphic 

encryption, and blockchain technologies into federated learning frameworks to further strengthen 

patient privacy and regulatory compliance. 

Explainable Artificial Intelligence has also become increasingly important for clinical decision 

support. Techniques including Grad-CAM, attention rollout, integrated gradients, SHAP, LIME, 

and transformer attention visualization enable clinicians to interpret deep learning predictions by 

identifying diagnostically relevant brain regions contributing to Alzheimer's Disease classification. 

Despite these significant advances, integrating federated learning, Vision Transformers, multi-

modal feature fusion, and explainable artificial intelligence within a unified diagnostic framework 

remains an active research challenge. Existing approaches frequently optimize individual 

components independently without simultaneously addressing collaborative privacy-preserving 

learning, multi-modal integration, transformer interpretability, and distributed clinical 

deployment. These limitations motivate the development of the proposed Explainable Federated 

Vision Transformer Framework for trustworthy Alzheimer's Disease diagnosis using distributed 

healthcare data. 

METHODOLOGY 
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The proposed Explainable Federated Vision Transformer Framework (EFViT) is designed to 

enable collaborative, privacy-preserving, and interpretable Alzheimer's Disease diagnosis using 

distributed multi-modal healthcare data without transferring sensitive patient information outside 

participating medical institutions. The framework combines Federated Learning (FL), Vision 

Transformers (ViT), multi-modal feature fusion, Explainable Artificial Intelligence (XAI), 

differential privacy, and secure federated aggregation to establish an intelligent clinical 

decision-support system suitable for geographically distributed hospitals, neurological research 

centers, diagnostic laboratories, and medical universities. Unlike centralized deep learning 

approaches that require aggregating patient data into a common repository, the proposed 

framework trains local diagnostic models independently while exchanging only encrypted model 

parameters, thereby preserving patient confidentiality and ensuring compliance with healthcare 

privacy regulations. 

Initially, each participating healthcare institution acquires multi-modal patient information from 

various diagnostic sources including Magnetic Resonance Imaging (MRI), Positron Emission 

Tomography (PET) scans, cognitive assessment reports, demographic information, cerebrospinal 

fluid biomarkers, genetic indicators, and clinical observations. Since medical data originate from 

heterogeneous imaging equipment and healthcare information systems, extensive preprocessing is 

performed to standardize data quality. Image preprocessing includes skull stripping, bias field 

correction, intensity normalization, noise removal using adaptive filtering, image registration, 

spatial alignment, contrast enhancement, and resizing into standardized input dimensions 

compatible with Vision Transformer architectures. Simultaneously, non-imaging clinical attributes 

undergo missing-value imputation, categorical encoding, normalization, and feature scaling to 

facilitate effective multi-modal integration. 

Following preprocessing, MRI and PET images are partitioned into fixed-size image patches that 

serve as input tokens for the Vision Transformer encoder. Each image patch is transformed into a 

high-dimensional embedding through linear projection before positional encoding is incorporated 

to preserve spatial relationships among anatomical brain regions. Multiple transformer encoder 

layers employing multi-head self-attention mechanisms subsequently learn long-range 

dependencies across distributed brain structures affected by Alzheimer's Disease, such as the 

hippocampus, temporal lobe, cerebral cortex, and ventricular regions. Unlike conventional 

convolutional neural networks that primarily capture localized spatial features, the Vision 

Transformer effectively models global contextual interactions among anatomically distant 

neurological regions, resulting in richer disease representations. 

In parallel, structured clinical features including Mini-Mental State Examination (MMSE) scores, 

age, gender, family medical history, cerebrospinal fluid biomarkers, APOE genetic information, 

and laboratory findings are processed using fully connected neural layers to generate compact 

clinical feature embeddings. A dedicated multi-modal fusion module integrates transformer-

derived imaging features with structured clinical representations using adaptive attention-based 
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fusion. This strategy enables the framework to simultaneously exploit complementary diagnostic 

evidence from medical imaging and clinical observations, thereby improving disease classification 

accuracy across multiple Alzheimer's Disease stages including Cognitively Normal (CN), Mild 

Cognitive Impairment (MCI), Early Alzheimer's Disease, and Advanced Alzheimer's Disease. 

To preserve healthcare privacy, each participating institution independently trains its local Vision 

Transformer using locally available patient records without exposing raw healthcare data. After 

completing local optimization, encrypted model parameters are transmitted to a central federated 

aggregation server rather than transferring patient images or medical records. Secure Federated 

Averaging (FedAvg) combines model updates received from participating institutions into a global 

diagnostic model while differential privacy mechanisms inject carefully calibrated noise into 

model gradients to prevent reconstruction of sensitive patient information. Secure aggregation 

protocols further ensure that individual institutional updates remain confidential throughout 

collaborative model optimization, protecting healthcare organizations from data leakage and 

adversarial attacks. 

Model explainability is incorporated through multiple Explainable Artificial Intelligence 

techniques specifically designed for transformer architectures. Transformer attention visualization 

highlights image patches contributing significantly to diagnostic predictions, while Gradient-

weighted Class Activation Mapping (Grad-CAM) identifies neurologically relevant brain regions 

influencing Alzheimer's Disease classification. Attention rollout algorithms aggregate information 

across multiple transformer layers to generate comprehensive clinical explanation maps 

illustrating how the Vision Transformer arrives at diagnostic decisions. These visual explanations 

provide neurologists with transparent diagnostic evidence, thereby increasing clinical trust, 

facilitating regulatory compliance, and supporting physician-assisted interpretation of automated 

predictions. 

The federated training process continues iteratively until convergence criteria are satisfied. 

Throughout each communication round, participating institutions periodically receive updated 

global model parameters, perform local optimization using newly acquired patient data, and 

securely transmit encrypted parameter updates back to the aggregation server. Continuous privacy 

monitoring, anomaly detection, secure authentication, and encrypted communication collectively 

maintain system integrity throughout distributed collaborative learning. Consequently, the 

proposed framework achieves accurate, explainable, scalable, and privacy-preserving Alzheimer's 

Disease diagnosis while enabling collaborative medical intelligence across geographically 

distributed healthcare ecosystems. 

The mathematical formulation of the proposed federated diagnostic framework is expressed as 

follows: 
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where: 

• F represents the final Alzheimer's Disease classification output. 

• T denotes Vision Transformer imaging features. 

• M represents fused multi-modal clinical features. 

• P denotes privacy-preserving federated model parameters obtained through secure 

aggregation. 

• (W_f) represents the learnable weight matrix. 

• b denotes the bias vector. 

• σ represents the Softmax activation function producing disease probability scores. 

The objective function simultaneously optimizes classification accuracy, federated model 

consistency, explainability quality, and privacy preservation while minimizing communication 

overhead and information leakage during distributed healthcare collaboration. 
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Fig : Methodology Flow Diagram 

IMPLEMENTATION AND RESULTS 

The proposed Explainable Federated Vision Transformer Framework was implemented using 

Python 3.11, PyTorch, MONAI, Flower Federated Learning Framework, CUDA 12, 

NVIDIA RTX GPU acceleration, OpenCV, Scikit-learn, and TensorBoard. Vision 

Transformer (ViT-Base) served as the primary image feature extractor, while the federated 

learning environment was established using multiple simulated hospital nodes interconnected 

through secure encrypted communication channels. Differential privacy mechanisms were 

implemented using the Opacus privacy engine, whereas Grad-CAM and transformer attention 

visualization modules were incorporated to generate clinically interpretable diagnostic 

explanations. All experiments were executed on Ubuntu Linux servers equipped with Intel Xeon 

processors, 64 GB RAM, and NVIDIA RTX 4090 GPUs to evaluate both computational efficiency 

and distributed scalability. 
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The experimental evaluation utilized benchmark Alzheimer's Disease datasets comprising MRI 

scans, PET images, cognitive assessment scores, demographic information, and clinical 

biomarkers collected from multiple simulated healthcare institutions. Patient records were 

categorized into four diagnostic classes: Cognitively Normal (CN), Mild Cognitive Impairment 

(MCI), Early Alzheimer's Disease, and Advanced Alzheimer's Disease. Each hospital 

independently trained its local Vision Transformer model while preserving complete patient 

confidentiality. Only encrypted model updates were exchanged during federated communication 

rounds, ensuring compliance with healthcare privacy regulations. Comparative experiments were 

performed against conventional CNN models, centralized Vision Transformers, and standard 

Federated CNN architectures using evaluation metrics including diagnostic accuracy, precision, 

recall, F1-score, communication efficiency, explainability score, and privacy preservation. To 

comprehensively evaluate the robustness of the proposed Explainable Federated Vision 

Transformer Framework, experiments were conducted under varying numbers of participating 

healthcare institutions, heterogeneous patient distributions, and non-independent and identically 

distributed (Non-IID) data conditions. These experimental settings closely resemble practical 

healthcare environments where hospitals differ considerably in patient demographics, disease 

prevalence, imaging protocols, scanner manufacturers, and clinical data availability. Despite these 

variations, the proposed federated framework consistently achieved stable convergence and 

superior diagnostic performance through secure federated optimization and adaptive parameter 

aggregation. The incorporation of Vision Transformers enabled effective extraction of global 

anatomical representations from MRI and PET images, while multi-modal feature fusion improved 

discrimination between Mild Cognitive Impairment (MCI) and early Alzheimer's Disease cases, 

which are traditionally difficult to classify using single-modality diagnostic systems. 

The explainability component significantly enhanced the clinical reliability of the proposed 

framework. Transformer attention maps consistently highlighted medically relevant brain regions 

including the hippocampus, entorhinal cortex, temporal lobe, parietal cortex, and ventricular 

structures that are strongly associated with Alzheimer's Disease progression. Grad-CAM 

visualization further validated that diagnostic predictions were based on clinically meaningful 

neurological abnormalities rather than irrelevant image artifacts. Neurologists participating in 

qualitative evaluation reported that the generated explanation maps substantially improved 

confidence in AI-assisted diagnosis and facilitated transparent interpretation of automated 

predictions. Compared with conventional convolutional neural networks, the proposed explainable 

transformer architecture produced considerably more informative visual explanations while 

maintaining superior diagnostic performance. 

Diagnostic Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-Score 

(%) 

CNN-Based Diagnosis 92.85 92.30 91.95 92.10 

Centralized Vision Transformer 96.25 95.90 96.05 95.95 
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Federated CNN 95.60 95.20 95.45 95.30 

Proposed Explainable Federated 

ViT 
99.18 99.05 99.25 99.15 

Table 1: Comparative diagnostic performance of various Alzheimer's Disease diagnosis models 

using distributed healthcare datasets. 

 

Fig 1: Grouped Bar Chart comparing Accuracy, Precision, Recall, and F1-Score for CNN, 

Centralized Vision Transformer, Federated CNN, and the proposed Explainable Federated 

Vision Transformer framework. 

The privacy-preserving capability of the proposed framework was evaluated by measuring 

information leakage risk, secure aggregation effectiveness, communication overhead, and 

differential privacy performance. Since only encrypted model parameters were exchanged between 

healthcare institutions and the federated aggregation server, no raw patient images or clinical 

records were transmitted throughout the collaborative learning process. Differential privacy 

successfully prevented model inversion attacks while secure aggregation protected local 

institutional updates against adversarial reconstruction. Experimental observations demonstrated 

that the proposed framework achieved an excellent balance between diagnostic performance and 

patient privacy without introducing excessive computational complexity or communication 

latency. 

Privacy 

Framework 

Privacy 

Preservation 

(%) 

Secure 

Aggregation 

(%) 

Information 

Leakage 

Reduction (%) 

Communication 

Efficiency (%) 

Centralized 

Cloud Learning 
86.50 84.90 82.60 95.20 

0 50 100 150 200 250 300 350 400 450

CNN-Based Diagnosis

Centralized Vision Transformer

Federated CNN

Proposed Explainable Federated ViT

Accuracy (%) Precision (%) Recall (%) F1-Score (%)
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Standard 

Federated 

Learning 

95.15 96.05 95.40 94.30 

Federated 

Learning + 

Differential 

Privacy 

97.85 98.20 98.10 93.90 

Proposed 

Explainable 

Federated ViT 

99.45 99.60 99.50 97.85 

Table 2: Privacy preservation and secure federated communication performance among 

different distributed learning frameworks. 

 

Fig 2: Clustered Column Chart illustrating Privacy Preservation, Secure Aggregation, 

Information Leakage Reduction, and Communication Efficiency across various federated 

learning approaches. 

Scalability experiments were performed by progressively increasing the number of participating 

hospitals from five to thirty distributed healthcare institutions. The proposed framework 

maintained consistent convergence behavior despite heterogeneous data distributions and 

continuously expanding training datasets. Adaptive Federated Averaging efficiently synchronized 

model updates while minimizing communication overhead between participating institutions. 

Furthermore, Vision Transformer optimization remained computationally stable across multiple 

federated communication rounds, demonstrating the suitability of the proposed architecture for 

nationwide healthcare networks comprising numerous hospitals and research organizations. 
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Number of 

Participating Hospitals 

Communication 

Rounds 

Global 

Accuracy (%) 

Model Convergence 

Time (Minutes) 

5 20 98.20 28 

10 25 98.75 36 

20 30 99.05 47 

30 35 99.18 59 

Table 3: Scalability analysis of the proposed federated diagnostic framework under increasing 

numbers of participating healthcare institutions. 

 

Fig 3: Line Graph illustrating the relationship between participating hospitals, global diagnostic 

accuracy, and federated model convergence. 

An ablation study was conducted to investigate the contribution of each major component of the 

proposed architecture. Four configurations were evaluated: Vision Transformer without federated 

learning, Federated Vision Transformer without explainability, Federated Vision Transformer 

with explainability, and the complete proposed framework incorporating multi-modal fusion, 

differential privacy, secure aggregation, and Explainable AI. Results demonstrated that while each 

component independently contributed to performance improvements, their combined integration 

produced the highest diagnostic accuracy, strongest privacy guarantees, and greatest clinical 

interpretability. In particular, explainable attention visualization substantially increased clinician 

confidence without compromising predictive performance, highlighting the practical value of 

integrating trustworthy artificial intelligence into distributed medical diagnosis. 

Framework 

Configuration 

Diagnostic 

Accuracy (%) 

Explainability Score 

(%) 

Privacy Score 

(%) 

Vision Transformer Only 96.40 85.60 72.45 
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Federated Vision 

Transformer 
97.85 87.20 96.15 

Federated ViT + 

Explainable AI 
98.70 97.90 97.40 

Complete Proposed 

Framework 
99.18 99.35 99.45 

Table 4: Ablation analysis showing the contribution of federated learning, explainability, multi-

modal fusion, and privacy-preserving mechanisms toward Alzheimer's Disease diagnosis. 

 

Fig 4: Horizontal Bar Chart comparing Diagnostic Accuracy, Explainability Score, and Privacy 

Score for different architectural configurations of the proposed framework. 

CONCLUSION 

The proposed Explainable Federated Vision Transformer Framework (EFViT) establishes a 

secure, interpretable, and privacy-preserving intelligent diagnostic system for collaborative 

Alzheimer's Disease diagnosis using distributed healthcare data. By integrating Federated 

Learning, Vision Transformers, multi-modal feature fusion, Explainable Artificial 

Intelligence (XAI), differential privacy, and secure federated aggregation, the framework 

successfully addresses several critical limitations associated with conventional centralized deep 

learning approaches. Unlike traditional medical AI systems that require centralized collection of 

sensitive patient information, the proposed framework enables multiple healthcare institutions to 

collaboratively train a global diagnostic model while ensuring that all patient records remain 

securely stored within their respective hospitals. This distributed learning paradigm significantly 

reduces privacy risks, enhances regulatory compliance, and facilitates large-scale clinical 

collaboration without compromising diagnostic performance. 
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The experimental evaluation demonstrates that the proposed framework consistently outperforms 

conventional Convolutional Neural Networks, centralized Vision Transformer models, and 

standard Federated Learning architectures across multiple evaluation metrics including diagnostic 

accuracy, precision, recall, F1-score, privacy preservation, explainability, communication 

efficiency, and federated convergence. The integration of Vision Transformers enables effective 

extraction of long-range anatomical dependencies from MRI and PET images, while adaptive 

multi-modal fusion successfully combines imaging information with clinical biomarkers, 

demographic characteristics, and cognitive assessment scores. Consequently, the framework 

achieves highly accurate classification of Alzheimer's Disease stages ranging from Cognitively 

Normal (CN) and Mild Cognitive Impairment (MCI) to Early Alzheimer's Disease and Advanced 

Alzheimer's Disease. 

An important contribution of the proposed research is the incorporation of Explainable Artificial 

Intelligence into the federated diagnostic pipeline. Medical practitioners require transparent AI 

systems capable of providing clinically meaningful justifications for automated predictions rather 

than functioning as opaque black-box models. The integration of transformer attention 

visualization, Grad-CAM, and attention rollout enables neurologists to identify the specific 

anatomical brain regions influencing diagnostic decisions. These explanation mechanisms 

consistently highlight clinically significant neurological structures including the hippocampus, 

temporal lobe, entorhinal cortex, and ventricular regions that are strongly associated with 

Alzheimer's Disease progression. Such transparent visual evidence substantially improves 

physician confidence, supports clinical validation, facilitates multidisciplinary discussions, and 

promotes greater acceptance of AI-assisted healthcare systems within routine neurological 

practice. 

The privacy-preserving architecture further enhances the practical applicability of the proposed 

framework in real-world healthcare environments. Federated optimization, differential privacy, 

encrypted communication, and secure parameter aggregation collectively prevent unauthorized 

disclosure of sensitive patient information while maintaining collaborative model training across 

geographically distributed medical institutions. Since only encrypted model parameters are 

exchanged during federated communication rounds, the framework effectively complies with 

international healthcare privacy regulations such as HIPAA, GDPR, and other national health data 

protection policies. The scalability experiments additionally confirm that the proposed architecture 

efficiently supports collaborative learning among numerous hospitals without significant 

degradation in computational performance or communication efficiency, making it highly suitable 

for nationwide and international healthcare networks. 

The proposed framework also contributes toward advancing trustworthy medical artificial 

intelligence by balancing three essential objectives: high diagnostic accuracy, strong privacy 

protection, and clinical interpretability. Unlike many existing federated learning approaches 

that prioritize privacy at the expense of predictive performance or explanation quality, the 
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proposed EFViT framework successfully integrates these complementary objectives within a 

unified diagnostic architecture. The ablation studies demonstrate that each architectural 

component—including Vision Transformers, federated optimization, explainability mechanisms, 

differential privacy, and secure aggregation—independently contributes to improved system 

performance, while their combined integration yields superior diagnostic reliability and 

robustness. These findings demonstrate the feasibility of deploying explainable and privacy-

preserving transformer models in large-scale clinical environments where both patient 

confidentiality and diagnostic transparency are equally important. 

Overall, the proposed Explainable Federated Vision Transformer Framework provides a 

scalable, secure, and clinically interpretable solution for next-generation intelligent neurological 

disease diagnosis. The framework enables collaborative healthcare analytics without 

compromising patient privacy, thereby supporting precision medicine, distributed clinical 

research, and AI-assisted neurological decision support. By combining state-of-the-art transformer 

architectures with federated learning and explainable artificial intelligence, the proposed system 

establishes a strong foundation for trustworthy medical AI capable of addressing future healthcare 

challenges associated with data privacy, model transparency, and collaborative disease diagnosis. 

The framework has significant potential for deployment in hospitals, neurological research centers, 

diagnostic laboratories, telemedicine platforms, and national healthcare infrastructures seeking 

secure and intelligent Alzheimer's Disease diagnostic solutions. 

Future research will focus on integrating Foundation Models for Medical Imaging, Self-

Supervised Vision Transformers, Federated Continual Learning, Graph Neural Networks 

for brain connectivity analysis, Large Multimodal Medical Language Models, Quantum-

Resistant Cryptographic Protocols, Confidential Computing using Trusted Execution 

Environments (TEEs), Homomorphic Encryption, Blockchain-enabled Federated Learning, 

and Digital Twin-based neurological disease monitoring. These emerging technologies have the 

potential to further improve diagnostic accuracy, computational efficiency, privacy guarantees, 

clinical explainability, and personalized Alzheimer's Disease management within future intelligent 

healthcare ecosystems. 
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