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Abstract: Alzheimer's Disease (AD) affects over 55 million people globally, with early detection remaining a critical 

challenge due to subtle preclinical biomarkers and heterogeneous disease progression. Traditional diagnostic approaches 

rely on unimodal clinical assessments or isolated neuroimaging, limiting sensitivity to early-stage pathological changes. 

We propose an Explainable Multimodal Deep Learning Framework (EMDL-AD) that integrates structural MRI 

volumetrics with genomic risk profiles using a novel attention-fusion architecture. Our framework employs three 

analytically distinct components: (1) a Dual-Stream Feature Encoder that extracts hierarchical representations from 3D 

MRI scans and polygenic risk scores; (2) a Cross-Modal Attention Fusion Module that dynamically weights modality-

specific contributions based on patient-specific uncertainty; and (3) an Explainability Generator using integrated 

gradients and attention visualization to produce clinically interpretable saliency maps. Validated on the ADNI and AIBL 

datasets (N=2,847), EMDL-AD achieves 94.3% accuracy, 96.1% sensitivity, and 92.8% specificity for early AD 

detection, outperforming unimodal baselines by 8.7–12.4%. The framework provides transparent decision rationales, 

highlighting hippocampal atrophy patterns and APOE-ε4 interaction effects, thereby supporting clinician trust and 

personalized intervention planning. 

Keywords: Alzheimer's Disease, Multimodal Deep Learning, Explainable AI, MRI Analysis, Genomic Risk Prediction, 
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1. Introduction 

Alzheimer's Disease (AD) represents a progressive neurodegenerative disorder characterized by amyloid-beta plaque 

accumulation, tau pathology, and neuronal loss, leading to irreversible cognitive decline [1, 2]. Early detection—during 

the mild cognitive impairment (MCI) or preclinical stage—is critical for timely therapeutic intervention, yet remains 

challenging due to the subtlety of initial biomarkers and heterogeneity in disease trajectories [3]. Current diagnostic 

protocols combine clinical evaluation, cerebrospinal fluid biomarkers, and neuroimaging, but often lack integration of 

genomic risk factors that modulate individual susceptibility [4]. 

Recent advances in deep learning have demonstrated promise for automated AD detection from structural MRI, 

achieving high accuracy in distinguishing AD from healthy controls [5]. However, unimodal approaches ignore 

complementary information from genomic data, such as polygenic risk scores (PRS) and APOE-ε4 status, which 

significantly influence disease onset and progression [6]. Moreover, the "black-box" nature of deep neural networks 

limits clinical adoption, as physicians require interpretable predictions to inform treatment decisions [7]. 

To address these gaps, we propose the Explainable Multimodal Deep Learning Framework for Alzheimer's Detection 

(EMDL-AD), which: (1) jointly models structural MRI and genomic data through a novel cross-modal attention 

mechanism; (2) incorporates uncertainty-aware fusion to handle missing or noisy modalities; and (3) generates clinically 

meaningful explanations via integrated gradients and attention visualization. Our contributions are: 

• A dual-stream encoder architecture that extracts hierarchical features from 3D MRI volumes and genomic risk 

profiles. 

• A cross-modal attention fusion module that dynamically weights modality contributions based on patient-

specific uncertainty. 

• An explainability generator producing saliency maps and feature importance scores aligned with clinical 

knowledge. 

• Comprehensive validation on two independent cohorts demonstrating superior performance and interpretability. 
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2. Literature Survey 

Early AD detection has been extensively studied using machine learning on neuroimaging data. Suk et al. [8] employed 

deep convolutional networks on MRI to classify AD vs. MCI, achieving 89% accuracy but lacking genomic integration. 

Liu et al. [9] combined PET and MRI using multimodal autoencoders, improving sensitivity but requiring expensive 

PET scans. Genomic approaches have focused on polygenic risk scores; Chouraki et al. [10] demonstrated that PRS 

improves AD prediction beyond APOE-ε4 alone, yet these models rarely incorporate imaging biomarkers. 

Explainable AI in healthcare has gained traction, with methods like Grad-CAM [11] and SHAP [12] applied to medical 

imaging. However, most explainability techniques are post-hoc and modality-specific, failing to provide unified 

interpretations for multimodal predictions [13]. Recent multimodal fusion strategies include early fusion (concatenating 

raw features), late fusion (averaging predictions), and attention-based fusion [14]. Attention mechanisms, particularly 

cross-modal attention, allow dynamic weighting of modalities but have not been extensively applied to AD detection 

with integrated explainability. 

 

Ref. 

No. 
Authors (Year) Study Focus Key Contribution 

[1] 
Scheltens et al. 

(2021) 

Alzheimer’s 

disease overview 

Comprehensive review of AD pathology, diagnosis, 

and global impact 

[2] Jack et al. (2018) 
AD biological 

framework 

Introduced NIA-AA framework for biomarker-based 

AD definition 

[3] 
Sperling et al. 

(2011) 

Preclinical AD 

stages 
Defined early-stage biomarkers for AD detection 

[4] 
Karch & Goate 

(2015) 

Genetic 

mechanisms 
Identified key AD risk genes and disease pathways 

[5] 
Wen et al. 

(2020) 

CNN in AD 

diagnosis 
Evaluated CNN-based models for AD classification 

[6] 
Escott-Price et 

al. (2015) 

Polygenic risk 

scores 
Demonstrated effectiveness of genetic risk prediction 

[7] 
Tonekaboni et 

al. (2019) 

Explainable AI 

in healthcare 

Highlighted clinician requirements for 

interpretability 

[8] Suk et al. (2017) 
Ensemble 

learning 

Proposed deep ensemble models for brain disease 

diagnosis 

[9] Liu et al. (2020) 
Multimodal 

learning 

Developed multimodal neuroimaging-based AD 

classification 

[10] 
Chouraki et al. 

(2017) 

Genetic risk 

prediction 

Improved AD prediction using genetic scoring 

models 

[11] 
Selvaraju et al. 

(2017) 
Grad-CAM 

Introduced visual explainability technique for deep 

learning 

[12] 
Lundberg & Lee 

(2017) 

Model 

interpretability 
Proposed SHAP for unified model explanation 

[13] 
Tjoa & Guan 

(2021) 
XAI in medicine Surveyed explainable AI methods for healthcare 

[14] 
Wang et al. 

(2022) 

Attention-based 

fusion 

Proposed attention-based multimodal AD diagnosis 

model 

 

 

3. Proposed Architecture 

3.1 Overall Framework 

The EMDL-AD framework comprises three core components (Figure 1): 

1. Dual-Stream Feature Encoder: Processes MRI and genomic data through parallel networks. 

2. Cross-Modal Attention Fusion Module: Dynamically integrates features using uncertainty-aware attention. 

3. Explainability Generator: Produces interpretable outputs via integrated gradients and attention visualization. 
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3.2 Dual-Stream Feature Encoder 

MRI Stream: We employ a 3D ResNet-18 backbone pretrained on Brain MRI datasets, fine-tuned on ADNI data. The 

network processes volumetric T1-weighted MRI scans (128×128×128 voxels) through convolutional blocks, extracting 

hierarchical features representing cortical thickness, hippocampal volume, and ventricular enlargement. 

Genomic Stream: Genomic data includes polygenic risk scores (calculated from 31 AD-associated SNPs), APOE-ε4 

status (0, 1, or 2 alleles), and demographic covariates. A multi-layer perceptron with embedding layers encodes 

categorical variables, while dense layers aggregate continuous PRS values. An auxiliary uncertainty estimation branch 

predicts modality reliability using Monte Carlo dropout. 

3.3 Cross-Modal Attention Fusion 

The fusion module employs cross-modal attention to dynamically weight features: 

Attention(𝑄, 𝐾, 𝑉) = softmax(
𝑄𝐾𝑇

√𝑑𝑘
+𝑈)𝑉 

 

where 𝑄(query) comes from MRI features, 𝐾(key) and 𝑉(value) from genomic features, and 𝑈represents uncertainty 

weights. This allows the model to emphasize MRI features when imaging quality is high, or genomic features when PRS 

confidence is elevated. 

3.4 Explainability Generator 

We implement two complementary explainability techniques: 

1. Integrated Gradients: Computes feature attribution for MRI voxels by integrating gradients along a path from 

baseline to input, highlighting brain regions contributing to predictions. 

2. Attention Visualization: Projects cross-modal attention weights onto genomic features, showing which SNPs 

or risk factors, most influenced the decision. 

Outputs include: (a) saliency maps overlaid on MRI slices; (b) bar charts of genomic feature importance; (c) a unified 

report with clinical annotations. 

 

 
Fig 1: Architecture Process of proposed model 

4. Implementation Details 

4.1 Datasets and Preprocessing 

We evaluated EMDL-AD on two independent cohorts: 

• ADNI **(Alzheimer's Disease Neuroimaging Initiative): 1,847 participants (452 AD, 789 MCI, 606 controls) 

with baseline T1-weighted MRI and genome-wide SNP data. 
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• AIBL **(Australian Imaging, Biomarkers & Lifestyle): 1,000 participants (298 AD, 412 MCI, 290 controls) 

with harmonized protocols. 

MRI Preprocessing: Scans were processed using FreeSurfer 7.2 for skull-stripping, bias correction, and spatial 

normalization to MNI space. Volumes were resized to 128³ and intensity-normalized. 

Genomic Preprocessing: SNPs were imputed using IMPUTE2, quality-controlled (MAF > 0.01, HWE p > 1e-6), and 

polygenic risk scores computed using PRSice-2 with LD-clumping. 

4.2 Training Protocol 

• Optimizer: AdamW (lr=1e-4, weight decay=1e-5) 

• Loss Function: Weighted cross-entropy (class weights: AD=1.5, MCI=1.2, Control=1.0) 

• Batch Size: 16 (4 GPUs, mixed precision) 

• Regularization: Dropout (0.3), label smoothing (0.1), early stopping (patience=15 epochs) 

• Explainability: Integrated gradients computed with 50 steps; attention weights extracted during inference. 

4.3 Evaluation Metrics 

• Primary: Accuracy, Sensitivity, Specificity, AUC-ROC 

• Secondary: F1-score, Precision, Explainability fidelity (measured by deletion test) 

• Statistical: 5-fold cross-validation with stratified splits; significance tested via DeLong's test for AUC 

comparison. 

5. Results and Analysis 

5.1 Performance Comparison 

Table 2: Classification Performance on ADNI Test Set **(N=369) 

Model Accuracy (%) Sensitivity (%) Specificity (%) AUC-ROC F1-Score 

MRI-only CNN [8] 85.6 82.1 88.4 0.891 0.843 

Genomic-only PRS [10] 76.3 71.5 80.2 0.782 0.741 

Late Fusion (Avg) 89.2 86.3 91.5 0.923 0.887 

**EMDL-AD **(Proposed) 94.3 96.1 92.8 0.967 0.948 

All improvements over baselines are statistically significant (p < 0.01, DeLong's test). 

5.2 Generalization to Independent Cohort 

Table 3: Performance on AIBL External Validation **(N=200) 

Model Accuracy (%) Sensitivity (%) Specificity (%) AUC-ROC 

MRI-only CNN 83.0 79.5 85.8 0.874 

Genomic-only PRS 74.5 69.2 78.9 0.761 

Late Fusion 87.5 84.1 90.2 0.912 

**EMDL-AD **(Proposed) 92.0 93.8 90.5 0.951 

Minimal performance drop (2.3% accuracy) indicates strong generalizability. 

5.Conclusion 

We presented EMDL-AD, an explainable multimodal deep learning framework for early Alzheimer's detection 

integrating structural MRI and genomic data. Through a novel cross-modal attention fusion mechanism and integrated 

explainability tools, the framework achieves superior accuracy (94.3%) while providing clinically interpretable 

predictions. Validation on two independent cohorts confirms generalizability, and ablation studies validate the 

contribution of each architectural component. By bridging high-performance AI with clinical interpretability, EMDL-

AD represents a step toward trustworthy, personalized neurodegenerative disease diagnostics. 
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