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Abstract 

Early and accurate diagnosis of neurodegenerative disorders such as Alzheimer’s disease (AD) and Parkinson’s disease 

(PD) is critical for effective clinical intervention. However, conventional diagnostic approaches, relying on single-

modality imaging or clinical assessments, often lack sensitivity and specificity in early-stage detection. In this study, we 

propose a novel hybrid deep learning framework that integrates multimodal neuroimaging data—including MRI, PET, 

and fMRI—using a combination of convolutional neural networks (CNNs), transformer-based encoders, and attention-

driven fusion strategies. The model is designed to capture both local anatomical patterns and global inter-modality 

dependencies for robust classification. We evaluate our model on the publicly available ADNI and PPMI datasets, 

focusing on classifying cognitive states (e.g., cognitively normal, mild cognitive impairment, and AD). The proposed 

framework achieves superior performance with an accuracy of 88.5%, AUC of 0.915, and F1-score of 0.88, outperforming 

several state-of-the-art baselines. Ablation studies confirm the effectiveness of the transformer and attention components, 

while modality contribution analysis reveals significant diagnostic gains from multimodal integration. Additionally, 

interpretability is enhanced via Grad-CAM and attention heatmaps, which highlight clinically relevant brain regions such 

as the hippocampus and temporal lobes. These results demonstrate the promise of multimodal, interpretable AI in 

advancing early neurological diagnostics. Future work will focus on prospective clinical validation, longitudinal 

modeling, and deployment in real-time settings. 
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1. Introduction 

Neurological disorders such as Alzheimer's disease (AD) and Parkinson's disease (PD) are progressive conditions that 

pose significant challenges to global health systems. Early diagnosis is paramount, as it can facilitate timely interventions, 

potentially slowing disease progression and improving patient outcomes. Traditional diagnostic methods, including 

clinical assessments and single-modality imaging techniques like MRI or PET, often lack the sensitivity and specificity 

required for early-stage detection (Jo et al., 2019). Recent advancements in artificial intelligence (AI) have opened new 

avenues for enhancing diagnostic accuracy. Deep learning models, particularly convolutional neural networks (CNNs) 

and transformer-based architectures, have demonstrated remarkable capabilities in analyzing complex medical imaging 

data (Lu et al., 2017). However, relying solely on single-modality data can limit the comprehensiveness of the diagnostic 

process. Multimodal imaging, which integrates various data sources such as structural MRI, functional MRI (fMRI), and 

positron emission tomography (PET), offers a more holistic view of the brain's structure and function. Combining these 

modalities can capture complementary information, leading to improved diagnostic performance (Dai et al., 2022). 

Moreover, integrating clinical data, genetic markers, and other relevant information can further enhance the predictive 

power of AI models (Hemker et al., 2023). This research aims to design a hybrid deep learning model that effectively 

integrates multimodal data for the early diagnosis of neurological disorders. The proposed model seeks to balance 

complexity and interpretability, ensuring clinical applicability. Key contributions include: 

• Development of a hybrid architecture combining CNNs and attention mechanisms to process and integrate 

multimodal imaging data. 

• Implementation of strategies to handle missing modalities, enhancing the model's robustness in real-world clinical 

settings. 
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• Comprehensive evaluation on benchmark datasets, such as the Alzheimer's Disease Neuroimaging Initiative 

(ADNI) and the Parkinson's Progression Markers Initiative (PPMI), to validate the model's effectiveness. 

Traditional Diagnostic Approaches 

Historically, the diagnosis of neurological disorders has relied on clinical evaluations, cognitive assessments, and single-

modality imaging techniques. While these methods provide valuable information, they often fail to detect subtle changes 

in the early stages of diseases like AD and PD (Jo et al., 2019). Additionally, the subjective nature of clinical assessments 

can lead to variability in diagnoses. 

 AI in Medical Imaging 

The integration of AI into medical imaging has revolutionized diagnostic processes. Deep learning models, especially 

CNNs, have shown exceptional performance in tasks such as image classification, segmentation, and anomaly detection. 

For instance, CNN-based models have achieved high accuracy in distinguishing AD patients from healthy controls using 

MRI and PET data (Lu et al., 2017). Transformer-based models have also been explored for their ability to capture long-

range dependencies in imaging data, further enhancing diagnostic capabilities (Dai et al., 2022). 

Multimodal Frameworks 

Recognizing the limitations of single-modality approaches, researchers have developed multimodal frameworks that 

integrate various data types. HEALNet, for example, is a flexible multimodal fusion architecture that preserves modality-

specific information while capturing cross-modal interactions (Hemker et al., 2023). Such models have demonstrated 

improved performance in survival analysis and disease classification tasks. 

Moreover, studies have highlighted the potential of combining imaging data with other modalities, such as genetic 

information and clinical assessments, to enhance diagnostic accuracy (Dai et al., 2022). These integrated approaches can 

provide a more comprehensive understanding of disease pathology. 

 Challenges and Research Gaps 

Despite the advancements, several challenges persist in the development and deployment of AI-based multimodal 

diagnostic models: 

Data Heterogeneity: Variations in data acquisition protocols and quality across different institutions can affect model 

performance. 

Missing Modalities: In clinical settings, not all data modalities may be available for every patient, necessitating models 

that can handle incomplete data. 

Interpretability: Complex AI models often operate as "black boxes," making it difficult for clinicians to understand and 

trust their decisions. 

Clinical Integration: Bridging the gap between research and clinical practice requires models that are not only accurate 

but also efficient and user-friendly. 

2. Materials and Methods 

2.1 Datasets 

This study utilizes two publicly available benchmark datasets to evaluate the proposed hybrid deep learning framework: 
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• Alzheimer’s Disease Neuroimaging Initiative (ADNI): ADNI provides a comprehensive collection of 

neuroimaging, genetic, and clinical data aimed at identifying early biomarkers of Alzheimer’s disease. Structural MRI 

and PET scans are included, with multiple longitudinal time points for each subject. 

• Parkinson’s Progression Markers Initiative (PPMI): PPMI is a longitudinal study designed to identify 

progression biomarkers in Parkinson’s disease. It includes T1-weighted MRI, DAT-SPECT, and rich clinical annotations. 

The datasets include imaging modalities such as: 

• T1-weighted MRI for structural assessment. 

• FDG-PET for metabolic activity. 

• Resting-state fMRI (in select ADNI cohorts) for functional connectivity. 

Subjects were included based on availability of at least two imaging modalities, with preference given to complete tri-

modal data where available. Demographic balance was ensured across diagnostic categories (cognitively normal, mild 

cognitive impairment, AD/PD). 

2.2 Data Preprocessing 

To ensure cross-modality and cross-subject comparability, the following preprocessing steps were applied: 

• Normalization: Intensity normalization was performed on each modality to standardize pixel value distributions. 

• Registration: All images were registered to a common anatomical space using affine and non-linear 

transformation (ANTS toolkit). 

• Skull stripping and tissue segmentation: For MRI, FSL’s BET and FAST tools were used to extract brain tissue 

and segment gray/white matter. 

• Noise Reduction: A non-local means denoising filter was applied to suppress high-frequency noise while 

preserving structural boundaries. 

• Resampling and Cropping: Images were resampled to a uniform voxel size and cropped to focus on regions of 

interest (hippocampus, basal ganglia, cortex). 

Missing modality cases were handled using a learned modality dropout strategy during training (refer to Section 3.4). 

2.3 Hybrid Deep Learning Framework 

The proposed architecture is a hybrid multimodal deep learning model that integrates Convolutional Neural Networks 

(CNNs), Transformers, and attention mechanisms for joint representation learning. 

2.3.1 Architecture Overview 

• Modality-specific encoders: Each imaging modality is processed independently using 3D CNN-based feature 

extractors. These encoders learn hierarchical spatial features unique to the modality. 

• Temporal/context encoder (optional for longitudinal data): Recurrent layers (e.g., BiLSTM) or temporal 

transformers are included for modeling progression when longitudinal sequences are available. 

• Attention-based fusion module: Extracted features are passed to a cross-modal attention fusion block. This 

module employs multi-head attention to emphasize salient features across modalities. 

• Shared decoder/classifier: A unified classification head composed of fully connected layers predicts diagnostic 

outcomes (AD vs. MCI, PD vs. healthy). 

2.3.2 Feature Fusion Strategy 

We adopted a hybrid late fusion strategy incorporating: 

• Self-attention layers to refine intra-modality features. 

http://www.ijsrem.com/
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• Cross-attention layers to integrate inter-modality dependencies. 

• Concatenation and projection layers to reduce dimensionality and align feature spaces. 

2.3.3 Loss Function and Optimization 

• Primary loss: Cross-entropy loss was used for multi-class classification. 

• Auxiliary losses: An L2 regularization term was added to prevent overfitting. A contrastive loss was explored 

for improving modality alignment in ablation studies. 

• Optimization: The model was trained using the Adam optimizer with an initial learning rate of 1e-4, reduced on 

plateau. Early stopping based on validation AUC was applied. 

2.4 Implementation Details 

• Frameworks: All models were implemented in PyTorch (v2.0) using MONAI for medical image augmentation. 

Preprocessing was conducted with NiBabel, FSL, and SimpleITK. 

• Hardware: Experiments were run on an NVIDIA A100 GPU cluster with 80 GB of VRAM. 

• Hyperparameters: 

o Batch size: 8 

o Epochs: 100 (with early stopping) 

o Learning rate: 1e-4 

o Dropout: 0.3 

o Attention heads: 4 

• Training protocol: A stratified 5-fold cross-validation strategy was used to ensure robustness and 

generalizability. Data splits were subject-independent to avoid information leakage. 

• Evaluation metrics: Classification performance was evaluated using accuracy, area under the ROC curve (AUC), 

F1-score, and balanced accuracy. 

3. Results 

3.1 Evaluation Metrics 

The performance of the proposed hybrid multimodal deep learning framework was evaluated using five standard 

classification metrics: accuracy, area under the ROC curve (AUC), sensitivity (recall), specificity, and F1-score. 

These metrics provide a comprehensive evaluation of the model's diagnostic performance, particularly its ability to 

distinguish between neurological disease stages in imbalanced datasets. 

3.2 Performance Analysis 

3.2.1 Comparison with Baseline and State-of-the-Art Models 

To assess the effectiveness of our proposed model, we compared its performance against several baselines and recent 

state-of-the-art approaches: 

• Single-Modality CNNs (MRI only, PET only) 

• Multimodal Early Fusion CNN 

• Multimodal Deep Autoencoder 

• 3D ResNet-50 

• Multimodal Transformer (MMT) (Dai et al., 2022) 

• Our Proposed Hybrid Model (CNN + Transformer + Attention Fusion) 
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Table 1: Performance comparison on ADNI (AD vs. MCI vs. CN classification) 

Model Accuracy (%) AUC Sensitivity Specificity F1-Score 

MRI-only CNN 79.3 0.834 0.78 0.80 0.77 

PET-only CNN 77.6 0.812 0.76 0.79 0.75 

Early Fusion CNN 81.4 0.852 0.80 0.82 0.79 

Deep Autoencoder (Multimodal) 83.7 0.871 0.83 0.84 0.82 

3D ResNet-50 84.1 0.878 0.84 0.85 0.83 

Multimodal Transformer (Dai et al., 2022) 85.9 0.894 0.86 0.86 0.85 

Proposed Hybrid Model 88.5 0.915 0.89 0.89 0.88 

The proposed hybrid model outperforms all baselines in every evaluation metric, indicating the advantage of integrating 

CNNs, attention mechanisms, and modality-specific feature learning with a cross-attentional fusion strategy. 

3.3 Ablation Study 

To analyze the contribution of each architectural component, an ablation study was conducted by incrementally removing 

modules from the proposed framework: 

• A1: CNN only (no transformer, no attention) 

• A2: CNN + Transformer (no attention fusion) 

• A3: CNN + Attention (no transformer) 

• Full model (CNN + Transformer + Attention fusion) 

Table 2: Ablation study results on ADNI dataset 

Model Variant Accuracy (%) AUC F1-Score 

A1: CNN only 82.1 0.857 0.81 

A2: CNN + Transformer 85.0 0.889 0.84 

A3: CNN + Attention Fusion 86.2 0.902 0.85 

Full Model 88.5 0.915 0.88 

The ablation study confirms that both the transformer and attention fusion modules contribute significantly to 

performance. The attention module improves modality alignment, while the transformer enhances feature representation 

and contextual modeling. 

3.4 Modality Contribution Analysis 

To understand the contribution of each modality, the model was evaluated under different modality combinations: 

Table 3: Diagnostic performance across modality combinations 

Modality Combination Accuracy (%) AUC 

MRI only 79.3 0.834 

PET only 77.6 0.812 

MRI + PET 85.1 0.886 

MRI + fMRI 84.6 0.880 

MRI + PET + fMRI 88.5 0.915 

http://www.ijsrem.com/
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These results illustrate the complementary value of multimodal integration, with the highest accuracy achieved when all 

three modalities are combined. 

3.5 Visualization and Interpretability 

3.5.1 Attention Heatmaps and Grad-CAM 

Interpretability was evaluated using Grad-CAM for CNN layers and attention heatmaps for cross-modality fusion. As 

shown in Figure 1, the model consistently highlighted relevant regions such as the hippocampus, temporal lobe, and 

substantia nigra—areas known to be affected in AD and PD. 

 

Figure 1: Grad-CAM visualization of PET-MRI fusion output for AD patient 

3.5.2 Case Studies 

Correct Prediction Example: An MCI patient progressing to AD was correctly identified. The attention map showed 

strong focus on bilateral hippocampal atrophy and metabolic hypoperfusion in temporal regions. 

Incorrect Prediction Example: A misclassified PD case showed atypical MRI features with limited signal in substantia 

nigra. Attention was diffusely distributed, suggesting uncertainty in the decision-making process. 

These visualizations offer valuable insight into model decision logic, enhancing clinical interpretability and 

trustworthiness. 

4. Discussion 

This study presents a hybrid deep learning framework that leverages multimodal neuroimaging and attention-based fusion 

for the early diagnosis of neurological disorders such as Alzheimer’s disease (AD) and Parkinson’s disease (PD). The 

model outperformed conventional single-modality and baseline fusion techniques across all evaluation metrics, including 

accuracy, AUC, sensitivity, and F1-score. 
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4.1 Interpretation of Results 

The superior performance of the proposed model can be attributed to three key innovations: (1) the use of modality-

specific CNNs for dedicated feature extraction, (2) the incorporation of a transformer-based encoder to enhance contextual 

understanding, and (3) an attention-based fusion strategy that effectively aligns and weights multimodal information. The 

ablation studies underscore the complementary nature of these components, confirming that attention mechanisms and 

cross-modal interactions significantly enhance the model’s diagnostic capabilities. 

The modality contribution analysis further supports the hypothesis that integrating structural (MRI), functional (fMRI), 

and metabolic (PET) data captures a more comprehensive picture of neuropathology. Notably, the inclusion of all three 

modalities yielded the highest diagnostic performance, validating the value of multimodal integration. 

4.2 Clinical Implications 

From a clinical perspective, the model holds significant potential for enhancing diagnostic workflows. First, the use of 

attention heatmaps and Grad-CAM visualizations provides an interpretable output that can assist clinicians in validating 

AI-driven predictions. This transparency is crucial for real-world adoption, where explainability remains a key barrier to 

AI integration in medicine (Holzinger et al., 2022). 

Second, the model’s ability to handle missing modalities during inference improves its robustness in clinical 

environments, where data availability is often inconsistent. Such adaptability could facilitate broader deployment across 

healthcare systems with varying levels of imaging infrastructure. 

Finally, the framework could be integrated into decision support systems within radiology or neurology departments, 

potentially reducing diagnostic delays and improving early intervention rates. 

4.3 Limitations 

Despite the promising results, several limitations merit discussion: 

• Data Imbalance: The datasets, particularly ADNI, have class imbalance issues (e.g., fewer AD cases compared 

to cognitively normal controls). While weighted loss functions were employed, imbalance may still influence 

performance. 

• Limited Dataset Size: Although ADNI and PPMI are among the most comprehensive available, deep learning 

models generally benefit from larger datasets. Limited data diversity may affect generalizability to broader populations 

or unseen acquisition protocols. 

• Modality Availability: Not all subjects had complete tri-modal data (MRI, PET, fMRI), and while the model 

accommodates missing modalities, performance may be suboptimal in such cases. 

• Lack of Longitudinal Modeling: While the architecture is compatible with longitudinal data, temporal modeling 

was limited due to inconsistent follow-up intervals and missing sequences across patients. 

• Real-Time Feasibility: Though the model is efficient, real-time deployment in clinical settings will require 

optimization for inference speed and integration with PACS/EHR systems. 

5. Conclusion 

In this study, we proposed a hybrid deep learning framework designed for early diagnosis of neurological disorders using 

multimodal neuroimaging data. The model effectively integrates structural (MRI), functional (fMRI), and metabolic 

(PET) modalities through modality-specific CNN encoders, transformer-based context modeling, and attention-driven 

fusion. 
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The proposed approach demonstrates significant improvements over traditional and state-of-the-art methods in terms of 

classification accuracy, interpretability, and robustness to missing modalities. These advances suggest strong potential for 

deployment in clinical decision support systems. 

Key Research Findings: 

   Developed a hybrid multimodal deep learning model combining CNNs, transformers, and attention fusion for 

neurological disease classification. 

   Achieved 88.5% classification accuracy and AUC of 0.915 on the ADNI dataset, outperforming recent state-of-the-

art methods. 

   Demonstrated the added value of combining MRI, PET, and fMRI modalities, with modality contribution analysis 

confirming the benefit of multimodal fusion. 

   Conducted ablation studies confirming the individual and synergistic contributions of each model component. 

   Provided interpretable outputs through Grad-CAM and attention heatmaps, enhancing trust and clinical relevance. 

Impact and Future Directions: 

This research underscores the potential of multimodal AI-driven diagnostics in the early detection of neurodegenerative 

diseases, which is critical for timely intervention and improved patient outcomes. To bridge the gap between research and 

clinical deployment, further work is needed to: 

• Conduct prospective validation in real-world clinical settings. 

• Expand to larger and more diverse datasets to improve model generalization. 

• Explore lightweight and real-time implementations suitable for integration into clinical workflows. 
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