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Abstract: Alzheimer’s disease (AD) is a progressive neurodegenerative disorder in which early and accurate 

prediction of disease progression remains a clinical challenge. This study proposes an attention- based multimodal deep 

learning framework that integrates structural magnetic resonance imaging (MRI) and clinical features for multi-class 

progression prediction. MRI volumes are processed using  a three- dimensional convolutional neural network to extract 

spatial biomarkers, while demographic and cognitive variables are encoded through a clinical feature encoder. A modality-

level attention fusion mechanism is introduced to adaptively weight imaging and non-imaging information, enabling 

the model to learn clinically meaningful representations. The system  is trained and evaluated on the Alzheimer’s Disease 

Neuroimaging  Initiative  (ADNI)  dataset  with  class  imbalance  handled  through  weighted  sampling  and cost-sensitive  

learning.  The  framework  also  supports  explainable  artificial intelligence using gradient- based localization and feature 

attribution for clinical transparency. Experimental results demonstrate improved macro-F1 performance compared 

with unimodal approaches and provide interpretable attention distributions indicating modality contribution. 

Key words: Alzheimer’s Disease Prediction, Multimodal Deep Learning, MRI Clinical Fusion, Explainable Artificial 
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1 Introduction 

Alzheimer’s  disease  (AD)  is  one of  the most  prevalent  neurodegenerative  disorders  and  a leading  cause  of  cognitive decline 

among the aging population. The pathological changes associated with AD begin years before the onset of clinical symptoms, 

making early prediction of disease progression essential for timely intervention and treatment planning. Traditional diagnostic 

approaches rely on isolated biomarkers or cognitive assessments, which often fail to capture the complex and heterogeneous 

nature of disease evolution. Recent advances in artificial intelligence, particularly  deep learning, have demonstrated significant 

potential in modelling high-dimensional medical data for automated prognosis and clinical decision support [1], [2]. 

Structural magnetic resonance imaging (MRI) has emerged as a key neuroimaging modality for identifying brain atrophy patterns  

linked to AD  progression. Convolutional  neural  networks (CNNs)  have shown strong capability  in learning spatial 

representations from volumetric MRI data and differentiating between disease stages [3]-[5]. However, imaging
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alone does not fully reflect the clinical variability of Alzheimer’s disease. Demographic factors, cognitive scores, and 

other clinical  measurements  provide  complementary information that  improves  predictive  modelling when integrated with 

imaging biomarkers [6]-[8]. 

Despite the advantages  of multimodal approaches, effective  fusion of imaging and non-imaging modalities remains a 

challenging task. Conventional fusion  strategies fail to account for  modality relevance. Attention mechanisms address this 

limitation  by enabling adaptive weighting of modality-specific features, thereby improving both  performance and 

interpretability [9]-[11]. Simultaneously, explainable artificial intelligence techniques have become critical in healthcare systems 

to ensure transparency and trust [17], [23], [24]. 

This study proposes an attention-based multimodal deep learning framework for multi-class Alzheimer’s disease 

progression prediction using MRI and clinical data. The model integrates modality-specific encoders, adaptive attention fusion, 

and explainability mechanisms, offering a scalable and clinically relevant solution. 

2 Literature Survey 

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that requires early and accurate diagnosis to enable timely 

clinical intervention. Traditional diagnostic approaches rely heavily on neuropsychological assessment and structural 

neuroimaging, which are often limited in their ability to capture the complex and heterogeneous progression patterns of the 

disease. Recent advances in artificial intelligence, particularly deep learning, have significantly improved automated AD detection 

and progression modelling by leveraging large-scale datasets such as the Alzheimer’s Disease Neuroimaging Initiative (ADNI). 

These approaches have demonstrated superior performance compared to conventional machine learning methods due to their 

ability to learn hierarchical feature representations directly from raw data [1], [2]. Deep  learning-based methods  using structural 

magnetic resonance imaging (MRI) have been widely explored  for AD classification. Convolutional neural networks (CNNs) 

have shown strong capability in extracting discriminative spatial features from 3D brain scans, enabling accurate identification of 

disease-specific atrophy patterns [3], [4]. Several studies have demonstrated that 3D  CNN  architectures outperform  traditional  

handcrafted feature-based models by  capturing subtle anatomical changes in regions such as the  hippocampus and entorhinal 

cortex [5], [6]. Furthermore, transfer learning and hybrid CNN frameworks have been employed to improve generalization 

performance when training data are limited [7]. Despite these improvements, MRI-only models are constrained by their inability to 

incorporate non-imaging clinical biomarkers that are critical for understanding disease progression. 

In parallel, clinical and cognitive assessments such as the Clinical Dementia Rating Sum of Boxes (CDRSB), Mini-Mental State 

Examination (MMSE),  and Alzheimer’s  Disease Assessment  Scale-Cognitive  Subscale  (ADAS-Cog)  have  been extensively 

used for disease staging and progression analysis. Machine learning models trained on these structured clinical features have 

achieved promising results in predicting cognitive decline and conversion from mild cognitive impairment (MCI) to AD [8], [9]. 

Multilayer perceptron (MLP) architectures and other fully connected networks have been particularly effective for 

modelling  tabular clinical  data  due  to  their ability to  capture nonlinear  relationships  among biomarkers [10]. However, clinical-

only models lack the spatial information present in neuroimaging data, limiting their predictive robustness. 

To overcome the limitations of unimodal approaches, multimodal learning frameworks have been proposed to integrate 

heterogeneous data sources. These methods combine imaging, clinical, genetic, and cognitive features to improve diagnostic 

accuracy and progression  prediction [11], [12]. Early multimodal models relied on feature concatenation  or traditional fusion 

strategies, which often failed to capture the complex inter-modal relationships [13]. More recent studies have introduced deep 

multimodal architectures that learn modality-specific feature embeddings before performing joint representation learning, 

significantly enhancing classification performance [14], [15]. 

Attention-based fusion mechanisms have emerged as a powerful solution for multimodal integration by dynamically 
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weighting the contribution of each modality based on its relevance to the prediction task. Attention networks enable the model to 

focus on the most informative modality for each individual sample, which is particularly important in clinical scenarios where 

data quality and availability may vary [16], [17]. These techniques have demonstrated improved interpretability and 

robustness  compared to static fusion  methods, making them  suitable for medical decision-support systems [18]. 

Explainable artificial intelligence (XAI) has become an essential component of deep learning-based medical diagnosis due to 

the need for transparency and clinical trust. Gradient-weighted Class Activation Mapping (Grad-CAM) has been widely used to 

visualize disease-related regions in MRI scans, providing spatial interpretability of CNN predictions [19], [20]. Similarly, SHapley 

Additive  exPlanations  (SHAP) have been applied to  quantify the  contribution of  individual clinical features and multimodal 

embeddings to the final prediction, enabling clinicians to understand model behaviour [21], [22]. These interpretability 

techniques play a critical role in bridging the gap between high-performing AI models and real-world clinical adoption. 

Several recent studies have focused specifically on AD progression modelling rather than binary classification. 

Longitudinal deep learning models and multimodal fusion frameworks have shown the ability to predict disease trajectory and 

conversion risk with improved accuracy [23], [24]. However, many of these approaches either lack interpretability or do not fully 

exploit attention-based adaptive fusion strategies. Moreover, class imbalance and heterogeneity in progression categories remain 

significant challenges that affect model generalization [25]. 

From the existing literature, it is evident that although substantial progress has been made in Alzheimer’s disease diagnosis using 

deep learning techniques, several challenges remain in developing robust and clinically reliable prediction systems. In particular, 

there is a  need for a  unified framework that can effectively integrate modality-specific deep feature extraction, adaptive 

attention-based fusion  strategies, clinically meaningful progression  prediction, and comprehensive interpretability mechanisms. 

Such an integrated approach can better capture the complex relationships between imaging and clinical biomarkers while also 

providing transparent and explainable predictions suitable for real-world clinical decision support. 

The proposed work addresses these gaps by developing a multimodal architecture that combines CNN-based MRI feature extraction 

and MLP-based clinical feature learning, followed by an attention-driven fusion module for  Alzheimer’s disease progression 

prediction. Additionally, Grad-CAM and SHAP are incorporated to provide both spatial and feature- level explanations, thereby 

enhancing clinical reliability and usability. 

3 Methodology 

The proposed framework introduces a  multimodal deep learning architecture for Alzheimer’s disease progression prediction  

by integrating structural MRI and clinical biomarkers through an attention-based fusion  strategy [19], [23]. The use of 

multimodal learning allows the model to combine complementary information from neuroimaging and clinical assessments, which 

has been shown to improve predictive performance in Alzheimer’s disease analysis [12]. Furthermore, attention mechanisms enable 

the model to dynamically emphasize the most informative modality features during prediction, thereby enhancing both 

classification accuracy and interpretability [19]. 

The overall architecture of the proposed system is illustrated in the architectural diagram attached below. Figure.1 shows the 

architecture of the proposed work. The methodology is organized into five major modules, each designed to perform a specific  

task  in the processing  pipeline,  ensuring  a  clear  and  logically consistent  flow  from  raw  data  input  to  final prediction. 
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Figure. 1 Overall Architectural Workflow Multimodal AD Progression Framework 

3.1 Module 1  -  Multimodal Data Preprocessing and Harmonization Cutoff pair 

interactions on GPUs 

This module replaces the initial acquisition block and focuses on transforming heterogeneous raw data into a model-ready format. 

Structural MRI scans obtained from the ADNI dataset are converted into NumPy tensors and spatially normalized to ensure uniform 

dimensionality across all samples [16]. Intensity normalization is applied to reduce scanner-dependent variations and noise, which 

is a  common preprocessing step in neuroimaging-based deep learning frameworks for Alzheimer’s disease analysis. 

Each MRI volume  is reshaped  into a  single-channel  3D  tensor to represent  the spatial  depth of  the  brain scans, enabling 

convolutional neural networks to capture structural patterns associated with neurodegeneration. Simultaneously, clinical features-

including demographic data such as  AGE, SEX, and EDUC, alongside cognitive assessments like MMSE, CDRSB, and 

ADAS13-are extracted, encoded, and standardized, as these biomarkers are widely used for disease staging and progression 

assessment [21], [22]. Missing values are handled using median imputation to maintain dataset integrity and ensure stable model 

training. Finally, progression labels are mapped into numerical classes to support multi- class classification, which is commonly 

adopted in Alzheimer’s disease progression modelling studies. 

This module ensures modality alignment, removes inconsistencies, and establishes a stable input representation for downstream 

learning. 

Pseudocode - Data Preprocessing 

Input: MRI_scans, Clinical_data 

Output: MRI_tensor, Clinical_vector, Labels for each MRI_scan in MRI_scans: 

MRI = load_scan(MRI_scan) MRI = spatial_normalize(MRI) MRI = intensity_normalize(MRI) 

MRI_tensor.append(reshape_to_3D(MRI)) Clinical_data = encode_categorical(Clinical_data) Clinical_data = 

median_impute(Clinical_data) Clinical_vector = normalize(Clinical_data) 

Labels = map_to_classes(progression_labels) return MRI_tensor, Clinical_vector, Labels 
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3.2 Module 2 - MRI Feature Extraction using 3D CNN 

A 3D  Convolutional  Neural  Network  (3D-CNN)  is  used  to learn spatial neurodegenerative patterns  directly from  the processed 

MRI volumes. Convolutional neural networks have been widely adopted for Alzheimer’s disease analysis due to their ability to 

automatically extract hierarchical spatial features  from volumetric neuroimaging data [3]. The CNN performs hierarchical 

feature extraction where convolutional layers capture localized anatomical structures, pooling layers reduce dimensionality, 

and fully connected layers generate a compact feature embedding. 

This representation encodes disease-specific structural changes, particularly in regions such as the hippocampus and cortical  gray 

matter,  which are  strongly associated with Alzheimer’s  disease  progression [14],  [20]. Such anatomical biomarkers are 

commonly identified through deep learning-based neuroimaging models for AD detection and staging. To stabilize early training, 

the MRI encoder is initially frozen, allowing the model to first learn meaningful clinical representations. It is later fine-

tuned jointly to improve overall predictive performance, a strategy frequently employed in multimodal deep learning frameworks 

to enhance feature learning and convergence stability. 

3.3 Module 3 - Clinical Feature Representation using MLP 

Clinical and demographic features are processed using a Multilayer Perceptron (MLP) to capture nonlinear relationships between 

cognitive scores and disease stages. Neural network models such as MLPs have been widely used for modeling structured clinical 

data in Alzheimer’s disease studies due to their ability to learn complex nonlinear associations among demographic and cognitive 

biomarkers [8], [9]. Dense layers transform input features into higher-level abstractions, while batch normalization improves 

convergence stability and helps accelerate the training process in deep learning architectures. 

Dropout is applied to prevent overfitting, especially due to the relatively lower dimensionality of clinical data compared to 

imaging modalities. This module plays a critical role in modeling cognitive decline patterns that may not be explicitly visible in  

imaging data, thereby complementing the spatial representations learned from MRI-based  models [21], [22]. 

3.4 Module 4 - Attention-Based Multimodal Fusion 

Instead of simple concatenation, an attention-based mechanism is used to dynamically weigh the importance of MRI and clinical 

features. Attention-based multimodal fusion has been widely adopted in recent Alzheimer’s disease prediction models because it 

enables the network to learn the relative importance of different modalities during the decision-making process [19]. This allows 

the model to prioritize the most informative modality for each individual patient and improve prediction reliability when 

integrating heterogeneous biomedical data. 

The attention layer computes modality weights, which are normalized using a Softmax function. These weights are then applied 

to the respective feature vectors before fusion, allowing the network to adaptively  emphasize  the  most relevant information for 

classification. This results in a more robust and adaptive representation, particularly useful when 

one modality contains noise or incomplete information. The fused representation is subsequently passed through a final 

classification layer to predict the disease stage, a strategy commonly used in multimodal deep learning frameworks for 

Alzheimer’s disease analysis. 

Pseudocode - Attention Fusion 

Input: MRI_features, Clinical_features Output: Prediction 

# Compute attention weights w1 = Dense(MRI_features) 

w2 = Dense(Clinical_features) weights = Softmax([w1, w2]) 

# Apply weights 
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MRI_weighted = weights[0] * MRI_features Clinical_weighted = weights[1] * Clinical_features # Fusion 

Fused = MRI_weighted + Clinical_weighted # Classification 

Prediction = Softmax(Dense(Fused)) return Prediction 

3.5 Module 5 - Explainable AI for Clinical Interpretability 

To ensure transparency and clinical trust, two explainability techniques are integrated, enabling both visual and 

quantitative interpretation of the model’s decision-making process for improved clinical reliability. Explainable artificial 

intelligence approaches are increasingly adopted in medical deep learning systems to improve interpretability and support clinical 

decision making [17]. 

Grad-CAM  (Gradient-weighted Class Activation Mapping) is  applied to MRI data to  generate spatial  heatmaps highlighting 

brain regions that contribute most to the model’s predictions as shown in Figure 2. This technique allows visualization of 

disease-related patterns in neuroimaging data and helps validate whether the model focuses on biologically meaningful 

regions associated with Alzheimer’s disease [20]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure. 2 Spatial Heatmap Highlighting brain regions of features 

SHAP (SHapley Additive exPlanations) is used for clinical features to quantify the contribution of each variable to the prediction 

outcome. It enables feature importance ranking and patient-specific interpretation, providing insights into how demographic and 

cognitive variables influence the model’s decisions [21]. Such explainability mechanisms ensure that the model’s decision-

making process remains understandable and clinically relevant, thereby facilitating trust and potential adoption in real-world 

healthcare environments. 

Pseudocode - Explainability 

Input: Model, MRI_tensor, Clinical_vector Output: Heatmaps, SHAP_values 

# Grad-CAM 

Heatmaps = GradCAM(Model, MRI_tensor) # SHAP 

SHAP_values = SHAP(Model, Clinical_vector) return Heatmaps, SHAP_values 

The proposed method incorporates modality-specific deep feature learning to effectively extract meaningful 
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representations from MRI and clinical data, which has been widely explored in multimodal Alzheimer’s disease analysis 

frameworks [12]. A dynamic attention-based fusion mechanism adaptively combines these features, improving predictive 

performance by emphasizing the most informative modality during the learning process [19]. The framework supports multi-

class progression prediction, enabling classification across different stages of Alzheimer’s disease and capturing heterogeneous 

disease trajectories [23]. 

Additionally, a  two-level explainability strategy ensures both visual and numerical interpretability of model decisions. 

Grad-CAM provides spatial interpretation for imaging features, while SHAP offers quantitative insights into clinical feature 

contributions, improving transparency and clinical usability [21]. A staged training strategy-initial freezing followed by joint fine-

tuning-ensures stable convergence, reduces overfitting, and enhances generalization, which is commonly adopted  in 

multimodal deep  learning architectures.  Overall, the methodology maintains a balance between technical depth and clarity, 

providing a coherent and interpretable end-to-end pipeline for Alzheimer’s disease progression prediction. 

4 Experimental Setup 

4.1 Computational Hardware 

The proposed multimodal framework was trained and evaluated using a cloud-based high-performance deep learning environment 

deployed on  an Amazon EC2 instance. The system utilized a g4dn.xlarge instance type, equipped with 4 vCPUs based on  Intel 

Xeon Cascade Lake architecture and 16 GB of system memory. For accelerated computation, it incorporated an NVIDIA Tesla 

T4 GPU with 16 GB of VRAM and CUDA support. The storage configuration included a 100 GB gp3 SSD (Elastic Block Store) 

to ensure efficient data access and management. Additionally, the setup provided network bandwidth of up to 25 Gbps, enabling 

high-speed data transfer and seamless model training. 

The  NVIDIA Tesla T4 GPU  enables  efficient training of  3D  convolutional  neural networks  and  attention-based multimodal 

architectures. The 16 GB VRAM supports batch-wise volumetric MRI processing while maintaining stable gradient updates. This 

configuration provides an optimal balance between computational performance and cost efficiency for medium-scale medical deep 

learning workloads. 

4.2 Software Environment 

The model was implemented using a Python-based deep learning stack with GPU acceleration. Core Framework: 

The implementation of the proposed system is based on Python 3.x and utilizes PyTorch with CUDA support for efficient deep 

learning model development and training. Supporting Libraries: Several supporting libraries are integrated to enhance 

functionality and performance. NumPy is used for numerical tensor operations, while Pandas facilitates clinical data  

preprocessing. Scikit-learn  is employed  for performance evaluation  metrics  and data handling tasks. Torchvision provides 

model utilities, and Matplotlib along with Seaborn are used for visualization purposes. Additionally, SHAP is incorporated for 

clinical feature explainability, and Grad-CAM utilities are used to interpret MRI-based model predictions. 

Development Environment: The development environment is built on an Ubuntu-based EC2 Deep Learning AMI, enabling a 

scalable and optimized setup. Model development and execution are carried out using Jupyter Notebook or Python scripts. 

Furthermore, the system leverages the NVIDIA CUDA toolkit with cuDNN acceleration to ensure faster computation and 

improved training efficiency. 

4.3 Dataset Description and Scope 

The  experiments  were  conducted  using the Alzheimer’s  Disease  Neuroimaging  Initiative  (ADNI) dataset,  which provides 

longitudinal neuroimaging and clinical data for Alzheimer’s disease research. The proposed framework utilizes structural MRI 

scans along with clinical and demographic features to capture both anatomical and patient-specific 
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information for improved prediction. The clinical  dataset consists  of  key attributes  such  as  age,  sex,  education level, MMSE, 

CDRSB, and ADAS13, which are widely used indicators in Alzheimer’s disease assessment. 

The target variable is defined as a multi-class disease progression label, categorized into five classes: stable, slow progression, 

moderate progression, rapid progression, and reversion or improvement. A predefined subject-level data split strategy is employed, 

dividing the dataset into training, validation, and test sets. This ensures that data from the same patient does not appear across 

different sets, thereby preventing data leakage and ensuring reliable evaluation. 

MRI data undergoes  several preprocessing steps,  including  conversion to  NumPy  format,  spatial  normalization, intensity 

standardization, and channel expansion to make it compatible with 3D CNN input requirements. Clinical data is preprocessed 

through categorical encoding of variables such as sex, median imputation for handling missing values, and feature normalization 

to ensure consistent scaling across inputs. 

4.4 Training Configuration 

To address class imbalance and ensure stable multimodal learning, a weighted cross-entropy loss function is used. The model  is  

optimized  using the Adam  optimizer. The learning rate is initially set  to 1e-4  during  early training and reduced to 5e-5 after 

unfreezing the MRI encoder. A batch size of 2 is used, and the model is trained for 20 epochs. To further handle class imbalance, 

a weighted random sampling strategy is applied. 

A staged training approach is  adopted to improve convergence and prevent early overfitting. Initially, the MRI encoder is 

frozen while training only the clinical and fusion layers. In the later stage, the MRI encoder is unfrozen, and the entire network 

undergoes joint fine-tuning for enhanced performance. 

4.5 Evaluation Metric 

The model performance was assessed using accuracy and macro F1-score. Among these, macro F1-score was selected as the 

primary evaluation  metric due to the presence of class  imbalance and its ability to reflect  performance uniformly across all 

progression categories. 

4.6 Cost and Training Efficiency 

The EC2 g4dn.xlarge instance offers a cost-efficient environment for experimentation, with an approximate cost of $0.526 per hour 

in the ap-south-1 region. For a total training duration of around 20 hours, the estimated cost  is approximately $10. To further 

reduce operational expenses, the instance was stopped during idle periods. 

4.7 Outcome of the Experimental Setup 

This experimental setup enables efficient training of 3D MRI data even with limited GPU memory, ensures stable 

multimodal fusion learning, supports scalable deployment of medical AI models on the cloud, and promotes a 

reproducible research workflow. 

5 Performance evaluation 

5.1 Evaluation Protocol 

The performance of the proposed multimodal Alzheimer’s disease progression prediction framework was evaluated using the 

validation set of the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset [16]. Since the task involves multi- class disease 

progression prediction with significant class imbalance, both validation accuracy and macro F1-score were used as evaluation 

metrics. Among these metrics, the macro F1-score was considered the primary performance indicator, as it assigns equal 

importance to all classes and prevents dominant classes from biasing the evaluation. This is particularly important in clinical 

prediction tasks where minority progression categories may carry significant diagnostic value. During training, the model 

checkpoint achieving the highest validation macro F1-score was selected as the optimal model for subsequent analysis and 

performance reporting. Such evaluation strategies are commonly adopted in multimodal deep 
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learning studies for Alzheimer’s disease progression prediction to ensure fair assessment across heterogeneous disease stages. 

5.2 Training Behaviour and Convergence 

The training process employed a two-phase optimization strategy to ensure stable convergence and effective multimodal feature 

learning. During the initial phase, the MRI feature extractor remained frozen while only  the clinical feature encoder and 

multimodal fusion layers were trained. This approach helped stabilize gradient updates in the early epochs and avoided  unstable 

optimization  that could occur when training a complex MRI  encoder  on a limited dataset. After epoch 5, the MRI  encoder was  

unfrozen  and the entire network  was  trained end-to-end, allowing the model  to refine cross-modal interactions between MRI 

features and clinical variables. 

As illustrated in Fig. 3, the training loss shows a consistent decreasing trend across epochs. The loss starts at approximately 3.0 in the 

early stage and gradually reduces to around 0.9 by epoch 100, indicating stable convergence during training. This steady 

reduction in loss suggests that the model effectively learns discriminative multimodal representations while maintaining stable 

gradient flow. The observed convergence behaviour confirms that the staged training strategy supports efficient multimodal 

learning without introducing training instability. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure. 3 Training Loss vs Epochs 

The graph in Figure 3  further demonstrates stable learning behaviour, with no evidence of gradient explosion or 

divergence during training. The smooth  and continuous  decrease in loss  also indicates  effective convergence after the 

multimodal fine-tuning stage, highlighting the benefit of jointly learning MRI and clinical feature representations. 

5.3 Validation Performance 

The proposed Attention-Based Multimodal Fusion model achieved a validation accuracy of 87.6± 4.8 with a Macro- F1 score 

of 0.87± 0.03 and an AUC of 0.92± 0.02. Although performance variations may occur across experimental runs due to dataset 

complexity and class distribution, the reported Macro-F1 score provides a reliable indicator of balanced predictive capability 

across different disease categories. In Alzheimer’s disease prediction tasks, the use of Macro-F1 is particularly important 

because clinical datasets often exhibit class imbalance, where certain progression stages contain significantly fewer samples than 

others. 

Similar challenges  have  been reported in  previous  studies  that  utilize the ADNI  dataset.  For instance,  the parameter- efficient 

deep learning approach achieved 83.8% accuracy with a Macro-F1 score of 0.78 and an AUC of 0.85 [13], while imaging data 

completion networks addressing missing modalities reported 85.9% accuracy and a Macro-F1 score of 0.81 [14]. Methods 

integrating structural brain integrity and clinical features further improved the results to 86.7% accuracy with a Macro-F1 score of 

0.83 [21]. These studies highlight the inherent difficulty of Alzheimer’s disease prediction due 
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to heterogeneous clinical patterns and imbalanced data distributions. 

Compared with these approaches, the proposed model demonstrates competitive performance with improved Macro-F1 and AUC 

values. The attention-based fusion mechanism enables the model to dynamically learn the relative importance 

of MRI and clinical features, which enhances the representation of underrepresented classes and improves overall prediction 

reliability. As  a result,  the  reported Macro-F1 score of 0.87 indicates  that the  model maintains consistent performance across 

multiple classes while effectively leveraging complementary multimodal information for Alzheimer’s disease prediction. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure. 4 Validation Accuracy vs Epochs 

The Figure 4 illustrates a clear improvement in performance after joint training, indicating the effectiveness of end-to- end 

multimodal learning. It also reflects the selection of an optimal model checkpoint based on peak validation performance. 

Furthermore, the trend suggests the absence of severe overfitting, as the model maintains stable generalization without 

significant divergence between training and validation performance. 

 

 

Table 1 - Comparison of Proposed Method with Baseline Models on ADNI Dataset 

Method Data 

Modality 

Dataset Accuracy 

(%) 

Weighted 

F1 

AUC 
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Parameter 

Efficient Deep 

Learning 

MRI ADNI 83.8 0.78 0.85 

Imaging 

Data 

Completion 

Network 

MRI + 

Missing 

Modality 

ADNI 80.0 0.67 0.87 

Structural 

Integrity 

Prediction 

MRI + 

Clinical 

ADNI 84.7 0.80 0.88 

Rapid AD 

Progression 

Model 

Clinical + 

Longitudinal 

ClinVar 82.4 0.69 0.81 

Multimodal 

Data Fusion 

Model 

MRI + 

Clinical 

ADNI 87.6 0.86 0.89 

Multi-CNN 

Feature Fusion 

Hybrid 

MRI + 

Handcrafted 

ADNI 88.5 0.87 0.91 

Attention- 

based 

Multimodal 

Fusion 

(Proposed) 

MRI + 

Clinical 

ADNI 87.6 

±4.8 

0.87 

±0.03 

0.92 

±0.02 

 

Table 1 presents a comparative analysis of the proposed multimodal framework with several existing Alzheimer’s disease prediction 

approaches evaluated on the ADNI dataset. Early deep learning methods relying solely on MRI features demonstrate 

moderate performance. For example, the parameter-efficient deep learning approach reported an accuracy of 83.8%, with a Macro-

F1 score of 0.78 and an  AUC of 0.85 on the ADNI dataset [13]. Similarly, an imaging data completion network designed to 

address missing modalities achieved 85.9% accuracy, 0.81 Macro-F1, and 0.87 AUC, highlighting  the benefit of  recovering  

incomplete  imaging data during  training [14].  Incorporating additional  clinical information further improves predictive 

performance. A structural brain integrity-based prediction model that combines MRI  and  clinical  variables  reported  86.7%  

accuracy,  0.83 Macro-F1, and  0.88 AUC,  demonstrating the advantage of integrating heterogeneous patient information [21]. 

Several multimodal fusion frameworks have also been explored to improve Alzheimer’s disease diagnosis and progression 

prediction. Multimodal data fusion models integrating neuroimaging and clinical features achieved 87.6% accuracy, 0.85 Macro-F1, 

and 0.89 AUC, indicating the effectiveness of combining complementary modalities [5], [23], [24]. In addition, hybrid architectures 

that fuse deep CNN features with handcrafted descriptors reported improved performance, achieving 88.5% accuracy, 0.87 Macro-

F1, and 0.91 AUC on the ADNI dataset [20]. 

In comparison with these baseline approaches, the proposed Attention-Based Multimodal Fusion framework demonstrates 
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competitive and stable performance, achieving an accuracy of 87.6± 4.8, a Macro-F1 score of 0.87± 0.03, and an AUC 

of 0.92± 0.02 across repeated experimental runs. The improved results can be attributed to the adaptive attention-based fusion 

mechanism, which dynamically learns the relative importance of MRI and clinical features during training, enabling more 

effective integration of multimodal information. Furthermore, the stability reflected by the reported variance indicates  

consistent model  performance across  multiple experimental trials.  Overall, the results highlight the capability of the proposed 

framework to effectively capture complementary multimodal features for Alzheimer’s disease prediction and progression analysis. 

5.4 Multimodal Attention Dynamics 

A major  contribution of this work is the integration  of an attention-based fusion mechanism, which learns the relative 

importance of MRI and clinical modalities. 

The model progressively prioritized MRI-derived structural biomarkers, while clinical features acted as supportive contextual  

information.  This demonstrates  adaptive modality weighting, which is  not present in conventional fusion strategies. 

The model progressively prioritized MRI-derived structural biomarkers, while clinical features acted as supportive contextual  

information.  This demonstrates  adaptive modality weighting, which is  not present in conventional fusion strategies. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure. 5 Modality Attention Weight Distribution 

Figure 5 shows the variation of modality attention weights across training epochs. At the beginning of training, the model assigns 

moderate importance to both  modalities, with the MRI branch receiving an attention  weight of approximately 0.64 while  the 

clinical modality  contributes around 0.36. As training progresses, the  attention mechanism gradually increases the importance 

of MRI-derived features while reducing the contribution of clinical variables. 

During the later training stages, the MRI attention weight had steadily risen to about 0.86, whereas the clinical modality weight  

decreases  to approximately 0.14. This  trend  indicates  that  structural  MRI  features  provide  stronger predictive signals for 

Alzheimer’s disease progression, while clinical information supports the prediction process as complementary contextual input. 

The gradual shift in attention weights demonstrates that  the proposed attention-based multimodal fusion mechanism 

effectively learns modality relevance during optimization. By dynamically adjusting the contribution of each modality, the model 

leverages both MRI and clinical features while prioritizing the modality that provides stronger discriminative information for 

disease prediction. 
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5.5 Effect of Class Imbalance Handling 

Class imbalance is a significant challenge in Alzheimer’s disease prediction, as several progression categories contain fewer 

samples than dominant classes. To address this issue, the training process incorporated weighted cross-entropy loss along with 

weighted random sampling, enabling the model to assign greater importance to minority classes during 

optimization. The class  weights  were computed based on the  inverse frequency  of each category, ensuring balanced 

contribution to the loss function.  As a result, the proposed  Attention-Based Multimodal Fusion model achieved an accuracy 

of 87.6± 4.8 with a Macro-F1 score of 0.87± 0.03 and an AUC of 0.92± 0.02, indicating balanced performance across different 

disease categories. 

Without imbalance-aware strategies, models tend to bias predictions toward dominant classes, reducing generalization for 

minority categories. Similar challenges have been observed in previous Alzheimer’s disease prediction studies using multimodal 

data [21], [23]. The integration of weighted sampling and loss balancing therefore helps stabilize training and improves the 

model’s ability to learn discriminative representations for all classes, which is essential for reliable multimodal clinical 

prediction. 

5.6 Confusion Matrix Analysis 

The confusion matrix provides a detailed view of the model’s classification performance across all progression categories, 

highlighting both correct predictions and misclassifications. It helps identify which classes are well recognized and which are 

frequently confused, offering insights into class-wise performance and the impact of data imbalance on  prediction accuracy 

[23], [25].  Such  analysis  is  commonly used  in Alzheimer’s disease classification  and progression prediction studies to evaluate 

the reliability of deep learning models across different disease stages [6], [19]. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure. 6 Confusion Matrix of the Best Model 

The confusion  matrix in Figure 6 shows improved sensitivity for  dominant progression  groups and partial learning of minority 

classes. It also indicates that misclassifications occur mainly between clinically adjacent progression stages. This behaviour is 

expected due to overlapping disease trajectories and the limited availability of samples in rare classes [21], [22]. Similar patterns 

have been observed in multimodal deep learning studies for Alzheimer’s disease progression prediction, where class 

imbalance and gradual disease transitions often lead to confusion between neighbouring clinical stages [23], [25]. 
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5.7 Explainability Analysis using SHAP 

 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 7. SHAP Feature Importance based on Mean Absolute Contribution 

Figure 7 presents the global feature importance derived using SHAP (SHapley Additive exPlanations), which quantifies the 

average impact of each clinical feature on the model output. The results indicate that EDUC (education level) has the highest 

contribution with a mean SHAP value of approximately 0.20, followed by SEX with around 0.15, and AGE with approximately 

0.12. This suggests that education level plays a dominant role in influencing the model’s predictions, while demographic attributes 

such as sex and age provide additional complementary information [21]. 

The higher  importance of EDUC  aligns  with  clinical observations, where cognitive reserve associated  with  education level is 

known to influence Alzheimer’s disease progression patterns. Similarly, AGE and SEX contribute significantly but with relatively 

lower impact, indicating that while they are important predictors, they are not as dominant as education- related features in this 

multimodal setting. 

 
 
 
 
 
 
 
 
 
 
 

 

Figure 8. SHAP Summary Plot showing Feature Impact and Distribution 

Figure 8 illustrates the SHAP summary plot, which provides a detailed view of how individual feature values influence the 

model’s predictions across all samples. Each point represents a sample, where the position on the x-axis indicates the SHAP value 

(impact on prediction), and the colour represents the feature value (low to high). 

The distribution shows that higher values of AGE tend to contribute positively toward disease progression prediction, as indicated 

by red-coloured points on the positive SHAP axis. Similarly, variations in SEX demonstrate both positive and negative  

contributions, reflecting  its  role as  a  conditional  factor  rather than a  dominant  predictor.  In contrast, EDUC exhibits a  wider  

spread  of SHAP values,  indicating  strong influence in both  directions depending  on the individual’s cognitive reserve 

characteristics. 

http://www.ijcrt.org/


www.ijcrt.org                                                       © 2026 IJCRT | Volume 14, Issue 7 July 2026 | ISSN: 2320-2882 

IJCRTBX02050 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org 501 
 

 

These observations  confirm that the  model effectively  captures  nonlinear relationships between clinical features  and disease 

progression. The combination of global importance (Figure 7) and local interpretability (Figure 8) demonstrates that the  proposed 

framework provides both feature-level transparency  and  patient-specific interpretability, which are essential for clinical 

decision support systems [24]. 

The SHAP-based analysis complements the Grad-CAM visualization of MRI features by providing quantitative insights into 

clinical feature contributions. Together, these explainability techniques enhance the interpretability of the proposed multimodal 

framework by offering both spatial and feature-level understanding of the model’s decision-making process. This  improves 

clinical trust and supports the  practical applicability  of the system in real-world Alzheimer’s  disease progression prediction 

tasks [17]. 

5.8 Comparative advantages of the proposed framework 

The proposed framework offers several methodological and architectural advantages compared to traditional unimodal and 

conventional multimodal fusion approaches. Unlike unimodal models that rely on a single source of information, the framework 

integrates heterogeneous data modalities through an attention-based multimodal fusion mechanism, allowing the  network to 

dynamically  learn the  relative importance of imaging  and clinical features during training [19].  This adaptive weighting 

strategy enables the model to emphasize the most informative modality while still leveraging complementary contextual 

information from other sources, which has been shown to improve predictive performance in multimodal Alzheimer’s disease 

analysis [12]. 

Furthermore, the training process employs a staged optimization strategy, where different components of the architecture are 

trained progressively to improve gradient stability and facilitate more effective multimodal representation learning. The 

framework also incorporates class imbalance-aware learning techniques, including weighted loss functions and sampling 

strategies, which help mitigate bias toward dominant classes and promote balanced learning across all progression 

categories [23]. 

In addition, the  system is  designed  to  support progression-oriented multi-class  prediction, enabling the modelling of complex 

disease trajectories rather than simple binary classification [21]. Finally, the framework is implemented within a  scalable cloud-

based training environment, enabling efficient experimentation and model development while maintaining computational 

cost efficiency. 

5.9 Clinical Relevance 

The model enables  early identification of  rapid  disease  progression patterns  and  supports  patient  stratification  across multiple 

stages. It provides data-driven decision support for longitudinal monitoring, making it highly valuable in clinical settings. This is 

particularly relevant for personalized treatment planning, clinical trial cohort selection, and risk prediction in pre-symptomatic 

populations. The integration of explainability techniques further supports clinical trust by enabling interpretable insights into 

both imaging and clinical feature contributions. 

5.10 Summary of Achievements 

The proposed system successfully learned meaningful multimodal representations from MRI and clinical data and 

implemented attention-driven fusion for adaptive modality weighting. It effectively addressed severe class imbalance in 

progression prediction and achieved stable convergence through a staged training approach. Furthermore, the framework 

demonstrates the feasibility of scalable medical AI deployment using cloud-based infrastructure. 

http://www.ijcrt.org/


www.ijcrt.org                                                       © 2026 IJCRT | Volume 14, Issue 7 July 2026 | ISSN: 2320-2882 

IJCRTBX02050 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org 502 
 

 
6 Conclusion 

This work presented a multimodal deep learning framework for multi-class Alzheimer’s disease progression prediction by 

integrating structural MRI and clinical features using an attention-based fusion mechanism. The proposed architecture employed 

dedicated modality-specific encoders and a staged training strategy that initially stabilized learning by freezing the MRI encoder 

and subsequently enabled end-to-end multimodal optimization, improving training stability and feature learning. To address the 

inherent class imbalance in longitudinal clinical datasets, weighted sampling and cost-sensitive loss functions were incorporated, 

ensuring improved sensitivity toward minority progression categories. 

Experimental results  demonstrated  stable convergence, meaningful modality weighting and improved  macro F1-score 

performance compared to conventional unimodal learning approaches.  The learned attention patterns confirmed the dominant  

contribution  of neuroimaging  biomarkers  while retaining the complementary role of  clinical attributes. The integration  of 

explainable artificial intelligence techniques further  enhances transparency by enabling interpretation of both imaging and 

clinical feature contributions which makes the proposed system a  clinically relevant and computationally efficient 

solution for early progression modelling, patient stratification and decision support in longitudinal Alzheimer’s disease 

analysis. 
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