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Abstract: Early and accurate detection of Alzheimer's Disease (AD) is critical for effective intervention, a task where traditional methods often 

fall short. This paper presents a multimodal deep learning framework to address this diagnostic challenge. A hybrid model combining a 

Convolutional Neural Network (CNN) to extract spatial features from Magnetic Resonance Imaging (MRI) scans and a Recurrent Neural 

Network (RNN) to analyze temporal patterns from cognitive assessment data. By fusing these features, the model achieves a more robust 

classification. Trained on a public dataset, the system classifies AD into four stages (Normal, Mild, Moderate, and Severe) with a validation 

accuracy of 0.99, demonstrating high precision and recall. This work highlights the potential of hybrid AI models as a powerful diagnostic 

support tool for clinicians, significantly improving early AD detection. 
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1   INTRODUCTION 

 

Alzheimer's Disease is a progressive neurodegenerative disorder that represents a significant global health challenge, affecting 

millions of individuals worldwide. It is primarily characterized by a gradual decline in cognitive function, memory loss, and the 

erosion of functional independence. The critical window for effective intervention lies in the disease's nascent stages, such as Mild 

Cognitive Impairment (MCI) [1]. However, traditional diagnostic protocols, which rely on neuropsychological testing and clinical 

evaluation, often fail to provide a definitive diagnosis until the disease has advanced to a point where therapeutic interventions 

offer limited benefits. This diagnostic delay underscores the urgent need for innovative, sensitive, and reliable methods capable of 

identifying Alzheimer's at its earliest onset, thereby enabling timely treatment planning and potentially slowing its devastating 

progression. To address the limitations of conventional diagnostics, the field of medical informatics has increasingly turned to 

Artificial Intelligence (AI) and deep learning [2].  

 

These advanced computational techniques possess a remarkable ability to discern subtle, complex patterns within large-scale 

biomedical data that may be imperceptible to human observers. This research leverages a multimodal deep learning approach, 

which posits that integrating data from multiple sources can yield a more comprehensive and accurate diagnostic model than any 

single modality alone [3]. A novel hybrid architecture that combines a Convolutional Neural Network to analyze spatial 

information from structural Magnetic Resonance Imaging (MRI) scans with a Recurrent Neural Network to interpret temporal 

patterns in sequential behavioral and cognitive data.  

 

This paper introduces a robust framework for the early detection and classification of Alzheimer's Disease across four 

distinct stages: Normal, Mild, Moderate, and Severe [4]. By synergistically fusing features from both neuroimaging and 

behavioural assessments, the model aims to enhance diagnostic accuracy and provide a more holistic view of the patient's 

condition. The detail the architecture of the hybrid CNN-RNN model, describe the training and validation process on a publicly 

available dataset, and present experimental results that demonstrate its superior performance [5]. Ultimately, this work 

highlights the potential of multimodal AI systems to serve as a powerful diagnostic support tool, assisting clinicians in making 

earlier and more informed decisions in the management of Alzheimer's Disease [6]. 
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2   LITERATURE REVIEW 

 

Alzheimer’s Disease is one of the most prevalent neurodegenerative disorders affecting millions of elderly individuals 

worldwide. Early diagnosis plays a critical role in slowing disease progression and improving patient quality of life. However, 

conventional diagnostic approaches such as clinical cognitive testing and manual interpretation of neuroimaging scans often fail 

to detect subtle structural and functional changes during the early stages of the disease. As a result, researchers have increasingly 

explored artificial intelligence (AI) and deep learning techniques to develop automated and reliable diagnostic systems capable of 

identifying Alzheimer’s Disease at its earliest onset [1]. 

 

Recent advancements in deep learning have significantly improved the analysis of neuroimaging data, particularly Magnetic 

Resonance Imaging (MRI) and Positron Emission Tomography (PET) [2]. Convolutional Neural Networks  have demonstrated 

strong capability in extracting spatial features from MRI images and identifying structural abnormalities associated with 

neurodegeneration. Several studies have shown that CNN-based architectures can effectively distinguish between normal controls, 

Mild Cognitive Impairment (MCI), and Alzheimer’s Disease patients with high classification accuracy. These methods have 

reduced reliance on manual feature extraction and enabled automated detection systems capable of supporting clinical diagnosis 

[3]. 

 

Beyond single-modality imaging approaches, researchers have increasingly recognized the importance of multimodal learning 

techniques that integrate information from multiple sources such as MRI scans, PET images, and clinical cognitive assessment 

scores. Multimodal frameworks improve diagnostic accuracy by capturing complementary structural, metabolic, and behavioral 

characteristics of the disease [4]. For example, recent studies have proposed deep learning architectures that combine MRI and 

PET modalities using feature-level fusion strategies to enhance classification performance across different disease stages. These 

approaches demonstrate that integrating heterogeneous biomedical data significantly improves model robustness compared to 

unimodal techniques [5]. 

 

Transformer-based architectures have also emerged as powerful alternatives to traditional convolutional models in 

neuroimaging applications [6]. Vision Transformer-based models enable long-range dependency learning and global feature 

extraction from brain imaging data, which improves classification accuracy in Alzheimer’s Disease detection tasks. Hybrid CNN-

Transformer architectures further enhance performance by combining local feature extraction capabilities of CNNs with the global 

attention mechanisms of transformer networks [7]. Such hybrid models have achieved promising results in classifying different 

stages of Alzheimer’s Disease using three-dimensional MRI datasets. 

 

Another important direction in recent research involves integrating longitudinal cognitive assessment data with neuroimaging 

features using sequential deep learning models. Recurrent Neural Networks, particularly Long Short-Term Memory (LSTM) 

networks, are well suited for analysing temporal behavioural patterns associated with progressive cognitive decline [8]. Several 

studies have demonstrated that combining spatial brain imaging features with sequential cognitive assessment scores enables more 

accurate prediction of disease progression compared to static imaging-only approaches. These models capture the dynamic nature 

of Alzheimer’s Disease and provide improved predictive capability for early detection [9]. 

 

In addition to CNN and RNN architectures, multimodal fusion strategies based on attention mechanisms have shown significant 

promise in improving classification performance. Attention-based multimodal networks selectively emphasize the most 

informative features from different modalities, allowing the model to focus on disease-relevant regions of brain images and 

important behavioural indicators simultaneously [10]. These approaches improve interpretability while maintaining high 

classification accuracy, making them suitable for clinical decision-support systems. 

 

Federated learning frameworks have also recently been introduced to address data privacy challenges associated with medical 

imaging datasets. Since patient data are often distributed across multiple hospitals and research institutions, federated multimodal 

learning enables collaborative model training without sharing sensitive data directly [11]. This approach improves model 

generalization while maintaining compliance with privacy regulations, making it highly suitable for real-world healthcare 

deployment scenarios. The lightweight multimodal neural networks have been proposed to reduce computational complexity and 

enable deployment in resource-constrained environments such as portable diagnostic systems and clinical edge devices. These 

architectures maintain competitive performance while reducing model size and inference time, thereby improving practical 

usability in healthcare applications [12]. 
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3   PROPOSED SYSTEM 

 

To address the challenge of early AD detection, NEUROVISION-AI is proposed, which is a multimodal deep learning system 

designed to classify the disease into four distinct stages: Normal, Mild, Moderate, and Severe. The system architecture follows a 

structured pipeline from data processing to classification. 

 

3.1. Data Acquisition and Preprocessing 

 

The proposed model is trained using a publicly available multimodal dataset obtained from Kaggle. The dataset includes 

structural MRI brain scans along with corresponding cognitive assessment scores representing different stages of Alzheimer’s 

Disease progression. Before feeding the data into the learning framework, preprocessing is performed separately for both 

modalities to ensure consistency and improve model performance. 

 

• MRI Scan Preprocessing: MRI images are resized to a uniform resolution and normalized to standardize pixel intensity 

values. Normalization improves convergence during model training and ensures stable learning behaviour across different 

samples. Min–Max normalization is applied to scale pixel values into the range [0, 1], expressed as: 

 

𝑋𝑛𝑜𝑟𝑚 =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
           (1) 

 

where 𝑋represents the original pixel value, and 𝑋𝑚𝑖𝑛and 𝑋𝑚𝑎𝑥denote the minimum and maximum pixel values of the image 

respectively. 

 

• Cognitive Data Preprocessing: The sequential behavioural and cognitive assessment data are cleaned and converted 

into numerical representations suitable for temporal modelling. Tokenization and normalization techniques are applied to 

transform raw cognitive responses into structured sequences that can be effectively processed by the Recurrent Neural 

Network module. 
 

3.2. Multimodal Feature Extraction 

 

The proposed NEUROVISION-AI architecture employs two parallel deep learning pathways to extract discriminative 

features from different data modalities. 

 

• CNN for Spatial Feature Extraction: A Convolutional Neural Network  is used to process MRI scans and automatically 

learn hierarchical spatial features representing structural brain abnormalities associated with Alzheimer’s Disease. The 

convolutional layers capture low-level features such as edges and textures, while deeper layers extract high-level 

representations related to disease-specific anatomical variations. Pooling layers reduce dimensionality and help preserve 

essential spatial information. 

 

• RNN for Temporal Feature Extraction: A Recurrent Neural Network is employed to process sequential cognitive 

assessment data and model temporal dependencies associated with progressive cognitive decline. Unlike conventional 

feedforward networks, RNNs maintain memory of previous inputs, enabling the system to capture variations in 

behavioural patterns across time. This temporal modelling capability enhances classification accuracy by incorporating 

longitudinal cognitive trends. 

 

3.3. Feature Fusion and Classification 

 

After extracting spatial features from MRI images using CNN and temporal features from cognitive sequences using RNN, 

both feature vectors are combined through a feature-level fusion strategy. The fused representation provides complementary 

structural and behavioural information describing disease progression more comprehensively. The combined feature vector is then 

passed through fully connected dense layers that perform multimodal integration and classification. The final output layer applies 

a SoftMax activation function to convert logits into probability values representing the likelihood of each disease stage. 

For an input sample, the probability of belonging to class 𝑖is calculated as: 

 

𝑃(𝑐𝑙𝑎𝑠𝑠𝑖) = 𝜎(𝑧𝑖) =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗

𝐾

𝑗=1

           (2) 

 

where 𝑧𝑖 represents the output score corresponding to class 𝑖, and 𝐾denotes the total number of classes (four in this case). The 

class with the highest probability is selected as the final prediction. 
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3.4. Evaluation Metrics 

 

The performance of the proposed NEUROVISION-AI model is evaluated using standard classification metrics derived from 

the confusion matrix. These include Accuracy, Precision, Recall (Sensitivity), and F1-Score, which collectively measure 

classification effectiveness across all disease stages. 

Accuracy is defined as: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
            (3) 

 

Precision measures the proportion of correctly predicted positive observations: 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
            (4) 

 

Recall (Sensitivity) represents the fraction of actual positive samples correctly identified: 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
             (5) 

 

The F1-Score provides a harmonic balance between Precision and Recall: 

 

𝐹1-𝑆𝑐𝑜𝑟𝑒 =
2×𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
           (6) 

 

These evaluation metrics ensure a comprehensive assessment of the classification performance across all Alzheimer’s Disease 

stages. Fig. 1 shows the architecture of the proposed Alzheimer’s disease detection system. 

 

 
Fig. 1. Architecture of the proposed Alzheimer’s disease detection system 

 
4   RESULTS AND DISCUSSION 

 

The proposed NEUROVISION-AI model demonstrated exceptional performance in classifying the four stages of Alzheimer’s 

Disease. The experiments culminated in an overall validation accuracy of 99%, indicating a high degree of reliability in 

distinguishing between Normal, Mild, Moderate, and Severe cases. The detailed classification report further substantiates this, 

showing consistently high precision, recall, and F1-scores across all four classes. This robust performance validates the hypothesis 

that fusing multimodal data surpasses the capabilities of single-modality approaches. Analysis of the model's training progression 

reveals excellent stability and generalization. The training and validation accuracy and loss curves are closely aligned, which 

indicates that the model learned effectively without significant overfitting. This stability is critical for ensuring its reliability for 

clinical use. 
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Fig. 2. Training and Validation Loss Curves 

 

Fig. 2 illustrates the variation in training and validation loss across epochs during model training. The x-axis represents the 

number of epochs, while the y-axis indicates the corresponding loss values. The training loss shows a steep decline in the initial 

epochs and stabilizes thereafter, demonstrating effective learning by the model. The validation loss closely follows the training 

trend, indicating minimal overfitting and good generalization performance. 

 

Fig. 3. Validation Accuracy Curve 

 

The graph in Fig. 3 displays the validation accuracy of the model across training epochs. The x-axis represents the number of 

epochs, while the y-axis represents the validation accuracy (in percentage). The curve shows a rapid increase in accuracy during 

the initial epochs, followed by stabilization near 99%, indicating that the model achieves high performance with consistent 

accuracy over training iterations. 

 

Table 1. Model Performance Comparison 

Model Input Accuracy F1-score AUC 

CNN (MRI only) MRI 94% 0.92 0.95 

RNN (Cognitive only) Cognitive Data 90% 0.89 0.91 

Hybrid CNN- RNN (Proposed) MRI+ Cognitive 99% 0.98 0.99 

 

Table 1 shows the model performance comparison in which the hybrid approach achieved 99% accuracy, 0.98 F1-score, and 

0.99 AUC. In comparison, the CNN-only model achieved 94% accuracy with an F1-score of 0.92 and an AUC of 0.95, while the 

RNN-only model achieved 90% accuracy with an F1-score of 0.89 and an AUC of 0.91. These results clearly demonstrate that 

combining spatial MRI features with temporal cognitive assessment data significantly improves classification performance. A 

closer look at the confusion matrix reveals near-perfect classification for the Normal, Mild, Moderate, and Severe stages, with 

high values concentrated along the diagonal. The model correctly classified 205 'Normal', 489 'Mild', and 89 'Severe' cases in the 

validation set. A minor area for improvement was noted in the 'Moderate' class, where only 5 out of 31 cases were misclassified. 

This is a strong result, and these few misclassifications may be attributed to the subtle features that can overlap between disease 

stages. 
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Fig. 4. Model Performance on Four-Stage Alzheimer's Classification 

 

The confusion matrix in Fig. 4 details the model's classification performance across the four stages: Normal, Mild, Moderate, 

and Severe. The results show exceptional accuracy, with predictions heavily concentrated on the diagonal. The model achieved 

perfect classification for the 'Normal', 'Mild', and 'Severe' classes. The only error was the misclassification of 5 'Moderate' cases 

as 'Normal,' a clinically plausible result given the subtlety between stages. Overall, the matrix confirms the model's high fidelity 

and robust ability to distinguish between the different phases of Alzheimer’s Disease. The overwhelmingly positive results support 

the potential of NEUROVISION-AI as a powerful diagnostic support tool to aid neurologists in making early and accurate 

diagnoses. 

 

5   CONCLUSION 

 

This paper presented NEUROVISION-AI, a multimodal deep learning framework designed for the early detection and 

classification of Alzheimer’s Disease using structural MRI scans and cognitive assessment data. By integrating a Convolutional 

Neural Network for spatial feature extraction and a Recurrent Neural Network for temporal pattern analysis, the proposed system 

effectively captured both structural brain changes and behavioural variations associated with disease progression. The 

experimental results demonstrated a high validation accuracy of 99%, along with strong precision, recall, and F1-score across all 

four stages: Normal, Mild, Moderate, and Severe. The fusion of multimodal data significantly improved classification performance 

compared to single-modality approaches. These results highlight the potential of the proposed system as a reliable clinical decision-

support tool for early diagnosis and monitoring of Alzheimer’s Disease progression. Future work will focus on evaluating the 

model on larger datasets and integrating additional clinical parameters to further enhance robustness and real-world applicability. 
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