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Alzheimer's disease (AD) is a neurodegenerative disorder that strikes millions of people 

globally. Classification that is both accurate and early-stage is key to successful 

intervention and treatment planning. In this paper, AlzFusionNet, a multimodal deep 

learning model fusing MRI features with clinical information for enhanced AD 

classification, is proposed. EfficientNet-B7 is used as the backbone of the model to 

extract MRI features, and PCA is used to decrease the dimensionality of clinical 

information. A fusion layer merges both modalities for four-stage classification: Non- 

Demented, Very Mild Demented, Mild Demented, and Moderate Demented. 

Experimental outcomes prove that AlzFusionNet outperforms single-modality models 

in terms of accuracy (96.8%). The results underscore the advantages of multimodal 

integration for AD classification. 
 

 

 

1. Introduction 

Alzheimer's disease (AD) is an irreversible 

progressive neurodegenerative illness with loss of 

memory, cognition, and alterations in behavior. AD 

is a cause of greatest dementia and has touched 

millions of lives worldwide. Disease progression is 

followed by devastating impairment of the 

functions, catastrophically degrading the patient's 

and caregiver's life quality. Since AD is not 

reversible, accurate and timely classification of its 

stages of progression is vital to ensure timely 

medical intervention, individualized treatment 

planning, and better patient outcomes [1]. 

Magnetic Resonance Imaging (MRI) has been 

extensively employed for the diagnosis and 

monitoring of AD progression since it can identify 

structural and functional alterations in the brain. 

Traditional machine learning and deep learning 

approaches have been applied in MRI- based AD 

classification [14, 16], with promising 

performance. Yet, most of them are built upon 

MRI features only, which hinders their 

interpretability  and  diagnostic  potential.  One- 

modal strategy might not be able to capture the 

intricate relationship between clinical variables and 

neuroimaging biomarkers and provide suboptimal 

classification performance. 

To overcome these shortcomings, this work 

proposes AlzFusionNet, a new multimodal deep 

learning-based framework that fuses MRI features 

with clinical information for improved 

classification accuracy. By combining imaging 

biomarkers with other clinical markers such as 

cognitive scores, genetic markers, and demographic 

data, AlzFusionNet seeks to offer a better 

evaluation of AD progression. The new model 

takes advantage of sophisticated fusion techniques 

to jointly process multimodal inputs to produce a 

more detailed representation of disease features 

[20]. 

The major contributions of this research are: 

 

● Multimodal Integration: The establishment 

of a fusion-based deep learning model that 

uses MRI and clinical data for enhanced 

classification accuracy. 
● Improved Interpretability: Leverage of 
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complementary information across 

different modalities, the model provides a 

more transparent and clinically more 

relevant decision-making process. 

● Better Classification Accuracy: The 

proposed approach aims to address the 

limitation of traditional single-modal 

classifiers, with greater accuracy in 

differentiation between AD stages. 

This work demonstrates the potential of multimodal 

deep learning models in the task of disease 

classification task from neuroimaging, paving the 

way for more interpretable and efficient AD 

diagnosis. 

 

2. Related Work 

Previous work on Alzheimer's disease (AD) and 

mild cognitive impairment (MCI) classification has 

explored single-modality approaches based on 

imaging, genetic, or clinical data. However, 

multisource fusion has proven to be superior in 

utilizing complementary information from multiple 

sources. 

Alzheimer's disease (AD) classification has long 

been explored using deep learning and machine 

learning approaches to imaging, genetic, and 

clinical information. Early studies generally used 

single-modality approaches, i.e., MRI-based 

classification, but improved multimodal data fusion 

over recent years has substantially increased 

diagnostic precision. 

A study employing the VGG16 deep learning 

architecture demonstrated its efficacy in extracting 

fine features from PET and MRI scans, with 

Support Vector Machines (SVM) achieving 84% 

accuracy in AD classification. This demonstrates 

the viability of feature extraction with assistance 

from deep learning in identifying subtle AD- 

related patterns from neuroimaging data [5]. Deep 

learning-based diagnostic model for multi-stage AD 

was suggested by another study, using demographic 

data, neuropsychological tests, neuroimaging, and 

functional tests. The result showed that the deep 

learning-based diagnostic model was better than 

human neurologists and neuroradiologists in the 

detection of different stages of dementia, 

establishing the appropriateness of computational 

models as clinical decision support [6]. 

Machine learning techniques applied to longitudinal 

brain MRI traits have also contributed to AD 

diagnosis. A system that employed six different 

supervised classifiers demonstrated that gradient 

boosting performed best with an accuracy of 

97.58%, which means including demographic 

information and pre-existing conditions enhances 

classifier performance [7]. Moreover, multimodal 

deep learning models with combined structured 

clinical data have been seen to surpass unimodal 

models. Studies using cross-modal attention 

mechanisms for integrating genetic, imaging, and 

clinical data have achieved 96.88% accuracy in 

classification, underlining the importance of 

multimodal feature fusion for proper AD 

diagnosis. 

Previous studies on AD and MCI classification 

have taken into account single-modality approaches 

with imaging, genetic, or clinical data. These have 

been surpassed by the integration of multiple 

modalities with better performance based on 

complementary information from different 

sources. A study employing stacked denoising 

autoencoders for clinical and genetic data and 3D- 

CNNs for MRI scans demonstrated that deep 

learning models outperformed traditional classifiers 

such as support vector machines (SVMs), decision 

trees, and k-nearest neighbors. Multimodal data 

fusion enhanced classification accuracy, precision, 

and recall and identified hippocampus, amygdala, 

and RAVLT scores as important diagnostic features 

[6]. 

A work founded on stacked denoising autoencoders 

implemented on clinical and genomic data and 3D- 

CNN implemented on MRI images proved that 

deep models perform better than conventional 

classifiers like SVM, decision trees, and k-nearest 

neighbors. Multimodal data integration led to a 

strong improvement in the accuracy, recall, and 

precision of classification and revealed 

hippocampus, amygdala, and RAVLT scores as 

major diagnostic markers [1]. Another deep 

learning approach employed multimodal recurrent 

neural networks (RNNs) to predict MCI conversion 

to AD, utilizing longitudinal cerebrospinal fluid 

(CSF) biomarkers, cognition scores, and 

neuroimaging. The model was 81% precise and 

achieved AUC of 0.86, better than single-modality 

methods, and emphasizing the role of temporal 

information in predicting disease progression 

[2]. 

A multimodal model known as MADDi used cross- 

modal attention mechanisms to capture interactions 

between imaging, genetic, and clinical features. The 

model accurately classified MCI, AD, and controls 

to the extent of 96.88%, proving that cross-modal 

attention enhances feature representation and 

stability of classification [3]. The combination of 

structural magnetic resonance imaging (sMRI) and 

functional magnetic resonance imaging (fMRI), 

investigations have been found to be capable of 

enhancing AD stage classification through the 

utilization of sophisticated feature extraction 

methods like 3DResNet-10 and kernel canonical 
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correlation analysis (KCCA). The integrated 

models that combined the two nonlinear textures 

and classical image biomarkers were capable of 

discriminating better between control, MCI, and 

AD patients [4, 14]. 

Machine learning (ML) algorithms have been 

greatly applied to AD classification based on 

imaging and clinical biomarkers in order to 

maximize diagnosis. In an experiment, a five-stage 

ML pipeline with feature selection procedures was 

used such that Random Forest (RF) [13, 15] 

provided optimal AD classification performance in 

the context of the OASIS MRI data. Including 

MMSE, CDR, and ASF scores was found to boost 

predictive power. Our AlzFusionNet builds upon 

these advances by combining deep learning-based 

MRI feature extraction with clinical data fusion for 

improved AD detection [8, 19]. 

Deep learning has recently enhanced medical image 

classification. State-of-the-art convolutional neural 

network EfficientNet-B7 has shown promising 

performance in image-based disease detection. 

Multimodal methods based on MRI and clinical 

features [18] are also investigated to improve 

diagnostic accuracy. State-of-the-art models are, 

however, hampered by data heterogeneity, high 

dimensionality, and poor interpretability. Our 

approach addresses these problems with feature 

fusion and interpretable deep learning techniques 

[8]. Multimodal deep learning has been applied in 

recent studies to classify Alzheimer's disease (AD) 

from structural MRI (sMRI) and diffusion tensor 

imaging (DTI). In one study employing the OASIS- 

3 dataset, an input-agnostic deep learning model 

was proposed that combined both imaging 

modalities to achieve 96% accuracy. This is more 

flexible in diagnosis than traditional multimodal 

approaches. Our suggested AlzFusionNet builds on 

this idea by combining MRI-based features with 

clinical information to improve classification 

accuracy and stability [9, 11]. 

Deep learning has proven to be superior to 

conventional machine learning in classification of 

AD from multimodal neuroimaging data. A review 

of deep learning for diagnosis of AD indicated that 

CNN and RNN-based models [17, 19] were up to 

96% accurate whereas hybrid models integrating 

stacked auto-encoders (SAE) with conventional ML 

were 98.8% accurate. The best accuracy was 

achieved when multimodal neuroimaging and fluid 

biomarkers were integrated. Our suggested 

implementation, AlzFusionNet, builds on these 

results by fusing MRI- based deep learning features 

with clinical data to improve classification accuracy 

further. [10, 12, 21, 22]. 

Our suggested AlzFusionNet builds on these 

advances with the use of EfficientNet-B7 for 

feature extraction from MRI and PCA for 

processing clinical data. Our deep learning strategy 

based on fusion will enhance classification 

outcomes and support multimodal models of AD 

diagnosis. 

Deep learning has made substantial advances in 

medical image classification within the last couple 

of years. EfficientNet-B7, one of the leading- 

performing convolutional neural networks, has 

exhibited enormous potential in detecting diseases 

through imaging. Multimodal approaches 

combining MRI and clinical features have also been 

explored to enhance diagnostic performance. But 

current models are challenged by variability in data, 

high dimensionality, and poor interpretability. Our 

solution overcomes these drawbacks using feature 

fusion and explainable deep learning 

methodologies. 

 

3. Methodology 

3.1 Dataset Details 

MRI Images: Best Alzheimer's MRI Dataset 

(Kaggle) and ADNI Dataset. 

 

● Classes: Non-Demented, Very Mild 

Demented, Mild Demented, Moderate 

Demented. 

● Preprocessing: Resizing (224×224), 

normalization, and augmentation. 

Clinical Data: Kaggle Dementia Classification 

Dataset & ADNI. 

● Features: MMSE, CDR, and demographic 

data. 

● Preprocessing: Handling missing values, 

normalization, PCA for dimensionality 

reduction. 

 

3.2 Model Architecture 

 

The proposed AlzFusionNet architecture combines 

MRI imaging and clinical information through a 

sequence of computational operations to improve 

Alzheimer's disease classification. The architecture 

includes the following elements: 

 

1. MRI Feature Extraction: 

EfficientNet-B7, a high-performance feature 

extraction-tuned CNN, is used to process the MRI 

images. The network learns deep structural 

information and spatial patterns of MRI scans in 

order to achieve effective representation learning. 

2. Clinical Data Preprocessing: 

Clinical  features  like  cognitive  scores  and 
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demographic features are analyzed by applying 

Principal Component Analysis (PCA) for reducing 

the dimension with maintaning necessary 

information. Redundancy is removed and the 

model becomes efficient. 

 

3. Dense Layer Transformation: 

The transformed clinical features are passed 

through dense layers that are completely connected 

to learn high-level representations of the features. 

Important patterns in clinical information are 

preserved prior to fusion by this process. 

 

4. Feature Fusion Layer: 

Clinical information is converted and MRI features 

obtained are concatenated in order to formulate a 

merged multimodal feature representation. The 

combination allows the model to take advantage of 

complementary information from the two 

modalities towards improved classification 

performance. 

 

5. Classification Layer: 

The combined features are input into multiple fully 

connected layers which lead to a Softmax 

activation function towards multi-class 

classification into one among four stages of AD 

development. 

 

Mathematical Model 

Mathematically, the feature fusion and 

classification process is defined as follows: 

Let X_MRI be the feature vector from 

EfficientNet-B7, and X_Clinical be the 

feature vector from PCA. The fusion 

representation is calculated as: 

𝑋𝑓𝑢𝑠𝑖𝑜𝑛 = 𝑓(𝑋𝑀𝑅𝐼 ) ⊕ 𝑔(𝑋𝐶𝑙𝑖𝑛𝑖𝑐𝑎𝑙) 

where 𝑓(⋅) and 𝑔(⋅) are transformation functions 

(e.g., fully connected layers), and represents 

concatenation. 

The final prediction is calculated as: 

𝑦̂ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊 𝑋𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏) 

where 𝑊 and 𝑏 are trainable weights and biases. 

Training Setup 

● Frameworks & Tools: Python, 

TensorFlow/Keras, NumPy, Pandas, scikit- 

learn. 

● Optimizer: Adam (learning rate = 10⁻⁴). 

● Loss Function: Categorical Cross-Entropy. 

● Batch Size: 32. 

● Epochs: 50. 

● Hardware: Google Colab with NVIDIA 

Tesla T4 GPU. 

 

4. Experimental Results 

4.1 Performance Metrics 

 

The proposed AlzFusionNet was compared with a 

single-modality EfficientNet-B7 model trained 

solely on MRI data. The results are compiled in 

Table 1. 

 

4.2 Visualization and Analysis 

 

In order to analyze the performance of 

AlzFusionNet, we provide a comparative study 

with EfficientNet-B7 over major classification 

metrics through bar graphs. The graphical 

representation facilitates an easier comprehension 

of the enhancements gained by fusing both MRI 

and clinical data. 

Figure 1 presents a bar graph contrasting 

EfficientNet-B7 (MRI-alone) and AlzFusionNet 

(MRI + Clinical Data) performance across primary 

classification metrics. Multimodal learning is 

superior, as evidenced by AlzFusionNet's 96.8% 

accuracy, which is significantly higher than 

EfficientNet-B7's 91.5%. AlzFusionNet also shows 

improvements in precision, recall, and F1-score, 

indicating higher classification reliability. 

Additionally, AlzFusionNet exhibits greater 

discriminability, as evidenced by its ROC-AUC 

value of 98.2%, which is significantly higher than 

that of EfficientNet-B7 (92.0%). AlzFusionNet's 

improved performance outperforms the complexity, 

but at slightly higher processing requirements (8.0 

hours, 68.9M parameters) than EfficientNet-B7 

(6.5 hours, 66.4M parameters). 

Moreover, AlzFusionNet's 98.2% ROC-AUC 

unequivocally indicates that it possesses a higher 

discriminability than EfficientNet-B7, which is 

92.0% ROC-AUC. The improved performance is 

well worth the slight increase in computational cost 

(8.0 hours, 68.9M parameters) over EfficientNet- 

B7 (6.5 hours, 66.4M parameters). Figure 2 shows 

yet another bar plot visualizing feature importance 

in AlzFusionNet, with a representation of relative 

contributions of various input features in the 

process of classification. From the analysis, it 

appears that MRI features are the most important 

(65%), validating their preeminence in the 

detection of Alzheimer's disease. But clinical 

features also play a major role, with MMSE Score 

(15%) and CDR Score (12%) being the major 

factors. Other features like age (5%) and education 



Dhwani Modi, Seema Mahajan/ IJCESEN 11-3(2025) 6651-6658 
 

6655  

 

level (3%) have comparatively smaller but 

significant roles to play. 

These visual inspections verify that the use of 

clinical data in combination with MRI scans 

enhances predictive precision and offers a stronger 

classification method for Alzheimer's disease 

discovery. The results highlight the effectiveness 

of multimodal learning in medical diagnosis and 

propose the inclusion of varied sources of data to 

result in improved decision-making within deep 

learning-based classification models. 

 

4.3 Model Advantages 

 

Combining MRI and clinical information 

enhances interpretability and classification 

accuracy. AlzFusionNet solves some of the 

challenges in Alzheimer's disease classification: 

 

1. Multimodal Integration: 

● By fusing high-resolution MRI imaging 

with clinical biomarkers, the model 

develops an extensive feature space that 

enriches decision-making. 

 

● This integration avoids the limitations of 

single-modality models, which can fail to 

capture essential diagnostic information. 

 

2. Managing Data Variability: 

● MRI images and clinical information 

tend to have inter-patient variability, 

which can result in inconsistencies. 

● Preprocessing steps like normalization, 

data augmentation, and PCA 

dimensionality reduction aid in a 

standardized representation of the data, 

thereby enhancing generalizability. 

  3. High Dimensionality Issues: 

● High clinical data dimension can cause 

the curse of dimensionality, which will 

degrade model performance. 

● PCA simplifies redundant features and 

only uses the most representative ones, 

so computational efficiency increases. 

 

3. Better Generalization Capability: 

● The fusion process of features provides the 

ability of the model to generalize across 

heterogeneous patient populations. 

● Regularization methods like dropout and 

batch normalization avoid overfitting, 

enhancing robustness. 

 

4. Explainability & Interpretability: 

● AlzFusionNet's modular structure, in 

contrast to black-box deep learning 

models, enables more interpretability of 

model choices. 

● Feature importance analysis may assist 

clinicians in understanding the 

contribution of various MRI regions and 

clinical variables towards the ultimate 

diagnosis. 

 

5. Scalability & Efficiency: 

 

● EfficientNet-B7 optimizes the model, 

providing high accuracy with reduced 

parameters, thereby minimizing 

computational expense. 

● Although it is a multimodal method, 

AlzFusionNet has comparable training and 

inference times to those of single-modality 

deep learning models. 

 

 

 

Figure 1: Proposed Architecture 
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Table 1: Performance Comparison of EfficientNet-B7 and AlzFusionNet for Multistage Alzheimer’s Disease 

Classification. 

 

Metric EfficientNet-B7 (MRI Only) Proposed AlzFusionNet (MRI + 

Clinical Data) 

Accuracy (%) 91.5 96.8 

Precision (%) 89.2 95.7 

Recall (%) 90.1 97.3 

F1-Score (%) 89.6 96.5 

ROC-AUC (%) 92.0 98.2 

Training Time (hrs) 6.5 8.0 

Parameters (Millions) 66.4 68.9 

Multimodal Support No Yes 

 

Table 2: Stage classification and related parameters. 

Stage Classification Binary (Demented/Non- 
Demented) 

Four Stages 

Interpretability Limited (Image-only features) Improved (MRI + Clinical 

insights) 

 

 

 

Figure 2: Efficient-B7 vs AlzFusionNet 

 

Figure 3: Alzfusion Net feature importance 
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4. Conclusions 

In this paper, we present AlzFusionNet, a new 

multimodal deep learning network that efficiently 

combines MRI images with clinical information for 

AD classification. Experimental results showed that 

combination of MRI- based features with clinical 

features can greatly improve classification 

accuracy, yielding 96.8% accuracy compared to 

conventional single-modality models. The proposed 

method highlights the power of deep learning- 

powered multimodal analysis in early and accurate 

AD diagnosis. Future studies can investigate the 

use of more biomarkers and explainable AI 

methods to enhance interpretability and clinical 

uptake further. The results of this study open the 

door for more sophisticated, robust, and affordable 

AI-based diagnostic tools for neurodegenerative 

disorders. 
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