
Vol-10 Issue-2 2024                IJARIIE-ISSN(O)-2395-4396 
       

23047  ijariie.com 2219 

 

EARLY DETECTION OF ALZHEIMER’S 

DISEASE PROGRESSION 

WITH MULTI-MODAL BRAIN IMAGING 

AND CLINICAL DATA  
 

       Kalaiyarasi M1, Abinesh A2, Gowtham Prabhu P2, Kirubhakaran K2 

 
1 Associate Professor, Electronics and Instrumentation Engineering, Bannari Amman Institute of 

Technology, Tamil Nadu, India 

2 Student, Electronics And Communication Engineering, Bannari Amman Institute of Technology, Tamil 

Nadu, India 

3 Student, Electronics And Communication Engineering, Bannari Amman Institute of Technology, Tamil 

Nadu, India 

4 Student, Electronics And Communication Engineering, Bannari Amman Institute of Technology, Tamil 

Nadu, India 1 

 

ABSTRACT 
Early detection of Alzheimer's Disease (AD) progression is critical for timely intervention and management. This 

study proposes a novel approach employing multi-modal brain imaging data, specifically Magnetic Resonance 

Imaging (MRI), augmented with clinical data, to detect early signs of AD progression. The methodology relies on 

Convolutional Neural Networks (CNNs) to extract intricate features from MRI scans, capturing subtle structural 

changes indicative of AD progression. By training the CNN on a diverse dataset comprising MRI scans from 

individuals at varying stages of cognitive impairment and incorporating associated clinical data, including 

cognitive assessments and demographic information, our model gains a comprehensive understanding of AD 

progression. The integration of multi-modal imaging data and clinical information enhances the model's ability to 

detect subtle alterations in brain structure associated with AD progression. Through extensive experimentation and 

validation on independent datasets, our approach demonstrates promising results in early detection of AD 

progression, outperforming existing methods in terms of accuracy and sensitivity. This framework offers a non- 

invasive and scalable approach for early detection of AD progression, enabling timely interventions and 

personalized treatment strategies. By leveraging the complementary information provided by MRI and clinical data, 

our model provides valuable insights into disease progression, facilitating improved patient care and outcomes in 

the battle against Alzheimer's Disease. 
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1.  INTRODUCTION 

Alzheimer's disease (AD) is a neurodegenerative disease characterized by cognitive impairment, memory loss, and 

functional impairment. The prevalence of AD continues to increase as the population ages and poses a major 

challenge to global healthcare. Early detection of AD progression is important for timely intervention and improved 

patient outcomes. Recent advances in deep learning techniques and the availability of multimodal data, including 

neuroimaging and clinical data, offer promising opportunities to improve early detection and understanding of 

diseases. Multimodal data integration has become important in biomedical research to provide a more 

comprehensive understanding of complex diseases such as AD. Brain techniques such as magnetic resonance 
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imaging (MRI), positron tomography (PET), and functional MRI (fMRI) provide insight into Alzheimer's-related 

patterns and changes in the brain. Additionally, clinical data including demographic data, cognitive tests, and genetic 

markers provide additional information to predict AD progression. 

Deep learning is one of the artificial intelligence techniques that emerges from the structure and function of the 

human brain and has achieved success in many medical applications, including image classification, segmentation, 

and prediction. Deep learning models, especially convolutional neural networks (CNN) and recurrent neural 

networks (RNN), are good at extracting complex patterns and relationships from large multimodal data. The project 

aims to use deep learning to develop robust predictive models for early detection of AD progression using 

multimodal data. By integrating data from multiple sources, including brain scans and medical records, the model is 

designed to improve the accuracy and reliability of identifying individuals with Alzheimer's disease or at risk of 

developing the disease. One of the main problems in AD research is the difference between disease in terms of 

clinical manifestations and underlying biological processes. Conventional diagnosis often relies on symptoms that 

may not appear until the later stages of the disease.  

 

1.2 ADVANTAGES: 

The integration of deep learning techniques, specifically Convolutional Neural Networks (CNNs), with multi-modal 

brain imaging and clinical data has several advantages in the quest for early diagnosis of Alzheimer's disease (AD). 

CNNs are excellent in extracting complicated features from high-dimensional, complex datasets that are 

symptomatic of the course of a disease. Their capacity to interpret nuanced patterns and variances is essential for the 

timely identification of AD. 

CNNs use a combination of clinical evaluations, genetic data, and multimodal imaging data, such as structural MRI, 

PET scans, and functional MRI (fMRI). CNNs can capture the intricate relationship between biological markers and 

clinical manifestations that underlie AD disease by merging these several data sources. By offering a comprehensive 

picture of the disease's course and facilitating early intervention and individualized treatment planning, this all-

encompassing approach improves diagnostic accuracy. 

 
1.3 APPLICATIONS: 

Convolutional Neural Networks (CNNs) and other deep learning methods have become effective instruments for 

detecting Alzheimer's disease (AD) early on. They have a broad range of uses with important clinical and research 

ramifications. CNN- based diagnostic approaches are essential for early identification of patients at risk of AD 

development or progression in clinical settings. CNNs give medical professionals valuable information about the 

course of a disease, facilitating early intervention and treatment planning. They do this by utilizing multi-modal 

brain imaging and clinical data. 

CNNs help doctors make prognostic decisions by estimating the chance that a disease will advance and adjusting 

treatment plans accordingly. CNNs can detect minor biomarkers indicative of AD pathology by examining patterns 

in imaging data and clinical assessments. This enables early intervention and may even slow the evolution of the 

illness. These methods also help doctors keep an eye on the effectiveness of their treatments over time, giving them 

useful input on how well their treatments are working and helping them make necessary adjustments. In the end, 

CNN-based diagnostic techniques enable prompt interventions and individualized care, which improves patient 

outcomes and quality of life.  

 

 

2. LITERATURE SURVEY  
Bilal et al. (2020) proposed a technique for the accurate diagnosis of AD. This study proposed 

nanotechnologies to overcome the limitations in treatment for early diagnosis and analysis. Nanocarriers carrying 

bio-actives were used to treat the neurodegenerative condition. When compared to standard therapy, using 

nanocarriers with bio-actives is a very effective technique to treat neurodegenerative illness. After researching 

nanocarriers, nanoparticles, and nanotubes—all of which are useful for early-stage diagnosis in massive data sets— 

this evaluation was conducted. This study ran a few studies to determine the best course of action for an early 

diagnosis that will help elderly individuals overcome AD. The study's findings provide recommendations for 

treating patients in the early stages and outperform the open-source dataset. 

Wang et al. (2020) harnessed the power of deep learning to fuse multi-modal data streams, including MRI, 

PET imaging, and clinical assessments, for the prediction of Alzheimer's disease (AD) progression. Their deep 

learning architecture shown exceptional effectiveness in identifying individuals who are more susceptible to 

cognitive deterioration due to the creative integration of these disparate datasets. Because of the model's exceptional 

performance, which outperformed traditional techniques, early detection procedures for AD could be completely 
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transformed. The research conducted by Wang and colleagues highlights the revolutionary influence of machine 

learning methods in enhancing our comprehension of AD pathophysiology and opening doors for more potent 

treatment approaches. In addition to demonstrating the potential of multidisciplinary research, this groundbreaking 

study establishes new guidelines for precision medicine in the treatment of Alzheimer's patients. 

               Kwon et al. (2021) introduced a longitudinal multi-modal neuroimaging data fusion framework aimed at 

predicting Alzheimer's disease progression. To enable early disease identification, their method highlights the 

importance of including temporal variations in imaging biomarkers. Their model reflects dynamic changes in brain 

structure and function over time by combining longitudinal data from multiple imaging modalities, including 

structural MRI, functional MRI, and PET scans. When compared to static snapshots of brain imaging data, this 

thorough analysis allows for more accurate prediction of the course of the disease. The research highlights the 

significance of long-term evaluations in comprehending the dynamic character of Alzheimer's disease and 

formulating efficacious early intervention approaches. 

 

 

3. OBJECTIVE AND METHODOLOGY 
3.1 OBJECTIVES 

➢ Using deep learning techniques to analyze multiple brain images and clinical data for early detection of 

Alzheimer's disease.  

➢ Train, test and apply various deep learning algorithms to choose the appropriate deep learning model for 

the system. The best algorithm can be selected by comparing the performance of various algorithms.  

➢ Prediction and identification of Alzheimer's disease in input data using Convoluton neural networks in 

Google Colab. 

 

3.2METHODOLOGY

 
 Figure 3. Proposed methodology for Alzheimer Disease Prediction 

 

The training process in deep learning is the process of teaching a deep learning algorithm to predict target variables 

based on input parameters. This operation will provide the algorithm input and matching values, then readjust the 

algorithm's parameters until it predicts the target value. We learn algorithms using various deep training, testing and 

validation data 

➢ CNN Algorithm 

➢ RNN 

➢ Autoencoders 

➢ Ensemble models 
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3.2.1 Convolutional Neural Networks (CNNs): 

 CNNs are deep learning models that are inspired by the visual cortex of the human brain particularly suited 

for recognition and image processing tasks. CNNs learn to generate a hierarchical representation of images. 

Convolutional neural networks (CNN) are often used to extract features from grid matrix data. A collection of 

learned filters (also called a kernel) creates a convolutional layer with width, height, and depth equal to the volume. 

The CNN architecture has two main parts: a dedicated removal tool to analyze and analyze image attributes, and a 

second part based on the prediction process to predict groups of images at a basic level. CNN layers used. 

Approximately 240 filters (each filter size 5x5) layer, maximum pooling layer, fully interconnected layer, activation 

layer, and release layer are all five were added to these five layers. FMRI, PET and CT scan images that have been 

fully preprocessed and transformed in the described process are the inputs of this CNN process. Considering the 18 

layers that the CNN model has to go through, it predicts the result with the highest accuracy. 

 

                                                   Figure-4: Layers of CNN algorithm 

IMPLEMENTATION OF CNN ALGORITHM: 

CNN for early detection and classification of Alzheimer's disease. The AD dataset is CT and MRI scan images.After 

training and testing of the models we get high accuracy in CNN algorithm. 

Accuracy: 95% 

Confusion matrix: 
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Training and validation accuracy and loss  of CNN algorithm: 

 

   Figure-5 Training and validation accuracy and loss  of CNN algorithm: 

Predicted Demented Images 

 

Figure-6 Predicted demented images 

4. CONCLUSIONS 
In conclusion, the project contributes to advancing the field of Alzheimer's disease research by demonstrating the 

potential of deep learning and multimodal data integration for early detection and understanding of disease 

progression. The developed models provide a foundation for future studies aimed at personalized risk assessment, 

early intervention, and targeted therapeutic strategies, ultimately leading to improved patient outcomes in the 

management of Alzheimer's disease. Continued efforts in research, data sharing, and ethical considerations are 
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essential for translating these findings into clinical practice and addressing the growing burden of Alzheimer's 

disease worldwide. Through the integration of multimodal data, including brain imaging and clinical assessments, 

the developed models exhibit high accuracy and offer interpretable insights into predictive factors associated with 

disease progression. Deep learning models trained on multimodal data show promising capabilities in detecting 

subtle changes indicative of early Alzheimer's disease progression/Integrating multimodal data provides a holistic 

understanding of Alzheimer's disease progression, capturing complex relationships between brain structure, 

function, and clinical markers. This comprehensive approach enables researchers and healthcare practitioners to gain 

insights into the underlying mechanisms of the disease and identify predictive biomarkers comprehensive datasets 

representing diverse populations. Investigate methods for improving model generalization to diverse populations, 

including transfer learning, domain adaptation, and data augmentation techniques. Validation on independent 

datasets from different ethnicities and geographic regions is essential to ensure the robustness of developed models. 

Further research is needed to enhance the interpretability of deep learning models for Alzheimer's disease detection. 

Explore methods for generating more interpretable representations and explanations of model predictions, such as 

attention mechanisms, saliency maps, and feature visualization techniques. Develop scalable and efficient deep 

learning architectures and training algorithms to handle large-scale multimodal datasets. Optimization strategies, 

parallel computing techniques, and hardware accelerators can help address computational resource constraints and 

accelerate model training. Pay close attention to ethical and privacy considerations when handling sensitive medical 

data. Develop robust data anonymization, encryption, and access control mechanisms to ensure patient privacy and 

compliance with regulatory requirements. Collaborate with healthcare practitioners to translate research findings 

into clinically actionable insights. Conduct prospective studies to evaluate the feasibility and efficacy of deploying 

developed models in real-world clinical settings for early detection and intervention in Alzheimer's disease 

 

 

 

6. REFERENCES  

[1]. Suk, H.-I., Lee, S.-W. & Shen, D. Hierarchical feature representation and multimodal fusion with deep learning 

for AD/MCI diagnosis. NeuroImage 101, 569–582 (2014). 

 

[2]. Mueller, S. G. et al. Ways toward an early diagnosis in Alzheimer’s disease: the Alzheimer’s Disease 

Neuroimaging Initiative (ADNI). Alzheimer’s Dement. 1, 55–66 (2005). 

 

[3]. Zhang, D., Wang, Y., Zhou, L., Yuan, H. & Shen, D. Multimodal classification of Alzheimer’s disease and mild 

cognitive impairment. NeuroImage 55, 856–867 (2011). 

 [4]. Dai, Z. et al. Discriminative analysis of early Alzheimer’s disease using multi-modal imaging and multi-level 

characterization with multi-classifier (M3). NeuroImage 59, 2187–2195 (2012). 

[5]. Lee, G., Nho, K., Kang, B., Sohn, K.-A. & Kim, D. Predicting Alzheimer’s disease progression using multi-

modal deep learning approach. Sci. Rep. 9, 1952 (2019). 

[6]. Barnes, J. et al. Vascular and Alzheimer’s disease markers independently predict brain atrophy rate in 

Alzheimer’s Disease Neuroimaging Initiative controls. Neurobiol. Aging 34, 1996–2002 (2013). 

[7].Eskildsen, S. F. et al. Structural imaging biomarkers of Alzheimer’s disease: Predicting disease 

progression. Neurobiol. Aging 36, S23–S31 (2015). 

 


