[bookmark: _Toc222278418][bookmark: _Toc222279393][bookmark: _Toc222280105][bookmark: _Toc222280343][bookmark: _Toc222527771][bookmark: _Toc222528282][bookmark: _Toc223741023][image: D:\Midocean University\Logo and templates 2-2025\logo-midocean.png]



Early Prediction of Alzheimer’s Disease Progression using Deep Learning and Data Fusion

Prepared By 
Name: Mohamed Amin Miqdad	     		         ID No.: 252001179
Name: Ahmed Naji Lutf.                         	         ID No.: 253000445

Submitted in fulfillment of the requirements for the degree Master of Science in Artificial Intelligence
At
Collage of Informatics
Midocean University
UAE
Supervisor Name: Dr. Mohamed Essa
Collage of Informatics, Midocean University, Comoros
Email: 252001179@st.midocean.edu.km / 253000445@st.midocean.edu.km
[bookmark: _Toc223741024]Acknowledgements
I would like to thank my supervisor for his guidance and support throughout this research. His feedback helped me stay focused and improve my work.
I also appreciate the academic environment provided by the College of Informatics, which encouraged research and continuous learning.
Special thanks to the Alzheimer’s Disease Neuroimaging Initiative (ADNI) for providing the data used in this study.
Finally, I am grateful to my family for their constant support and patience during this journey.
 
 
 
 
 
 
 
 
 
 

 
 



[bookmark: _Toc223741025]Abstract
Predicting the progression of Alzheimer’s disease (AD) stands as a critical challenge in modern neurology, as early diagnosis is often the deciding factor in the effectiveness of clinical treatment. 
Despite its importance, many current diagnostic models rely heavily on single-source data—such as neuroimaging alone—which fails to account for the biological complexity of the disease. This reliance on unimodal data often leads to missed opportunities for early intervention, particularly during the subtle transition from Mild Cognitive Impairment (MCI) to AD.
To bridge this gap, this thesis introduces an integrated Deep Learning and Data Fusion framework designed to process 3D MRI scans alongside longitudinal clinical and genetic biomarkers from the ADNI dataset. By employing a dual-pathway architecture—leveraging 3D-ResNet for automated imaging feature extraction and Deep Neural Networks (DNN) for clinical data processing—the model constructs a more holistic representation of the patient’s health.
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[bookmark: _Toc223741027]Chapter 1: Introduction 
[bookmark: _Toc223741028]Introduction
Alzheimer’s disease is one of the most difficult brain conditions. While it is more common in older people, it can actually affect individuals at different stages of life, including those in their younger years. It slowly destroys memory and thinking skills, and in many cases, it is only discovered after the person shows clear symptoms. However, research has shown that changes in the brain start many years before these symptoms appear. This is why finding the disease early is the main goal of medical research today. For example, [5] Abolpour Mofrad et al. (2021) showed that we can catch these early signs by tracking how the brain shrinks over time.
With the fast growth of artificial intelligence (AI), there is a lot of interest in using these smart computer models to help doctors. Brain scans, like MRI, give us detailed pictures of the brain's structure. Studies by [6] Helaly et al. (2021) and [1] Akan et al. (2025) have used these images to build very accurate systems for detecting the disease. At the same time, looking at a patient's medical history and their scores on memory tests can tell us a lot about their condition. Each type of information tells a different part of the story.
Many previous studies rely on only one type of information, like just using brain images. While these methods work well, they might miss the bigger picture because this disease is complex and changes over time. Recent research proves that combining different sources—such as merging brain scans with a patient’s clinical records and physical symptoms [3] Shukla et al., 2026 leads to a much more precise and reliable diagnosis.
In this thesis, we propose an AI system for early diagnosis that looks at both brain changes and medical records over time. We use data from the ADNI project, which is a famous collection of medical information used by many top researchers, including [4] Bekhet et al. (2025) and [7] Warren & Moustafa (2026).
The main goal of this work is to see if combining brain images and clinical memory tests can help us find the disease in earlier stages which aims to give a clear and easy-to-understand tool to help patients as early as possible.
.







[bookmark: _Toc223741029]1.1 Problem Definition
Despite the large number of studies applying deep learning to Alzheimer’s diagnosis, several important limitations remain.
First, many approaches focus exclusively on imaging data, particularly structural MRI. While MRI can reveal brain atrophy and structural abnormalities, it does not incorporate molecular or genetic information that may indicate susceptibility before structural damage becomes severe.
Second, both neuroimaging and genomic datasets are high-dimensional. Imaging volumes contain millions of voxels, and genomic profiles may include thousands of features. Directly training deep learning models on such data can lead to overfitting if not handled properly. Effective feature extraction and dimensionality reduction strategies are therefore necessary.
Third, Alzheimer’s disease progresses gradually over time. However, several existing models treat patient samples as independent observations and ignore longitudinal progression. This may limit the model’s ability to detect subtle early-stage changes.
Finally, multimodal fusion itself is a challenging research problem. There is no universally optimal way to combine heterogeneous data sources such as imaging and genomics. The architecture design must carefully balance representation learning and generalization capability.

[bookmark: _Toc223741030]1.3 Thesis Objectives
The primary objective of this research is to design and evaluate a spatiotemporal multimodal artificial intelligence framework for early Alzheimer’s disease diagnosis.
More specifically, this study aims to:
· Develop a deep learning model capable of extracting meaningful spatial features from high-dimensional neuroimaging data such as MRI scans.
· Incorporate temporal modeling techniques to capture longitudinal disease progression patterns.
· Integrate genomic biomarkers with imaging representations using an effective multimodal fusion strategy.
· Compare the proposed multimodal approach with unimodal baseline models.
· Evaluate the diagnostic performance using standard classification metrics such as accuracy, sensitivity, specificity, and AUC.
Through these objectives, the study seeks to explore whether combining heterogeneous data sources can enhance early detection performance in a clinically meaningful way.

[bookmark: _Toc223741031]1.4 Thesis Contribution
This thesis contributes to the field of AI-based medical diagnosis in several aspects.
First, it proposes a unified framework that jointly models spatial imaging patterns and temporal progression dynamics rather than treating patient data as independent static samples.
Second, it investigates multimodal fusion between neuroimaging and genomic data within a single deep learning architecture. Instead of relying on a single modality, the proposed approach attempts to capture complementary disease-related information from different biological levels.
Third, the study provides an empirical evaluation using longitudinal data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), allowing performance comparison between multimodal and unimodal strategies.
Overall, this work aims to provide insights into how multimodal and temporal modeling can be leveraged to improve early Alzheimer’s diagnosis while maintaining methodological transparency and reproducibility.
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The remainder of this thesis is organized as follows.
Chapter 2 Provides an in-depth analysis of the historical evolution of Alzheimer’s disease detection. It traces the transition from classical statistical methods and manual feature engineering to modern 3D deep learning architectures and multimodal fusion strategies.
Chapter 3 presents the proposed spatiotemporal multimodal framework, including data preprocessing, model architecture, and fusion strategy.
Chapter 4 describes the experimental setup, evaluation metrics, and results, followed by a detailed discussion of findings.
Chapter 5 concludes the thesis and outlines potential directions for future research.
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The transition from traditional diagnostic tools to sophisticated artificial intelligence frameworks marks a pivotal shift in neurodegenerative research. This chapter critically evaluates the academic landscape surrounding Alzheimer’s Disease (AD) detection, tracing the evolution from early statistical methods to modern "End-to-End" Deep Learning architectures. The primary objective of this review is to identify the technological gaps in unimodal research—those relying solely on one data type—and establish the clinical necessity for the multi-source Data Fusion strategy proposed in this thesis. By analyzing the historical progression of these methodologies, we can better understand how integrating heterogeneous biomarkers, such as 3D MRI and clinical data, enhances the predictive accuracy of disease progression from Mild Cognitive Impairment (MCI) to Alzheimer’s.

[bookmark: _Toc223741035]2.2 History of Prediction in Alzheimer’s Diagnosis
The development of Alzheimer's disease (AD) detection reflects a broader transformation in computer vision and medical informatics. Early diagnostic approaches were fragmented, relying on manual assessments and lacking unified computational frameworks, until pioneering researchers introduced methods that bridged clinical observations with mathematical modeling.
[1] Akan et al. Present a ViTranZheimer, a model based on the Video Vision Transformer (ViViT) for early detection of Alzheimer’s disease using MRI scans. Unlike traditional methods, it analyzes MRI scans as sequences, aiming to capture accurate changes in the brain over time.
The study used the ADNI (Complete 3Yr 3T) dataset, including 351 participants: 129 healthy controls, 145 with mild cognitive impairment (MCI), and 77 with Alzheimer’s disease, with 194 men and 157 women.
ViTranZheimer achieved an accuracy of 98.6%, slightly higher than CNN-BiLSTM (96.5%) and ViT-BiLSTM (97.5%), showing that sequence-based analysis can improve detection. Even small gains are important in clinical settings where early diagnosis matters.
Published in Intelligent Medicine (2025), the study provides a strong reference for future research. However, the model requires substantial computational resources and relies only on MRI data, without including other clinical or multimodal information that might further enhance results.
[2] Li et al. Proposed a deep learning model that combines brain imaging with genetic information for the diagnosis of Alzheimer’s disease. Instead of relying only on brain scans, the model uses a dual-stream approach: one part focuses on identifying structural brain changes from MRI scans, while another part analyzes genetic risk factors. The study utilized a large dataset of 1,541 participants from the ADNI database, including 610 healthy individuals, 239 with Alzheimer’s Disease, and 796 who show early signs of memory loss (MCI). By merging these two types of data, the model reached an accuracy of 93.04%, which was higher than using brain images alone (91.77%) or genetic data alone (81.01%). Published in Frontiers in Aging Neuroscience (2025), the research shows that combining different medical sources leads to a more precise diagnosis. However, its primary limitations include a slight decrease in accuracy when predicting if early memory loss will progress into full Alzheimer's, and the need for significant computer power to process the complex medical data.
[3] Shukla et al. Introduced a system called NeuroFusion, which is a new way to diagnose Alzheimer’s by combining different types of medical information. Instead of looking only at brain scans, the model also studies the patient's clinical records and physical symptoms to get a clearer picture of their health. The study used a large group of 1,841 people from the ADNI database, including healthy individuals and those at various stages of memory loss, such as early and late-stage impairment and full Alzheimer’s disease. By merging brain images with clinical data, NeuroFusion reached an accuracy of 99.08%, which was much better than older computer methods like Random Forest (88.45%) and XGBoost (91.20%). Published in Engineering, Technology & Applied Science Research (2026), this work shows that using multiple medical sources can significantly reduce diagnostic errors. However, the model is quite complex to run and requires very detailed clinical information for every patient to work correctly.
[4] Bekhet et al. Introduced a framework called DeepALZNET, which uses two independent pathways to diagnose Alzheimer’s disease. This flexible system can work with either brain scans (MRI) or clinical records (like memory test scores and age) depending on what is available for the patient. The research used several large datasets, including ADNI, OASIS, and Kaggle, involving a total of 2,000 clinical cases and 40,000 brain images. For clinical data, the model combines a basic computer network with a Random Forest classifier, while for brain scans, it uses a pre-trained system called VGG19. Both pathways reached a high accuracy of over 90% in identifying the disease. Published in Scientific Reports (2025), this study proves that high accuracy can be achieved even when only one type of medical data is available. However, its main limitations are that it does not yet combine both images and clinical data into a single decision, and it relies on 2D images which might miss some 3D details of the brain.
[5] Abolpour Mofrad et al. Introduced a framework that studies how brain volume changes over time to predict the early stages of Alzheimer’s disease. Instead of looking at a single brain scan, the model analyzes "trajectories"—which are the patterns of brain shrinkage or growth across multiple scans taken months or years apart. The study used two large datasets, ADNI and AIBL, involving hundreds of participants categorized as healthy, those with mild memory loss, and those with full Alzheimer’s. The model focuses specifically on the size of the hippocampus (an area for memory) and the brain's fluid-filled spaces (ventricles). The framework reached an accuracy of 75% in predicting which patients would transition from mild memory loss to full Alzheimer’s disease. Published in Computerized Medical Imaging and Graphics (2021), the research shows that tracking brain changes over time is more robust against image noise than single-scan methods. However, its main limitations include a moderate accuracy for the very earliest stages of the disease and a reliance on complex software to measure brain volumes before the analysis can begin
[6] Helaly et al. Developed a deep learning framework called E2AD2C for the early detection and classification of Alzheimer’s disease. The researchers used two methods: one using simple computer networks (CNN) and another using a more advanced, pre-trained system called VGG19. The study used brain scans from the ADNI dataset, covering four different stages: healthy (NC), early memory loss (EMCI), late memory loss (LMCI), and Alzheimer’s disease (AD). The simple computer networks achieved an accuracy of 95.17%, while the advanced VGG19 model reached an even higher accuracy of 97% in identifying the correct stage of the disease. Published in Cognitive Computation (2021), this research also proposed a web application that could help doctors check patients' brain scans remotely, which is very useful during times when visiting hospitals is difficult. However, its main limitations are the high computer power needed for the 3D brain scans and the fact that the model only uses images, without considering other patient data like memory tests or age.
[7] Warren and Moustafa. Introduced a multimodal diagnostic system that combines functional brain imaging (fMRI) with clinical tests to identify Alzheimer’s disease. The proposed method uses a 3D Convolutional Neural Network (3D CNN) that analyzes the "default mode network" of the brain—a region known to be affected early in the disease. To make the model more reliable, the researchers supplemented the fMRI scans with five clinical memory tests and used a strict "leave-one-out" validation technique to prevent any data errors. A key part of their method is the use of "explainable AI" (XAI) through a technique called perturbation ranking, which helps show exactly which clinical test was most important for the diagnosis. The study involved a small group of 52 participants from the ADNI database. This multimodal approach achieved a high accuracy of 90%, which was much better than the 58% accuracy reached when using brain scans alone. Published in Brain and Behavior (2026), the research proves that combining functional brain data with doctor’s tests is highly effective for accurate diagnosis. However, its main limitations are the very small sample size and the need for more testing on larger, different groups of patients
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2.3 Related Work Summary
	Study (Year)
	Proposed Method
	Key Accuracy
	Main Limitations

	Akan et al. (2025)
	ViTranZheimer (ViViT)
	98.6%
	High computational cost; MRI-only.

	Li et al. (2025)
	Dual-stream approach
	93.04%
	Struggles with MCI-to-AD prediction.

	Shukla et al. (2026)
	NeuroFusion (Multimodal)
	99.08%
	Complex; requires detailed clinical info.

	Bekhet et al. (2025)
	DeepALZNET (Dual-Pathway)
	> 90.0%
	No simultaneous fusion; relies on 2D images.

	Mofrad et al. (2021)
	LME + Ensemble Learning
	75.0%
	Moderate accuracy for earliest stages.

	Helaly et al. (2021)
	E2AD2C (CNN & VGG19)
	97.0%
	High power for 3D scans; images-only.

	Warren & Moustafa (2026)
	3D CNN with XAI
	90.0%
	Very small sample size; lacks validation.
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