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



Spatiotemporal Multimodal AI for Early Alzheimer’s Diagnosis Using High-Dimensional Imaging and Genomics

Prepared By 
Name: Mohamed Amin Miqdad	     		         ID No.: 252001179
Name: Ahmed naji.                         			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


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.
 
 
 
 
 
 
 
 
 
 

 
 



Abstract
Alzheimer’s disease is a progressive neurodegenerative disorder that requires early diagnosis to improve treatment outcomes. Traditional diagnostic approaches often rely on single data modalities, such as neuroimaging, which may not fully capture the complexity of the disease.
This thesis proposes a spatiotemporal multimodal artificial intelligence framework for early Alzheimer’s diagnosis by integrating high-dimensional neuroimaging data and genomic information. The study utilizes data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) dataset.
The proposed approach aims to extract spatial features from brain images, model temporal disease progression, and combine them with genetic biomarkers to enhance diagnostic performance. Experimental results demonstrate that integrating multimodal data can improve early-stage classification compared to unimodal methods
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1.1 Overview (Revised – More Human Academic Tone)
Alzheimer’s disease (AD) is considered one of the most challenging neurodegenerative disorders affecting elderly populations worldwide. It progressively impairs memory and cognitive abilities, and in many cases, diagnosis occurs only after noticeable clinical symptoms appear. However, research has shown that pathological brain changes begin years before clear symptoms emerge. For this reason, early detection has become a major focus in medical research.
With the rapid development of artificial intelligence, especially deep learning techniques, there has been growing interest in applying AI models to medical diagnosis problems. Neuroimaging modalities such as MRI and PET scans provide detailed structural and functional information about the brain. At the same time, genomic data offer insights into genetic risk factors associated with Alzheimer’s disease. Each modality captures a different aspect of the disease process.
Many previous works rely on a single data modality. While these approaches have achieved promising results, they may not fully capture the complexity of Alzheimer’s pathology. The disease is not purely structural nor purely genetic; it is multifactorial and evolves over time. Therefore, combining multimodal data and modeling temporal progression may provide a more reliable diagnostic framework.
In this thesis, we propose a spatiotemporal multimodal artificial intelligence framework for early Alzheimer’s diagnosis. The study utilizes data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), which provides longitudinal neuroimaging and genetic data suitable for developing and evaluating advanced machine learning models.
The main motivation of this work is to investigate whether integrating spatial imaging patterns, temporal disease evolution, and genomic biomarkers can improve early-stage diagnostic performance compared to unimodal approaches.







1.2 Problem Definition (Rewritten More Naturally)
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.
Based on these challenges, this thesis seeks to answer the following research question:
How can a spatiotemporal multimodal AI framework effectively integrate high-dimensional neuroimaging and genomic data to enhance early Alzheimer’s disease diagnosis?

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 or PET 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.

























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.


























1.5 Thesis Organization
The remainder of this thesis is organized as follows.
Chapter 2 reviews the background of Alzheimer’s disease, neuroimaging analysis, genomics, and recent developments in multimodal deep learning approaches.
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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