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[bookmark: _Toc223045308]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.
Our findings indicate that this multi-source fusion approach significantly sharpens predictive accuracy and sensitivity compared to traditional unimodal methods. Furthermore, by incorporating 3D Grad-CAM for visual interpretability, we provide a transparent tool that allows clinicians to visualize regions of brain atrophy, effectively transforming a complex "black-box" model into a reliable partner for clinical decision-making.
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[bookmark: _Toc223045310]Chapter 1: Introduction 
[bookmark: _Toc223045311]Introduction
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 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.







[bookmark: _Toc223045312]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: _Toc223045313]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: _Toc223045314]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.


























[bookmark: _Toc223045315]1.5 Thesis Organization
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.
















[bookmark: _Toc223045316]References 
[1] Jack, C. R., Knopman, D. S., Jagust, W. J., Shaw, L. M., Aisen, P. S., Weiner, M. W., Petersen, R. C., and Trojanowski, J. Q. “Hypothetical model of dynamic biomarkers of the Alzheimer's pathological cascade.” The Lancet Neurology, 9(1), pp. 119–128, 2010.

[2] Weiner, M. W., Veitch, D. P., Aisen, P. S., et al. “The Alzheimer’s Disease Neuroimaging Initiative: A review of papers published since its inception.” Alzheimer’s & Dementia, 11(6), pp. e1–e120, 2015.

[3] LeCun, Y., Bengio, Y., and Hinton, G. “Deep learning.” Nature, 521(7553), pp. 436–444, 2015.

[4] Litjens, G., Kooi, T., Bejnordi, B. E., et al. “A survey on deep learning in medical image analysis.” Medical Image Analysis, 42, pp. 60–88, 2017.
Zhang, D., Wang, Y., Zhou, L., Yuan, H., and Shen, D. “Multimodal classification of Alzheimer’s disease and mild cognitive impairment.” NeuroImage, 55(3), pp. 856–867, 2011.

[5] Hinton, G. E., and Salakhutdinov, R. R. “Reducing the dimensionality of data with neural networks.” Science, 313(5786), pp. 504–507, 2006.









[bookmark: _Toc223045317]Chapter 2: Related Work
[bookmark: _Toc223045318]2.1 Introduction
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: _Toc223045319]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.
Petersen et al. [1] provided what is widely considered the foundational clinical cornerstone for modern Alzheimer’s research. In their seminal work, they formally characterized Mild Cognitive Impairment (MCI) as a distinct transitional state between the cognitive decline expected in normal aging and the more serious deficits associated with dementia. Beyond mere classification, Petersen and his colleagues emphasized a critical prognostic challenge: not all MCI patients progress to Alzheimer’s at the same rate. This observation created a historical "imperative for biomarkers," as they argued that clinical assessments alone were insufficient for early-stage intervention. Their study followed a cohort of individuals over several years, demonstrating that the "amnestic" subtype of MCI carried a significantly higher risk of conversion to AD. This work effectively set the research agenda for the next two decades, as computational scientists sought to find the "hidden patterns" in neuroimaging and genetics that could quantify the transition Petersen had described clinically.
Cuingnet et al. [2] addressed the subsequent need for a standardized computational benchmark. In an expansive comparative study, they evaluated ten different high-dimensional classification methods, primarily focusing on Support Vector Machines (SVM). Their work was instrumental because it moved the field away from "anecdotal" algorithm performance toward rigorous validation using the ADNI dataset. They meticulously analyzed how different preprocessing steps affected the accuracy of automated diagnosis. Their findings proved that while SVMs were remarkably robust at distinguishing healthy controls from AD patients, they struggled with the subtle, non-linear changes present in the early MCI stage. This study highlighted the limitations of shallow learning, proving that the complexity of the human brain required more sophisticated, hierarchical models than what linear SVMs could offer at the time.
Ashburner and Friston [3] revolutionized the technical infrastructure of the field by introducing Voxel-Based Morphometry (VBM). This was not merely a new algorithm but an entire paradigm for neuroimaging analysis. They proposed a mathematical framework that allowed for the "spatial normalization" of diverse brain shapes into a single, standardized coordinate system. By utilizing Gaussian smoothing and statistical parametric mapping, their methodology enabled researchers to perform voxel-wise comparisons of gray matter density across thousands of subjects. This breakthrough was what made large-scale studies like ADNI computationally feasible, providing a way to "flatten" the anatomical variability of the human brain into a format that machine learning models could finally process.
Magnin et al. [4] utilized these VBM foundations to develop one of the most successful early automated diagnostic systems. By focusing on whole-brain anatomical MRI scans, they demonstrated that an SVM-based approach could achieve an accuracy of 89% in identifying AD. Their contribution was significant because they moved beyond isolated "Regions of Interest" (ROIs) to consider the brain as a complete interconnected system. However, their research also identified a critical barrier: the "feature-to-sample ratio" problem. They noted that even with high accuracy, the models were often "overfitting" to specific noise in the scans rather than learning the actual biological markers of the disease. This realization directly paved the way for the "End-to-End" learning approach that defines the current Deep Learning era.
LeCun et al. [5] fundamentally altered the trajectory of the field by establishing the principles of Deep Learning. Their work on Convolutional Neural Networks (CNNs) proposed a radical shift: instead of humans telling the computer what features to look for, the computer would learn the features itself through multiple layers of abstraction. This "Representation Learning" was the catalyst for the modern era, as it eliminated the human bias inherent in manual feature engineering. For Alzheimer's research, this meant that the latent, subtle patterns of atrophy—often missed by radiologists—could now be captured by deep layers of artificial neurons.
Li et al. [6] were among the first to translate LeCun’s vision into the domain of neuroimaging for AD. They developed a multi-layered CNN that extracted features directly from MRI volumes. Their work was a landmark because it proved, for the first time, that deep learning could outperform the decades-old SVM standards. They showed that by using "unsupervised pre-training," a model could learn the general structure of the human brain before being "fine-tuned" to detect the specific markers of Alzheimer’s. This methodology addressed the chronic problem of small dataset sizes, providing a roadmap for all future deep learning applications in the field.
Liu et al. [7] expanded these applications into the third dimension by developing 3D-CNNs. They argued that treating the brain as a series of 2D slices ignores the volumetric continuity and anatomical connectivity inherent in human neuroanatomy. By processing 3D MRI volumes as a whole, their model could capture spatial correlations across the axial, sagittal, and coronal planes simultaneously. This advancement allowed for a more accurate quantification of global brain atrophy, specifically in predicting the transition from MCI to AD, where structural changes are often subtle and distributed across multiple brain regions.
He et al. [8] provided the solution for training ultra-deep architectures through the introduction of Residual Learning (ResNet). They identified that as neural networks become deeper, they suffer from the "vanishing gradient" problem, which hampers learning. By implementing "skip connections," they enabled gradients to flow through the network more effectively. In Alzheimer’s research, the adoption of 3D-ResNet architectures has been crucial, as it allows models to learn highly complex, non-linear patterns of neurodegeneration without sacrificing computational stability—a cornerstone of the methodology proposed in this research.
Suk et al. [9] pioneered the transition toward Multimodal Data Fusion in Alzheimer’s diagnosis. Their research demonstrated that while neuroimaging is a powerful tool, it does not fully capture the disease's multi-faceted nature. They developed a hierarchical deep learning framework that integrated MRI features with clinical biomarkers and genetic information. Their results proved that a combined model achieves significantly higher sensitivity and specificity than unimodal methods. This historical shift from single-source analysis to data fusion represents the current state-of-the-art and provides the primary justification for the dual-branch architecture developed in this study.
Selvaraju et al. [10] introduced Grad-CAM (Gradient-weighted Class Activation Mapping), a gradient-based visualization technique designed to address the interpretability challenge in deep convolutional neural networks. The method generates class-specific heatmaps that highlight image regions contributing to a model’s prediction. Although originally developed for general computer vision tasks, subsequent research adapted Grad-CAM to 3D neuroimaging models, enabling visualization of brain regions associated with AI-driven diagnostic predictions. This work significantly contributed to the advancement of explainable AI (XAI) and helped support clinical trust by aligning model outputs with established neurological knowledge.
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