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ABSTRACT

LOW DIMENSIONAL BRAIN CONNECTOME
REPRESENTATIONS FOR ALZHEIMER’S DISEASE
DEMENTIA

Alzheimer’s Disease Dementia (ADD) progresses along a continuum, typically
beginning with Subjective Cognitive Impairment (SCI), advancing through Mild Cog-
nitive Impairment (MCI), and culminating in dementia. Capturing this trajectory in a
compact and interpretable form remains a key challenge in brain network analysis. This
thesis introduces a Graph Neural Network (GNN)-based framework that embeds struc-
tural brain connectomes into a two-dimensional manifold, offering a low-dimensional

yet informative representation of disease staging.

The architecture integrates a Graph Isomorphism Network (GIN) and a Graph
Attention Network (GAT), followed by attention-based pooling to generate graph-
level embeddings. These are projected using Principal Component Analysis (PCA)
to construct a two-dimensional staging space. The learned manifold reveals a coher-
ent spatial organization of ADD, MCI, and SCI populations, with MCI cases gener-
ally located between the two clinical extremes—consistent with a gradual model of
cognitive decline. The model is validated through a detailed ablation study and ran-
dom analysis, supporting the reliability of the learned embeddings. Additionally, key
anatomical regions—such as the precuneus, angular gyrus, and superior parietal lob-
ule—are identified as dominant contributors to variance across the manifold, in line
with established biomarkers of ADD. Together, the proposed framework offers a robust
and interpretable approach for visualizing neurodegenerative progression and supports

biologically grounded models of disease staging.
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OZET

ALZHEIMER HASTALIGI DEMANSI ICIN DUSUK
BOYUTLU BEYIN KONNEKTOM TEMSILLERI

Alzheimer Hastaligi Demansi (AHD), genellikle Subjektif Biligsel Bozulma (SBB)
ile baglayip Hafif Biligsel Bozulma (HBB) evresinden gegerek demansla sonuglanan
siirekli bir ilerleme stireci izler. Bu ilerleyigin kompakt ve yorumlanabilir bir bigimde
temsil edilmesi, beyin ag1 analizinde onemli bir zorluk olusturmaktadir. Bu tezde,
yapisal beyin baglantilarini iki boyutlu bir manifold iizerine gomen Cizge Sinir Ag:
(GNN) tabanl bir ¢ergeve sunulmaktadir. Bu yapi, hastalik evrelemesini diigiik boyutlu

ancak bilgi agisindan zengin bir bicimde temsil etmeyi amaglamaktadir.

Geligtirilen mimari, Cizge Egyapililigi Ag1 (GIN) ve Cizge Dikkat Ag1 (GAT) kat-
manlarini entegre eder; ardindan, dikkat temelli havuzlama yontemiyle ¢izge
diizeyinde gomme vektorleri olugturulur. Bu vektorler, Baghca Bilegenler Analizi (PCA)
kullamlarak iki boyutlu bir evreleme uzayma yansitilir. Ogrenilen manifold, AHD, HBB
ve SBB gruplarinin uzayda tutarh bir sekilde konumlandigini gostermekte; HBB
orneklerinin genellikle iki klinik u¢ arasinda yer almasi, biligsel gerilemenin kademeli
dogasiyla ortiigmektedir. Model, ayrintili bir ablation (bilesen gikarim) galigmasi ve
rastgelelik analizleri ile dogrulanmig olup, égrenilen temsillerin giivenilirligini destek-
lemektedir. Ayrica, precuneus, agisal girus ve iist parietal lob gibi anatomik bolgeler,
manifold boyunca gozlenen varyansin baglica belirleyicileri olarak tanimlanmig ve bu

bulgular, AHD’nin bilinen biyobelirtecleriyle uyumluluk gostermigtir.

Sonug olarak, onerilen bu cergeve, nérodejeneratif ilerleyisin gorsellegtirilmesine
yonelik saglam ve yorumlanabilir bir yaklasim sunmakta; hastalik evrelemesine dair

biyolojik olarak temellendirilmis modelleri desteklemektedir.
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1. INTRODUCTION

Dementia is a broad clinical syndrome characterized by progressive deteriora-
tion in cognitive functioning, including memory, language, planning, judgment, and
decision-making. It is often accompanied by behavioral symptoms such as mood distur-
bances, confusion, and personality changes. Rather than representing a single disease,
dementia serves as an umbrella term encompassing various underlying etiologies. These
include, but are not limited to, Alzheimer’s Disease Dementia (ADD), Parkinson’s Dis-
ease Dementia (PDD), Frontotemporal Dementia (FTD), Dementia with Lewy Bodies

(DLB), Vascular Dementia, and Huntington’s Disease-related Dementia.

Among these, Alzheimer’s Disease Dementia (ADD) is the most prevalent form,
accounting for approximately 60-80% of dementia cases globally. As of 2019, the num-
ber of people living with dementia was estimated to exceed 55 million, and this figure
is projected to rise substantially in the coming decades due to aging populations world-
wide [1,2]. The societal burden of ADD is particularly severe in low- and middle-income
countries, where healthcare infrastructure and research funding remain inadequate to
meet the growing clinical demand. Understanding and addressing this burden is thus

both a scientific and public health imperative.

Although the precise pathophysiological mechanisms underlying ADD are not
yet fully understood, several hypotheses have been proposed. One of the most widely
accepted theories involves the accumulation of misfolded proteins in the brain, most
notably tau protein tangles and extracellular amyloid-beta (Af) plaques. These molec-
ular alterations are associated with a cascade of structural and functional changes in

neural tissue that ultimately impair cognitive function [3].

The progression of ADD can be conceptualized as a continuum comprising mul-
tiple stages: cognitively normal or healthy controls (often referred to as NC or HC),

Subjective Cognitive Impairment (SCI), Mild Cognitive Impairment (MCI), and fi-



nally, overt Alzheimer’s Disease Dementia (ADD). While healthy individuals show no
cognitive complaints or clinical signs, individuals at the SCI stage report subjective
memory difficulties despite the absence of measurable deficits on neuropsychological
tests. MCI is characterized by more pronounced cognitive deficits that are observable
through clinical assessments, although daily functional abilities are largely preserved.
ADD, in contrast, represents the terminal stage, marked by profound cognitive and

functional impairments that significantly disrupt everyday life.

Given the complex and progressive nature of ADD, neuroimaging modalities have
emerged as indispensable, non-invasive tools for monitoring brain changes across the
disease spectrum. Among these modalities, magnetic resonance imaging (MRI) and
positron emission tomography (PET) are widely used. While PET imaging provides
valuable molecular and metabolic insights, its capacity to delineate structural trans-
formations remains limited [4]. Conversely, MRI offers high-resolution anatomical in-
formation and has gained considerable traction for its ability to detect structural and

functional abnormalities associated with neurodegeneration.

One of the most powerful concepts derived from MRI data is that of the brain
connectome—a, graph-based representation of the brain in which nodes correspond
to anatomical regions and edges denote connections between them. These networks
can be derived from either structural MRI (e.g., diffusion MRI) or functional MRI
(e.g., resting-state fMRI). Although microscale connectomes at the neuronal level offer
fine-grained detail, they are not currently feasible at scale due to technical and compu-
tational limitations. Therefore, most current research utilizes macroscale connectomes
constructed from standardized brain parcellation schemes, also known as anatomical
atlases. Notable atlases used in the literature include the Destrieux atlas [5], the Schae-
fer atlas [6], and the Automated Anatomical Labeling (AAL) atlas [7], which segment
the brain into functionally or anatomically meaningful regions suitable for graph con-

struction.



In recent years, Graph Neural Networks (GNNs) have emerged as a powerful class
of deep learning models capable of operating directly on graph-structured data. Their
ability to model relational dependencies and topological hierarchies has made them
particularly well-suited for connectome-based analysis. Motivated by these capabilities,
the present thesis investigates how GNN-based representations can be leveraged to
characterize the spectrum of cognitive decline in ADD. Specifically, this work proposes
a novel framework that integrates connectome data into a unified GNN-based pipeline,
with the goal of learning low-dimensional embeddings that preserve disease-relevant

information to help characterize the disease spectrum.

The central aim of this research is to identify and model the latent manifold
underlying the ADD disease trajectory using non-invasive imaging data. By capturing
the continuum of cognitive deterioration in a compact and interpretable form, the
proposed framework not only enhances diagnostic modeling but also opens new avenues

for understanding disease staging, individualized prognosis, and biomarker discovery.

The remainder of this thesis is structured as follows.

e Chapter 2 presents a comprehensive review of the literature on brain connectomes,
traditional graph-theoretical approaches, and recent developments in applying
Graph Neural Networks (GNNs) to neuroimaging data, with a particular focus
on Alzheimer’s Disease Dementia (ADD) and some other neurological conditions.

e Chapter 3 details the proposed methodology, including preprocessing of neu-
roimaging data, construction of structural and functional brain networks, design
of the GNN architecture, and the techniques used to construct and analyze low-
dimensional cognitive decline manifolds.

e Chapter 4 describes the experimental setup and presents key results, including
classification performance, manifold visualizations, statistical significance analy-
ses, and neurobiological interpretations of the learned representations.

e Chapter 5 discusses the broader implications of the findings, critically evaluates

the limitations of the current study, and connects the results to ongoing challenges



and debates in the field of computational neuroscience.
e Chapter 6 concludes the thesis by summarizing the main contributions, empha-
sizing the novelty and applicability of the proposed framework, and outlining

promising directions for future research and potential clinical translation.



2. LITERATURE REVIEW

The term “brain connectome” refers to a comprehensive graph-based represen-
tation of the brain, capturing its intricate network of neural connections. Since its
conceptual introduction, the connectome has become a foundational framework for un-
derstanding the structural and functional organization of the brain [8]. Connectomes
can be studied at different scales, most notably at the microscale and macroscale levels.
The microscale connectome aims to map the complete network of individual neurons
and synapses, which is an immense challenge—considering that the human cerebral
cortex contains approximately 9 x 10'0 neurons connected by nearly 10'4 synapses [9].
Such scale poses considerable barriers, including limitations in data availability, imag-
ing resolution, annotation capabilities, graph analysis algorithms, and computational
infrastructure. Addressing these challenges has become an active area of research, fo-
cusing on the development of advanced data acquisition techniques [10] and the creation

of scalable, high-throughput frameworks for neurological data analysis [11].

Given these difficulties, macroscale connectomes—which abstract the brain into
larger anatomical or functional regions—have become more practical and widely stud-
ied. One of the most influential initiatives in this area is the Human Connectome
Project (HCP), which seeks to construct comprehensive structural and functional maps
of the human brain [12]. Macroscale connectome construction typically relies on brain
parcellations, or brain atlases, which define standardized regions of interest (ROIs). A
variety of atlases have been proposed, ranging from early anatomical atlases such as
the Brodmann Atlas [13] to more recent and computationally grounded alternatives
including the Automated Anatomical Labeling (AAL) atlas [7], Destrieux Atlas [5],
Schaefer Atlas [6], and the Brainnetome Atlas [14]. These atlases vary in their par-
cellation criteria—such as anatomical landmarks, functional similarity, or connectivity
patterns—but they all share the common objective of creating a coherent macro-level

segmentation of the brain to facilitate downstream analysis.



Graph-theoretical approaches are widely used to analyze brain connectomes, offer-
ing quantitative insights into their topological organization. These methods compute
network metrics at both global and local (nodal) scales. Global measures—such as
average path length, assortativity, clustering coefficient, transitivity, global efficiency,
and small-worldness—reflect integrative and segregative properties of the network. Lo-
cal measures—including degree statistics, local clustering, assortativity, betweenness
centrality, and local efficiency—capture node-level importance and connectivity. Ex-
tensive evidence shows that the brain exhibits small-world organization and hub-centric
topology, consistently observed across imaging modalities and frequency bands [15,16].
These properties have motivated the application of classical graph processing and net-

work analysis tools in modern neuroscience.

These methods have been applied to study brain disorders, revealing associa-
tions between altered network connectivity and conditions such as schizophrenia and
Alzheimer’s disease dementia (ADD) [17]. In the case of ADD, a substantial body of
research has examined topological abnormalities as potential biomarkers for diagnosis
and disease monitoring. Studies using both structural and functional neuroimaging
consistently report changes in global efficiency, clustering, hub structure, and modular

organization [18-21].

However, graph-theoretical approaches present several limitations. As classical,
primarily descriptive methods, they tend to be inherently static and lack adaptability
to task-specific objectives. Feature extraction in these approaches typically requires
manual engineering, and their expressiveness is constrained by the selection and inter-
pretation of predefined metrics. Consequently, compared to more flexible, data-driven
methods such as graph neural networks (GNNs), they demand a significant degree of
domain expertise and handcrafted design. This reliance on fixed descriptors makes
them less modular and less scalable, particularly when applied to complex or high-

dimensional neuroimaging data.



GNNs, on the other hand, have been chosen as an important tool to apply in the
investigation of neurological disorders. The studies mainly differ in how they construct
the graphs to be processed by the GNN layers. These include population graphs, cohort

based common graphs and subject graphs.

In population graph approaches, a single large graph is constructed to represent
an entire cohort, where each node corresponds to a subject rather than a brain region.
The brain data—structural, functional, or a combination thereof—is embedded into
the nodal feature vectors, while edges are typically defined using phenotypic or de-
mographic similarity. Early studies applied Graph Convolutional Networks (GCNs)
for disease classification tasks, including Alzheimer’s disease dementia (ADD) and
Autism Spectrum Disorder (ASD) [22,23], with later extensions to Parkinson’s Disease
(PD) [24]. While population graphs introduced a compelling framework for group-level
inference, several limitations have emerged. These include sensitivity to population
structure and graph construction quality, as well as scalability issues—wherein the ad-
dition of a new subject requires modification of the entire graph and recomputation
of graph-level metrics, such as the Laplacian. Moreover, compressing individual brain
connectomes into vector representations may lead to a loss of subject-specific topolog-

ical information, limiting the capacity to capture nuanced neurobiological variations.

As an alternative to population graphs, cohort-based common graph approaches
have been proposed to address several of their limitations. In this framework, a shared
graph structure is constructed using the brain connectomes of all subjects, thereby
incorporating brain network topology directly, rather than summarizing it into feature
vectors as in population graphs. Studies such as [25] and [26] implemented k-nearest
neighbor (k-NN) based graph construction and applied a fixed graph across all subjects,
varying only the nodal features. While this method improves biological interpretabil-
ity and avoids some scalability issues, it remains suboptimal. The use of a common
graph across subjects fails to capture individual-level topological variations, which are
especially critical for identifying early-stage or subject-specific disease patterns. This

constraint limits the expressive power of the model and may reduce sensitivity to novel



or subtle changes in brain network organization during disease progression.

Subject-graph-based methods have emerged as the latest and arguably most
prominent alternative to earlier approaches such as population-level and cohort-based
common graphs. In these methods, a separate graph is constructed for each individual
subject, typically derived directly from their structural or functional brain connectome.
This individualized approach offers several key advantages. First, it inherently cap-
tures subject-specific topological characteristics, allowing models to learn fine-grained
patterns that may be critical for tasks such as early disease detection or personalized
diagnostics. Second, subject-level graphs alleviate scalability concerns, as each subject
graph can be processed independently—there is no need to modify or reconstruct a
global graph structure when new data is introduced, as required in population graphs.
This makes the method more modular and compatible with modern machine learning

pipelines.

Importantly, subject-level graph construction enables direct analysis of the topol-
ogy of each subject’s brain network, facilitating deeper neurobiological interpretations
and more precise localization of pathological changes. This is especially relevant in
the study of progressive neurological conditions such as Alzheimer’s disease dementia
(ADD), where subtle and early-stage network alterations may vary across individuals

and are critical to detect.

However, despite these advantages, the current body of literature remains domi-
nated by studies utilizing functional connectomes, particularly resting-state fMRI data.
While functional networks offer valuable insights into brain dynamics, relatively few
studies have explored the use of nectomes (e.g., derived from diffusion MRI) or multi-
modal graphs that integrate both structural and functional modalities. This underrep-
resentation is notable not only in general GNN applications but also in ADD-focused
research, where structural degradation plays a key role in disease progression. Incor-
porating structural or fused structural-functional graphs in subject-level GNN models

represents an important and underexplored avenue for future research, potentially im-



proving both classification performance and neurobiological interpretability.

The use of subject-level brain connectomes has proven to be a powerful approach
for investigating various neurological and psychiatric disorders. Functional and struc-
tural connectomes, in particular, serve as rich sources of information that can be lever-
aged through machine learning techniques to facilitate clinical diagnosis. A growing
body of literature has explored the potential of graph-based and deep learning models to
classify disorders such as Autism Spectrum Disorder (ASD), Attention Deficit Hyper-
activity Disorder (ADHD), Parkinson’s Disease (PD), Schizophrenia, Bipolar Disorder
(BD), Major Depressive Disorder (MDD), HIV-associated disorders, and Alzheimer’s
Disease (AD).

Zhang et al. [27] utilized contrastive learning applied to functional connectomes
to distinguish between normal controls and individuals with ASD and ADHD, high-
lighting the power of self-supervised learning in this domain. In a similar vein, Wen
et al. [28] employed an auto-encoder-based self-supervised method to enhance func-
tional connectome representations, significantly improving classification performance
for ASD, BD, and MDD. Liu et al. [29] proposed a hierarchical architecture that per-
forms pooling to create coarse representations from fine-grained functional connectivity

features, achieving promising results in both ASD and ADHD classification.

Li et al. [30] integrated Graph Convolutional Networks (GCNs) with a Trans-
former architecture to address ASD diagnosis using functional connectomes. In parallel,
Zhao et al. [31] proposed a novel convolution mechanism for ADHD classification that
aggregates nodal features based on Euclidean distance, further enriching the model’s
representational capacity. Huang et al. [32] took a multimodal approach by utilizing
both structural and functional brain networks and devised a diffusion model capable of
processing higher-order neighbor information, applied to schizophrenia and epilepsy di-
agnosis. Xia et al. [33] also utilized multimodal brain graphs, combining structural and
functional connectivity data as well as nodal features from both, to classify Parkinson’s

Disease.
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In one of the few studies using only structural networks, Cui et al. [34] devel-
oped a masked graph learning strategy to highlight critical edges in structural con-
nectomes, successfully applied to classification tasks involving PD, HIV, and BD. Liu
et al. [35] proposed a hybrid model incorporating Long Short-Term Memory (LSTM)
networks, spatial graph convolutions, and segments of the BOLD signal for functional
networks to classify ADHD, MDD, and BD. Zheng et al. [36] addressed multiple clas-
sification tasks—including ASD, MDD, and schizophrenia—by leveraging Variational
Graph Auto-Encoders (VGAES) on thresholded functional connectomes. Similarly, Yu
et al. [37] applied Graph Attention Networks (GATSs) on higher-order correlation-based

functional networks to address schizophrenia classification.

In the context of Alzheimer’s Disease and Mild Cognitive Impairment (MCI),
several studies have adopted multi-modal and temporal strategies. Zhang et al. [38]
proposed a Graph Convolutional Recurrent Neural Network (GCRNN) that integrates
structural networks (sNets) as the underlying graph and functional networks (fNets)
as nodal features to differentiate MCI from Normal Control (NC) subjects. Xing et
al. [39] classified AD patients and NCs using a GCN-LSTM hybrid model applied
to the ADNI-II dataset, while also extending their method to demographic attribute
prediction such as age and sex. Chen et al. [40] introduced entropy and correlation-
based efficient networks, which were processed using spatio-temporal convolutions and

Transformers for MCI diagnosis.

Ma et al. [41] fused static and dynamic functional connectivity matrices to create a
comprehensive representation, which was subsequently used to classify ADD and ASD.
Park et al. [42] proposed an innovative method utilizing Hodge Laplacians to extract
topological insights from structural networks, thereby enhancing ADD classification.
Xu et al. [43] addressed multiple disorders—ADD, ASD, and PD—by proposing a novel
differentiable pooling strategy called contrastive pooling, which not only facilitated
more accurate classification but also enhanced interpretability by emphasizing inter-
cohort distinctions. Finally, Li et al. [44] constructed functional connectivity matrices

via Kalman filtering applied to BOLD signals and combined these with graph attention
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mechanisms to classify different stages of MCI, including early and late stages relative

to normal controls.

Subject-level brain connectomes have emerged as critical representations in pre-
dictive modeling tasks across a variety of other neurocognitive domains. These include
the prediction of cognitive scores, clinical outcomes, neuropsychological indices, be-
havioral phenotypes, and demographic attributes such as age and sex. Functional and
structural connectivity profiles—often extracted from large-scale neuroimaging datasets
such as the Human Connectome Project (HCP)—have been increasingly utilized in con-
junction with graph neural networks, attention mechanisms, and topological techniques

to improve the accuracy and interpretability of these predictive tasks.

Jia et al. [45] proposed a hierarchical spatial graph convolutional network for
predicting cognitive performance from resting-state fMRI data obtained from the HCP
dataset. Their model constructs functional connectomes using a k-nearest neighbor
(k-NN) pruning strategy, which facilitates the manifestation of small-world properties
in the connectivity graph. This structural constraint enhances the graph’s biological

plausibility and supports more stable learning.

In another study, Qu et al. [46] addressed cognitive score prediction by fusing
structural and functional connectomes, with a particular focus on the degree of dis-
entanglement between the two modalities. Their approach aims to isolate modality-
specific contributions while preserving shared information, thus improving the gener-

alization capacity of the learned features across cognitive domains.

Huang et al. [47] introduced a novel topological framework based on the Hodge
Laplacian to capture differential connectivity patterns in functional networks. Their
model was specifically tailored for predicting individual intelligence scores, exploiting
cycle-based features that go beyond pairwise correlations. A follow-up study by Huang
et al. [48] extended this approach by incorporating cycle convolutions and edge posi-

tional encodings, further refining the model’s ability to capture higher-order topological
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information relevant to intelligence prediction.

Kim et al. [49] combined both resting-state and task-based fMRI data from the
HCP to predict sex and cognitive task labels. Their approach leveraged spatio-temporal
attention mechanisms alongside Graph Isomorphism Networks (GINs) to extract ex-
pressive node and graph-level features from functional connectomes. These mechanisms
enhanced the model’s sensitivity to dynamic patterns in neural activity across time and

space.

Azevedo et al. [50] proposed a hybrid architecture that integrates graph con-
volution operations on the edges of the functional connectivity graph and temporal
convolutions on BOLD signal sequences. This model enhances the temporal dynam-
ics of functional networks and was shown to perform well on binary sex classification
tasks using HCP datasets. The authors applied thresholding to sparsify the functional
networks, thereby reducing noise and improving the stability of the learned graph rep-

resentations.

In a related direction, Sivgin et al. [51] utilized thresholded functional connec-
tomes to predict both age and biological sex. Their primary contribution was the
development of a model that learns lagged and dynamic representations of brain activ-
ity, thereby improving temporal sensitivity in prediction tasks. By modeling delayed
dependencies in BOLD signals, the approach was able to capture more nuanced tem-

poral patterns associated with developmental and demographic variation.

As discussed, a substantial body of research within the fields of neuroimaging
and computational neuroscience focuses on classification and regression tasks. This
methodological focus is also evident in studies related to ADD. Numerous investigations
have been devoted to distinguishing individuals with ADD from cognitively normal
controls, or from SCI and from those diagnosed with MCI. A subset of studies further
attempts to classify sub-stages of MCI—such as early versus late MCI—or perform

multiclass classification across normal cognition, MCI, and ADD.
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Nevertheless, despite the proliferation of such diagnostic models, the majority of
existing research remains constrained to discrete diagnostic categories and overlooks
the underlying continuum of cognitive decline. The progression from normal cognition
to dementia in Alzheimer’s disease is inherently gradual and heterogeneous, yet this
continuous spectrum is rarely modeled explicitly. Current approaches often emphasize
static classification boundaries without adequately capturing the transitional dynamics
or neurobiological variations across the disease trajectory. As a result, while classifica-
tion frameworks may achieve high diagnostic accuracy, they provide limited insight into
the latent dimensions of disease progression—Ileaving the rich and clinically relevant

spectrum of cognitive deterioration in ADD substantially underexplored.

Moreover, the effective characterization of this spectrum through the use of intrin-
sic, low-dimensional latent representations has received even less scholarly attention.
While graph embedding techniques have been widely applied in classification and re-
gression contexts, they have not yet been extensively utilized to map or represent the
broader cognitive decline continuum. Several studies have employed low-dimensional
embeddings of magnetic resonance imaging (MRI) data for the purpose of classifica-
tion [52], discriminative analysis of patients diagnosed with ADD [53], and for the
investigation of structural-functional brain associations [54]. One particularly note-
worthy contribution [55] proposes a discrepancy analysis framework not only aimed at
enhancing the diagnostic accuracy for ADD and Mild Cognitive Impairment (MCI), but
also at capturing translational patterns along the cognitive deterioration continuum.

However, such integrative and spectrum-oriented approaches remain scarce.

Despite these advancements, the majority of existing studies either fail to provide
a rigorous and continuous exploration of disease states or lack sufficient granularity in
modeling the dynamic progression of cognitive impairment. As a result, the cognitive
decline spectrum—especially in the context of ADD—remains a significantly under-

studied frontier in computational neuroscience and clinical neuroimaging research.
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Building upon these findings, a growing number of studies have expanded the
use of connectome-based graph representations beyond clinical classification, leverag-
ing them for a variety of continuous prediction tasks including cognitive performance,
behavioral phenotypes, and demographic variables. This shift highlights the general-
izability of brain graphs as modeling substrates in both clinical and normative neuro-

science.

These studies collectively illustrate the expanding scope of connectome-based
modeling and graph neural networks (GNNs) in neuroscience, highlighting that brain
connectivity patterns—whether derived from functional or structural imaging—have
been utilized not only for the classification of neurological and psychiatric disorders,
but also for a wide range of other predictive tasks related to cognition, behavior, and
demographic profiling. This breadth of application underscores the generalizability and
flexibility of connectome representations as a modeling framework. While functional
connectomes have been widely used due to their accessibility and ability to capture
dynamic co-activation patterns, structural connectomes, derived from diffusion MRI,
offer a more direct and biologically grounded representation of the brain’s anatom-
ical architecture. Their relative sparsity and neuroanatomical interpretability make
them particularly well-suited for graph-based learning. Recent studies have demon-
strated that connectome-derived features, when processed through GNNs or related
architectures, can successfully capture individual variability in cognitive performance,
intelligence, personality traits, sex, and age. These findings collectively position graph-
based connectome modeling as a promising and generalizable tool for both clinical and

non-clinical neuroimaging applications.

While functional brain networks are generally easier to obtain than structural
networks—primarily because they do not require computationally intensive tractog-
raphy or diffusion-weighted imaging pipelines—they present their own unique set of
challenges. Functional networks are typically derived from Blood Oxygen-Level De-
pendent (BOLD) signals, which reflect changes in neural activity by measuring fluc-

tuations in oxygenated blood flow. The construction of these networks is not direct
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but rather inferred through statistical associations between time-series signals recorded

from different brain regions.

Multiple statistical methods have been proposed to infer functional connectivity,
including Pearson correlation, Spearman correlation, partial correlation, and mutual
information, among others. However, these methods often produce connectivity matri-
ces that are overly dense, capturing both meaningful and spurious associations. The
high density of these networks complicates both their interpretability and their utility
in machine learning and graph-theoretic analyses. As a result, researchers frequently
apply sparsification techniques to emphasize the most salient connections. These tech-
niques range from simple thresholding and binarization to more sophisticated strategies
such as minimum spanning trees, k-nearest neighbors filtering, and adaptive thresh-

olding based on statistical significance, [56-58].

However, the introduction of sparsification steps adds a layer of complexity to the
network construction process. The choice of sparsification technique and its parameters
can significantly influence the topological properties of the resulting networks, and by
extension, the outcomes of downstream analysis tasks such as classification, clustering,
or biomarker discovery. This variability introduces a form of methodological noise
and can dilute the consistency and reproducibility of findings across studies, posing a
significant challenge for the broader generalization of machine learning models trained

on such data.

In contrast, structural brain networks, typically derived from diffusion MRI and
tractography, are inherently sparse due to the physical constraints of axonal connections
in the human brain. The white matter tracts that constitute structural connectivity
impose anatomical limitations on inter-regional communication, resulting in sparser
and often more stable connectivity matrices. This sparsity not only reflects underlying
neurobiological reality but also reduces the need for aggressive post-hoc sparsification,
thereby simplifying the preprocessing pipeline and potentially enhancing the inter-

pretability of derived graph representations.



16

This thesis aims to address a significant and persistent gap in the current un-
derstanding of the cognitive decline spectrum associated with Alzheimer’s Disease De-
mentia (ADD), particularly in relation to its complex and progressive interactions with
brain network topology. Despite extensive research on diagnostic classification, the con-
tinuum of cognitive deterioration—its underlying geometry, structural variability, and

neurobiological correlates—remains poorly characterized in the literature.

To this end, the thesis introduces a novel deep learning framework grounded
in graph neural networks (GNNs) with integrated attention mechanisms. This archi-
tecture is specifically designed to capture subject-level brain connectivity patterns and
model the continuous trajectory of cognitive decline, moving beyond discrete diagnostic
labels. The proposed method identifies and exploits a low-dimensional latent manifold,
revealing that the high-dimensional neuroimaging data associated with Alzheimer’s
progression can be meaningfully and reliably embedded in a two-dimensional space.
This manifold captures subtle yet systematic variations in structural brain connectiv-
ity, suggesting that complex topological changes occur in a stable and interpretable

fashion across the cognitive decline continuum.

The findings contribute not only to methodological innovation but also to clinical
neuroscience by offering a novel framework for both disease staging and early diag-
nosis. The proposed approach facilitates enhanced interpretability and may provide
valuable insights into the progression of ADD at a population and individual level. In
doing so, this work lays the foundation for future applications in personalized medicine,
biomarker discovery, and mechanistic modeling of neurodegenerative disease trajecto-

ries.
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3. METHODOLOGY

3.1. Brain Networks

A weighted, undirected graph with no self-loops can be defined by the following

components:

e A set of nodes/vertices, where V = {v;}, |V|=N,
e A set of edges, where E = {e;;}, and

e A corresponding adjacency matrix, A € RV*Y with elements a;;

The adjacency matrix satisfies
Qj; = Qi , Qi; = 0, Q5 = 0 if €ij ¢ FE. (31)

This implies that the adjacency matrix is symmetric and contains no self-loops (i.e.,
self-connections). Moreover, it fully encodes the information represented by the edge

set F.

Each node/vertex v; may have an associated feature vector x;, and all node
features form the feature matrix, X € RV*F where F is the number of features per

node/vertex.

The complete graph with structural and feature information is therefore given by
G=(V,E, A X). (3.2)

In the context of brain networks, such a graph structure is used to represent neural

systems, where:

e Nodes correspond to cortical regions
e Edges represent connections between regions based on functional or structural

relationships
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Both nodes and edges may carry features or embeddings that describe their char-

acteristics. However, this study considers only node features.

3.2. Graph Neural Networks

Graph Neural Networks (GNNs) are a natural choice for processing graph-structured
data and, consequently, for analyzing brain networks. There exist various types of GNN
architectures. Among those employed in this thesis are Graph Isomorphism Networks
(GINs) [59], Graph Convolutional Networks (GCNs) [60], Graph Attention Networks
(GATs) [61], as well as several graph readout mechanisms [49]. The subsequent subsec-
tions provide detailed explanations of how these specific GNN layers function. However,
before delving into those details, firstly, the general operational principles of GNNs are

presented, as they all share a common computational framework.

Most contemporary GNN models adopt the message-passing paradigm [62]. In
this framework, node features are iteratively updated by aggregating information from
their neighbors. The process consists of two primary stages: aggregation and update.

The message-passing mechanism can be formally described by

a, = Aggregate({x, : v € N(v)}), x2° = Update(x,,a,). (3.3)

Here, N(v) denotes the set of neighboring nodes of node v, and x, represents the

feature vector associated with node v.

These generalized equations illustrate the flow of information within a single
GNN layer, which can be interpreted as one iteration of message propagation across
the graph. Although different GNN architectures may implement the aggregation and
update functions in distinct ways, most of them adhere to this fundamental message-

passing framework.
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3.2.1. Graph Isomorphism Network

The Graph Isomorphism Network (GIN) layer serves as a representative example
of the message-passing framework, featuring explicitly defined aggregation and update

functions.

In GIN, the aggregation operation is implemented as a simple summation over the
features of neighboring nodes, while the update step is performed using a multi-layer

perceptron (MLP) [63]. Formally, the propagation rules are defined as

a, = Aggregate({x, : u € N(v)}) = Z Xy, (3.4)
ueN (v)
x,*" = Update(x,,a,) = ¢ ((1 + ¢)x, + a,) . (3.5)

Here, ¢ denotes an MLP with a single hidden layer, and € is a learnable scalar pa-
rameter. The use of an MLP is motivated by the Universal Approximation Theorem
(UAT) [64], which ensures sufficient expressiveness for nonlinear transformations. The
decision to make € learnable is based on empirical and theoretical findings showing that
it enhances the representational capacity of the model by allowing flexible weighting

of self-node features [59].

The GIN layer can be expressed in matrix form as
X" =0¢p((14+¢)X+AX). (3.6)
Alternatively, using the adjacency matrix with self-loops, it can be written as
X" — ¢ (AX + eX) — ((A + eI)X) . (3.7)
The matrix-form of the equations essentially have the same logistics as the iterative

form of the equations, written in a compact form. The symbols in these matrix-form

expressions can be described as:

e X € RV*Fin: Input feature matrix, where N is the number of nodes and Fj, is
the number of input features.

o Xuew ¢ RNV*Fout: Qutput feature matrix after applying the GIN layer.
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e A € {0,1}M*N: Adjacency matrix of the graph (without self-loops).
o I c¢ RV*N: Identity matrix.

e A = A + I Adjacency matrix with added self-loops.
3.2.2. Graph Convolutional Network

Graph Convolutional Networks (GCNs) extend the principles of Convolutional
Neural Networks (CNNs) [65] to non-Euclidean domains, specifically graph-structured
data. They operate within the message-passing framework, wherein node features are
iteratively updated based on their local neighborhood. In addition to this spatial
interpretation, GCNs are also well-studied from the perspective of Spectral Graph

Theory [66], providing a complementary frequency-domain analysis of their operations.

The message-passing formulation of GCNs can be expressed as follows:

a; = Aggregate({x; - j e N Ui} ) = Y —2Zx, (3.8)
jeN(@uliy £/ d;d;

x;°" = Update(x;, a;) = U(WTai). (3.9)

(3

This iterative form also conforms to the message-passing framework and has obvious
similarities compared to GIN equations in the previous page. The terms in these

equations can be explained as:

d;y =1+ Zje./\/'(i) ej,i, with d; denoting the degree of node 7 including the self-loop.

e ¢;,; represents the edge weight from node j to node i (default: 1).

W is the learnable weight matrix applied during the update step. Its dimensions
are I}, X Fy;, where Fj, is input feature dimension, and F,,; is output feature

dimension.

o(.) is an activation function of choice.

As described in [60], these equations can be written in more compact form as

A1 A A

X" = (D 2AD 2 XW). (3.10)
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The terms in this equation can be described as:

e A = A +I: adjacency matrix with added self-loops.
D: degree matrix of A, where bm = Zj /LJ

X € RV*Fin: input node feature matrix, where N is the number of nodes and F},

is the number of input features.

W € RFnxFout; Jearnable weight matrix, mapping input features to output fea-
tures.

Xnew ¢ RNXFout: gutput node feature matrix after applying the GCN layer.

3.2.3. Graph Attention Network

The Graph Attention Network (GAT) layer also operates within the message-
passing framework. It introduces a self-attention mechanism that computes attention
coefficients between a node and its neighbors, enabling the model to assign different
importance weights to each neighbor when aggregating features. Node features are then
updated as a weighted sum of neighboring features, based on these learned attention

scores.

This update rule can be written as

a, = Aggregate({a, 2z, : u € N(v)}) = Z QyvZus (3.11)
ueN (v)

new

x," = Update(x,, a,) = o(a,), (3.12)

(%

where the individual elements of the attention matrix can be characterized with

exp (h(a' [z, | z,]))
ZaGN(v)U{v} exp (h(a'[z, [ z,]))

Other terms and symbols in the above equations can be described as:

(3.13)

Ay =

)

e z, = WTx,, where W is a learnable weight matrix applied to the input features.
® «,, is the attention coefficient indicating the importance of node u’s features to

node v. It is 0 if the nodes are not connected.
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|| denotes concatenation of feature vectors.
e a is a learnable attention vector.
e h(-) is a nonlinearity, typically chosen as LeakyReL.U.

e o(+) a nonlinearity which is often applied to x2¢V after aggregation.

In matrix form, the aggregate and update equations can be written as
X'V = g(aXW), (3.14)

where a is the calculated attention matrix with elements defined in Equation (3.13).

3.2.4. Summary of Different Graph Layers

To conclude the detailed descriptions provided in Sections 3.2.1, 3.2.2, and 3.2.3,
a comparative summary of the GIN, GCN, and GAT layers are presented. The table
below highlights the key components of each architecture, including their aggregation
strategies, update mechanisms, and corresponding matrix form equations. This sum-
mary serves to emphasize the conceptual and operational differences among the layers

and to facilitate direct comparison.

Table 3.1. Comparison of GNN Variants by Aggregation, Update, and Matrix Form
Equations. Please refer to sections 3.2.1, 3.2.2 and 3.2.3 for the definitions of the

variables used in this table.

Model | Aggregate Update Matrix Form
GIN | a =Y eno) Xu x, = MLP(a,) | X" = MLP (( A+ eI)X>

GON | &y = Yoenp 2% | %o =0(a) | X =o(D72AD:XW)

GAT & = D uen) W WXy | X, =0(a,) XW = g(aXW)

3.2.5. Graph Readouts

After the message-passing or information propagation phases within a graph neu-

ral network, the data remains in a structured form—consisting of a graph with nodes
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and their updated feature representations. However, in graph-level tasks such as clas-
sification or regression, it is necessary to transform this structured representation into
a fixed-size vector that captures the global information of the entire graph. This trans-
formation allows downstream processing, such as passing the graph representation to
a standard multilayer perceptron (MLP) or other classical neural architectures for pre-

diction tasks.

To achieve this transformation, various strategies have been proposed, generally
referred to as graph readout, graph pooling, or graph summarization methods. The
most straightforward approaches include concatenating all node features in a predefined
order or applying permutation-invariant aggregation functions such as summation, av-
eraging, or max pooling across all nodes. While these methods are simple and effective
in some scenarios, they may fail to capture complex structural or feature-based rela-

tionships across the graph.

To address these limitations, more sophisticated readout mechanisms have been
developed, including Set2Set [67], SortPooling [68], Gated Attention Readout (GARO)
[49], and other attention-based pooling methods [69]. These techniques aim to learn
more expressive and adaptive summarizations of the node set by modeling inter-node

dependencies or dynamically weighting node contributions.

3.2.5.1. Simple Readout Mechanisms. Sum, mean, and max pooling—collectively re-

ferred to as readout functions—constitute a class of straightforward yet effective aggre-
gation strategies employed in graph neural networks (GNNs). These methods operate
by computing the element-wise sum, mean, or maximum of the feature vectors associ-
ated with the neighbors of a given node or vertex. Despite their simplicity, such pooling
operations are foundational components in numerous GNN architectures due to their
computational efficiency and empirical effectiveness. Notably, sum pooling has been
demonstrated to possess greater representational power than mean or max pooling,

particularly in its ability to distinguish complex graph structures [59].
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3.2.5.2. Global Attention Readout. In this thesis, the attention-based readout strat-

egy introduced in [69] which is called Global Attention is primarily adopted, which
utilizes a global attention mechanism over the node features to produce a set of im-
portance weights. These weights are then used to calculate a convex weighted average
of the node feature vectors, effectively yielding a fixed-size vector that serves as a
summary of the entire graph. The resulting graph-level embedding is then passed to

subsequent layers for final prediction tasks. The equation governing this transform is

Xg = Z softmax(@gate(Xy)) © Xy, (3.15)
YveV

where x¢ denotes the summarized graph feature vector, and @gare : R — R is a
learnable neural network applied to each node’s feature vector. F;n denotes the nodal

feature dimensionality.

3.2.5.3. Graph Attention Readout (GAROQO). Graph attention readout, in short, GARO

[49], is another attention-based readout method based on key query mechanism used in
Transformer architectures [70]. The GARO method is incorporated in our experiments
to evaluate the impact of different readout mechanisms. It consists of a key and query
transformation implemented by the learnable key and query matrices with dimensions

D x D, i.e. Wiey, Wguery. The governing equations can be summarized with

K = Wi, X7, (3.16)
q= unery(¢meanX)T7 (317)
T
. L (a K
Zspace = Sigmoid ( \/_) , (3.18)
D
Xa = Zspacexy (319)

where @mean is an 1 x N vector of coefficients where each element being equal to 1/N,
N being the number of nodes in the graph, facilitating an averaging operation over the

nodal features in the graph.
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3.3. Attention Based Low Dimensional Brain Connectome Embedding

Figure 3.1 illustrates the overall architecture employed throughout this thesis to
facilitate a range of downstream analyses. The design incorporates core components in-
troduced in Section 3.2, particularly within the Graph Neural Network (GNN) module.
Specifically, the GNN block is composed of three sequential layers: a Graph Isomor-
phism Network (GIN) layer, followed by a Graph Attention Network (GAT) layer, and
subsequently a global attention-based readout mechanism for generating a graph-level

representation. This readout method is herein referred to as Attention Pooling.

The architecture comprises two operational branches: the online flow and the
offtine flow. The online flow pertains to the training phase of the model, wherein
the architecture is optimized for a binary classification task. The classification tasks
explored in this thesis include Alzheimer’s Disease (ADD) versus Mild Cognitive Im-
pairment (MCI), ADD versus Subjective Cognitive Impairment (SCI), and MCI versus
SCIL.

During the online flow, the model processes input brain networks—represented
as binarized graphs with associated node features—via the GNN module. This module
performs message passing using the GIN and GAT layers and subsequently computes
a graph-level summary using the attention-based readout. The output of the GNN
module is a fixed-dimensional graph embedding of dimension D = 64, which serves as

input to a downstream multilayer perceptron (MLP) classifier.

The choice of GNN components is motivated by their respective strengths: the
GIN layer is included due to its high expressive power in distinguishing graph struc-
tures, while the GAT layer is leveraged for its ability to dynamically weight node-level
features based on learned attention coefficients, thereby allowing the model to focus
on salient regions of the graph. The attention-based pooling layer refines the graph
representation further by assigning higher importance to nodes that contribute more

significantly to the task, thereby enhancing the model’s discriminatory capacity.
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The MLP classifier consists of two fully connected layers. The first hidden layer
contains 64 neurons and employs a Rectified Linear Unit (ReLU) activation function.
The final layer consists of 2 output neurons corresponding to the binary classification
outcome. The output is passed through a softmax function to obtain class probabilities.
The model is trained end-to-end using the binary cross-entropy loss function. The key

architectural parameters are summarized in Table 3.2.

Table 3.2. Architecture parameters of the Attention-Based Low Dimensional Brain

Connectome Embedding.

GIN nodal feature dimension 128
GAT nodal feature dimension (D) 64

Number of neurons in the first hidden layer | 64

Number of neurons in the output layer 2

Upon completion of training within the online flow, the resulting GNN model is
capable of summarizing input brain networks into compact, fixed-size embeddings in a
D-dimensional latent space. These learned representations are subsequently utilized in
the offline flow, specifically within the Low-Dimensional Manifold Constructor mod-
ule. This module applies Principal Component Analysis (PCA) to the set of graph
embeddings obtained from the training data. PCA is employed to reduce the dimen-
sionality of the data while retaining the principal components that capture the most
variance. The result is a low-dimensional manifold that enables visualization and fur-

ther analytical procedures.

The offline flow enables the projection of new, previously unseen brain networks
into this learned latent space. To do this, a given network is passed through the
trained GNN to obtain its graph-level embedding, which is then projected onto the
PCA-derived manifold. This enables further downstream analyses, such as tracking
trajectories across the cognitive decline spectrum or interpreting patterns associated

with neurodegenerative progression.
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D-dimensional readout
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Figure 3.1. The framework includes a GNN for feature extraction and an MLP for

binary classification (e.g., ADD vs. SCI). The GNN uses GIN, GAT, and attention

pooling to generate D-dimensional embeddings. These are used for classification in
the online phase (solid lines). In the offline phase (dashed lines), embeddings are

projected into a low-dimensional manifold via PCA for visualization and analysis.

3.3.1. Architectural Modifications Explored

To enhance the interpretability of the proposed framework outlined in Figure 3.1
—hereafter referred to as the original model—several architectural modifications have
been investigated. These modifications are motivated by the objective of enabling
scale-space analysis and facilitating biologically meaningful interpretations of brain or-
ganization. In particular, the notion of soft clustering and subnetwork-level representa-
tion has been incorporated to probe the multiscale structure of brain connectomes. By
aggregating nodal features into subnetworks, the model aims to capture latent spatial

patterns that may be associated with functional modules or disease-specific alterations.
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The effectiveness of these architectural variants is assessed in comparison with the
original model, both in terms of predictive accuracy and interpretability. The following
sections describe two such modifications: Subnet GAT, which introduces subnetwork-
level aggregation following the attention mechanism, and Subnet GAT with Subnet
Attention, where subnetwork formation precedes attention-based feature propagation.
Each variant offers a distinct perspective on feature transformation and attention over

network topology.

3.3.1.1. Subnet GAT. The architectural modification introduced in the Subnet GAT

block is illustrated in Figure 3.2. In this configuration, a new feature aggregation layer
is appended subsequent to the Graph Attention Network (GAT) operation. Let the
output of the GAT layer be denoted by X’. This output is then aggregated across
subnetworks through multiplication with a matrix B, yielding a new feature matrix

X",

The matrix B € R*¥*" is a learnable component, where n represents the num-
ber of nodes in the original graph and k is a hyperparameter defining the number of
subnetworks (or subgraphs) to be extracted. Subnet features are derived by weighted
summation of node-level features using the coefficients encoded in B. The construction

of B is formally defined as
Bixn, = sigmoid(f + Amy,). (3.20)

In this formulation, m; denotes the first k£ eigenvectors of the graph Laplacian corre-
sponding to the lowest k eigenvalues, effectively capturing the low-frequency structural
characteristics of the graph. The matrix 8 € R¥*" comprises learnable parameters,
while A is a scalar hyperparameter that regulates the influence of graph topology on
subnet definitions. A higher value of A biases subnet construction more heavily to-
ward spectral properties of the graph, whereas a lower value encourages the model to
rely more on optimization dynamics during training. The sigmoid activation ensures

numerical stability by bounding the aggregation coefficients.
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The computation sequence is summarized with
X' = aXW + b, (3.21)

X" = BX' = X" = BaXW + Bb. (3.22)

Collectively, the Subnet GAT mechanism can be represented by the composite attention
matrix Ba, which acts at the subnetwork level rather than individual nodes. Here, a

represents the node-level attention matrix described in Section 3.2.3.

a ]
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Figure 3.2. GNN Block after Subnet GAT modification. A subnetwork-level feature
aggregation module is introduced following the GAT layer.

3.3.1.2. Subnet GAT with Subnet Attention. A complementary architectural variant

is presented in Figure 3.3, where the subnetwork-level aggregation is performed prior
to the GAT operation. In this version, the same aggregation matrix B, as defined
in Equation (3.20), is employed to reduce the original node-level feature space into
k subnetwork representations. The GAT layer is then applied to these aggregated

features under the assumption of a fully connected graph among subnetworks.

This design shifts the attention mechanism to operate directly on subnetwork
representations. Accordingly, the composite attention matrix becomes aB, in contrast
to Ba used in the previous approach. This inversion reflects the change in the sequence

of aggregation and attention operations.
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Figure 3.3. GNN Block after Subnet GAT and Subnet Attention modification.
Subnetwork aggregation is applied prior to the GAT layer.

3.3.1.3. Subnet GARO. The Graph Attention Readout (GARO) layer was further

modified to facilitate scale-space analysis and the extraction of interpretable subnetwork-
level representations. Specifically, the computation of the key matrix was reformulated

and can be described with the equation
K =X"0(Wiyy). (3.23)

In contrast to the original GARO formulation—where Wiy is of dimension D x D—the
revised approach employs a key weight matrix of dimension n x k, where n denotes the
number of nodes and k is the number of subnetworks. This structural change enables
a redefinition of the key matrix as a soft aggregation of node features, modulated by
sigmoid-activated gating functions. The resulting K matrix effectively encodes soft
clustering coefficients that allow the construction of latent super-nodes or subnetworks

composed of overlapping node subsets.

The use of the sigmoid activation function plays a crucial role by ensuring that
only partial contributions from each node’s feature vector are aggregated, enabling
nuanced and non-convex combinations of node representations. Although the resulting
subnetworks are not mutually exclusive—i.e., overlapping in structure—they provide
a meaningful abstraction of how node groupings may emerge to support task-specific
representations. This modification aligns with the broader objective of uncovering

multiscale and modular organizational principles within brain networks.
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4. EXPERIMENTS AND RESULTS

4.1. Data Acquisition

The cohort utilized in this thesis comprises a total of 88 participants. All indi-
viduals provided written informed consent in accordance with the approvals granted
by the relevant institutional ethics committees’ . Table 4.1 presents the distribution

of participants by age, gender, and diagnostic group. This dataset is called as CAPA

dataset.
Table 4.1. Summary of the cohort of participants.
ADD MCI SCI
Number of Participants 18 46 24
Age 69.83 + 8.52 | 62.04 £ 9.78 56.95 £+ 7.54
Gender (M/F) 10/8 (44% F) | 23/23 (50% F) | 12/12 (50 % F)

The imaging data was acquired using Philips Achieve 3T MRI system (Nether-
lands) with a 32-channel head coil at Istanbul University, Faculty of Medicine, Neu-
roimaging Unit of Hulusi Behget Life Sciences Research Laboratory. Table 4.2 shows

the common parameters used for different modalities.

Table 4.2. Common MRI Acquisition Parameters by Modality.

Parameter T1-weighted DWI rs-fMRI
TE/TR (ms/ms) 3.8 /83 92 /9032 | 30 / 3000
FOV (mm?) 220 x 240 | 200 x 236 | 212 x 199
Voxel Size (mm?) 1.0° 2.27° 3.31°
Slices 180 71 48 (axial)
Flip Angle 8° - 80°

Ustanbul University, Istanbul Faculty of Medicine, Ethics Committee Approval: 877/30.05.2014;
Bogazici University, Ethics Committee Approval: 2014-1/17.02.2014
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In addition to the acquisition parameters presented in Table 4.2, the following

methodological details apply to each imaging modality:

e Tl-weighted (T1w) MRI: Acquired using a 3D Fast Field Echo (FFE) pulse se-
quence in conjunction with a multi-shot Turbo Field Echo (TFE) imaging mode.

e Diffusion-Weighted Imaging (DWI): Data were acquired using 120 gradient di-
rections with a maximum gradient strength of 40 mT/m and a slew rate of
200 mT/m/ms. The acquisition utilized 6 shells in g-space, and the imaging
matrix was set to 112 x 112.

e Resting-State fMRI (rs-fMRI): Acquired using the Fast Field Echo (FFE) tech-

nique in multi-slice mode with a single-shot Echo Planar Imaging (EPI) sequence.

Subsequently, each subject’s T1-weighted MRI, resting-state fMRI, and diffusion-
weighted imaging (DWI) data were isotropically resampled to a resolution of 1.5 mm
and co-registered using a combination of FreeSurfer, FSL, and Tortoise software tool-
boxes. The resulting co-registered volumes were then subjected to manual quality
control and curation by expert neurologists to ensure anatomical accuracy and prepro-

cessing reliability.

4.2. Clinical Assessment

Diagnostic classification and clinical staging of participants were conducted in
accordance with established criteria. Initial clinical assessment was performed using
the National Institute on Aging and Alzheimer’s Association (NIA-AA) criteria [71].
Participants meeting the criteria for probable Alzheimer’s disease dementia with an
amnestic presentation were assigned to the Alzheimer’s disease dementia (ADD) group.
Those in the Mild Cognitive Impairment (MCI) group were identified based on their
performance on the Free and Cued Selective Reminding Test (FCSRT), specifically
scoring 27 or below on Total Free Recall (TFR) and 0.67 or below on the Cue In-
dex (CI). The TFR threshold of 27 was selected for its greater sensitivity in detecting

dementia risk, as compared to the more conservative cutoff of 24. Participants ex-
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ceeding these thresholds (TFR > 27 or CI > 0.67) were classified as having Subjective
Cognitive Impairment (SCI). In addition, SCI participants were recruited through com-
munity advertisements and required to score at least 1 on either the Cognitive Function

Instrument — Subject form (CFI-S) or the Study Partner form (CFI-SP).

Clinical staging was further evaluated using the Clinical Dementia Rating (CDR)
scale. ADD participants had CDR scores of 0.5 or 1, corresponding to very mild or
mild dementia, respectively. MCI participants had a CDR score of 0.5 and a CDR-
Sum of Boxes (CDR-SOB) score of 0.5 or 1. SCI participants, representing cognitively
normal individuals, had a CDR score of 0. Final diagnoses were established through
comprehensive neurological and neuropsychological assessments, supported by cranial

magnetic resonance imaging (MRI), and reviewed by a panel of behavioral neurologists.

Participants were excluded if they had a history of neurological or psychiatric dis-
orders affecting cognition, alcohol or substance abuse, significant head trauma involv-
ing loss of consciousness, or moderate to severe white matter hyperintensities (Fazekas
score 2-3) as observed on MRI. Individuals with contraindications to MRI scanning

were also excluded from the study.

4.3. Brain Connectome Construction

In this study, structural brain networks (sNets) are primarily utilized to represent
individual subjects, while complementary analyses are also conducted using multiple
variants of functional brain networks (fNets). These networks are constructed based
on two widely adopted parcellation schemes. The first is the Destrieux atlas [5], which
yields cortical networks comprising n = 148 nodes. The second is the Schaefer atlas
[6], which supports variable spatial granularity: it produces functional networks with
n = 100, 200, ...,1000 nodes and structural networks with n = 200, 300,400 nodes.

This range facilitates the investigation of atlas resolution effects on downstream tasks.
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Structural connectomes were generated using deterministic tractography, imple-
mented via fourth-order Runge-Kutta (RK4) numerical integration, as outlined in [72].

The tractography parameters employed in this process are detailed in Table 4.3.

Table 4.3. Tractography Parameters.

Parameter Value

Maximum Curvature 35°

Minimum FA Threshold (Stopping Criterion) 0.15

Minimum Fiber Length 20 mm
Number of Seeds per Voxel 30
Step Size 0.7 mm

The structural connectome edge weights, denoted as a,;, are computed using a

volumetric association formulation

2
Vit V;

aij =

3 Wl (11)
k

Here, V; denotes the volume of cortical region i, and W;,. quantifies the association
between the i-th region and the k-th fiber. This association metric, introduced by [73],
employs a volume-normalized probabilistic framework to ensure numerical stability
in graph learning models. The association strength W, reflects the likelihood of a
diffusing particle originating from the endpoint fj of a fiber and arriving at a voxel r;
in region R;, subject to a spatial proximity constraint. The corresponding Gaussian
kernel-based formulation is given by

1 i — il

r€R;, |ri—fr]|<20

In this equation, o is set to 0.155, based on kernel density estimation as suggested
by [74]. The resulting structural matrices are binarized by thresholding with zero.

Specifically, the governing equations are
AJA > 0] =1, (4.3)
AJA =0]=0. (4.4)

Although structural connectomes constitute the primary analytical focus of this thesis,
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alternative forms of functional connectivity are also explored for comparative purposes.
In addition to the standard fNet representation, two other variants—denoted as [Net

and eNet—are evaluated.

Functional connectomes are derived from resting-state BOLD (Blood Oxygen
Level Dependent) signals, which represent time-series activity recorded across voxels.
To generate node-level signals, BOLD time-series are averaged within each parcellated
region. Functional connections are traditionally inferred from statistical dependencies
(e.g., Pearson correlations) between region-level time-series, b; and b;. However, to
enhance sparsity and robustness, this study adopts an optimization-based formulation
proposed in [75] and later adapted for neurological applications by [55]. This formu-
lation yields the [Net variant, which emphasizes local smoothness and sparsity in the

connectivity structure.

The eNet variant, employed in parallel, is constructed following the methodology
outlined in [76]. These functional network variants collectively facilitate a comprehen-
sive evaluation of how different connectivity modeling approaches influence graph-based

learning in the context of ADD.

4.4. Low Dimensional Disease Manifold

The architecture depicted in Figure 3.1 is initially trained on a binary classifi-
cation task aimed at distinguishing between individuals diagnosed with Alzheimer’s
Disease Dementia (ADD) and those with Subjective Cognitive Impairment (SCI). This
training leverages a graph neural network (GNN), from which intermediate graph-level
representations are extracted. These representations are obtained from the output of
the attention-based graph readout layer, which integrates node-level information into a
global graph embedding. The resulting latent representation is a 64-dimensional vector

that encapsulates key structural and functional properties of the brain connectome.
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The training process is conducted using all available ADD and SCI samples, and
the optimization is carried out using the binary cross-entropy loss function, which is
appropriate for binary classification tasks. The specific hyperparameters and training

configurations used are detailed in Table 4.4.

After the model has been trained, principal component analysis (PCA) is applied
to the collection of 64-dimensional embeddings in order to reduce their dimensionality
to two principal components. These two components are selected because they capture
99% of the total variance in the learned representations, ensuring that the vast ma-
jority of the information encoded in the original latent space is preserved. While this
dimensionality reduction is useful for visualization, the selection is also analytically
justified by the high variance retention. Subsequently, brain graphs corresponding to
individuals with Mild Cognitive Impairment (MCI)—who were not included during

training—are projected onto this learned low-dimensional manifold.

As shown in Figure 4.1, the MCI samples are spatially located between the clus-
ters formed by the ADD and SCI groups. This configuration is consistent with the
clinical characterization of MCI as an intermediate stage in the progression from nor-
mal cognitive aging to Alzheimer’s disease, thereby providing further validation of the
learned embeddings as biologically meaningful representations of neurodegenerative

progression.

Table 4.4. Summary of Training Parameters.

Description Value
Batch Size 6
Number of Epochs | 100

Learning Rate 0.001

Weight Decay 0.001

Optimizer Adam
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Figure 4.1. The model in Figure 3.1 is trained on ADD vs. SCI classification. After
training, PCA is applied to the learned embeddings to obtain a 2D manifold. MCI
samples, not seen during training, are projected onto this space and fall between
ADD and SCI clusters. This aligns with clinical expectations, supporting the model’s

ability to capture the cognitive decline spectrum.

Then, the same GNN architecture was applied to a second binary classification
task, this time training the model to discriminate between ADD and MCI. The train-
ing procedure mirrored that of the ADD vs. SCI setting, using identical hyperpa-
rameters (Table 4.4) and the full set of available ADD and MCI samples. As before,
64-dimensional graph-level embeddings were extracted from the attention-based read-
out layer. To enable comparison across diagnostic groups and reduce dimensionality,
again, PCA was applied and retained the top two components, which captured 99% of

the variance in the latent space.

In this setting, SCI samples—excluded from training—were projected onto the
resulting two-dimensional space. As shown in Figure 4.2, these samples do not occupy
a transitional position between ADD and MCI, as MCI did in the previous experi-
ment. Instead, they are largely intermixed with the MCI cluster. This observation is
consistent with the clinical understanding of SCI as a preclinical or early stage in the

continuum of cognitive decline. The overlap suggests that SCI and MCI may share
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underlying neurobiological characteristics captured by the model, and highlights the
difficulty of sharply delineating these groups in latent space. The resulting manifold
further supports the plausibility of the learned representations as reflecting meaningful

stages of disease progression.

2D manifold obtained via training ADD vs. MCI
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Figure 4.2. A similar experiment is performed using a model trained on ADD vs.
MCI. PCA is applied to the learned embeddings, and SCI samples—unseen during
training—are projected onto the 2D manifold. SCI cases blend with MCI, lacking a

distinct cluster. This overlap reflects the clinical closeness of SCI and MCI and

supports the model’s sensitivity to early-stage cognitive variations.

Finally, a third experiment was conducted using the same architectural setup,
this time training the model to differentiate between MCI and SCI. As in the previous
settings, 64-dimensional graph-level embeddings were extracted from the output of the
GNN’s attention-based readout layer. These embeddings were subsequently subjected
to principal component analysis (PCA), retaining the top two principal components
that together accounted for 99% of the variance in the original feature space. Following
this, ADD samples—excluded from training in this setting—were projected onto the
resulting two-dimensional manifold. The outcome of this experiment is visualized in

Figure 4.3.
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In contrast to the manifolds obtained in the ADD vs. SCI and ADD vs. MCI ex-
periments, the resulting low-dimensional space does not exhibit a clearly interpretable
or clinically meaningful structure. First and foremost, the classification performance
of the model on the MCI vs. SCI task was notably lower than in the other two bi-
nary classification settings. This limited predictive capacity, discussed in greater detail
in Section 4.5, likely hindered the model’s ability to learn discriminative and biologi-
cally coherent representations. Consequently, the projection of MCI and SCI samples
shows substantial overlap in the two-dimensional space, with no well-defined separa-
tion between the two groups. While some SCI samples appear interspersed among MCI

cases, others form a loosely defined cluster, indicating inconsistency in how the model

embedded SCI samples.

Moreover, when ADD samples are introduced as a third class and projected onto
this manifold, they do not form a distinct cluster that is well-separated from MCI
or SCI. Instead, ADD samples appear partially situated between the two overlapping
groups and, in some cases, even align more closely with SCI than with MCI. This
distribution contradicts the expected clinical trajectory of cognitive decline, in which
ADD typically represents a more advanced stage relative to both MCI and SCI. The
lack of coherent spatial organization in this manifold underscores the consequences of
weak classification performance: when the model fails to accurately discriminate be-
tween classes during training, the latent space it constructs does not reflect meaningful

disease-related differences.

This result underscores the critical relationship between a model’s predictive per-
formance and the interpretability of its learned representations. When the model lacks
sufficient discriminative power, it is unable to capture clinically meaningful patterns
in the data, leading to embeddings that are less informative and more difficult to in-
terpret. A detailed evaluation of the model’s performance in this classification setting
is presented in Sections 4.5 and 4.9. In light of these limitations, the manifold learned
from the MCI vs. SCI task will not be further examined in the remainder of this thesis,

as it offers limited interpretive or clinical value.
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Figure 4.3. A similar experiment is conducted using a model trained on MCI vs. SCI.
The model performs poorly, and the resulting manifold shows no clear separation.
Samples from both groups appear intermixed, especially on the left side of the plot.
This aligns with known challenges in distinguishing MCI from SCI. When ADD

samples are projected, they also overlap, making the visualization uninterpretable.

After examining the three resulting manifolds, the most promising candidate for
further analysis is the one obtained from training the model on the ADD vs. SCI
classification task, as shown in Figure 4.1. This selection is motivated by the obser-
vation that the ADD and SCI samples form relatively well-separated clusters in the
two-dimensional latent space, while MCI samples are situated between them, thereby
offering a coherent and clinically plausible representation of the cognitive decline con-
tinuum. In contrast, the manifold derived from the ADD vs. MCI classification task
fails to capture this continuum effectively, as SCI samples project onto the same region
as MCI, thereby obscuring the overall disease progression structure. As previously
discussed, the manifold generated from the MCI vs. SCI classification task is even less
suitable for further analysis, primarily due to the model’s limited predictive perfor-
mance in that setting, which resulted in poorly structured embeddings. Furthermore,
this latter manifold represents only a partial spectrum of disease progression. Conse-
quently, the ADD vs. SCI trained manifold offers the most interpretable and complete

representation of cognitive decline and is thus selected as the basis for downstream
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analyses.

To enable further investigation of the manifold structure, distinct regions are de-
fined within the latent space that are predominantly associated with each diagnostic
class: ADD-heavy, SCI-heavy, and MCI-heavy regions. To achieve this, Gaussian dis-
tributions are fit to the first principal component of the manifold, as this component
captures the majority of the variance in the latent representations. For each diagnostic
group, the empirical mean and standard deviation are computed along this component.
The corresponding class-heavy regions are then defined as intervals spanning one stan-
dard deviation above and below the mean for each group, resulting in three distinct
regions. The fitted Gaussian curves and corresponding standard deviation boundaries
are illustrated in Figure 4.4. These boundaries are subsequently overlaid onto the
original manifold visualization in Figure 4.5, thereby demarcating the regions used for

subsequent normative analysis.
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Figure 4.4. The first principal component of the manifold in Figure 4.1 is modeled
using Gaussian fits for SCI, MCI, and ADD. Class-specific means and standard
deviations define intervals spanning 4o, marked by dashed lines. These serve as

reference regions for analyzing connectome changes across diagnostic groups.
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Figure 4.5. The class-specific regions defined in Figure 4.4 are overlaid onto the
two-dimensional manifold presented in Figure 4.1 to provide a clearer visual
delineation of the diagnostic boundaries. These regions, along with the corresponding
patient samples, are subsequently utilized in downstream analyses to investigate

alterations in brain connectome organization across clinical groups.

With these regions established, a normative analysis was conducted to identify
deviations from a reference connectome. The SCI-heavy region was designated as
the normative baseline, and the mean and standard deviation of connectome edge
weights were computed for all SCI patients within this region. Assuming a Gaussian
distribution of edge weights, the resulting mean SCI connectome served as a normative
template against which other samples—particularly those located in the MCI-heavy

and ADD-heavy regions—were compared.

For a given connectome edge, let us; denote the mean edge value across SCI
patients, and o its corresponding standard deviation. For a patient from a different
group (e.g., MCI or ADD), let e, be the edge value in question. Under the normal
distribution assumption for SCI edge values, the probability that . could have been
generated from the same distribution is computed using a two-tailed Gaussian integral,

which can be described as

> 1 B T—Hsci 2
p= 2/ —e 2, (0 dx. (4.5)
|

pe| V2T O

This probability value serves as a measure of similarity between each patient’s connec-
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tome and the normative SCI representation on a per-edge basis. To translate these
edge-level probabilities into region-level insights, the probabilities for all edges con-
nected to each brain region (cortex) are aggregated, effectively producing a regional
similarity score. These regional scores are then aggregated across all patients within
each group-defined region (e.g., ADD-heavy or MCI-heavy), resulting in group-level

cortical similarity maps.

To facilitate interpretation and visualization, the probability values are trans-
formed logarithmically, producing a log-likelihood measure that ranges from 0 to neg-
ative infinity. Lower values indicate a higher degree of deviation from the normative

SCI connectome, and thus, greater dissimilarity.

The results of this normative analysis are presented in Figures 4.6 and 4.7, which
depict brain maps highlighting cortical regions that differ most significantly between
SCI and ADD, and between SCI and MCI, respectively. In these visualizations, color in-
tensity encodes the degree of difference: lighter colors (e.g., light blue) indicate minimal
deviation, while darker shades progressing toward yellow and red represent increasing
dissimilarity. These maps allow for the identification of specific cortical regions that

may play a role in the early or late stages of cognitive decline.

Importantly, the most prominently differing regions, such as the precuneus, are
consistent with established findings in the neuroscience and clinical literature [77],
lending further credibility to the analysis. A more detailed interpretation of these
brain maps, including their implications in the context of neurodegenerative disease

progression, will be discussed in Section 5.

The efficacy of the learned manifold was further assessed using a sliding window
analysis traversing the cognitive spectrum from Subjective Cognitive Impairment (SCI)
to Alzheimer’s Disease Dementia (ADD). The procedure was initiated at the mean
connectome of the SCI cohort, with the window systematically shifted toward the

ADD region. Each window spanned six units along the first principal component axis



44

ctxlh G

h ctxlh G
parietal sup

precuneus

ctx lh Gtemp
sup-Lateral

ctxlhGand S
frontomargin

ctxrh G ctxrh G -15

postcentral

ctxrh G
precuneus

occipital sup

ctxrhG

front 25
inf-Triangul

ctxrh G
pariet inf-Angular

Figure 4.6. Cortical surface representations highlighting structural alterations
distinguishing ADD from SCI. Relative to the SCI group, individuals with ADD
exhibit substantial deviations in brain network organization, with prominent
differences localized to the bilateral precuneus, superior parietal lobule, postcentral

and angular gyrus.

(£3), and for each position, an average connectome was computed following the same
methodology previously applied to the SCI group. The probabilistic similarity analysis
was then repeated for each window to evaluate structural deviations along the manifold

trajectory.

In this context, there is no need to aggregate over individual samples within the
sliding window because the connectomes have already been averaged at the window
level. While the previous analysis provided cortex-wise similarity scores, the current
objective is to evaluate the overall likelihood of the aggregated connectome within each
sliding window with respect to the mean SCI representation. To obtain a single scalar
measure of similarity for each window, the per-cortex likelihoods are aggregated by
computing their product, thereby yielding a unified likelihood score for that region.
We, then, take the logarithm of this measure, to obtain a better representation. This
methodology allows us to quantify how similarity to the SCI mean connectome changes

progressively along the SCI-to-ADD continuum. It is important to note that, for this
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Figure 4.7. Cortical surface maps display regional deviation patterns between SCI
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and MCI groups. Values indicate the log-sum of edge-wise differences from the SCI
reference, projected onto cortical regions. Warmer colors denote greater deviation.
Notable areas of difference include the right superior parietal lobule, precuneus,

occipital cortex, and inferior frontal gyrus.

analysis, mean connectomes are used per window to ensure consistent and meaningful
comparison across windows. This normalization is essential because each window may
encompass a different number of subjects, which would otherwise bias the likelihood
estimates. Such normalization was not strictly necessary in our earlier analysis, where
the focus was on identifying brain regions that differed significantly between SCI and
ADD/MCI within themselves, rather than comparing probabilistic similarities across

multiple regions.

Finally, as depicted in Figure 4.8, a near monotonic decline is observed in similar-
ity scores as the window advances toward the ADD cohort. This trend aligns with both
the expected trajectory of cognitive decline and established neurobiological evidence,

thereby validating the proposed approach.
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Figure 4.8. Log-likelihoods of patient samples are computed across overlapping
regions along the horizontal axis of the manifold in Figure 4.1 using a sliding window.
A clear decline in log-likelihood is observed from SCI to ADD, aligning with the
expected clinical progression and supporting the manifold’s interpretability in

reflecting disease severity.

4.5. Classification Performance and Predictive Evaluation

Building upon the manifold representations discussed in Section 4.4, it is crucial
to assess the predictive power of the proposed model architecture shown in Figure 3.1.
Unlike the manifold construction procedure, which utilizes the entire dataset to infer
structural embeddings, the classification pipeline requires strict validation procedures
to ensure generalizability. To this end, leave-one-out cross-validation (LOOCV) is

employed, which is particularly suitable for small datasets, as it allows for nearly

unbiased performance estimation.

Each classification experiment is repeated 10 times to mitigate the effects of
stochastic variability during training. the average and standard deviation of the pre-
dictive performance across repetitions are reported. For example, in the binary classi-
fication task distinguishing ADD (n = 18) from SCI (n = 24), this procedure results in

a total of 42 x 10 = 420 training-evaluation iterations. All experiments utilize the same
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training parameters listed in Table 4.4, with LOOCYV applied on top as an additional

layer of validation.

While the manifold learning step utilized all three diagnostic categories (ADD,
MCI, SCI) for downstream analyses, the classification tasks dealt with are strictly
binary by design. Therefore, similar to how three distinct manifolds were presented in
Section 4.4, three separate predictive performance results are reported corresponding
to the three binary tasks: ADD vs. SCI, ADD vs. MCI, and MCI vs. SCI. This
approach ensures methodological consistency and supports interpretability across both
manifold and classification analyses. Notably, the models used for classification are
highly comparable to those employed during manifold construction, differing only in

that one additional subject may be present due to the cross-validation protocol.

Table 4.5 summarizes the predictive performance for each task, evaluated using
the Receiver Operating Characteristic - Area Under Curve (ROC-AUC) metric. ROC-
AUC is selected as it provides a robust evaluation of model discrimination ability,
especially under class imbalance conditions. Unlike accuracy, ROC-AUC offers a more
interpretable and meaningful measure in our context, where classes are often unevenly

distributed.

Table 4.5. Predictive performance of the low-dimensional manifold constructor
framework is evaluated across three binary tasks. The model achieves high
ROC-AUC in distinguishing ADD from both MCI and SCI. However, performance is
poor for MCI vs. SCI, highlighting the subtlety and difficulty of differentiating these

adjacent stages of cognitive decline.

Task ROC-AUC (mean =+ std)
ADD/MCI 0.81 = 0.025
ADD/SCI 0.93 = 0.005
MCI/SCI 0.55 £ 0.048




48

As shown in Table 4.5, the model exhibits high discriminative power in the ADD
vs. SCI classification task, achieving a mean ROC-AUC of 0.93, indicating a strong
separation between these two diagnostic groups. The ADD vs. MCI task yields a
respectable performance of 0.81 ROC-AUC. Both of these results reinforce the inter-

pretive clarity of the corresponding manifolds shown in Figure 4.1 and 4.2.

Conversely, the MCI vs. SCI classification task results in a ROC-AUC of only
0.55, which is marginally better than chance-level performance (0.50). This outcome
suggests that the model is unable to learn distinctive features separating these two
groups, likely due to the greater overlap in their clinical profiles, the limited sample size,
and potential diagnostic uncertainty inherent in these adjacent stages. This observation
aligns with prior findings indicating that differentiating MCI from SCI is notably more
complex than distinguishing ADD from either group [78,79].

Furthermore, this poor performance casts doubt on the reliability of the MCI/SCI
manifold presented in Figure 4.3, which similarly failed to capture a coherent represen-
tation of the cognitive decline trajectory. Collectively, the classification results substan-
tiate the utility of the trained manifolds, particularly for tasks where the diagnostic
categories are well-separated, and establish a quantitative basis for the downstream

analyses using these manifolds throughout this thesis.

4.6. Ablation Study

The proposed architecture, as illustrated in Figure 3.1, demonstrates strong per-
formance in various discriminative tasks, with the exception of the classification be-
tween Mild Cognitive Impairment (MCI) and Subjective Cognitive Impairment (SCI).
To systematically assess the contribution of each component within the architecture, a
comprehensive ablation study is conducted. Although the MCI/SCI classification task
does not yield satisfactory results, its performance metrics is included in our analysis
for the sake of completeness and to provide a full account of the model’s behavior

across all examined scenarios.
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In this ablation study, the impact of architectural variations are investigated by
either entirely removing specific layers or replacing them with alternative ones. Then,
how these modifications influence the model’s performance compared to the results
reported in Section 4.5 are analyzed. This allows us to draw conclusions about the
relative importance and utility of each component within the overall Graph Neural

Network (GNN) architecture. In particular, the following variations are considered:

The complete removal of the Graph Isomorphism Network (GIN) layer

The complete removal of the Graph Attention Network (GAT) layer

Replacement of the GIN layer with a Graph Convolutional Network (GCN) layer

Replacement of the attention-based pooling mechanism with a sum pooling op-

eration

Each of these architectural modifications is designed to isolate and quantify the
individual contribution of specific components, thereby elucidating their respective

roles in enhancing the overall performance of the proposed GNN framework.

The results of the ablation study are presented in Table 4.9, which provides a
comparative evaluation of the model’s performance under various architectural modifi-
cations. This analysis highlights the impact of including or excluding specific layers and
pooling mechanisms on the overall classification performance. The experimental proto-
col employed to generate these results is consistent with that described in Section 4.5,
and is based on the configuration outlined in Table 4.4, utilizing a leave-one-out cross-
validation (LOOCV) framework. For each classification task, the corresponding setup

is further detailed in Table 4.6.

To ensure robustness and mitigate the effects of randomness, each experiment is
repeated ten times, following the same procedure previously adopted. The reported
results in the ablation study include both the mean and standard deviation across these

repeated runs, thereby providing a reliable estimate of performance variability.



Table 4.6. Summary of Ablation Study Parameters.

Description Value
ADD/SCI | ADD/MCI | MCI/SCI
Number of Repeats 10 10 10
Number of Folds 42 64 70
Batch Size 6 6 6
Number of Epochs 100 100 100
Learning Rate 0.001 0.001 0.001
Weight Decay 0.001 0.001 0.001
Optimizer Adam Adam Adam

50

As shown in Table 4.9, none of the ablated model configurations outperform the
original architecture, with the exception of the MCI/SCI classification task, which is
excluded from direct comparison due to its inherently low predictive power. The results
for MCI/SCI classification remain consistently close to random performance across all
architectural variations, with the highest observed ROC-AUC value reaching only ap-
proximately 0.61. This value is only marginally above the theoretical baseline of 0.5,
which corresponds to random guessing. Given the limited sample size available for
this task, such marginal improvements cannot be considered statistically significant,
nor do they suggest a meaningful learning signal. As previously noted, the MCI/SCI
classification results are included in the ablation analysis solely for the sake of com-
pleteness, to provide a comprehensive evaluation of model behavior across all targeted

classification tasks.

In contrast, the ADD/MCI classification task exhibits greater sensitivity to archi-
tectural changes. Among the ablated models, the configurations employing GIN+GAT
with sum pooling and GIN with attention pooling yield results that are comparable to
those of the original architecture. Specifically, the ADD/MCI performance for these
configurations shows a difference of approximately 1 percentage point in ROC-AUC
relative to the original model, indicating only a minor performance degradation. This

suggests that while attention pooling and the inclusion of the GAT layer may con-
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tribute incrementally, their absence does not drastically impair performance for this

particular task when a GIN layer is retained.

The ADD/SCI classification task, however, reveals more substantial disparities
in performance between the original and ablated models. The original architecture
achieves a ROC-AUC of approximately 0.93, whereas the best-performing ablated mod-
els, GIN+GAT+Sum Pool and GIN+Attention Pool, attain ROC-AUC scores closer to
0.90. Although the gap appears modest in absolute terms, it represents a meaningful
decline in classification performance within a statistical context. The decline illustrates
the additive value of the combined architectural enhancements—particularly the syn-

ergy between GIN and attention mechanisms—embedded in the original model.

A closer examination of the architectural variants reveals key patterns. The
three strongest configurations—namely, the original model, GIN+GAT+Sum Pool,
and GIN+Attention Pool—share two structural features: the inclusion of a GIN layer
and at least one attention-based component, whether it appears in the pooling strategy
or as a dedicated GNN layer. In contrast, the remaining two ablated configurations
either omit the GIN layer entirely or substitute it with a GCN layer. This shift results
in a marked performance degradation. Specifically, removing the GIN layer reduces
ROC-AUC from 0.93 to 0.84 for the ADD/SCI task and from 0.81 to 0.74 for the
ADD/MCI task. Meanwhile, replacing the GIN layer with a GCN layer further exac-
erbates this decline, leading to ROC-AUC scores of 0.78 for ADD/SCI and only 0.62
for ADD/MCI. The latter result is particularly concerning, as it approaches the level

of random classification, indicating a substantial loss of discriminative capability.

These findings underscore the critical importance of the GIN layer in achieving
high classification performance, particularly for tasks with greater structural complex-
ity such as ADD/SCI. While attention mechanisms contribute positively, their impact
is less pronounced when used in isolation. Conversely, replacing or omitting the GIN
layer introduces significant performance deficits, suggesting that GIN provides a rep-

resentational advantage not captured by simpler convolutional mechanisms such as
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GCN. Therefore, the ablation results confirm that the architectural choices embedded
in the original model are not only justified but also necessary for maintaining robust

predictive performance across the majority of tasks.

These results will be further examined in Chapter 5, where the observed perfor-
mance differences are interpreted in light of the underlying semantics and expressiveness
of various GNN layer types. This includes a deeper exploration of why certain layers,
such as GIN, contribute more substantially to model performance and how architec-

tural choices align with the structural characteristics of the input data.

4.7. Random Experiments

To assess the statistical significance and robustness of our findings, two control
experiments were conducted using synthetically generated data. In the first experiment,
random structural brain networks that matched the sparsity levels observed in real
connectome data were generated and inputted into the trained model. Specifically, the
architecture depicted in Figure 3.1 was utilized, trained on the ADD/SCI classification
task, to extract graph-level representations. Following model training on the full set
of Alzheimer’s Disease (ADD) and Subjective Cognitive Impairment (SCI) samples, a
two-dimensional latent manifold was constructed using principal component analysis
(PCA). This dimensionality reduction preserved nearly all of the variance present in

the learned representations.

The rationale for selecting the ADD/SCI classification task lies in its ability to
span the full spectrum of cognitive decline, making the resulting manifold particularly
informative. Furthermore, the model’s strong predictive performance on this task, as
reported in Sections 4.5 and 4.9, supports the validity of the learned representation

space.

To evaluate how the model interprets random network structures, the synthetic

graphs were processed through the trained GNN, extracted their latent representations,
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and projected these into the PCA space derived from the ADD and SCI samples. As
illustrated in Figure 4.9, the random networks are projected to a compact and isolated
region in the manifold, occupying an area that is distinctly distant from the clusters
formed by the ADD and SCI samples. This suggests that the random networks differ

substantially from biologically meaningful brain graphs.

In contrast, the MCI samples, when projected onto the same manifold (see Fig-
ure 4.1), occupy an intermediate position between the ADD and SCI clusters. In several
cases, MCI projections even overlap with those of ADD or SCI, indicating that their
representations are structurally and topologically closer to real clinical cases than to
random noise. The concentrated and isolated placement of random networks in the
latent space further supports the conclusion that the topology and manifold structure
captured by the model reflect meaningful neurobiological patterns, rather than being

the result of random or spurious features.

2D manifold obtained via training ADD vs. SCI, and random networks projected
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Figure 4.9. To validate the manifold’s robustness, a control experiment projects
randomized brain networks—matching real data sparsity but lacking biological
structure—into the PCA space. Unlike real MCI samples, these form a compact,
isolated cluster, confirming that the manifold captures meaningful, disease-relevant

brain organization rather than random variation.
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Later, a second control experiment was conducted to further examine the struc-
ture and validity of the learned manifold. In this experiment, the model architecture
presented in Figure 3.1 was trained entirely on synthetically generated random net-
works. These random graphs were constructed to match the sparsity levels of the real
structural brain networks in order to control for basic topological properties, similar to
what was done in the first control experiment above, while ensuring that no biologically
meaningful information was present. The training configuration remained identical to
that used in the original setup, as detailed in Table 4.4, including the use of the same
number of samples and class labels. Specifically, the model was trained on an artificial
ADD vs. SCI classification task, using 18 random networks labeled as ADD and 24 as

SCI, mirroring the real dataset in size and class distribution.

As expected, the model failed to demonstrate any meaningful predictive capacity
on this synthetic dataset. The random nature of the input data precluded the existence
of discernible patterns, rendering the learning process ineffective. Notably, the model
was unable even to overfit to the training data, likely due to the complete absence of
structured signals. This is visually supported by the manifold illustrated in Figure 4.10,
in which the latent representations of the synthetic ADD and SCI samples are densely
overlapped, showing no evidence of separability or class structure. When random
MCI samples—also generated independently—were subsequently projected into the
same latent space, their embeddings were similarly indistinguishable from those of
the synthetic ADD and SCI groups, further emphasizing the lack of any underlying

manifold geometry.

To gain deeper insight into the nature of the representations learned from real
versus random data, the dimensionality of their respective manifolds were analyzed by
examining the variance explained by principal components. For embeddings derived
from real structural brain networks, approximately 99% of the variance was captured
by the first two principal components, indicating that a two-dimensional projection
is sufficient to preserve the essential structural information encoded in the data. In

stark contrast, embeddings obtained from random networks required at least four prin-
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cipal components to explain a comparable proportion of the variance. This disparity
suggests that the low-dimensional structure observed in the real data is not an ar-
tifact of the dimensionality reduction technique, nor a result of arbitrary projection
choices for visualization. Rather, it reflects intrinsic organizational properties of the
brain connectome data that are absent in random graphs, and is meainingful in its own

context.

These observations collectively validate that the manifold constructed using real
brain connectome data—specifically from ADD and SCI samples—is not of random
nature. Instead, it captures meaningful structural distinctions, supporting the inter-
pretability of the learned representations and laying the groundwork for future neuro-

logical and biological investigations.

2D manifold obtained via training random networks
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Figure 4.10. A control experiment using randomized brain networks—preserving

sparsity but lacking biological structure—reveals no clear separation among ADD,

MCI, and SCI in the PCA space. This contrasts with prior results and confirms that

the original manifold captures meaningful, disease-relevant brain topology rather

than random variation.
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4.8. Architecture Search

The architectural framework illustrated in Figure 3.1 has been systematically
modified to facilitate an architecture search process, specifically targeting the ADD /SCI
classification task. This focus stems from the robust performance of the original model
on this task. Any proposed architectural variant should demonstrate comparable per-
formance in this setting before being extended to more challenging classification prob-

lems, such as distinguishing ADD from MCI, or MCI from SCI.

The various architectural modifications implemented are comprehensively de-
tailed in Section 3.3.1. These alterations primarily target components surrounding
the Graph Attention Layer (GAT)—including both its upstream and downstream
stages—as well as the Graph Attention Readout Layer (GARO). The intent behind
these modifications is to model brain networks as a form of soft clustering over cortical
nodes, thereby enabling more interpretable relationships between attention coefficients,
learned weights, and the resultant subnetworks. In this context, subnetworks refer to
functionally or topologically cohesive clusters of nodes whose interactions contribute

to classification performance.

Broadly, the modifications fall into two categories: those affecting the GAT itself
and those altering the graph readout mechanism. As summarized in Table 4.7, the first
three rows correspond to GAT-centric alterations, whereas the fourth row introduces
a modified readout mechanism. The first three models are based on the unmodified
architecture depicted in Figure 3.1, which serves as the canonical model throughout
this thesis. The fifth entry presents an unmodified version of the readout-based model
architecture, comprising a GIN layer followed by a GARO layer, with the remainder
of the architecture consisting of standard dense layers and a softmax classifier, as is

typical for classification tasks.
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Table 4.7. ADD/SCI classification task: ROC-AUC performance of different model

variants investigated during architectural exploration (mean + standard deviation).

Method ROC-AUC (mean =+ std)
GIN + Subnet GAT + Attention Pool 0.90 £+ 0.013
GIN + Subnet GAT with Laplacian Bias + At- 0.87 £ 0.01

tention Pool
GIN 4+ Subnet GAT with Subnet Attention + 0.86 + 0.01
Attention Pool
GIN + Subnet GARO 0.84 + 0.04
GIN + GARO 0.83 = 0.03

The architectural exploration conducted in this section adheres to the same ex-
perimental protocol utilized in previous evaluations to ensure consistency and compa-
rability of results. Specifically, all model variants were trained using the configuration
outlined in Table 4.4, which details the learning rate, optimizer settings, batch size, and
other hyperparameters. Furthermore, the evaluation framework employs a leave-one-
out cross-validation strategy, repeated across ten randomized splits. This setup mirrors
the methodology adopted in Sections 4.6 and 4.5, providing a robust and fair basis for
performance comparison. This setup ensures a fair and reliable basis for evaluating the

effects of the architectural modifications.

As observed in Table 4.7, and in comparison with the results presented in Ta-
ble 4.5, the most promising architecture is the model described in the first row, which
incorporates a Subnet GAT and attention pooling on top of a GIN backbone, achiev-
ing a mean ROC-AUC of 0.90. Nonetheless, this performance falls slightly short of the
original model introduced in Section 3.3, which achieves a ROC-AUC of 0.93.

The second model introduces a Laplacian-based bias term into the attention
mechanism of the Subnet GAT, leveraging the topological information encoded in the
graph Laplacian. This approach results in a minor decrease in performance, with a

ROC-AUC of 0.87, suggesting that the addition of structural bias does not enhance
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predictive capability in this context. The third model employs a subnet-level attention
mechanism across subgraphs of the original input, yielding a similar yet slightly lower

performance of 0.86.

The final two models replace the GAT-based design with a key-query-based at-
tention mechanism implemented through the GARO layer. The Subnet GARO vari-
ant achieves a ROC-AUC of 0.84, marginally outperforming the original GARO-based
architecture (ROC-AUC of 0.83). However, both remain less effective than the GAT-

based modifications, and substantially underperform relative to the original.

In summary, while these architectural modifications—particularly those introduc-
ing subnet-level semantics, attention biases, or alternative readout schemes—provide
potentially valuable interpretive insights into the functional clustering and communi-
cation of cortical nodes, they do not yield improvements in classification performance.
These findings suggest a trade-off between model interpretability and predictive accu-

racy that warrants further investigation.

4.9. Multimodal and Unimodal Experiments With Different Networks

In this section, the classification performance across various brain network types
are reported: structural networks (sNets), learned functional networks (INets), and
elastic networks (eNets). Detailed methodologies for constructing each network type
are provided in Section 4.3. Networks were evaluated at multiple parcellation reso-
lutions using the Schaefer atlas, ranging from 100 to 1000 nodes, in addition to the

Destrieux atlas with 148 nodes.

Results for all three binary classification tasks —ADD/SCI, ADD/MCI, and
MCI/SCI— are presented for completeness. They, summarized in Table 4.8, demon-
strate the classification performance measured by mean ROC-AUC scores. The table
reports only the mean values due to space constraints; however, the variance across

trials was minimal, and thus the mean values are representative. The same experimen-
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tal configuration, detailed in Table 4.4, was used throughout, employing leave-one-out
cross-validation and averaging results across ten runs. Empty entries in the table
indicate either unavailable data or incomplete analyses due to limited preliminary per-
formance. Notably, experiments using structural networks are focused on node counts

of n = 148,200, 400, 800 due to data availability.

Table 4.8. ROC-AUC scores for three binary classification tasks (ADD/SCI,
ADD/MCI, MCI/SCI) across different network types and sizes. Bold values indicate
best performance at each row for the corresponding binary classification task.

Description of [Net and eNet are included in detail in Section 4.3.

Num. Nodes ADD/SCI ADD/MCI MCI/SCI
sNet | [Net | eNet | sNet | INet | eNet | sNet | [Net | eNet
100 0.83 0.51 0.653
148 0.93 | 0.82 0.81 | 0.51 0.55 | 0.54
200 0.74 |1 0.791 | 0.614 | 0.771 | 0.536 | 0.58 | 0.455 | 0.67 | 0.54
300 0.757 0.571 0.575
400 0.843 | 0.724 | 0.64 | 0.728 | 0.591 | 0.57 | 0.442 | 0.562 | 0.63
500 0.68 0.475 0.524
600 0.548 0.45 0.53
700 0.657 0.45 0.51
800 0.816 | 0.584 - 0.74 | 0.58 0.64 | 0.40 | 0.41
900 0.48 - 0.37
1000 0.585 - 0.61

According to Table 4.8, the most robust classification performance is achieved
using sNets constructed from the Destrieux atlas (n = 148 nodes). This network
has also been the primary configuration throughout this thesis, including its applica-
tion in manifold-based modeling of cognitive decline. Across both the ADD/SCI and
ADD/MCI tasks, sNets consistently outperform [Net and eNet counterparts. Within

the Schaefer-based networks, predictive performance does not exhibit a consistent trend
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with increasing resolution. For instance, in the ADD/SCI task, ROC-AUC improves
from 0.74 at n = 200 to 0.843 at n = 400, but then declines and fluctuates at higher
resolutions (e.g., 0.68 at n = 500 and 0.816 at n = 800). Given the growing computa-
tional complexity and potential signal noise at finer parcellations, the marginal benefits
of increasing resolution appear limited. This inconsistency may be attributed to the
reduced signal-to-noise ratio in high-resolution connectomes, though further validation

is needed.

The [Net variants exhibit moderate classification performance, particularly at
lower resolutions. For instance, an ROC-AUC of 0.83 is achieved at n = 100 for the
ADD/SCI classification task, followed by an approximately monotonic decline as the
number of nodes increases. Overall, higher-resolution /Nets do not demonstrate con-
sistent performance improvements. Moreover, the eNet configurations—evaluated only
for the Schaefer 200- and 400-node parcellations—fail to yield meaningful classification

accuracy, with ROC-AUC scores generally hovering near chance level (0.5-0.6).

In the ADD/MCI classification task, sNets are again the only network type achiev-
ing notable performance. The Destrieux sNet (n = 148) shows the highest ROC-AUC,
followed by the Schaefer 200-node variant. Performance declines at n = 400 and
marginally improves again at n = 800, although it does not surpass the 148- or 200-
node networks. Neither [Net nor eNet provide discriminative power beyond random

chance in this classification task.

Results for the MCI/SCI classification task are presented for completeness, de-
spite prior indications—discussed in Section 4.5—that this is a particularly challenging
problem. As expected, none of the network types (sNet, [Net, or eNet) achieve statis-

tically meaningful classification performance in this case.

Also, multi-network configurations were explored to assess whether combining
diverse network types and resolutions could improve performance. Specifically, the

following combinations were evaluated in a Siamese-like architecture:
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These network pairs were input into a dual-branch version of the architecture
shown in Figure 3.1, where the two branches are concatenated post-graph readout, as
illustrated in Figure 4.11. However, none of the combined configurations resulted in

performance improvements. The Destrieux-based sNets, on their own, remain the most

effective choice for both ADD/SCI and ADD/MCI classification tasks.

D1-dim. readout

—] Graph Neural Network (GNN) \QDQ dim. readout
s MLP Classifier — Classification result
% — Graph Neural Network (GNN) /

D2- d|m readout

Figure 4.11. Siamese-style GNN architecture. Two parallel GNN branches—each
comprising GIN, GAT, and attention pooling layers—process distinct brain networks.
Shared architecture ensures modality-invariant representation. Graph-level

embeddings are concatenated and input to an MLP for binary classification.
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Table 4.9. Ablation study of model components. ROC-AUC results across
classification tasks using leave-one-out cross-validation, averaged over ten runs. The
baseline reflects the full architecture in Figure 3.1, integrating GIN, GAT, and
attention pooling. Variants omitting or altering components highlight the

contribution of each module to predictive performance.

Method Task ROC-AUC (mean = std)
Original Model

ADD/MCI 0.81 &+ 0.025
GIN+GAT+Attention Pool

ADD/SCI 0.93 &+ 0.005

MCI/SCI 0.55 + 0.0048

Ablated Models

ADD/MCI 0.80 £+ 0.018
GIN+GAT+Sum Pool

ADD/SCI 0.90 + 0.011

MCI/SCI 0.55 £ 0.0057

ADD/MCI 0.79 £+ 0.014
GIN-+Attention Pool

ADD/SCI 0.90 + 0.007

MCI/SCI 0.61 £+ 0.0021

ADD/MCI 0.62 £+ 0.032
GCN+GAT+Attention Pool

ADD/SCI 0.78 £+ 0.012

MCI/SCI 0.49 + 0.0022

ADD/MCI 0.74 £+ 0.010
GAT+4 Attention Pool

ADD/SCI 0.84 £+ 0.016

MCI/SCI 0.52 £+ 0.0021
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5. DISCUSSION

This thesis explores the capacity of graph neural networks (GNNs) to charac-
terize the spectrum of cognitive decline in Alzheimer’s Disease Dementia (ADD) by
leveraging structural, functional, and multi-modal brain connectomes. A central con-
tribution of this research is the development of a GNN-based low-dimensional manifold
construction framework, designed to capture the latent structure of neurodegenerative
progression. As detailed in Section 4, this framework not only demonstrates robust
predictive capabilities but also provides interpretable neurobiological insights into the
cognitive decline trajectory. Conceptually, this manifold-learning tool is generalizable
and holds potential applicability across different datasets and tasks that aim to uncover

the underlying structure of gradual pathological transitions in the brain.

A core finding of this study is that training the proposed framework on an
ADD versus Subjective Cognitive Impairment (SCI) classification task yields a two-
dimensional manifold that effectively encodes the disease spectrum. As visualized in
Figure 4.1, the learned manifold reveals a smooth and continuous progression from SCI
to ADD. Importantly, Mild Cognitive Impairment (MCI) samples—excluded during
training—mnaturally project onto the central region of this spectrum. This observation
is particularly noteworthy, as MCI is clinically considered an intermediate stage be-
tween SCI and ADD. The unsupervised placement of MCI samples between the SCI
and ADD endpoints lends further support to the interpretability and clinical validity
of the learned manifold. Notably, the two latent dimensions of this manifold capture
over 99% of the variance in the data, suggesting that complex structural dependencies
in brain networks can be effectively summarized in a low-dimensional latent space in

the context of cognitive decline.

To further test the robustness and specificity of this framework, an alternative
manifold was constructed by training the model on an ADD versus MCI classification

task. In this configuration, SCI samples—again withheld from training—clustered
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closely with MCI samples, as shown in Figure 4.2. This pattern aligns with the known
clinical relationship between SCI and MCI, where SCI is often viewed as a prodromal
phase preceding MCI. The fact that SCI samples did not arbitrarily fall between ADD
and MCI but instead aligned more closely with MCI supports the hypothesis that the
learned manifold captures meaningful neurobiological gradients rather than reflecting
superficial class separations. The model thus appears to position unseen samples not

arbitrarily but in accordance with their true proximity to the trained class endpoints.

In contrast, attempts to construct a disease manifold using the MCI versus SCI
classification task were unsuccessful due to poor predictive performance. These results,
reported in Table 4.5, are consistent with existing literature indicating that distinguish-
ing MCI from SCI is particularly challenging. As Bohn et al. (2025) note, the subtle
clinical differences and significant overlap in features between SCI and MCI cohorts
complicate accurate stratification in early-stage Alzheimer’s disease research. Our own
findings corroborate this difficulty, as neither the integration of multi-modal inputs
nor the use of alternate brain parcellations resulted in meaningful improvement in this
task. The manifold derived from MCI-SCI classification, shown in Figure 4.7, was

retained for completeness, though its clinical interpretability remains limited.

To assess the statistical significance and reliability of our findings, a series of
randomization experiments were conducted. In the first such experiment, empirical
brain networks were replaced with randomly generated graphs possessing similar spar-
sity profiles. As illustrated in Figure 4.10, the resulting manifold failed to exhibit any
discernible structure: class boundaries dissolved, and samples from different groups
became intermingled. Furthermore, representing 99% of the variance in these random-
ized networks required four dimensions—double that of real data—highlighting the
inability of the model to extract low-dimensional structure from noise. This contrast
underscores the nontrivial structure present in actual brain networks and supports
the model’s ability to capture meaningful patterns only when grounded in biologically

plausible data.
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A second validation experiment involved projecting random networks onto the
previously learned ADD—-SCI manifold. As shown in Figure 4.9, these random samples
did not fall within the disease spectrum but were instead projected far from both
class-defined regions. This further confirms that the model does not simply interpolate
or average unseen inputs; rather, it positions samples according to their structural
coherence with learned disease patterns. Together, these control experiments support
the conclusion that the discovered manifold is not an artifact of model architecture or

data sparsity, but instead reflects genuine and robust neurobiological organization.

Ablation studies were conducted to systematically examine the individual con-
tributions of key architectural components in the proposed framework. As detailed in
Sections 4.5 and 4.6, the Graph Isomorphism Network (GIN) layers emerged as a par-
ticularly critical component. GINs are known for their strong representational capacity
and theoretical equivalence to the Weisfeiler-Lehman (WL) graph isomorphism test,
making them among the most expressive message-passing architectures currently avail-
able. Our empirical findings substantiate this theoretical strength: the removal of GIN
layers from the architecture led to a significant decline in classification performance
across all tested configurations. When replaced with Graph Convolutional Networks
(GCNs), performance further deteriorated. This outcome aligns with well-documented
limitations of GCNs, particularly their tendency toward over-smoothing, which causes
the learned node representations to become indistinguishably similar across layers—an
undesirable property when fine-grained structural distinctions are critical, as in brain

connectome analysis.

In addition to node-level propagation layers, the impact of incorporating attention-
based mechanisms at different stages of the network was evaluated. The message-
passing phase employed Graph Attention Networks (GAT), which dynamically weigh
neighboring node features according to learned attention coefficients. These coeffi-
cients allow the model to assign greater importance to informative neighbors while
down-weighting less relevant or noisy ones. Inclusion of GAT layers consistently yielded

marginal but measurable gains in classification performance, suggesting that such selec-
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tive propagation improves model robustness and adaptability to individual connectomic

patterns.

Moreover, the graph-level aggregation phase was also varied to evaluate differ-
ent pooling strategies. Specifically, global sum pooling—a simple and permutation-
invariant method that aggregates all node features equally—with global attention pool-
ing, which learns task-specific weights for each node and performs a weighted aggre-
gation was compared. Although sum pooling is computationally efficient and effective
in some contexts, our results indicate that attention-based pooling consistently out-
performs it in terms of classification accuracy. This superiority likely stems from the
ability of attention mechanisms to focus on topologically or clinically salient nodes (e.g.,
regions most affected by neurodegeneration), rather than treating all nodes uniformly.
Given that structural brain networks often exhibit heterogeneous pathological burdens

across different regions, such selective aggregation is particularly advantageous.

Collectively, these ablation results underscore the importance of architectural ex-
pressivity and adaptive weighting mechanisms in modeling complex brain networks.
The combination of GIN-based message passing, GAT-based local attention, and at-
tention informed graph-level pooling provides a robust and interpretable modeling
pipeline. These findings also offer practical guidance for future work aiming to apply
GNNs in neuroimaging contexts: while deeper models or additional modalities may
provide marginal gains, ensuring high expressivity in propagation layers and integrat-
ing biologically grounded attention mechanisms appear to yield the most substantial

improvements in both performance and interpretability.

Also, the probabilistic properties of the manifold were examined to evaluate
whether the spatial arrangement of samples aligns with neurobiological expectations.
By computing a brain similarity likelihood between each cohort-defined region on the
2D manifold and the SCI group, a monotonic decrease in similarity from SCI to ADD
was observed (Figure 4.8). This gradient of declining similarity provides strong evi-

dence in support of the continuum hypothesis: that the cognitive decline associated
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with ADD follows a gradual, progressive trajectory rather than abrupt categorical
shifts. This insight opens avenues for refined disease staging and patient-specific pro-
jections. In principle, a new patient could be mapped onto the manifold to infer their
pathological proximity to different disease stages, offering a compact, interpretable,

and biologically grounded summary of their cognitive status.

The neurobiological plausibility of the discovered manifold was further assessed
through normative brain region comparisons across clinical groups. As depicted in
Figures 4.6 and 4.7, regions such as the precuneus—a core hub of the Default Mode
Network (DMN)—and the bilateral superior parietal lobules—primarily associated
with the Dorsal Attention Network (DAN)-—exhibited pronounced structural alter-
ations across the SCI, MCI, and ADD cohorts. The precuneus, in particular, is a
well-documented marker of early Alzheimer’s-related neurodegeneration and has been
consistently identified as a sensitive biomarker for structural and functional network
degradation in the literature [80,81]. Alterations in DAN-associated regions, such as
the superior parietal lobule, are also of significant interest, as these areas are impli-
cated in attentional control and may underlie early-stage attentional deficits observed

in ADD [82,83].

Beyond these core regions, additional differences were observed in the somato-
motor cortex, visual networks, and frontoparietal control network. These may reflect
either diffuse neurodegenerative effects or compensatory adaptations aimed at preserv-
ing function in the face of progressive damage. Importantly, the involvement of such
diverse brain systems aligns with the emerging understanding that ADD pathology
extends beyond traditional memory-related networks and affects multiple large-scale

functional systems [84].

With regard to data modality, structural networks were emphasized throughout
this thesis due to their superior performance in predictive modeling, as shown in Sec-
tion 4.9. Functional connectomes, though valuable in capturing dynamic co-activation

patterns, did not yield additional benefit in either unimodal or multi-modal configu-
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rations in our dataset. While the architecture is fully compatible with multi-modal
and Siamese extensions (see Figure 4.11), limitations in data quality and sample size
precluded meaningful gains from these configurations. Further research with larger
and more diverse datasets may help clarify the complementary utility of functional

networks in disease manifold modeling.

Finally, our experiments suggest that brain atlas resolution plays a non-negligible
role in model performance. Specifically, the Destrieux atlas, which parcellates the brain
into 148 regions, provided the most effective resolution for both classification accuracy
and manifold interpretability. Alternate parcellations such as the Schaefer atlas, across
various resolutions, failed to outperform Destrieux in our empirical analyses. This
suggests that both spatial resolution and anatomical coherence of brain parcellations

are important design considerations for graph-based modeling in neuroimaging.
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6. CONCLUSION

This thesis explored the application of Graph Neural Networks (GNNs) to charac-
terize the spectrum of cognitive decline associated with Alzheimer’s Disease Dementia
(ADD), utilizing structural brain connectomes. A novel GNN-based representation
learning framework was introduced to construct a low-dimensional manifold that cap-
tures the complex alterations in brain connectivity across different stages of cognitive

impairment.

The framework employed subject-level structural brain networks derived from
diffusion MRI and was trained using a supervised classification task contrasting ADD
and Subjective Cognitive Impairment (SCI). The resulting two-dimensional latent man-
ifold captured approximately 99% of the variance in the original connectomic data.
Notably, samples from the Mild Cognitive Impairment (MCI) group—excluded from
training—projected onto intermediate regions of the manifold, consistent with clini-
cal interpretations that MCI represents an intermediate stage between SCI and ADD.
This spatial organization supports the validity of the manifold as a model of disease

progression beyond discrete diagnostic categories.

Neurobiological assessments of the manifold revealed coherent patterns of alter-
ation in key brain regions, including the precuneus, superior parietal lobules, somato-
motor cortex, and visual networks. These findings aligned with the broader literature
on neurodegenerative changes in ADD. Randomization experiments confirmed that
the observed manifold structure did not arise by chance, underscoring the biological

significance of the learned representations.

Architectural ablation studies confirmed the importance of specific GNN compo-
nents. The use of Graph Isomorphism Network (GIN) layers proved critical for main-
taining predictive performance, while attention mechanisms at both message passing

and readout stages further enhanced model effectiveness. Pooling strategies also influ-
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enced representation quality, highlighting the sensitivity of connectome-based models

to architectural design choices.

Although derived from a limited dataset, the results strongly suggest that the
complex and heterogeneous changes in brain connectomes over the course of demen-
tia may be governed by a small number of consistent, biologically grounded patterns.
The two-dimensional manifold discovered in this study provides a compact and inter-
pretable substrate for staging dementia and offers valuable insight into the concurrent
and dynamic reorganization of brain structure during disease progression. Preliminary
neurological interpretations support this manifold’s clinical plausibility and encour-
age further investigation using larger and more diverse datasets. Future extensions
may benefit from the integration of additional biomarkers, such as clinical, genetic, or

physiological data, to enrich the manifold and expand its diagnostic potential.

Several key directions emerge from these findings. Enlarging the dataset to in-
clude a more representative spectrum of subjects would allow for broader validation
and generalization. Incorporating longitudinal imaging data could facilitate modeling
of disease trajectories over time. The inclusion of multi-modal information—including
genetics, cerebrospinal fluid biomarkers, or behavioral data—may improve the inter-
pretability and utility of the model. Finally, collaboration with clinical researchers
would enable the translation of the manifold framework into diagnostic or prognostic

tools with real-world applicability.

In conclusion, this thesis introduced a principled approach to modeling Alzheimer’s
Disease Dementia using GNNs and low-dimensional manifold learning. The proposed
framework effectively captured latent cognitive decline patterns that align with clinical
observations and neurobiological expectations. These findings underscore the transfor-
mative potential of graph-based deep learning methods in advancing diagnostic capa-

bilities and mechanistic understanding of neurodegenerative diseases.
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