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ABSTRACT

GEOMETRIC DEEP LEARNING OF BRAIN

CONNECTOMES OVER THE SPECTRUM OF

DEMENTIA

Alzheimer’s Disease Dementia (ADD) is a progressive neurodegenerative disorder

that impairs cognitive function with different stages. Accurate diagnosis and monitor-

ing of ADD progression are crucial for early intervention and treatment. In this thesis,

we investigate the application of Geometric Deep Learning, specifically Graph Neu-

ral Networks (GNNs), to brain network analysis for ADD diagnosis, with a focus on

structural and functional brain networks.

The thesis is structured around three primary objectives: (1) evaluating GNNs

for structural, functional, and multi-modal brain network analysis, (2) developing a

novel GNN-based biomarker quantifying structure-function relationship for ADD di-

agnosis, and (3) proposing a novel GNN that is capable of highlighting ADD-related

subnetworks. Through these objectives, we seek to provide both improved diagnostic

tools and deeper insights into the progression of ADD.

In summary, this thesis demonstrates the power and potential of GNNs in diag-

nosing and monitoring ADD, presenting state-of-the-art methods that offer not only

improved performance but also a neurological basis for the explanations of the results.

These advancements aim to enhance both the accuracy and interpretability of ADD

diagnostics, ultimately contributing to a better understanding of disease progression

and facilitating early intervention strategies.
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ÖZET

DEMANS SPEKTRUMU ÜZERİNDE BEYİN

KONNEKTOMLARININ GEOMETRİK DERİN

ÖĞRENİMİ

Alzheimer Hastalığı Demansı (ADD), bilişsel fonksiyonları etkileyen ve farklı

evrelere sahip ilerleyici bir nörodejeneratif bozukluktur. ADD’nin doğru bir şekilde

teşhis edilmesi ve ilerleyişinin izlenmesi, erken müdahale ve tedavi için büyük önem

taşımaktadır. Bu tezde, Geometrik Derin Öğrenme’nin, özellikle Çizge Sinir Ağları’nın

(Graph Neural Networks - GNNs), ADD teşhisi için beyin ağı analizine uygulanmasını,

yapısal ve işlevsel beyin ağlarına odaklanarak inceliyoruz.

Tez, üç ana hedef etrafında yapılandırılmıştır: (1) yapısal, işlevsel ve çoklu-modal

beyin ağlarının analizi için GNN’lerin değerlendirilmesi, (2) ADD teşhisi için yapı-

fonksiyon ilişkisini nicelleştiren yenilikçi bir GNN tabanlı biyobelirteç geliştirilmesi ve

(3) ADD ile ilişkili alt ağları vurgulayabilen yeni bir GNN önerilmesi. Bu hedefler

aracılığıyla, hem geliştirilmiş tanı araçları hem de ADD’nin ilerleyişine dair daha derin

bir anlayış sunmayı amaçlıyoruz.

Sonuç olarak, bu tez, GNN’lerin ADD teşhisi ve izlenmesindeki gücünü ve potan-

siyelini göstermektedir. Sadece gelişmiş performans sunmakla kalmayıp aynı zamanda

elde edilen sonuçların nörolojik bir temele dayandırılmasını sağlayan yöntemler sunul-

maktadır. Bu ilerlemeler, ADD teşhislerinin hem doğruluğunu hem de yorumlan-

abilirliğini artırmayı hedeflemekte ve hastalığın ilerleyişinin daha iyi anlaşılmasına

katkıda bulunarak erken müdahale stratejilerini kolaylaştırmayı amaçlamaktadır.
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1. INTRODUCTION

Dementia is a broad term that describes the decline of cognitive functions, such

as memory and reasoning, which negatively affects an individual’s ability to perform

daily activities. Common signs and symptoms of dementia include heavy memory

loss, difficulty with language and familiar tasks, confusion, and personality changes.

While dementia is more common among older people, it is not a natural part of aging

since many people grow older by not experiencing any signs of dementia. Instead,

dementia arises from alterations in the brain that cause neurons and their connections

to malfunction.

There are various types of dementia, and each of them is linked to specific neu-

rodegenerative disorders. Among these, the most common types are Alzheimer’s Dis-

ease type Dementia, Vascular Dementia, Lewy body Dementia, and Frontotemporal

Dementia. Each type is associated with unique characteristics; for instance, Vascu-

lar Dementia results from damage to blood vessels in the brain or reduced blood and

oxygen flow, while Lewy body Dementia is caused by abnormal deposits of the pro-

tein alpha-synuclein, called Lewy bodies. Despite their differences, they all lead to

progressive brain damage, causing disruption of brain functioning over time.

Among the aforementioned types, Alzheimer’s Disease type Dementia (ADD) ac-

counts for 60-80 percent of the total number of dementia cases. Therefore, it is the most

frequently encountered and studied dementia type [1]. ADD is characterized by protein

deposits in the form of amyloid plaques and neurofibrillary tangles containing amyloid-

beta (Aβ) peptide and hyperphosphorylated protein tau (p-tau), respectively. These

deposits lead to the destruction of neurons and their connections. As ADD progresses,

it causes significant neuronal and synaptic damage, leading to disconnection syndromes

that impair communication between brain regions. Disconnection syndromes are often

accompanied by brain atrophy—a shrinkage of brain regions resulting in substantial

loss of brain volume. Although the exact causal relationship between atrophy and
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disconnection syndromes remains unclear, the two are closely intertwined and are key

diagnostic markers. Diagnostic approaches often aim to evaluate both phenomena, ei-

ther separately or in combination, to understand the progression and impact of ADD

better.

Figure 1.1. Healthy vs ADD Brain. The top panel illustrates a healthy brain with

normal volume and undamaged neurons. The bottom panel shows an ADD brain

with reduced volume, cortical and hippocampal shrinkage, enlarged ventricles, and

disrupted neurons due to tangles and plaques.

ADD progresses over years before any clinical symptoms occur. Initial deposi-

tion of amyloid-beta peptide and protein tau begins and spreads through the brain

approximately 15 to 20 years before noticeable cognitive impairments. This stage is

the preclinical stage of ADD, where there are no symptoms and brain dysfunction.

As amyloid plaques and neurofibrillary tangles accumulate, clinical symptoms emerge.

Following the preclinical stage, individuals may face emerging memory issues that mem-

ory testing cannot identify. This stage is known as “Subjective Cognitive Impairment”

(SCI) and corresponds to the early stages of ADD. As the condition progresses, the

memory decline worsens and becomes detectable through memory testing. This middle

stage is “Mild Cognitive Impairment” (MCI). In the later stages, as memory continues

to deteriorate, other cognitive areas are also affected, resulting in multiple cognitive
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deficits. When these deficits become severe enough to cause functional impairment,

significantly affecting an individual’s ability to perform daily activities, the condition

is classified clinically as ADD.

The long preclinical stage of ADD and the absence of a cure underscore the crit-

ical importance of early diagnosis to manage symptoms effectively and delay disease

progression. Detecting the preclinical stage is currently possible by analyzing biomark-

ers associated with amyloid plaques and neurofibrillary tangles through cerebrospinal

fluid (CSF) analysis and Positron Emission Tomography (PET) scans. However, both

approaches have significant limitations.

CSF analysis is highly invasive. It involves a lumbar puncture to extract a sample

from the lower back, a procedure that can cause discomfort and potential side effects,

such as headache and infection. These drawbacks reduce its appeal as a routine diagnos-

tic tool. PET scans, on the other hand, provide a less invasive alternative by reflecting

metabolic changes linked to neuronal injury. Despite their utility, both methods suffer

from a critical limitation: their lack of specificity for ADD [2]. Many older individuals

with amyloid plaques may never develop ADD, complicating the interpretation of re-

sults. This highlights the necessity of considering clinical history alongside biomarker

data to improve diagnostic accuracy [3]. Consequently, while CSF and PET analyses

offer insights, they fall short of providing a comprehensive and precise understanding

of ADD progression.

To develop a clear understanding of ADD progression, a more detailed description

of the human brain is needed. Magnetic Resonance Imaging (MRI)- based techniques

offer a unique approach to studying the human brain’s structure and function. MRI-

based techniques are non-invasive and can track changes in brain structure and function

over the course of ADD. Thus, brain models that represent the structural and functional

information through the MRI, called brain connectomes, have gained popularity.
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Figure 1.2. Brain as a Connectome. Here, the brain is represented as a simple graph

consisting of four nodes. These nodes (A, B, C, D) correspond to brain regions, each

highlighted with a distinct color. The edges between the nodes represent the

relationships between brain regions, which can be either functional or structural.

A brain connectome, or simply a connectome, is a simplified, mathematical de-

scription of the elements and connections organizing the human brain, represented as

a network [4]. The brain is depicted as a graph in this representation, where nodes rep-

resent its elements and edges represent their relationships. Based on this perspective,

two key components to construct a connectome are the network’s elements (nodes of

the graph) and the connections between them (edges of the graph). Defining nodes at

the microscale, such as neurons and synapses, is not feasible due to the vast number of

neurons, approximately 90 billion, in the human brain. Conversely, defining nodes at

the mesoscale, such as brain regions, is more practical since it reduces the number of

elements to a manageable range, typically from tens to thousands. These brain regions

are determined through brain parcellation using predefined anatomical atlases, such as

the Destrieux Atlas [5], which relies on surface structures, or the Schaefer Atlas [6],

which incorporates functional similarities in grouping regions. Identifying brain regions

through such approaches is beneficial for advancing our understanding of the brain’s

structure and functional organization. Lastly, connectivities can be defined as either

structural or functional, leading to the construction of two distinct types of networks:
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structural networks (sNETs) and functional networks (fNETs).

In the context of this thesis, structural connectivity refers to the anatomical path-

ways formed by white matter fiber tracts linking different brain regions. Accordingly,

sNETs represent the density of white matter fibers between brain regions and are re-

constructed using diffusion-weighted imaging (DWI) and tractography. DWI provides

data on water diffusion within tissues, which is modeled to infer the orientation of white

matter fibers. Tractography, a computational method, estimates these fiber pathways.

It is shown that it can align well with known brain tracts, particularly for major path-

ways [7]. There are two main tractography approaches: deterministic, which follows a

single, most likely fiber orientation per voxel, and probabilistic, which models a range

of possible orientations to account for uncertainty.

fNETs are based on statistical dependencies between blood-oxygen-level-dependent

(BOLD) signals acquired through functional MRI (fMRI). The BOLD signal reflects

blood oxygenation and flow changes, an indicator of underlying neural activity. Statis-

tical measures are applied to the BOLD signals to infer functional connectivity between

brain regions. These measures are primarily based on correlation measures, such as

Pearson’s and partial correlation.

Initial connectome analyses of ADD progression focused on network parameters

using well-developed graph theory. These initial studies are based on the hypothe-

sis that ADD progression disrupts the brain’s structural and functional organization,

and such disruptions affect the network’s optimality, which can be detected via some

network measures, such as small-worldness and modularity. Based on this assump-

tion, group-based comparative studies identified significant alterations in the network

parameters of fNETs, such as a loss of small-worldness [8–10], changes in network

modularity [11,12], modifications in network hubs [13], and the presence of anomalies

[14] in ADD patients when compared to control groups. Additionally, a disruption in

sNETs within specific brain regions has been observed in ADD patients [15,16]. How-

ever, despite some promising results from initial studies, these studies lack specificity,
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come up with conflicting results, and do not offer insights into the underlying mech-

anisms of ADD progression [17]. To address this limitation, researchers have focused

on overcoming the challenge by leveraging new approaches to identify ADD-specific

changes in the brain. They have conducted new studies using techniques such as com-

munity detection [18], tensor factorization [19], and graph kernels [20] to uncover

specific brain regions affected by ADD progression.

Recently, Geometric Deep Learning (GDL) has been recognized for its success in

adapting deep learning methods to non-Euclidean domains where conventional distance

metrics and geometric transformations are not applicable [21]. Since brain networks

are graph-structured and do not reside in the Euclidean domain, unlike image or audio

signals, GDL-based methods are well-suited for their analysis. Within this domain,

graph neural networks (GNNs) have gained significant popularity for studying brain

networks and have been applied to various disorders, including ADD [22], Autism

Spectrum Disorder (ASD) [23], and Major Depressive Disorder (MDD) [24]. GNNs are

powerful tools for analyzing brain networks primarily because they can directly pro-

cess graph-structured data. By leveraging graph-based representations of brain con-

nectomes, GNNs have achieved state-of-the-art performance in classifying neurological

diseases, predicting cognitive outcomes, and identifying biomarkers. Additionally, the

flexibility of GNNs in handling diverse graph data types makes them highly suitable

for analyzing both structural and functional brain networks.

Motivated by the potential of GNNs, this thesis aims to explore their applica-

tions to brain networks in understanding ADD progression and aiding early diagnosis.

Specifically, the thesis focuses on three main objectives:

• Conducting a detailed, systematic, and comparative study of GNN models for

analyzing both types of brain networks, with a particular focus on ADD, and

providing a comprehensive justification for their suitability and effectiveness in

this domain.
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• Developing a GNN-based biomarker that quantifies the relationship between the

structure and function, utilizing sNET and fNET, to support the monitoring of

ADD stages.

• Proposing a novel GNN model that highlights critical brain regions, improving

the detection of ADD-related changes.

The remainder of this thesis is organized as follows. Chapter 2 reviews the lit-

erature on the application of GNNs to brain networks in the context of neurological

disorders, identifying gaps in current research and providing the motivation for the

three main objectives outlined above. Chapter 3 details the methodology used to ad-

dress these objectives: it first introduces the GNNs employed in this work, followed

by the development of a GNN-based biomarker for structure-function discrepancy and

the corresponding model, and concludes with the introduction of a novel model that

highlights critical brain regions for ADD progression. Chapter 4 provides details on

the datasets, connectome construction, and experimental setup corresponding to each

objective. Chapter 5 discusses the results, and Chapter 6 concludes the thesis, high-

lighting its contributions and suggesting future directions.
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2. LITERATURE REVIEW

Applications of GNNs in the context of neurological disorders can be broadly

categorized into three main approaches based on how the input graph and node features

are constructed:

• Population graph-based methods: These methods do not directly process brain

connectomes. Instead, they construct population graphs where the nodes rep-

resent subjects/patients, and the edges are defined based on the similarity be-

tween subjects. Node features are derived from the brain network data. In this

approach, GNNs process the population graph for downstream tasks, typically

node classification. While these methods do not directly analyze brain networks,

they were among the earliest applications of GNNs in brain disorders. Despite

not focusing on connectomes, these works contributed significantly to the initial

use of GNNs in the field, with a number of studies employing this approach.

• Common graph-based methods: These methods process brain networks with

GNNs, but assume a fixed underlying network structure shared by all subjects,

i.e., all subjects use the same graph. Node features are extracted from brain

network data, and individual variability is captured through the node features.

• Subject graph-based methods: These methods construct individual graphs and

features from brain networks, which are then processed with GNNs. They are the

most widely studied approach and offer a variety of models that are particularly

well-suited for analyzing brain networks.

Population-graph-based methods gained prominence early on due to their founda-

tion in the success of convolution-based GNNs. These GNNs demonstrated their effec-

tiveness in citation network tasks, where they set state-of-the-art results for node classi-

fication. This success inspired the creation of population graphs, where nodes represent

individual subjects and node features are derived from brain network data. Population-

graph-based methods perform node classification on these population graphs, where
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node labels correspond to the clinical labels of the subjects.

The pioneering work of Parisot et al. [23] marked a significant milestone by con-

structing a population graph using phenotypic features where edges were defined using

phenotypic features, such as age and sex. Node features were learned representations

of functional network connectivity values generated via an autoencoder. They trained

a Graph Convolutional Network (GCN) in a semi-supervised manner, demonstrating

its ability to handle a large proportion of unlabeled nodes while achieving promising

classification results on ADD and ASD classification. Building on this foundation, Kazi

et al. [25] extended the previous work by introducing an inception-inspired mechanism

into GCN. This mechanism enables nodes to aggregate information from higher-order

neighbors—i.e., neighbors that are not directly connected but are within a certain num-

ber of hops. By incorporating information from these higher-order neighbors, the model

enhances its ability to capture more complex and long-range relationships within brain

networks. Ghorbani et al. [26] tackled the class imbalance issue in population graphs

by identifying and weighting key nodes to reduce bias, demonstrating this method on

Parkinson’s Disease (PD) classification. Lei et al. [27] enhanced the population-graph

framework by incorporating multi-modal features from structural and functional net-

works. Their approach also incorporated higher-order neighbors through random walks

to better encode local neighborhood information, thereby improving performance on

ADD classification. Qiu et al. [28] extended this line of research by employing Graph

Transformers, where only neighboring nodes attend to each other, on population graphs

with multi-modal features from functional and structural networks. This approach led

to better performance than GCN in ADD classification tasks.

However, the efficiency of population-graph-based methods depends heavily on

the quality of the constructed population graph. Specifically, the choice of phenotypic

similarity measures can significantly influence performance. To address this limita-

tion, researchers have proposed various enhancements. For instance, Song et al. [29]

introduced two distinct population graphs for ADD detection: one constructed using

structural networks and the other using functional networks as features. The edges
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of these population graphs were defined based on phenotypic measures. Two sepa-

rate GCN models were applied to these graphs to predict scores. In addition, they

employed an adaptive mechanism where the edges were updated based on these pre-

dicted scores. The adaptation mechanism and construction of two different population

graphs improved graph definitions and enhanced the overall performance. Jiang et

al. [30] computed the edge weights of a population graph by combining a GCN and

a graph kernel applied to functional networks. An additional GCN module indepen-

dently processed the resulting population graph using features extracted from the func-

tional networks. This model was validated in both ADD and ASD classification tasks,

demonstrating its effectiveness in both domains. Chen et al. [31] proposed adapting

the population graph, where node features were vectorized fNETs, using an encoder

trained on phenotypic features, achieving robust performance on ASD data. Pan et

al. [32] advanced this approach by constructing two distinct population graphs: one

based on phenotypic similarity learned via a pairwise autoencoder and the other on

k-nearest neighbors (k-NN) similarity of functional network features. Both graphs,

which shared the same node features derived from functional networks through fea-

ture selection, were jointly processed by GCNs. This enabled the extraction of shared

and distinct information from each modality, facilitating effective ASD classification.

Huang et al. [33] employed a pairwise encoder on phenotypic features to model pop-

ulation graphs, with node features extracted through recursive feature elimination on

functional networks. They utilized a variation of GCNs capable of edge-specific con-

volution, enabling more nuanced node representations for ADD and ASD classifica-

tion. Zhang et al. [34] first extracted subject-specific functional representations by

applying GCNs to individual functional networks. These representations were used as

features for the population graph and to construct the graph in conjunction with phe-

notypic measures. The proposed method was evaluated on ASD and ADD classification

tasks. Hu et al. [35] utilized the correlation of functional connections to extract higher-

order functional information, combining it with functional connectivities as features

and similarity measures for population graph construction. The resulting population

graph was processed with a GCN, achieving improved performance on an imbalanced

ADD dataset. Yang et al. [36] fused phenotypic and imaging-based similarity measures
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to construct population graphs, employing a spectral-attention-based GNN to model

higher-order relationships for ADD classification. Lastly, Guan et al. [37] separated

fNET into positive and negative components, processing each with an autoencoder to

extract separate functional features. The combination of these features served as node

features for a population graph, which was constructed from representations resulting

from processing these features with a Graph Transformer module, where the top k

nodes were assumed to be connected. The constructed population graph and its node

features were then processed with another Graph Transformer, achieving success in

ADD classification.

Early studies on population-graph-based methods, while foundational, come with

notable limitations. First, the performance of GNN models heavily depends on the

quality of the population graph, which can vary significantly based on the chosen

similarity metrics and graph construction methods. Second, the entire population

graph must be reconstructed for a new patient, making this approach impractical

for real-time or scalable applications. Third, population-graph-based methods are not

well-suited for personalized treatment, as they do not effectively account for individual-

specific characteristics. To overcome these challenges, GNNs should focus on processing

individual brain connectomes directly to enable more personalized and precise analyses.

Common graph-based methods have been proposed as alternatives to population

graph-based approaches. Although they process brain networks directly with GNNs,

they assume a shared graph structure across all subjects. A pioneering work in this

area by Ktena et al. [38] constructed a k-NN graph based on the averaged functional

network of all patients, treating individual fNETs as node features. They employed

siamese GCNs for metric learning, achieving promising results for ASD classification.

Similarly, Zhang et al. [34] constructed a k-NN graph based on the spatial distance

between brain regions from their coordinates. They used a concatenation of multiple

structural networks derived from different tractography algorithms as node features.

Matching vs. non-matching pairs classification was then performed on PD data. Yao

et al. [39] set a distinct common graph for each atlas, where each graph is the group-
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wise average of all subjects. Node features were extracted from functional or structural

brain networks, and each GCN, specific to an atlas, processed these features using the

corresponding common graph. A contrastive learning approach was employed to train

the GCNs for the classification of ADD and Attention Deficit Hyperactivity Disorder

(ADHD). Lastly, Gadgil et al. [40] developed a spatio-temporal model that combines a

GCN with a Long Short-Term Memory (LSTM) module to capture the dynamic nature

of BOLD signals. This model processes the BOLD signals using a common graph

constructed from the correlation of all concatenated BOLD signals across patients,

focusing on functional differences related to sex and age.

A notable hybrid approach that integrates population-graph and common-graph

strategies is the work of Cui et al. [41]. They identified common and distinct graph

structures shared across all patients using a t-test on functional connections, then

extracted low-dimensional representations of BOLD signal segments through sliding

windows. These representations were used to construct a population graph based on

feature similarity, which was subsequently processed with a convolution-based GNN

for ASD classification.

While common graph-based methods avoid many drawbacks of population-graph

approaches, they remain suboptimal for personalized analysis since they primarily fo-

cus on shared features rather than individual-specific connectome characteristics. As a

result, these methods may lack the precision needed for early diagnosis. To process in-

dividual brain connectomes directly, subject-graph-based methods have been proposed

and they become the most prevalent methods for utilizing GNNs for brain networks.

Many of proposed studies fall into this category, and to present a comprehensive review,

the relevant works are organized into eight key topics:

Dynamicity and Temporal Analysis of Brain Function: This category summarizes

the works leveraging functional dynamics in brain networks.



13

• Zhang et al. [42] utilized the dynamicity of brain function by combining GCN

with Recurrent Neural Network (RNN). They used structural networks as graphs

and BOLD signals as node features to classify ADD.

• Xing et al. [22] extracted dynamic functional graphs using a sliding window ap-

proach to capture the temporal variability in brain function. They then combined

GCN with a LSTM and introduced auxiliary tasks, such as age and sex predic-

tion, to enhance ADD classification performance. Structural volumes were used

as node features in their model.

• Kim et al. [43] integrated spatial and temporal attention mechanisms with GIN

to analyze dynamic functional networks constructed from sliding windows on

BOLD signals, highlighting sex-related differences. They constructed these dy-

namic graphs through thresholding and used one-hot encodings with timestamps

as features.

• Azevedo et al. [44] employed edge-wise graph convolution in combination with

temporal convolutions to model functional dynamicity alongside spatial infor-

mation. Their work identified sex-related differences. Thresholded functional

networks were used as the graph, with BOLD signals as the node features.

• Chen et al. [45] extracted dynamic correlation-based and Transfer Entropy-based

functional networks through sliding windows, referred to as ”efficient networks,”

and encoded them using a combination of spatial graph convolutions and Trans-

formers to obtain functional representations for ADD classification.

• Liu et al. [46] extracted dynamic functional graphs and BOLD signal segments

using sliding windows. They processed these with spatial graph convolution and

LSTMs to learn spatio-temporal functional representations for the classification of

ADD, MDD, and Bipolar Disorder (BD). BOLD signals are used as node features.

• Ma et al. [47] fused functional representations learned from static and dynamic

functional networks, obtained through a sliding window approach, by combining

GCN with an attention mechanism from multiple atlases for ADD and ASD

classification. For each network, the corresponding BOLD signals were used as

node features.
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• Sivgin et al. [48] proposed an efficient method for modeling dynamic and lagged

functional representation learning. They used thresholded functional networks,

based on percentage-wise thresholding, as the graph and connectivity values as

features for age and sex classification.

Multi-Modal Representations: This category summarizes multi-modal approaches

leveraging both structural and functional networks.

• Souza et al. [49] proposed a multi-modal GCN where structural networks form the

graph topology and functional connections are used as node features to regress

clinical scores.

• Liu et al. [50] used structural networks as graphs and functional connections as

node features while introducing a constraint that nodes within similar structural

communities share similar representations. Their model was tested for BD clas-

sification.

• Zhang et al. [51] developed an end-to-end trainable model that learns fused multi-

modal graphs from functional and structural networks and processes these multi-

modal graphs with spatial graph convolutions for ADD classification. Functional

connectivities were also used as node features.

• Huang et al. [52] introduced attention-diffusion modules to process neighbors of

different orders independently, extracting higher-order multi-modal information,

using structural networks as graphs and functional connections as features, with

bilinear pooling for epilepsy classification.

• Li et al. [53] designed multi-modal graphs using block adjacency matrices, where

off-diagonal blocks represented structure-function relationships learned during

training. Node degree and centrality measures from fNETs and sNETs were used

as node features. The resulting graphs and node features were processed with

GCN for sex classification and age regression.

• Xia et al. [54] built a multi-modal graph with encoded structure-function re-

lationships in off-diagonal blocks and used an attention mechanism to model

these relationships. Node features were set as the concatenation of sNET and
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fNET connectivities. The resulting multi-modal graph was processed with spa-

tial convolution, informed by prior knowledge of functional subnetworks, for PD

classification.

• Amodeo et al. [55] employed Graph Variational Autoencoders to learn multi-

modal representations for ADD classification. sNETs are used as graphs and

fNET connectivities are used as node features.

• Liu et al. [56] constructed multi-modal fusion graphs from structural and func-

tional networks by selecting important connections from both modalities using

a learnable method. These graphs were encoded with GCN for neuropsychiatric

disorder classification, with fNET connectivities used as node features.

• Wang et al [57] learned cross-modal graph representations distilled from struc-

tural and functional networks using spatial graph convolutions for AD and PD

classification. Each modality used its corresponding connections as node features.

• Kong et al. [24] encoded shared information from structural-static functional

networks and static-dynamic functional networks using spatial graph convolution

for MDD classification. Each modality, including dynamic functional networks,

used its corresponding connections as node features.

Contrastive and Self-Supervised Learning: This category summarizes the appli-

cation of contrastive and self-supervised learning to subject-graph-based methods.

• Zhang et al. [58] employed a GNN with contrastive learning and trainable Bernoulli

masks to enhance functional representations for ASD and ADHD classification.

A fully connected graph was assumed, with frequency fluctuations from BOLD

signals used as node features.

• Wen et al. [59] proposed a masked autoencoder-based self-supervised pretraining

method, where masked portions of a functional graph are reconstructed from the

remaining parts. This approach improved functional representations for ASD,

MDD, and BD classification.
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Pooling and Hierarchical Learning: This category summarizes the works focusing

on the pooling of node features to extract graph level representation.

• Huang et al. [60] employed a GNN module to learn the latent node representa-

tions, followed by clustering based on the probability distribution of these repre-

sentations to obtain a structural representation for PD classification. The initial

graph is constructed using a k-NN graph from sNET, with sNET connectivity

values used as features.

• Wen et al. [61] employed soft assignment on functional networks, guided by prior

knowledge of functional subnetworks like the salience network and the default

mode network (DMN), to perform graph coarsening for ASD classification.

• Chen et al. [62] employed GNN-based soft assignment to learn multiple functional

representations, each aimed to model different functional states. These learned

representations are then processed with an attention module to form the final

graph representation for AD classification.

• Liu et al. [63] utilized GCNs to map finer-resolution atlases to coarser ones, gener-

ating multi-resolution functional representations for ADD and ASD classification.

One-hot encodings were used as features for the fNET corresponding to each res-

olution.

Attention Mechanisms: This category highlights the works that integrate atten-

tion mechanisms into GNNs.

• Yang et al. [36] used edge-weighted attention for multi-modal representations,

where graphs are functional networks, and node features are structural and func-

tional statistics, combined with hierarchical pooling for BD classification.

• Zhou et al. [64] utilized a combination of local and global attention mechanisms to

learn functional representations and evaluate node importance for ADD diagnosis.

The positive component of fNET was used as the graph, with fNET connectivities

serving as node features.
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• Li et al. [65] integrated GCN and Transformer architectures to capture higher-

order information for ASD classification, using fNETs as both the graph and node

features.

• Yu et al. [66] constructed first- and higher-order functional networks from Pearson

and Spearman-based fNET. These graphs were later thresholded and binarized,

then processed with GAT for schizophrenia classification.

Graph Construction and Adaptive Learning: This category summarizes the works

focusing on the learning and adjusting graphs from input data.

• Zhang et al. [67] employed a GCN with adaptive graph updates to learn functional

representations for depression score regression, using fNET connectivities as node

features.

• Yang et al. [68] generated sparse functional graphs from BOLD signals and pro-

cessed them using a Graph Attention Network (GAT) for ASD classification.

fNET connectivities were used as node feaures.

• Li et al. [69] developed dynamic ”effective networks” from BOLD signals using

Kalman filtering under a causality assumption. Features extracted from these

networks were combined with the resulting graphs and processed using a modified

GAT that incorporates edge weights for ADD classification.

• Xia et al. [70] modeled functional graph construction as a reconstruction problem

and applied directed graph convolution to learned graphs for ADD and ASD

classification. Learned fNETs were used as graphs and BOLD signals were used

as node features.

• Wang et al [71] learned functional graphs using a Transformer model and pro-

cessed them with GCN for ASD classification. Learned fNETs were used as the

graphs, with BOLD signals serving as node features.

Innovative Architectures and Applications: This category highlights works em-

ploying novel GNN architectures and applications.
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• Kim et al. [72] applied Graph Isomorphism Network (GIN) to functional networks

for identifying sex-related differences. Thresholded fNETs were used as graphs,

with one-hot encoding features set as node features.

• Choi et al. [73] addressed the oversmoothing problem in GCNs by scaling node

locality individually for each node and validated their approach for ADD classi-

fication using structural networks.

• Zhao et al. [74] proposed a graph convolution model that uses Euclidean distance-

based node aggregation to learn functional representations for ADHD classifica-

tion. Thresholded fNETs were used as graphs, with connectivity values serving

as node features.

• Park et al. [75] utilized Hodge-Laplacian GNNs to extract richer topological in-

formation from structural networks for ADD classification.

• Huang [76] et al used Hodge-Laplacian-based methods to predict intelligence

scores from functional networks.

• Qu et al. [77] disentangled structural and positional functional encodings within

graph transformers to predict cognitive scores. Thresholded fNETs were used as

graphs with node features set to connectivity values.

• Jiang et al. [78] constructed regularized functional graphs with enhanced small-

world characteristics and processed them using spatial graph convolutions for

cognitive score regression. k-NN fNET were constructed and connectivity values

were used as node features.

• Hwang et al. [79] proposed graph convolution with separate node-wise and edge-

wise learning for structural representations in ADD classification. Cortical thick-

ness was used as a node feature.

• Xu et al. [80] learned a ”contrastive graph” that highlights differences between

groups and embedded this information to enhance classification performance for

ASD, AD, and PD classification. Thresholding was applied to construct fNET,

with connectivity values acting as node features.

• Huang et al. [81] enhanced functional representations with Cycle Convolution and

edge-positional encodings to study intelligence differences.
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Explainability and Subnetwork Analysis: This category highlights works focused

on improving the explainability of GNN models.

• Li et al. [82] identified functional subnetworks linked to ASD-related biomarkers

using a salience mapping method. This approach assigns importance scores to

subgraphs by modeling the posterior probability, capturing the dependence of

biomarkers on specific subgraphs.

• Cui et al. [83] enhanced model performance by learning a mask that highlights

important edges for downstream tasks. They fine-tuned the models on the masked

graphs, validating their approach for BD and PD classification from structural

networks.

• Li et al. [84] introduced region-specific convolutions with region-selection pooling,

which selects key nodes and discards the rest to produce explainable functional

representations for ASD classification. Thresholded fNETs were used as graphs

and fNET connectivities were used as node features.

• Zheng et al. [85] utilized prototype learning based on Graph Variational Encoders

to extract independent functional subgraphs, applying this approach to classify

ASD, MDD, and schizophrenia. Thresholded fNETs were constructed as graphs,

with fNET connectivities serving as node features.

As discussed above, various subject-graph-based methods have been proposed.

They utilize different GNN-based models. The primary advantage of GNNs lies in

their ability to utilize the underlying graph structure when producing latent node or

graph representations. However, this advantage is not always demonstrated, as most

studies do not to compare GNNs with alternative approaches that do not rely on the

graph structure. Justifying the use of GNNs is particularly important because, in

some domains, GNNs have been shown to degrade performance when processing graph

data compared to methods that ignore the graph structure [86]. This suggests that, in

some instances, the graph structure itself might hinder node representation learning.

Thus, establishing the suitability and effectiveness of GNNs for brain network analysis

is crucial.
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Various GNN architectures exist, each employing different strategies for leverag-

ing graph structure and producing graph-level representations by pooling. Despite the

availability of such diverse architectures, the challenge of effectively utilizing structural

and functional networks in GNNs remains. Due to their sparsity, structural networks

are inherently more compatible with GNNs; however, edge weights might require pre-

processing to enhance GNN performance. Functional networks, on the other hand,

typically undergo thresholding or k-NN processing to construct appropriate sparse

graphs.

Despite the variations that exist, only a limited number of studies have system-

atically justified the use of GNNs by comparing them with other methodologies and

assessing their performance in terms of feature selection, architectural design, and pool-

ing strategies [87], [88]. Furthermore, these evaluations have not addressed ADD. To fill

these gaps and provide valuable insights into optimal architectures for both structural

and functional networks, this thesis first undertakes a comprehensive, systematic com-

parison of GNN architectures for analyzing structural and functional brain networks,

with a particular emphasis on ADD.

More importantly, existing studies in the literature often overlook the significant

personal variability inherent in brain networks when performing classifications. They

typically operate under the assumption that brain networks sharing the same clinical la-

bel exhibit similarities. While this assumption holds to some extent and is essential for

diagnostic purposes, it relies on comparing a brain with others as an external reference,

which may differ significantly from the brain being evaluated. However, evaluating each

brain based on its own internal reference—focusing on its self-consistency—can pro-

vide more personalized and meaningful insights. This approach acknowledges that

brain networks may vary across individuals and emphasizes that the critical factor is

the internal harmony within each brain. To measure this internal self-consistency, we

propose leveraging the relationship between structural and functional networks within

the brain. While many multi-modal studies treat structural and functional networks

as complementary—either by fusing them or by modeling functional dynamics under
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structural constraints [22,42]—they often overlook this structure-function relationship.

However, it has been shown that this relationship changes as cognitive impairment

progresses [89, 90]. Addressing this gap, we propose a GNN-based biomarker that

quantifies the structure-function relationship within the brain. By evaluating both

the structural and functional networks, this approach facilitates effective monitoring

of ADD stages, offering a novel perspective for personalized diagnostics.

A GNN architecture designed for brain networks should not only achieve high

classification performance but also be capable of highlighting the mesoscale structures

within the brain, as understanding the underlying mechanisms of ADD is equally crit-

ical. Recognizing this need, recent explanatory GNN-based methods have been intro-

duced. However, these approaches remain limited in their ability to provide compre-

hensive insights. Attention-based GNNs, on the other hand, have gained traction for

their enhanced interpretability, offering the capability to identify significant connec-

tions while filtering out irrelevant ones. Despite their potential, attention-based GNNs

have not yet been thoroughly explored for brain networks. To bridge this gap, we

propose a novel attention-based GNN that effectively identifies and highlights critical

brain regions and potentially ADD-related subnetworks, contributing both to diagnosis

and understanding of underlying neural mechanisms.

In conclusion, this thesis identifies three significant gaps in the applications of

GNNs to brain networks for ADD. To address these gaps, we establish three main

objectives:

• Conducting a detailed, systematic, and comparative study of GNN models for

analyzing both types of brain networks, with a particular focus on ADD, and

providing a comprehensive justification for their suitability and effectiveness in

this domain.

• Quantify the structure-function relationship within individual brain networks,

proposing a novel GNN-based biomarker that evaluates each brain based on its

internal coherence rather than external references, providing personalized insights



22

into ADD progression.

• Develop an attention-based GNN to highlight critical brain regions and identify

ADD-related subnetworks, enhancing the detection of ADD-related changes and

advancing diagnostic capabilities.
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3. METHODOLOGY

The thesis addresses three main research objectives in the application of GNNs

to brain networks for ADD. These objectives are:

• Conducting a detailed, systematic, and comparative study of GNN models for

analyzing both types of brain networks, with a particular focus on ADD, and

providing a comprehensive justification for their suitability and effectiveness in

this domain.

• Quantify the structure-function relationship within individual brain networks,

proposing a novel GNN-based biomarker that evaluates each brain based on its

internal coherence rather than external references, providing personalized insights

into ADD progression.

• Develop an attention-based GNN to highlight critical brain regions and identify

ADD-related subnetworks, enhancing the detection of ADD-related changes and

advancing diagnostic capabilities.

Based on these objectives, this chapter is organized as the following : The first sec-

tion provides an introduction to the fundamentals of GNNs and explores various GNN

models that will be used across all objectives. The second section focuses on quanti-

fying the structure-function relationship within individual brain networks, proposing

a novel GNN-based biomarker for personalized ADD progression insights. The third

section introduces the attention-based GNN, designed to highlight critical brain regions

and identify ADD-related subnetworks.

3.1. Graph Neural Networks

An undirected, weighted graph G = {V,E,A} is defined by three components:

a set of N vertices or nodes (V = {vi}), a set of edges (E = {eij}), and an N × N

adjacency matrix A, where aij represents the weight of the edge eij, or is zero if no such
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edge exists. Existence of the eij means that the node vi and vj are neighbors. In the

context of brain networks, the nodes represent cortical brain regions, also referred as

region of interests (ROIs), and the edges signify the structural or functional connections

between these regions. Each node vi is associated with an M -dimensional row vector

xi (either an embedding or feature vector), forming the N ×M feature matrix X.

GNNs are a class of neural network architectures designed to process data repre-

sented as graphs. They operate on graph-structured data by learning representations

of nodes, edges, or entire graphs through a combination of graph-specific operations

and neural network techniques. GNNs extend traditional neural networks to graph

domains by leveraging graph topology and associated features to generate descriptive

latent node representations enriched with structural information. Depending on their

architecture, GNNs can be applied to a variety of tasks, including node classification,

link prediction, and graph classification, while supporting both local and global oper-

ations. Formally defining, a GNN can be represented as

H = GNN(X,A), (3.1)

where GNN represents the GNN layer, and H is the latent node representation matrix,

with each row hi corresponding to the latent representation of node i. After applying

a graph-pooling operation, a graph-level latent representation can be obtained as

z = Pool(H), (3.2)

where Pool refers to an operation (e.g., sum, mean, or parametric function) over the

latent node representations, and z is the resulting graph-level latent representation.

This representation can then be used for downstream tasks as

ŷ = Task(z), (3.3)

where Task represents the task-specific layer and ŷ is the prediction. Since brain net-

work analysis primarily involves classification, task-specific layer predicts probability

distribution over classes. The entire model, including the GNN layer, pooling, and

Task layer, is trained using cross-entropy loss, LCE, defined as

LCE(ŷ, y) = −
Nc∑
c=1

yc log(ŷc), (3.4)
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where NC is the number of classes, yc is the true probability for class c, and ŷc is the

predicted probability for class c.

Most GNNs operate locally, constructing latent node representations by aggregat-

ing features from neighboring nodes and updating these representations using paramet-

ric functions. GNNs that rely on local operations can be referred as local GNNs. Their

design is based on the assumption that local information is crucial for constructing a

node’s representation. This locality assumption is widely applied in other domains,

such as image and speech processing, where convolution operations are used to extract

localized features. While graphs inherently reside in a non-Euclidean domain, lever-

aging local information remains essential for learning compact and meaningful node

representations.

Local GNNs adopt a message-passing framework to learn latent node represen-

tations [91]. In this framework, each node iteratively updates its representation by

aggregating information from its neighbors. The forward propagation process in Lo-

cal GNNs can be expressed through two operations: aggregation (Ψ) and update (Φ),

applied iteratively across multiple layers

hk
N (v) = Ψk({hk−1

u }u∈V ) : aggregate, (3.5)

hk
v = Φk(h

k−1
v ,hk

N (v)) : update. (3.6)

Here, N (v) represents the set of neighbors of node v, hk
v is the hidden representation

of node v at layer k and hk
N (v) denotes the aggregated representation of the neighbors

of node v at layer k. During the aggregation step, information (messages) from neigh-

boring nodes is processed using the aggregation function Ψ. This process, commonly

referred to as message passing, is followed by the update step, where the aggregated

messages and the node’s current representation are transformed into a new latent node

representation using the update function Φ. Both the aggregation and update functions

are typically parametric, and their parameters are learned during training.
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In contrast to local GNNs, some variants of GNNs operate globally, aggregating

features from all nodes in the graph rather than restricting the aggregation to local

neighborhoods. These models, referred to as global GNNs, aim to capture non-local

dependencies and global context. Despite the non-locality, global GNNs can still be

described within the message-passing framework using analogous aggregation (Ψ) and

update (Φ) operations, as shown below

hk
N (v) = Ψk({hk−1

u }u∈V ) : aggregate, (3.7)

hk
v = Φk(h

k−1
v ,hk

N (v)) : update. (3.8)

In this case, V denotes the set of all nodes in the graph, and the aggregation function

Ψ operates over all node features to capture global context. To explicitly distinguish

between local and global GNNs, the aggregation step can be reformulated as follows

hk
N (v) =

Ψk({hk−1
u }u∈N (v)) (local aggregation, local GNN)

Ψk({hk−1
u }u∈V) (global aggregation, global GNN).

(3.9)

This formulation emphasizes the key distinction: local GNNs aggregate information

from a node’s immediate neighborhood (N (v)), whereas global GNNs aggregate infor-

mation from all nodes in the graph (V).

While the distinction between local and global aggregation provides insight into

the scope of information utilized by GNNs, it does not sufficiently capture the diver-

sity of GNN architectures. For a more detailed and meaningful classification, GNNs

can be broadly grouped into three categories based on their underlying design prin-

ciples: Convolution-based Graph Neural Networks, Expressivity-based Graph Neural

Networks, and Attention-based Graph Neural Networks. Convolution-based Graph

Neural Networks adapt convolution operations to the graph domain, aiming to extract

local information efficiently. On the other hand, Expressivity-based GNNs aim to max-

imize the model’s ability to distinguish between different graphs by mapping them to

distinct representations. Finally, Attention-based GNNs integrate attention mecha-
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nisms, which enhance the aggregation process by emphasizing critical connections and

filtering out less relevant ones. Among these, Convolution-based GNNs serve as the

foundation for many modern GNN architectures and will be introduced first.

3.1.1. Convolution-based Graph Neural Networks

Convolutional Neural Networks (CNNs) have achieved tremendous success in

fields such as image, video, and audio processing by leveraging localized convolutional

filters to learn expressive local patterns from data [92,93]. These filters are inherently

translation-equivariant, enabling CNNs to recognize patterns regardless of their spa-

tial location, a property that enhances their robustness and generalization capabilities.

Moreover, CNNs are versatile tools capable of handling data of varying sizes and res-

olutions, making them indispensable in applications ranging from computer vision to

speech processing.

Motivated by CNNs’ ability to capture localized features effectively, researchers

sought to adapt convolutional operations for non-Euclidean domains such as graphs.

Unlike images or audio, graphs have irregular structures that inherently represent re-

lationships between entities, making them suitable for tasks where information lies in

a node’s local neighborhood. Convolutions, being inherently local operators, provide a

natural way to process graph data by aggregating information from a node’s immediate

neighbors. This connection between the locality of convolution and the structure of

graphs inspired the emergence of convolution-based GNNs.

As convolution-based GNNs gained traction, two primary approaches emerged to

define and apply convolutions on graphs: spatial convolution-based GNNs and spec-

tral convolution-based GNNs. Spatial convolution-based GNNs focus on leveraging

the local neighborhood structure of graphs, applying convolution operations directly

in the spatial domain to aggregate features from nearby nodes. In contrast, spec-

tral convolution-based GNNs draw from spectral graph theory, aiming to connect the

graph’s spectral properties with its spatial structure through filters defined in terms
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of eigenvalues and eigenvectors. Together, these approaches represent complementary

strategies for extending convolutional operations to non-Euclidean domains, each of-

fering unique perspectives on graph data processing.

The initial wave of GNN research focused on spatial convolution, where the con-

volutional operation was applied directly in the spatial domain of the graph. These

methods aimed to leverage the graph’s local structure by treating the neighborhood of

each node as the domain for feature aggregation. This approach provided a simple yet

effective way to define graph convolutions by mimicking the locality principle observed

in CNNs.

Spatial convolutional-based GNNs were appealing because of their simplicity and

their natural alignment with the local nature of graph structures. By aggregating infor-

mation from neighboring nodes, these methods efficiently captured localized patterns

and built expressive node representations while preserving the graph’s inherent topol-

ogy. The spatial convolutional approach proved particularly well suited for tasks where

local interactions within the graph play a central role, such as node classification and

link prediction.

Atwood et al. [94] introduced the first model to operate on graphs based on

the principle of convolution, known as the Diffusion-Convolutional Neural Network

(DCNN). DCNN performs a novel diffusion-convolution operation to build node rep-

resentations by incorporating information from neighbors across multiple hops in a

graph-structured input. The model is motivated by the idea that leveraging higher-

order information through graph diffusion can produce strong latent representations.

The diffusion process is represented as a power series of the degree-normalized

transition matrix, which provides a systematic mechanism for including contextual

information from neighbors at various distances (hops) around each node.
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DCNN takes as input a feature matrix (X) (node features) and an adjacency

matrix (A) (graph structure). To perform the diffusion-convolution operation, the

model computes a tensor P of dimensions N ×Nhop ×N where N is the node number,

and Nhop is the maximum hop distance. This tensor encodes a power series of the

degree-normalized transition matrix up to order Nhop, serving as the foundation for

extracting higher-order neighborhood information. The propagation rule for DCNN

can be summarized as

H = σ(Θ⊙PX), (3.10)

where σ is nonlinear function, Θ is a H × F matrix containing learnable parameters

of the model and F is the feature dimension.

In forward pass, tensor multiplication is performed between node features and

power series tensor. Node features, X, is a N×F matrix and P is a N×H×N tensor.

Multiplication of those gives us a N × H × F tensor. Then, this tensor is multiplied

elemenet-wise by a weight matrix Θ. Resulting tensor of activations is a N ×H × F

tensor where each node has a latent representation of size H × F . DCNN only entails

H × F parameters making the size of the latent diffusion-convolutional representation

independent of the size of the input.

A pioneering contribution to spatial convolution-based GNNs was made by Hamil-

ton et al. [95], who proposed the GraphSAGE model. GraphSAGE introduces an effi-

cient method for aggregating features from neighboring nodes to compute latent node

representations using a set of aggregation functions. The core idea of GraphSAGE is to

apply an aggregation function to encode information from neighboring nodes into a sin-

gle vector. This aggregated vector is then combined with the node’s own representation

to compute an updated latent representation. The propagation rule of GraphSAGE is
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defined as follows

hk
N (v) = Ψk(h

k−1
u ,∀u ∈ N (v)),

hk
v = σ(Θk.CONCAT (hk−1

v ,hk
N (v))),

hk
v = hk

v/||hk
v||2.

(3.11)

Here, the model computes embeddings iteratively over K layers starting with k = 0,

where the initial node embeddings are the input features. Iterating over K layers

allows model to encode information coming from higher order neighbors up to K hop,

enriching the learned embeddings with multi-hop contextual information.

In each layer, a node first aggregates the representations of its neighbors from

the previous layer, (hk−1
u , ∀u ∈ N (v)) into a single vector hk

N (v). After aggregating

the neighboring feature vectors, the node’s current representation, hk−1
v is concate-

nated with the aggregated neighborhood vector, hk
N (v) and this concatenated vector is

transformed using a fully connected layer, parametrized by Θk, with a nonlinear ac-

tivation function σ to produce the updated node embedding. Finally, the latent node

representations are normalized to ensure stability.

GraphSAGE introduces several types of aggregator functions to encode neigh-

borhood information efficiently, including mean aggregators, LSTM-based aggregators,

and pooling aggregators. The general form of the aggregation function, regardless of

its type, is given as

Ψk = f(σ({Θkhk
u}), (3.12)

σ is nonlinear activation function, Θk stores parameters specific to the aggregator, and

f is the mean, max, or LSTM function applied to the set of neighbor features.

The learnable parameters in GraphSAGE include the weights and biases of the

aggregator functions and the transformation layer applied after the concatenation op-

eration. These parameters are shared across all nodes, making the model scalable
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and independent of the graph size. This efficient design makes GraphSAGE particu-

larly suitable for graph classification tasks and for predicting node labels in dynamic

or evolving graphs, where the graph structure changes over time or contains a large

number of nodes.

To summarize, spatial convolution-based GNNs excel at leveraging local graph

structures by aggregating information from neighboring nodes, making them particu-

larly effective for tasks focused on localized patterns. However, these methods inher-

ently rely on spatial operations without explicitly accounting for the spectral properties

of graphs. While approaches like DCNN and GraphSAGE have advanced the field by

introducing efficient mechanisms for capturing higher-order neighborhood information,

their focus remains primarily on the spatial domain. This leaves room for methods

that can bridge the gap between local graph structures and spectral characteristics,

offering a complementary perspective for graph representation learning.

Spatial convolution-based GNNs effectively leverage local graph structures; how-

ever, they do not have a direct connection to the spectral properties of graph convolu-

tion. In the Euclidean domain, such as with images, the spatial and spectral aspects

of convolution are well understood and are linked through mathematical tools like the

Fourier transform. In contrast, applying spatial convolution directly to graphs does

not inherently align with their spectral properties. This disconnection limits the ability

to effectively capture the characteristics of the graph signal.

Spectral graph theory provides a rigorous mathematical foundation for analyz-

ing graphs in the spectral domain [96]. Within this framework, convolutional filters

can be defined using using the eigenvalues and eigenvectors of the graph Laplacian,

which allows for operations that process signals based on their frequency components.

Spectral filters are particularly powerful for capturing global patterns and addressing

tasks such as graph signal processing and network-wide pattern recognition, offering a

theoretical underpinning for frequency-aware graph operations.
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However, a key limitation of traditional spectral convolutional filters is their

global nature. These filters act across the entire graph and do not inherently pre-

serve spatial locality, which can lead to unintended aggregation of information from

distant, unrelated nodes. This lack of spatial focus can hinder the model’s ability to

capture fine-grained, localized features that are critical in many practical applications.

To overcome this limitation, spectral convolution-based GNNs introduced meth-

ods for spatially localized spectral convolutions, which aim to balance the benefits of

global spectral analysis with localized feature aggregation. These approaches adapt

spectral filters to focus on a node’s immediate neighborhood while maintaining a theo-

retical foundation rooted in spectral graph theory. By bridging the gap between spatial

and spectral domains, these models provide a more comprehensive framework for graph

convolutions.

Bruna et al. [97] made the first attempt to define spectral convolutional filters

with spatial support by introducing cubic spline kernels. However, their approach fell

short of providing a clear solution for efficiently combining spatial locality with spectral

properties. The pioneering work of Defferrard et al. [98] addressed this challenge by

proposing ChebyNet, the first practical implementation of spatially localized spectral

convolutions. ChebyNet demonstrated that it is possible to achieve spatial localization

within a theoretical spectral framework, marking a significant step forward in graph

convolutional network design.

To gain a better understanding of ChebyNet, it’s essential to clarify the definition

of graph convolution in the spectral domain. In this context, convolution on graphs

is defined using the graph Fourier basis [99]. This basis allows us to project graph

signals into a frequency domain, much like the Fourier transform functions in Euclidean

space. The graph Fourier basis is obtained from the eigendecomposition of the graph

Laplacian, which represents the graph’s underlying structure. The graph Laplacian is

defined as

L = IN −D− 1
2AD− 1

2 = UΛUT , (3.13)
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where D = {dii =
∑

j aij} is the diagonal degree matrix and IN is the N ×N identity

matrix. The graph Laplacian L is a real, symmetric, positive semi-definite matrix,

therefore, it has a complete set of orthonormal eigenvectors, (ul)l=0,1...N−1 associated

with non negative eigenvalues (λl)l=0,1...N−1. These eigenvalues can be ordered as 0 =

λ0 < λ1 ≤ λ2..... ≤ λN−1 with λ0 = 0 corresponding to the trivial eigenvector 1,

satisfying L1 = 0. These eigenvalues are placed along the diagonal of Λ, while the

eigenvectors are organized as the columns of U.

The graph Laplacian can also be interpreted as a second-order differentiation

operator. For a signal g ∈ RN defined over the nodes of the graph, the Laplacian acts

as

gTLg =
∑
i∈V

∑
j∈V

ai,j(g(i)− g(j))2, (3.14)

where ai,j represents the edge weight connection node i and node j and g(i) is the value

of the signal g on node i. This operation captures how the signal g varies across the

graph by comparing the values of neighboring nodes, i.e it measures the smoothness of

the signal over the graph.

A smooth signal is characterized by similar values at strongly connected nodes

(nodes connected by a large edge weight). In this case, Equation 3.14 will return a small

value, indicating that the signal does not vary much between these nodes. In contrast,

if strongly connected nodes have significantly different values, the operation will return

a larger value, signaling a greater difference in the signal across the connection.

Equation 3.14 can be also seen as a specialized form of eigenvector-eigenvalue

equation. Recall the standard eigenvector-eigenvalue equation

Lul = λlul. (3.15)

Multiplying both sides of this equation by uT
l results in

uT
l Lul = λl. (3.16)

Since uT
l is unit vector, this equation shows that the eigenvalues λl represent a measure
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of the smoothness of the corresponding eigenvector ul.

Following the Equation 3.16, low eigenvalues correspond to smooth, slowly vary-

ing eigenvectors, while high eigenvalues correspond to eigenvector that changes abruptly.

Eigenvalue-eigenvector pair carries the notion of frequency-complex exponentials in the

conventional Fourier transform defined in the Euclidean domain. The eigendecompo-

sition of the graph Laplacian provides the graph Fourier basis, where the eigenvectors

ul resemble the complex exponentials, and the eigenvalues λl are analogous to the

corresponding frequencies.

By representing a graph signal as a linear combination of eigenvectors of Lapla-

cian, we can define the graph Fourier transform. The graph Fourier transform of a

graph signal g can be defined as ĝ = UTg and the inverse transform as g = Uĝ. One

can then define a spectral filter sθ(Λ) in the Fourier domain, a parametric function of

the eigenvalues Λ of L, which acts on the graph signal g as

sθ ∗ g = Usθ(Λ)UTg. (3.17)

This filters amplifies or attenuating the contributions of some of the graph Fourier

components, eigenvectors.

However an arbitrary filter does not guarantee the spatial localization because

resulting matrix from Usθ(Λ)UT may include connections that are not present in the

adjacency matrix. In order to achieve spatial localization, ChebyNet define gθ in terms

of a truncated Chebyshev expansion [98]

sθ(Λ) =
K∑
k=0

θkTk(Λ̃) ⇒ sθ ∗ g =
K∑
k=0

θkUTk(Λ̃)U
Tg, (3.18)

where Tk(x) are the orthogonal Chebyshev polynomials with support [−1, 1], Λ̃ =

2
λmax

Λ− IN maps the eigenvalues of L (the maximum being λmax) to this domain, and

K is the cutoff on the polynomial order which allows messages from neighbors up to

K hops away to be aggregated.
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To define filters consistent with the support of Chebyshev polynomials, ChebyNet

uses normalized graph Laplacian which is defined as the

Lnorm = D− 1
2LD− 1

2 , (3.19)

where Lnorm denotes the normalized graph Laplacian. Like the graph Laplacian, the

normalized graph Laplacian also possesses a complete set of eigenvectors and eigen-

values, carrying a similar notion of frequency-complex exponentials. However, a key

difference is that the eigenvalues of the normalized graph Laplacian are bounded within

the interval [0, 2]. Therefore ChebyNet assumes λmax = 2 for practical uses. Final for-

mulation of ChebyNet is

H = [X, LnormX, T2(Lnorm)X . . . TK(Lnorm)X]Θ, (3.20)

where Tk(Lnorm) = UTk(Λ̃)U
T and Θ ∈ RM(K+1)×F are the filter parameters to be

learned. Choice of K allows model to inject higher order relationships. ChebyNet

provides a first attempt to define spatially localized convolutional filters for GNNs.

To further improve ChebyNet, Kipf et al. [100] proposed a simplified version of

ChebyNet called as Graph Convolutional Network (GCN). GCN is the strictly-localized

version of ChebyNet, where the assumptions of K = 1 and θ0 = −θ1 = θ is made. GCN

formulation leads to

sθ ∗ g = θ(IN +D− 1
2AD− 1

2 )g. (3.21)

This filtered signal can be further normalized to map the eigenvalues of the convolu-

tion operator to the interval [−1, 1], so that vanishing/exploding gradients in a deep

architecture are avoided. The final formulation is given as

H = D̃− 1
2 ÃD̃− 1

2XΘ, (3.22)

where Ã = A+ I, D̃ is the corresponding degree matrix and Θ ∈ RM×F are the filter

parameters to be learned.

Compared to ChebyNet, GCN is significantly simpler, but its primary strength

lies in its ability to form deeper models by stacking multiple GCN layers. By employing

the operation D̃− 1
2 ÃD̃− 1

2 , GCN prevents vanishing or exploding gradients in deep
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models. This is achieved since eigenvalues of the D̃− 1
2 ÃD̃− 1

2 operator are scaled to

the interval [−1, 1]. As a result, stacking GCN layers allows for effective extraction of

information from higher-order neighbors without the risk of losing information due to

vanishing or exploding gradients during training.

GCN and ChebyNet stand as the two most pioneering works in spectral convolution-

based GNNs, laying the foundation for subsequent advancements. Their success has in-

spired numerous efforts to enhance the effectiveness and efficiency of spectral convolution-

based GNNs. For instance, Wu et al. [101] proposed Simple Graph Convolution (SGC),

which simplifies the GCN architecture by reducing the complexity of stacked GCN lay-

ers. They argued that the primary innovation of GCN lies in its message-passing

mechanism, making the non-linearity introduced by activation functions less critical.

SGC replaces the repeated multiplication of D̃− 1
2 ÃD̃− 1

2 across layers with a single ma-

trix raised to a power. This approach not only reduces computational overhead but

also preserves the effectiveness of GCN. Both SGC and GCN exhibit low-pass filter

characteristics, enabling them to effectively reduce noise in node features.

While the low-pass filtering nature of GCN is advantageous in many applications,

it can be suboptimal for tasks requiring higher-frequency information. To address this

limitation, Levie et al. [102] proposed using Cayley Polynomials in place of Cheby-

shev Polynomials, while He et al. [103] introduced Bernstein Polynomials to design

more robust spectral filters. These methods provide greater flexibility in defining spec-

tral filters, though their advantages across diverse downstream tasks remain limited.

In a different approach, Li et al. [104] proposed Adaptive GCN, which learns the

graph structure in a task-driven way by adapting the Laplacian matrix during train-

ing. Adaptive GCN updates the underlying graph to better align with downstream

tasks, demonstrating an effective method for customizing graph structures during the

training process.

Although spectral convolution-based GNNs are primarily designed for node clas-

sification tasks on graphs with rich features, their message-passing nature allows them
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to handle graph classification tasks involving multiple input graphs effectively. This

versatility arises from their ability to extract information across each graph through the

lens of the Laplacian matrix, even in the presence of variations in the Laplacian between

graphs. The Laplacian governs the aggregation process, and updating node represen-

tations using the Laplacian is mathematically analogous to applying a second-order

differentiation operation, enabling the model to capture intricate structural informa-

tion within graphs.

3.1.2. Expressivity-based Graph Neural Networks

Earlier GNNs primarily focused on learning latent node representations by adapt-

ing the convolution operation to the graph domain. These models were designed to

work effectively with graphs that have rich node features. While they could be utilized

to learn latent graph representations, they were not primarily focused on this aspect,

leaving it relatively underexplored. Although learning rich latent node representations

may naturally lead to rich latent graph representations, this connection is not well

studied, particularly for cases where graphs lack features. Consequently, the challenge

of effectively handling featureless graphs remained an open question in the early GNN

literature.

Despite the limited focus on latent graph representations within GNN research,

extracting information solely from graph structures has been a well-studied problem

for many years. Researchers developed algorithms to identify distinct graphs, some of

which were applied to machine learning in the form of graph kernels. These kernels,

which measure the similarity between graphs, became a powerful tool for extracting

information from graphs. Among them, Weisfeiler-Lehman (WL) graph kernels [105]

gained particular prominence. Based on the WL graph isomorphism test, WL graph

kernels extract distinct information from graphs. Graph isomorphism, which tests

whether two graphs are structurally identical, played a central role in the success of

these kernels and is worth emphasizing due to its importance in graph representation

learning.
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Building on the principles of graph isomorphism, Xu et al. introduced a pioneer-

ing approach that integrated this concept into GNNs [106]. Their work resulted in

the Graph Isomorphism Network (GIN), a novel architecture designed to map different

graphs to distinct points in the latent space, thereby enabling the learning of optimal

latent graph representations. By leveraging graph isomorphism, GIN offered increased

expressive power and effectively addressed the challenge of featureless graphs. More-

over, Xu et al. demonstrated the inherent connection between message-passing algo-

rithms and the WL isomorphism test, providing a theoretical basis for their approach.

The development of GIN marked a pivotal moment in the evolution of expressivity-

based GNNs, inspiring further research into the expressive power of GNNs for graph

classification through the lens of graph isomorphism.

GIN is inspired by WL graph isomorphism test. The primary purpose of the WL

test is to determine whether two graphs are isomorphic—that is, whether they share

the same structural form. The key idea behind the WL test lies in iteratively updating

node representations using an injective function. This function takes as input a node

(or a tuple of nodes) along with the representations of its neighbors (or the neighbors

of the tuple) and outputs a new representation. This process is repeated until the node

representations stabilize, meaning no further changes occur. By comparing the final

node representations of two graphs, the WL test can identify if they are isomorphic.

GIN implements the simplest form of the WL test, known as the 1-dimensional

WL test or ‘color refinement’, which has proven to be highly effective in many prac-

tical scenarios. However, it is important to note that the WL test, including its 1-

dimensional version, is not a definitive solution for all cases of graph isomorphism.

Certain non-isomorphic graphs may be indistinguishable under the WL test, and this

limitation applies to the 1-dimensional WL test as well, being its most basic and sim-

plified version. Here is the algorithmic flow of the simple 1-dimensional WL test :
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• All nodes initially have the same color. c0(v) = c0(w) for all v, w ∈ V

• Each nodes’ color is updated by the following : ct(v) = ϕ(ct−1(v), {ct−1(w) : w ∈

N (v)}) where {.} denotes the multiset and ϕ is an injective function.

• Color refinement stops when there is no update.

1-dimensional WL test and local GNNs share a conceptual similarity in how

they iteratively process node information to capture structural differences in graphs.

In the 1-dimensional WL test, nodes are assigned initial colors, and their colors are

iteratively refined based on their own state and the multiset of neighbor colors. This

process ensures that nodes with structurally different neighborhoods eventually receive

distinct color representations. Similarly, local GNNs iteratively update node features

using a message-passing mechanism, where each node aggregates information from its

neighbors and combines it with its own state.

This similarity can be expressed mathematically. At each iteration, a node’s

representation is updated using an aggregation and update function, analogous to the

color refinement in the 1-dimensional WL test. The update equation for a local GNN

and color update function are given by

hk
v = ϕ(hk−1

v , f({hk−1
u : u ∈ N (v) : Local GNN, (3.23)

ct(v) = ϕ(ct−1(v), {ct−1(w) : w ∈ N (v) : Color Update. (3.24)

In this analogy, the node colors in the 1-dimensional WL test correspond to the node

features in GNNs, while the multiset of neighbor colors represents the aggregated mes-

sages exchanged during message-passing.

Building on this connection, GIN is designed to achieve the same expressive power

as the 1-dimensional WL test. Its goal is to learn latent representations of graphs by

mapping distinct graph structures to unique latent embeddings. To accomplish this,

GIN identifies three key requirements: injective aggregation, injective update, and

injective graph pooling functions.
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To formally define let A : G → Rd be a GNN. With a sufficient number of GNN

layers, A maps any graphs G1 and G2 that the 1-dimensional WL test of isomorphism

decides as non-isomorphic, to different embeddings if the following condition holds :

• Aggregation and update function, f and ϕ, are injective.

• Graph pooling function is injective

These properties ensure that the GNN can generate distinct latent node repre-

sentations for structurally different nodes and produce unique graph-level embeddings

for non-isomorphic graphs. To achieve this, GIN proposes the use of injective functions

at all stages of the learning process.

GIN simplifies the design of injective aggregation and update functions by assum-

ing features belong to a countable space. It utilizes a theoretical result stating that,

there exists a function f : X → Rn so that for infinitely many choices of ϵ, including

irrational numbers, (1+ϵ).f(c)+
∑

x∈X f(x) is unique for each pair (c,X) where c ∈ X,

X ⊂ X is a multiset of bounded size and X denotes the countable input feature space.

Moreover any other function f̂ over such pairs can be decomposed as

f̂(c,X) = ϕ((1 + ϵ).f(c) +
∑
x∈X

f(x)), (3.25)

for some function ϕ. This theorem states that node features, (f(c)), and their aggre-

gated messages, (
∑

x∈X f(x)) can be processed with an injective function following the

above formulation.

This decomposition allows GIN to implement an injective aggregation step by

summing all messages, and an injective update step using the Universal Approximation

Theorem. This theorem ensures that a multi-layer perceptron (MLP) can approximate

any function, enabling the MLP to model the injective update function. Based on

these principles, GIN’s forward propagation rule is defined as

hk
v = MLP k((1 + ϵk).hk−1

v +
∑

u∈N (v)

hk−1
u ), (3.26)

where MLP k denotes multilayer perceptron at layer k. While the parameter ϵ is
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theoretically essential, practical experiments show that setting ϵ = 0 does not impact

performance. Consequently, GIN simplifies its propagation to

hk
v = MLP k(hk−1

v +
∑

u∈N (v)

hk−1
u ), (3.27)

H = MLP k((A+ I)X). (3.28)

Unlike GIN, many popular GNN architectures, such as GCN and GraphSAGE, do

not meet the conditions necessary to achieve the same expressive power as the 1-

dimensional WL test. These models typically use non-injective aggregation functions,

such as mean or max-pooling, and rely on simpler, one-layer perceptrons rather than the

more expressive MLPs used in GIN. As a result, they are unable to distinguish certain

non-isomorphic graphs that the WL test can identify. However, these architectures

still perform well in tasks like node classification, where distinguishing entire graph

structures is less important, especially when node features are rich. In these cases,

mean-based aggregators are effective at capturing the distribution of neighbor features,

enabling strong performance on node-level tasks. In contrast, GIN might be better

suited for graph-level tasks, where distinguishing structural differences between entire

graphs is crucial.

The theoretical foundations of the GIN are based on countable sets. However,

in many practical scenarios, node features are drawn from continuous spaces, and

finding an injective function for multisets from uncountable sets is considerably more

challenging. To address this issue, Corso et al. [107] introduced Principal Neighbor

Aggregation Network (PNA). PNA emphasizes that at least n aggregators are required

to to distinguish multisets of size n when defined over R. They further argue that

moments of a multiset, such as mean, standard deviation, and higher-order moments,

serve as valid examples of how n aggregators can be employed. This establishes the

need for multiple aggregators to enhance the expressive power of the network.

While most GNN models rely on a single aggregator—mean for GCN, sum for

GIN, and max for GraphSAGE—PNA combines several aggregators, including mean,
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standard deviation, max, and min, to increase its expressive capacity. Additionally,

PNA incorporates degree scalers that modify the aggregated values, enabling amplifi-

cation or attenuation of the incoming messages. The propagation rule in PNA is given

by

hk
i = Φk(hk−1

i ,Ψk({hk−1
v , v ∈ N (v)})), (3.29)

where Φk is MLP and aggregation operation Ψk can use various functions defined as

the

Ψk =


I

S(D, α = 1)

S(D, α = −1)

⊗


µ

std

max

min

 , (3.30)

where ⊗ denotes tensor product , S(D, α) = ( log(D+1)
δ

)α represents the scalers for aggre-

gation functions, D is the node degree and δ is the normalization coefficient computed

over training set. Mean, standard deviation, maximum, and minimum functions are

employed as aggregator functions. The use of a logarithmic scaler is motivated by

the fact that node degrees, when expressed in a linear scale, may not capture the full

range of influence, especially when the node degrees vary significantly. This logarithmic

scaling ensures that the influence of node degrees is more appropriately modeled.

Numerous studies have extended the exploration the expressive power of GNNs

through the lens of graph isomorphism. Some approaches aimed to enhance expressivity

by enriching node features. For example, Bouritsas et al. [108] demonstrated that

incorporating substructure information—such as the number of cycles, triangles, and

other motifs—into node features significantly improves GNN expressivity. Similarly,

Sato et al. [109] proposed using random node features to increase the capacity of GNNs

by providing additional information for distinguishing graph structures.

Other research has focused on surpassing the expressive power of the 1-dimensional

WL test, which fails to identify certain basic substructures, such as triangles. Maron et
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al. [110] developed a GNN composed of a maximal collection of permutation-invariant

and equivariant linear layers to increase expressivity. Morris et al. [111] made the first

attempt to generalize GNNs to the k-dimensional WL test by introducing k-GNNs,

which correspond to the k-WL test. Following this, Maron et al. [112] introduced the

first practical GNN that surpasses the 1-dimensional WL test in expressivity. Their

model, known as 3-WL GNN, matches the expressiveness of the 3-WL test. However,

while these methods are inspired by graph isomorphism, some, like the 3-WL GNN,

treat graphs as higher-dimensional tensors, and their operations cannot be easily ex-

pressed using the standard aggregate-and-update framework of GNNs.

Another notable approach is that of Bevilacqua et al. [113], who proposed ex-

tracting bags of subgraphs from the input graph and processing them with expressive

GNNs to further enhance model capacity. All of the aforementioned methods have

shown promising results on datasets where structural differences in graphs are criti-

cal, such as social networks—where triangles play an important role—and molecular

graphs, where cycles and substructures are essential.

However, this focus on graph substructures may not directly translate to brain

networks, where it is unclear whether structures such as cycles and triangles carry

meaningful information for extracting graph-level insights. Despite this, the enhanced

expressive power of these advanced GNNs, particularly GIN, could still offer benefits

when applied to brain network analysis.

3.1.3. Attention-based Graph Neural Networks

Attention mechanisms have emerged as a powerful and versatile tool for extracting

relevant information from diverse data. By dynamically assigning importance weights

to different inputs, they enable models to focus on the most relevant elements within

complex and variable dependencies. This data-dependent weighted aggregation allows

attention mechanisms to capture intricate relationships in a principled manner, making

them an essential component in many machine learning domains.
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Initially developed for sequence-based tasks, attention mechanisms revolutionized

fields like machine translation [114,115], machine reading [116], and sentence represen-

tation learning [117]. The introduction of the self-attention mechanism within the

Transformer architecture [115] was a landmark development. Self-attention, which

models relationships within a single input sequence, demonstrated that attention alone

could build robust models. Its ability to efficiently capture long-range dependencies

and scalability set the foundation for state-of-the-art performance in sequence-based

tasks.

Beyond sequence-based tasks, attention mechanisms have also made a signifi-

cant impact in the vision domain. Models like Vision Transformers [118] leverage

self-attention to capture relationships between patches of an image, enabling superior

performance in image classification, object detection, and segmentation tasks. These

advancements highlight the versatility of attention mechanisms in handling diverse

data representations.

Inspired by their success in various models, attention mechanisms have been

extended to graph-structured data, leading to the emergence of attention-based GNNs.

This transition leverages the natural conceptual analogy between sequences and graphs:

tokens and their dependencies in sequences correspond to nodes and their relationships

(edges) in graphs. In graph contexts, attention dynamically computes latent node

representations by weighting the contributions of neighboring nodes, enabling models

to adaptively aggregate information.

The seamless integration of attention mechanisms into GNNs empowers these

models to capture intricate structural and relational patterns. By focusing on rele-

vant substructures and dynamically adjusting the aggregation process, attention-based

GNNs provide a scalable and flexible solution for graph representation learning. These

models are particularly effective in scenarios where adaptive modeling of node rela-

tionships is essential, offering a principled approach to processing graph-structured

data.
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Attention-based GNNs can be broadly categorized into two main approaches, re-

flecting different ways of leveraging attention mechanisms to model relationships in

graph data: local attention-based GNNs and global attention-based GNNs. Local

attention-based GNNs applies attention mechanisms to directly connected nodes in

the graph, respecting the explicit graph topology. By focusing on neighbors defined by

the graph structure, the model emphasizes local patterns and structural dependencies

encoded in the edges. Neighbor-based attention is particularly suited for tasks where

the graph’s predefined structure is critical to capturing meaningful relationships. In

contrast, global attention-based GNNs assumes a complete graph, where all node pairs

are considered, allowing the model to infer latent relationships directly from the node

features. This setup captures all pairwise relationships, making it ideal for scenar-

ios where the graph structure is unknown, incomplete, or insufficiently informative.

However, the flexibility of fully connected attention comes at the cost of increased

computational complexity, as the number of pairwise relationships scales quadratically

with the number of nodes.

These two approaches reflect a trade-off between leveraging predefined structural

knowledge and allowing the model to learn relationships in a data-driven manner.

While the local attention-based GNNs emphasize the explicit graph topology, global

attention-based GNNs offer greater flexibility by capturing potential hidden dependen-

cies that might not be encoded in the graph structure.

Local Attention-based GNNs restrict the attention mechanism to operate only on

the neighborhood of each node. These models are a subset of local GNNs, where the

aggregation process considers only the node’s direct neighbors. The general aggregation

function for local Attention-based GNNs can be expressed as

hk
N (v) = Ψk({hk−1

u }u∈N (v)). (3.31)

Here, Ψk is a function that implements the attention mechanism, dynamically deter-

mining the contribution of each neighboring node u to the aggregation for node v at

layer k.
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The pioneering work by Veličković et al. [119] introduced the Graph Attention

Network (GAT), which was the first model to incorporate attention mechanisms into

GNNs. GAT is a quintessential example of a local Attention-based GNN. The forward

propagation of GAT is given by

H = σ(ÂΘX), (3.32)

where Θ stores parameters for projection and Â ∈ RN×N is the matrix that contains

the attention coefficients. The attention coefficients are computed as follows

âi,j =
e(LeakyReLU(α⊤Θhi+α⊤Θhj))∑

k∈N (i)∪{i} e
LeakyReLU(α⊤Θhi+α⊤Θhk)

, (3.33)

where âi,j is the attention coefficient between node i and node j, αk ∈ R2·dattn is

learnable vector, hi is the representation of node i and Leaky-ReLU is introduced as

non-linearity function to prevent cancelling exponentials when k = i. GAT learns

spatially localized representations since it only computes the relations between neigh-

bors. To enrich the latent representation, multi-head architecture can employed into

GAT. Each head can be modeled with independent parameters, Θk and αk⊤. Resulting

formulation for attention coefficients in case is

âki,j =
e(LeakyReLU(αk⊤

Θkhi+αk
TΘkhj))∑

k∈N (i)∪{i} e
LeakyReLU(αk⊤Θkhj+αk

TΘkhk)
, (3.34)

where Θk and αk⊤ are the learnable parameters of attention head k and âki,j is the

attention coefficient between node i and node j computed at head k. Therefore multi-

head GAT can be expressed as

Hk = σ(ÂkΘkX), (3.35)

where Hk is the latent node representation matrix generated by head k. By concate-

nation all output matrices along head dimension, final latent node representations can

be obtained.

GAT employs a variation of the self-attention mechanism where the query, key,

and value projections are coupled, i.e., they are equal to each other. In addition,

GAT introduces a new parameter, ak, to compute attention coefficients, alongside a

weight matrix that models the key and query projections. In contrast, the classical

self-attention mechanism, as used in Transformers, decouples the query, key, and value
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projections to model relationships more flexibly. Specifically, given query, key, and

value projection matrices Θq, Θk, Θv the classical self-attention mechanism operates

on node features as follows

Âk = softmax(
(ΘqX)T (ΘkX)√

d
), (3.36)

Ĥk = Âk(ΘvX), (3.37)

where d is the scaling factor used to stabilize gradients when the softmax produces

large values. If this mechanism is constrained to operate only on neighboring nodes, it

takes the following form

âi,j =
e(Θ

qxi)
T (Θkxj)∑

N (i)∪{i} e
(Θqxi)T (Θkxk)

, (3.38)

Zk = σ(ÂkΘk(ΘvX)). (3.39)

Here, node features are projected into query and value representations using the query

(Θq) and value (Θv) projection matrices, while neighboring node features are treated

as keys and projected using the key projection matrix (Θk) . GAT assumes equal

projection matrices, while the formulation above is more similar to the classical self at-

tention mechanism employed in Transofermers. GAT simplifies this setup by assuming

equal projection matrices for the query, key, and value, whereas the formulation above

aligns more closely with the classical self-attention mechanism used in Transformers.

A similar decoupled approach was explored by Shi et al. [120], showing that separating

the query, key, and value projections can enhance the capacity of GAT. This variant

will be referred to as GAT-Transformer. Dwivedi et al. [121] also extended the concept

of Transformers to graphs, resulting in the Graph Transformer model. They treated

node features as an input sequence, similar to how tokens are handled in Transformers,

and applied a positional encoding scheme to incorporate structural information from

the graph. Specifically, they proposed using the eigenvectors of the graph Laplacian

as positional encodings, as these eigenvectors capture distance-aware information and

provide a natural way to embed the graph structure into the model.
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Another notable improvement over the original GAT architecture was proposed by

Brody et al. [122], who introduced the GATv2 model. They addressed a key limitation

of GAT, the attention coefficients are unconditioned on the query node. GATv2 resolves

this issue with a simple yet effective modification to the attention computation, as given

by

âi,j =
e(α

⊤LeakyReLU(Θhi+Θhj))∑
k∈N (i)∪{i} e

(α⊤LeakyReLU(Θhi+Θhk))
, (3.40)

where the attention coefficients explicitly depend on both the query node i and the

neighboring node j, ensuring a more dynamic and conditioned computation.

Regardless of the specific attention mechanism, local attention-based GNNs ex-

tract information by dynamically adjusting edge weights instead of relying on a static

adjacency matrix, as in many convolution-based approaches. This dynamic re-weighting

allows the model to capture local dependencies in a data-driven manner, effectively

highlighting the most important local features and enhancing the capacity of GNNs.

Global Attention-based GNNs extend the attention mechanism to allow nodes to

attend to any other node in the graph, even if there is no direct connection between

them. These models fall under the category of global GNNs, where the aggregation

process considers all possible node pairs in the graph. The general aggregation function

for global Attention-based GNNs can be expressed as

hk
N (v) = Ψk({hk−1

u }u∈(V )). (3.41)

Here, Ψk is a function that implements the attention mechanism, dynamically deter-

mining the contribution of each other node u in the set of all nodes to the aggregation

for node v at layer k.

One of the most notable attempts to integrate global attention into GNNs is the

work by Rampasek et al., who introduced the GraphGPS model [123]. To build a

powerful and scalable model, they enhanced node features with structural and posi-

tional information derived from random walks and Laplacian matrices of the graph.



49

By combining the Transformer architecture with local GNNs, they were able to extract

both local and global information from the graph, enhancing the learned latent graph

representation.

In addition, Kreuzer et al. [124] utilized spectral graph theory to develop a Global

Attention-based GNN known as the Spectral Attention Network (SAN). SAN also uses

the first m eigenvectors to build initial positional encodings but proposes learning these

encodings through a linear mapping over the layers. Furthermore, SAN treats the edges

from the real graph and the added edges differently in the attention computation,

allowing for more efficient capture of both local and global information.

Global attention-based GNNs can be viewed as instances of Transformers, where

the tokens correspond to the nodes in the graph. While they are capable of extracting

global information, local information remains crucial and more specifically tailored for

GNNs.

3.2. Structure Function Discrepancy

Current GNN-based models for brain networks primarily focus on assigning clin-

ical labels to brain networks, operating under the assumption that networks within

the same clinical population share significant structural and functional similarities.

While this assumption holds to some extent, it overlooks the critical role of personal

variability in understanding disease progression and patient-specific patterns. This

limitation results in suboptimal performance and a lack of personalized insights into

the disruptions caused by ADD.

Importantly, most existing studies evaluate brain networks by comparing them

to those of others with the same clinical label. While this approach can be informative,

it fails to account for the significant personal variability inherent in brain networks.

Instead, evaluating a brain with respect to its own internal reference—focusing on its

self-consistency—can provide more personalized and meaningful insights. This person-
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alized approach acknowledges that each brain exhibits unique structural and functional

patterns, emphasizing that the critical factor is the internal harmony within the brain

rather than its similarity to others.

The structure-function relationship serves as an ideal metric for such personal-

ized assessment, as it captures the interplay between two distinct yet interconnected

modalities within the same brain. However, most multi-modal studies fail to fully

model this complexity. Structural and functional networks are typically treated as

complementary sources of information, fused superficially, or analyzed independently.

These approaches overlook the interdependence between structure and function and

fail to account for the progressive dissimilarity between these networks during ADD

progression.

To address these limitations, we propose the brain connectome structure-function

discrepancy learning (sfDLN) model, a GNN-based framework designed to quantify the

structure-function discrepancy as a biomarker for ADD severity. This discrepancy mea-

sures the divergence between structural and functional networks within an individual

brain, offering a personalized metric for evaluating disease progression. By leveraging

each brain’s self-consistency as a reference, the sfDLN model mitigates the confounding

effects of personal variability and enables a more nuanced understanding of ADD.

In healthy brains, structural connectivity provides a foundation for functional

synchronization, reflecting the intricate interplay between anatomical organization and

brain activity. However, this structure-function relationship changes during ADD pro-

gression [90]. We conjecture that the discrepancy—or mismatch—between structural

and functional connectivity patterns increases as cognitive impairment advances from

SCI towards ADD. Furthermore, we hypothesize that this structure-function relation-

ship serves as a decisive and discriminative feature for diagnosing and staging ADD.
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The sfDLN model adopts a siamese architecture, comprising two identical GNN-

based branches to process structural and functional networks separately. The architec-

ture of the sfDLN model is depicted in Figure 3.1.

Figure 3.1. sfDLN Architecture [125].

Any GNN model can be used as a backbone of sfDLN to encode structural and

functional networks. For simplicity lets assume GCN is used in sfDLN architecture.

sfDLN generates latent graph representations as the following

H = ReLU(D̃− 1
2 ÃD̃− 1

2XΘ), (3.42)

z =
1

N

∑
i∈V

hi, (3.43)

where ReLU is used as non-linear activation function, defined as the Typically, the

ReLU function is used as the activation, which is defined as ReLU(x) = max(0, x), and

mean pooling is used at the output of GNN branches to produce d dimensional graph

embeddings (z). Then, the scaled dot product of sNET embeddings (zs) and fNET

embeddings (zf ) is used to generate the bounded structure-function discrepancy score

(γ) as

γ = 1− sigm ((zs · zf )/Z) , (3.44)

where sigm() is the sigmoid function and Z is a scaling factor. Sigmoid function is
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used to bound the structure-function discrepancy score and scaling factor is used to

ensure training convergence.

The sfDLN model is trained by minimizing the following loss function, which si-

multaneously minimizes the intra-class variance and maximizes the inter-class distance

J = λvar(std
p + stdn) + max(0,m− (µp − µn)) . (3.45)

Above, µ and std are the mean and the standard deviation of the discrepancy scores

(γ) across the corresponding classes. Meanwhile, λvar and m are hyperparameters that

control the influence of the standard deviation and margin score in distinguishing the

means of the populations, respectively. The superscripts p and n refer to the positive

and negative classes, where the positive class corresponds to the stage with a higher

structure-function discrepancy. Our hypothesis posits that later stages of cognitive

decline correspond to the positive class, based on the assumption that the mismatch

between structure and function increases as ADD progresses.

By explicitly modeling the structure-function discrepancy, focusing on each brain’s

unique internal reference, and hypothesizing its progressive deterioration during demen-

tia, the sfDLN framework offers a novel perspective on ADD diagnostics. It provides

deeper, individualized insights into ADD progression, paving the way for more effective

diagnostics and personalized therapeutic interventions.

3.3. Disentangled Attention Graph Neural Network

Mesoscale analysis of brain networks is crucial for understanding the progression

of ADD, as the brain consists of distinct, non-overlapping subnetworks, each with spe-

cific structural and functional roles. The brain consists of distinct, non-overlapping

subnetworks, each with specific structural and functional roles, and these subnetworks

are targeted differently as the disease progresses. Understanding how these subnet-

works change across stages is key to diagnosing and tracking ADD, highlighting the

importance of analyzing the brain at the mesoscale level.
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Figure 3.2. DAGNN [126]. Each head is independent from each other and compute a

set of different attention coefficients along with node features. Node features from

heads are concatenated. Mean pooling is performed to obtain graph-level

representation. A MLP layer with softmax is used to predict label.

Attention-based GNNs have gained significant attention due to their ability to

highlight important connections within the brain. This makes them capable of identi-

fying subnetworks through their multi-head attention architecture. Multi-head mecha-

nism allows for the exploration of different parts of the brain simultaneously, enhancing

the model’s ability to find relevant subnetworks. However, we have identified a key lim-

itation: although each attention head operates independently, these models often focus

on similar brain regions when classifying ADD. This can lead to the overlooking of sub-

networks that may be crucial for ADD progression. To address this issue, we propose

a novel model, the Disentangled Attention Graph Neural Network (DAGNN), which

is designed to more effectively extract information from distinct subnetworks, using a

unique disentanglement loss.

DAGNN model, which we propose here, is depicted in Figure 3.2. DAGNN

generates latent node representations based on a attention-based GNN and obtain

latent graph representation by a mean pooling

H = ReLU(GNN(X,A)), (3.46)

z =
1

N

∑
i∈V

hi. (3.47)

GNN could be any attention-based GNN with multiple heads. For simplification, lets
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assume multi-head GAT is used in DAGNN. Resulting DAGNN propagation can be

expressed as

âki,j =
e(LeakyReLU(αk⊤

Θkhi+αk⊤
Θkhj))∑

k∈N (i)∪{i} e
LeakyReLU(αk⊤Θkhj+αk⊤Θkhk)

, (3.48)

Hk = ReLU(ÂkΘkX), (3.49)

H = concat(Hk), (3.50)

z =
1

N

∑
i∈V

hi, (3.51)

where ReLU is used as non-linear activation function and concat operation concatenates

all latent node representations produced by each head along head dimension to form

final latent node representation matrix, H.

We identified a limitation in the multi-head GAT, where the attention coefficients

computed by each head, denoted as Âk, are surprisingly similar. This observation

points to a potential drawback: GAT may not fully leverage its multi-head structure,

leading to the neglect of important variations across heads. To address this issue, we

propose a novel loss function called disentanglement loss. This loss aims to differen-

tiate each head by maximizing the distance between the attention coefficient matrices

produced by each head. The disentanglement loss is defined as

Ldis = ReLU(m− 1

Npairs

NB∑
b=1

NH∑
j=1

NH∑
k=j+1

dist(Âb,j, Âb,k)), (3.52)

where Âb,j represents the attention coefficients of the b-th patient in a batch produced

by j-th head of GAT, NB is the batch size, Npairs is the number of attention coeffi-

cients pairs in the batch, NH is the number of heads of GAT, dist is the function for

measuring distance and m is the margin hyperparameter. his loss function aims to

push the pairwise distance between attention coefficient matrices to a value as large as

m, promoting differentiation between the attention coefficients produced by different

heads.
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We propose to use the mean of the L1 distance as our distance measure for the

disentanglement loss, as it has two main advantages.

• Boundedness : The column-wise L1 distance is bounded by 2, as the attention co-

efficient matrix is column-wise stochastic. This property ensures that the margin

hyperparameter m remains bounded, regardless of the number of attention heads.

This simplifies the optimization process by not requiring adjustments based on

the number of heads.

• Sparsity Promotion : The L1 distance encourages sparsity in the attention coef-

ficients, as it penalizes the similarity between attention coefficient matrices more

strongly when their elements are closer to each other. This promotes the learning

of distinct, meaningful attention patterns across different heads.

The proposed distance function is defined as

dist(Âb,j, Âb,j) =
1

N

n=N∑
n=1

n=N∑
l=1

|Cn,l|, (3.53)

where C = Ab,j −Ab,k represents the difference between the attention coefficient ma-

trices. The L1 distance between two matrices is computed column-wise, and then the

average column-wise L1 distance is taken as the overall distance between the two ma-

trices. This column-wise computation ensures that the resulting maximum distance m

is bounded by 2.

We trained our model with a combination of classification loss and disentangle-

ment loss. Overall loss function can be written as

Ltotal = LCE + λdisLdis, (3.54)

where λdis is hyperparameter that balances classification and disentanglement loss.
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4. EXPERIMENTS AND RESULTS

4.1. Connectome Construction and Dataset

Our dataset consists of sNETs and fNETs from 88 volunteers. To construct brain

networks, DWI, resting-state functional MRI (rs-fMRI) and T1-weighted (T1w) MRI

data were acquired with written consent in a single session using the Philips Achieva 3T

MRI system (Netherlands) with a 32-channel head coil at Istanbul University, Istan-

bul Faculty of Medicine, Neuroimaging Unit of Hulusi Behçet Life Sciences Research

Laboratory1 . Here are the imaging parameters for the each modality :

• DWI: Data was acquired with TE/TR = 92ms/ 9032ms, FOV = 200×236mm2

at 2.27mm isotropic voxel size. 120 weighting gradients with a maximum gradient

strength of 40mT/m, 200mT/m/ms slew rate were obtained at 6 shells in q-space

using a single-shot, pulse-gradient spin echo (PGSE) EPI sequence.

• rs-fMRI: data was collected by using the Fast Field Echo (FFE) technique with

MS mode, single-shot EPI, and real-time reconstruction. The imaging parameters

were TE/TR = 30ms/3000ms, FOV = 212 × 199mm2, at 3.31mm isotropic

voxel size.

• T1w : 3D FFE pulse sequence with multi-shot TFE (Turbo Field Echo) imaging

mode is used with TE/TR = 3.8ms/8.3ms, FOV = 220× 240mm2, at 1.0mm

isotropic voxel size.

Each subject’s T1w-MRI, fMRI, and DWI volumes were isotropically resampled

at 1.5mm resolution and co-registered using the FreeSurfer, FSL, and Tortoise tool-

boxes. The co-registered volumes were manually verified by the neurologists on board.

T1w-MRI volumes were parcelled with 148-parcel Destrieux atlas (N = 148) [5] to de-

lineate the cortical regions. Following parcellation, sNET and fNET were constructed

1Istanbul 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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for each subject.

sNET, Gs = {V,Es,As}, was constructed using deterministic principal diffusion

direction (PDD) tractography, which was based on 4th-order Runge-Kutta integration.

The tractography process involved the following parameters [127]:

• Step size: 0.7mm

• Maximum Curvature: 35◦

• Minimum fractional anisotropy (FA) threshold as stopping criteria : 0.15

• Minimum fiber length : 20mm

• Number of seeds per voxel: 30

The edge weights, aij, were defined as

aij =
2

V oli + V olj

∑
k

WikWjk, (4.1)

where V oli is the volume of the ith parcel and Wik quantifies the association between

the ith parcel and the kth fiber as described in [19] :

Wik =
∑
rj∈Ni

1

(2π)
3
2 ∗ std3

e
−|rj−ek|2

2∗std2 , (4.2)

|rj − ek| < 2 ∗ std, (4.3)

where Ni is the parcel i, ek is the end point of fiber k, rj is the position of voxel j

inside the parcel. std value is chosen as 0.155.

The edge weights of sNETs are computed with the normalization as shown in

the Equation 4.1. This normalization is advantageous for deep learning models, which

perform well on smoother intervals. However, as shown in Figure 1, these normalized

weights often result in very low values.

These low connectivity values may hinder the GNN’s ability to learn meaningful

patterns. To address this, three different sNET variants are considered:



58

• Original sNET: Does not change the edge weights, A is used directly.

• Binary sNET: Applies binarization to the edge weights, setting all positive weights

to 1: Abin = (A[A > 0] = 1)

• Log-Scaled sNET: Applies a logarithmic transformation to the edge weights such

that the resulting weights are linear in terms of the logarithmic scale, Als =

(log10 A−min(log10 A))
(max(log10 A)−min(log10 A))

Figure 4.1. Histogram of sNET Edge Weights.

Binarization highlights the existance of edge weight and significantly increases the

edge weight values compared to the original sNET. However, this approach may lead to

a loss of information about the scale of connectivity values. To retain scale information

while benefiting the amplified edge weights, Log-Scaled sNETs are introduced.

On the other hand, fNET is constructed based on BOLD signals. These BOLD

signals are four-dimensional time-series data defined over the brain’s voxels. To sum-

marize the BOLD signal for a particular brain region, we compute the average of the

time-series data across all the voxels within that region. This averaged time-series
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represents the BOLD signal for the entire region, capturing the overall functional ac-

tivity of the region. These region-wise BOLD signals are then used to construct the

functional network, where edges represent the functional connectivity between different

brain regions, reflecting the temporal correlations between the regions’ activity.

fNET is derived from BOLD signals of the brain regions, denoted as B ∈ RN×T

where T is the number of time points, and let bi is the BOLD signal of node i. Each

bi is centered to have zero mean.

Traditional approaches construct fNETs based on Pearson or partial correlation

coefficients. While simple and popular, these methods result in fully connected graphs,

which degrade GNN performance. Alternatively, sparse fNETs can be constructed

using graph learning methods, leveraging smoothness assumptions to optimize graph

structures directly from BOLD signals. These learning methods assumes that the

BOLD signals should vary smoothly on the learned graph.

Therefore three fNET construction methods are evaluated: Pearson fNET, partial

fNET and Learned fNET, we refer it to as ℓNET. Pearson and Partial fNET are

correlation-based fNETs while ℓNET are learned through the BOLD signals.

• Pearson fNET : Edges, (aij) represent the sample Pearson correlation coefficient

between bi and bj

aij =

∑T
t=1 bi,tbj,t√∑T

t=1(bi,t)2
√∑T

t=1(bj,t)2
. (4.4)

• Partial fNET : Edges (aij) corresponds to the partial correlation coefficient of bi

and bj. Formally defining

Σi,j =
T∑
t=1

bi,tbj,t, (4.5)

aij =
Σ−1

i,j√
Σ−1

i,i

√
Σ−1

j,j

, (4.6)
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where Σ is the sample covariance matrix. Partial correlation is derived from

inverse of sample covariance matrix called as precision matrix.

• ℓNET : ℓNET are sparse graphs which is the solution of an optimization problem

aiming to find optimal graph from signal with the smoothness assumption [128].

The optimization problem can be defined as

A = argmin
A∈A

(
Tr (BTLB) + f(A)

)
, (4.7)

f(A) = −1T log(A1) + ||A||2F , (4.8)

where L is the Laplacian constructed from A and 1 is the column vector of 1s,

|| · ||F is the Frobenius norm. f(A) controls the positivity of the node degrees

and the network sparsity, respectively. The first term in Equation 4.7 imposes

smoothness of the BOLD signals B on ℓNET, as is evident from the identity

bTLb =
∑

i,j ai,j(bi − bj)
2 favoring strong connections between similar nodes.

The above optimization problem was solved as described in the literature [129]

which employs convex optimization to the objective function.

Clinical diagnostic labels of the subjects are given following the NIA-AA guide-

lines [130–132]. by the neurologists involved in the study. The resulting dataset is

referred to as the CAPA dataset. A detailed summary of the dataset is provided in

Table 4.1.

Table 4.1. CAPA Dataset Description.

CAPA DATASET

Characteristic Value

Label Distribution 18 ADD, 46 MCI, 24 SCI

Age 69.8±8.3 ADD, 62.0±9.7 MCI, 56.6±9.7 SCI

Gender 10M/8F ADD, 23M/23F MCI, 12M/12F SCI

Number of Brain Regions 148
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4.2. Diagnostics using GNNs

GNNs hold significant promise for diagnosing different stages of ADD by ana-

lyzing structural and functional brain networks. Despite the proposal of numerous

models, the literature notably lacks a detailed comparative study of GNNs applied to

brain networks for ADD diagnosis. This gap underscores the need for systematic evalu-

ation to better understand their potential and limitations. The aim of this section is to

conduct a comprehensive comparative study through a series of experiments designed

to justify and explore the utility of GNNs for ADD diagnostics. These experiments

focus on classifying ADD from early stages : ADD-SCI and ADD-MCI using the CAPA

dataset. The analysis is structured into three categories: sNET experiments, exploring

structural brain networks; fNET experiments, focusing on functional brain networks;

and multi-modal experiments, integrating structural and functional modalities.

To measure and compare the performance of the models, three metrics are used

as :

• Accuracy : The percentage of correct predictions made by the model, calculated

as the ratio of correctly predicted samples to the total number of samples.

• F1-Score : Harmonic mean of precision and recall, defined as

F1-Score =
2TP

2TP + FP + FN
, (4.9)

where TP denotes the true positives, FP is the false positives and the FN is the

number of false negatives. F1-Score is more sensitive to the positive classes, in

our case ADD. It may help us to quantify cases where ADD subjects are scarce.

• Area Under Curve (AUC) : The AUC is computed from the Receiver Operat-

ing Characteristics (ROC) curve, which plots the true positive rate (sensitivity)

against the false positive rate (1-specificity) across different decision thresholds.

The AUC represents the degree of separability between the classes, with higher

values indicating better discrimination between positive and negative classes.
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For the ADD-SCI classification, the CAPA dataset consists of 42 subjects, in-

cluding 18 ADD and 24 SCI cases. Since this dataset is relatively balanced, all the

metrics proposed above offer comparable reliability in evaluating model performance.

In contrast, for the ADD-MCI classification, the CAPA dataset is more imbal-

anced, with only 18 of the 64 subjects classified as ADD, while the remaining 46 subjects

are MCI. In this case, the F1-Score serves as a better performance indicator compared

to Accuracy or AUC, as it places greater emphasis on the positive class (ADD), making

it particularly useful in scenarios with class imbalance.

To ensure a robust foundation for this comparative study, the initial phase in-

volves setting an MLP-based baseline that does not utilize graph structure. This

baseline serves as a reference for determining which network best represents the corre-

sponding modality.

Subsequently, the focus shifts to systematically comparing GNNs both with each

other and with the baseline. This comparative study evaluates the performance of

various GNN models in diagnosing ADD stages. The experiments then progress to

identifying optimal configurations for the proposed architecture, taking into account

critical factors such as feature selection, model selection, pooling methods, and poten-

tial enhancements drawn from recent literature.

This structured approach not only addresses the current gap in the literature

but also provides valuable insights into the design and application of GNNs for ADD

diagnostics. By systematically analyzing structural, functional, and multi-modal brain

networks, this section aims to establish a robust methodological framework and provide

valuable insights into the application of GNNs to brain networks for ADD diagnosis.



63

4.2.1. sNET Experiments

In the experiments, two classification tasks are performed: ADD-SCI and ADD-

MCI. Performance on these tasks is quantified using accuracy, F1-score, and AUC met-

rics. Cross-validation is employed to evaluate performance, and each cross-validation

experiment is repeated 20 times to mitigate the impact of random seeds. For the

ADD-SCI task, 21-fold cross-validation is utilized due to the limited sample size. It

is observed that using larger folds reduces the generalizability of models for ADD-SCI

classification. The 21-fold cross-validation strikes a balance between improved general-

ization and runtime efficiency, being twice as fast as leave-one-out cross-validation while

yielding comparable results. For ADD-MCI classification tasks, 7-fold cross-validation

is applied. Detailed description for both experiments including hyperparameters are

given in the Table 4.2.

Table 4.2. Summary of sNET Experimental Configurations for Classification Tasks.

Description ADD-SCI ADD-MCI

Label Distribution 18 ADD/24 SCI 18 ADD/46 SCI

Number of Folds 21 7

Batch Size 6 6

Number of Epochs 100 100

Learning Rate 0.001 0.001

Optimizer Adam Adam

Weight Decay 0.0001 0.001

Structural brain networks represent the brain’s physical connectivity by model-

ing the existence and strength of connections between distinct brain regions. These

networks are typically represented as sparse graphs, where nodes correspond to brain re-

gions and edges encode structural connectivity values. The inherent sparsity of sNETs

makes them particularly well-suited for GNNs, which can effectively leverage the graph

structure to propagate and aggregate information across connected nodes.
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One of the primary challenges in analyzing sNETs is the lack of intrinsic node

features. Since the input data consists solely of graph representations, meaningful

features must either be derived from the graph structure itself or the connectivity values

must be used as node features in conjunction with the defined graph topology. This

feature engineering step is critical for enabling GNNs to fully capture the structural

properties of the brain network.

To justify the application of GNNs for structural network analysis, it is important

to demonstrate that their node aggregation mechanisms provide improved classification

or prediction performance compared to models that do not explicitly utilize graph

structures. A carefully designed baseline model, which processes features independently

of the graph structure, is essential to establish a fair comparison and highlight the

benefits of GNN-based approaches.

In the sNET experiments, these objectives will be explored through the following

steps:

• Baseline Model Evaluation: A baseline model that does not utilize graph structure

and relies solely on node features will be implemented. This baseline will provide

a reference point for assessing the effectiveness of different feature construction

methods.

• GNN Model Comparison: Various GNN layers with diverse configurations will be

evaluated by integrating them into the baseline model (replacing one layer). The

goal is to identify the GNN models that yields significant improvement over the

baseline. The top-performing models will be shortlisted for further investigation.

• GNN Architecture Optimization: The shortlisted GNN models will undergo opti-

mization through experiments with different setups, such as varying the number

of layers and directly applying the GNN without an intermediate baseline model.

The best-performing architecture and configuration will be selected for subse-

quent steps.
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• Pooling Method Analysis: The selected GNN architecture will be tested with

various pooling strategies to identify the most suitable approach for generating

latent graph representation.

• Model Refinement: Building on insights from the literature, the selected GNN

architecture will be enhanced with minor modifications to test potential perfor-

mance improvements.

The baseline model should be invariant to node ordering, ensuring that its output

does not depend on the specific ordering of nodes in the input. GNNs naturally achieve

this invariance through their equivariant message-passing mechanisms and invariant

graph pooling layers, which allow them to produce the same graph representations

regardless of node ordering. A similar principle is well established in the context of

set-based models, where elements are treated as unordered entities. When no specific

relationships between nodes are assumed, the nodes of a graph can be viewed as ele-

ments of a set, and the task of designing an invariant baseline model becomes analogous

to defining a model that represents a function invariant to permutations.

Zaheer et al. demonstrated that any permutation-invariant function can be con-

structed by independently processing the features of each element (or node) and com-

bining their outputs through an order-invariant operation, such as summation [133].

Based on this theoretical foundation, we propose the DeepSet model as our baseline.

DeepSet uses a MLP to independently process node features. This ensures equiv-

ariance at the node level. A pooling operation, such as summation, is then applied

over node features to achieve full invariance to node ordering. This combination of

equivariant processing and invariant pooling allows DeepSet to focus solely on feature

learning without leveraging graph connectivity, making it a fair comparison to GNNs.
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The propagation mechanism of a K-layer DeepSet for obtaining latent graph

representations is defined as

H =
∑
i∈V

fK(X), (4.10)

z =
∑
i∈V

hi, (4.11)

where f is an MLP, and K denotes the number of stacked MLP layers. Specifically,

fK is a composition of K MLPs

fK = fK ◦ fK−1 ◦ · · · ◦ f1. (4.12)

Each MLP fk maps hk−1
i ∈ Rdk−1 to hk

i ∈ Rdk as follows

hk
i = σ(Θk

2 σ(Θ
k
1h

k−1
i )), (4.13)

where Θk
1 ∈ Rdk×dk−1 , Θk

2 ∈ Rdk×dk are the learnable parameters of the MLP, and

σ is an activation function. Typically, the ReLU function is used as the non-linear

activation function. Finally, to predict labels from the latent graph representation z,

a task-specific MLP, ftask is applied

ŷ = ftask(z). (4.14)

DeepSet not only provides a robust baseline for comparison with GNNs but also

aids in understanding how to select features from sNETs. While DeepSet does not

perform node-wise aggregation, it still conducts feature-wise aggregation. This allows

us to determine which feature selection method is the most effective.

A common practice in feature selection for brain networks is the direct use of

connectivity values as features [87]. Since structural networks lack additional informa-

tion beyond connectivity, these values serve as a reliable and straightforward baseline.

In earlier studies, alternative network measures, such as node degree and centrality,

were proposed as node features. However, these measures can also be derived from

connectivity values. While such features may provide supplementary information, it is

likely that the underlying networks can inherently capture these distinctions directly
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from the connectivity values.

Table 4.3. Performance of 1-Layer and 2-Layer DeepSet Models on original, binary

and log-scaled sNETs.

ADD-SCI Classification

Network
1-Layer DeepSet(DS1) 2-Layer DeepSet(DS2)

Acc F1 AUC Acc F1 AUC

Original 65.9±2.4 56.6±3.3 68.2±3.0 64.5±2.2 55.0±3.9 67.6±2.9

Binary 84.0±2.6 81.6±3.1 87.3±1.9 85.1±2.1 83.0±2.5 87.7±1.7

Log-Scaled 84.4±2.7 81.4±3.4 89.1±1.9 83.9±2.6 80.9±3.2 90.0±1.6

ADD-MCI Classification

Network
1-Layer DeepSet(DS1) 2-Layer DeepSet(DS2)

Acc F1 AUC Acc F1 AUC

Original 71.4±1.2 1.4±4.6 45.0±1.0 68.5±2.6 24.7±5.1 52.8±2.5

Binary 71.7±1.7 41.1±4.4 74.5±2.4 71.1±1.4 41.0±4.0 75.5±2.0

Log-Scaled 74.4±2.1 49.5±4.8 74.7±1.8 73.8±2.1 50.0±4.1 75.2±1.5

As illustrated in the connectome construction, there types of sNET are consid-

ered: original sNET, binary sNET and log-scaled sNET. Therefore, three different

feature selection methods are employed in the baseline experiments.

Both 1-layer and 2-layer DeepSet models are tested on ADD-SCI and ADD-MCI

classification tasks for three variants. 1-Layer and 2-layer Deepset models will be

referred to as DS1 and DS2, respectively. For both models, the hidden dimensions are

set to 128, i.e, d1 = d2 = 128.

Table 4.3 compares the performance of original, binary and log-scaled sNET.

Both Binary and Log-Scaled sNETs demonstrate significantly better performance than

Original sNETs for both tasks. This suggests that amplifying the edge weights improves

the representational quality of sNETs, enabling more effective feature learning.
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The Log-Scaled sNET demonstrates an improvement over the Binary sNET, par-

ticularly in classifying ADD-MCI. However, the significant performance boost of Binary

sNET compared to the Original sNET underscores the importance of highlighting the

presence of edges. The further enhancement seen with Log-Scaled sNET in ADD-MCI

classification suggests that the scale of edge weights provides valuable information that

can refine the model’s learning even more. Additionally, the increase in performance

with the addition of layers is generally modest.

With the baseline model established and initial experiments conducted for sNET

selection, we now compare the most common GNN models to evaluate their perfor-

mance against the baseline model, DeepSet. The primary goal is to replace the second

DeepSet layer with different GNN models and assess whether they improve results,

thereby demonstrating the effectiveness of the message-passing scheme in GNNs.

To ensure fair comparisons, we systematically replace the second DeepSet layer

with various GNN models while keeping all other parameters constant. As observed

in earlier experiments (Table 4.3), the second DeepSet layer does not enhance perfor-

mance. Therefore, if replacing it with a GNN layer results in improved outcomes, it

validates the benefits of message aggregation in GNNs. Importantly, for each GNN

model, we evaluate multiple configurations and select the best-performing one to serve

as a baseline for subsequent experiments. This approach ensures that each GNN model

is tested under optimal conditions, allowing for meaningful comparisons.

The construction of node features (X) and the underlying graph (A) plays a

crucial role in the performance of GNNs. When node features are absent, two common

approaches are:

• One-hot Encoding: Setting X = I

• Connection Profiles: Using binary or log-scaled adjacency matrices as features.



69

To illustrate the limitations of one-hot encoding, consider the propagation equa-

tions for a 1-layer DeepSet and a 1-layer GIN

H = σ(Θk
2 σ(Θ

1
1X)), (4.15)

H = MLP ((Abin + I)X). (4.16)

Using one-hot encodings (X = I), GIN is equivalent to 1-Layer DeepSet using binary

connection profile, binary sNET, with self connections are added (X = Abin + I).

This demonstrates that one-hot encoding alone fails to capture meaningful neighbor

information in 1-layer GNNs. Therefore we will stick to using connectivity values as

features in the experiments.

The following GNN models, chosen for their diversity in design, were tested:

GraphSAGE, ChebyNet, GCN, GIN, and GAT. Specific configurations for each model

are as follows:

• GraphSAGE:

Aggregators: Mean, Max, and LSTM.

• ChebyNet:

Polynomial Orders : K = 2 and K = 3

Adjacency Matrices : Binary and log-scaled

• GCN:

Adjacency Matrices : Binary and log-scaled

• GIN:

No configuration

• GAT:

Number of Heads : 1 and 4

Each GNN replaces the second DeepSet layer, and its performance is evaluated

on binary and log-scaled sNETs under consistent conditions. These architectures will

be referred to as ”DS + GNN,” where GNN denotes the specific model being used.
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The DS + GNN architecture obtains the latent graph representations as follows

z =
∑
i∈V

GNN(f 1(X)), (4.17)

where f 1 represents the first DeepSet layer and GNN denotes the GNN propagation

mechanism, which varies depending on the specific GNN model (e.g., GCN, GIN).

This experimental setup facilitates direct comparisons of the effectiveness of GNN

architectures in leveraging message passing. Additionally, analyzing adjacency matrix

variants (binary vs. log-scaled) and aggregators (e.g., mean, max) provides insights into

optimal configurations for sNET-based tasks. The GNNmodel comparison experiments

begin with the GraphSAGE. Recall GraphSAGE propagation as

hk
N (v) = Ψk(h

k−1
u ,∀u ∈ N (v)),

hk
v = σ(Θk.CONCAT (hk−1

v ,hk
N (v))),

hk
v = hk

v/||hk
v||2,

(4.18)

where Ψk function can vary depending on the type of aggregation used. It is expressed

as

Ψk = f(σ({Θkhk
u}), (4.19)

where f is the aggregation operation, which could be either mean, max, or an LSTM -

based operation. The specific GraphSAGE variant is referred to based on the aggre-

gation function used; for example, GraphSAGE with mean aggregation is called Mean

GraphSAGE.

In the experiments, the normalization step in Equation 4.10 is omitted, and the

learnable parameters are not used in the aggregation functions for Mean GraphSAGE

and Max GraphSAGE. Consequently, Mean GraphSAGE is expressed as

hk
i = Θ1h

k−1
i +Θ2

1

|N(i)|
∑

j∈N(i)

hk−1
j , (4.20)

where |N(i)| denotes the number of neighbors of node i, i.e., the cardinality of N(i).
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Max GraphSAGE is expressed as

hk
i = Θ1h

k−1
i +Θ2max({hk−1

j }), (4.21)

where max function operates along the feature dimension.

Table 4.4. Performance of DS + GraphSAGE Configurations Compared to 2-Layer

DeepSet on Binary and Log-Scaled sNETs.

ADD-SCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

Mean 85.0±3.0 82.8±3.6 89.4±2.8 88.3±1.5 86.5±1.7 91.5±1.2

Max 86.7±3.5 83.6±4.5 92.1±2.5 89.1±2.3 87.0±3.0 92.9±1.7

LSTM 83.3±1.5 81.0±2.0 87.6±2.0 83.8±3.8 80.7±4.5 89.3±3.5

DS2 85.1±2.1 83.0±2.5 87.7±1.7 83.9±2.6 80.9±3.2 90.0±1.6

ADD-MCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

Mean 74.0±1.9 47.2±5.0 78.7±1.5 76.2±2.5 52.3±5.0 78.4±2.0

Max 76.0±2.7 45.1±7.8 81.7±2.8 77.3±3.0 51.2±6.7 80.7±3.3

LSTM 72.3±1.9 43.0±4.6 75.7±2.6 74.0±1.1 48.7±1.8 74.7±2.8

DS2 71.1±2.3 41.0±4.0 75.5±2.0 73.8±2.1 50.0±4.1 75.2±1.5

Three GraphSAGE variants—DS + Mean GraphSAGE, DS + Max GraphSAGE,

and DS + LSTM GraphSAGE—were evaluated alongside the DeepSet model. The

results are summarized in Table 4.4. Among the tested GraphSAGE variants:

• DS + Max GraphSAGE consistently outperformed the DeepSet model across all

metrics for both binary and log-scaled sNETs.

• DS + Mean GraphSAGE improved over DeepSet in most scenarios but fell short

for ADD-SCI classification on binary sNETs.
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• DS + LSTM GraphSAGE underperformed compared to DeepSet, likely due to its

reliance on ordered sequences, which is not well-suited for the unordered nature

of graph nodes.

Table 4.5. Performance of ChebyNet Configurations Compared to 2-Layer DeepSet

and DS + Max GraphSAGE on Binary and Log-Scaled sNETs.

ADD-SCI Classification

Model
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

K = 2, binary 85.9±2.5 83.7±2.9 88.8±1.9 85.9±2.6 83.3±3.3 90.0±1.3

K = 3, binary 84.1±3.3 81.5±4.0 89.2±2.0 86.4±2.5 83.8±3.3 91.2±1.3

K = 2, weighted N/A N/A N/A 85.0±2.8 81.9±3.6 89.8±1.9

K = 3, weighted N/A N/A N/A 87.5±2.1 85.2±3.6 91.0±1.5

DS2
85.1±2.1 83.0±2.5 87.7±1.7 83.9±2.6 80.9±3.2 90.0±1.6

DS + Max GraphSAGE 86.7±3.5 83.6±4.5 92.1±2.5 89.1±2.3 87.0±3.0 92.9±1.7

ADD-MCI Classification

Model
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

K = 2, binary 72.7±2.3 42.9±6.0 77.3±2.0 75.3±2.1 51.3±4.5 76.6±1.6

K = 3, binary 72.3±2.5 41.7±6.1 77.3±1.9 73.4±2.3 48.6±4.4 78.3±2.2

K = 2, weighted N/A N/A N/A 75.7±2.3 51.2±5.4 77.3±2.4

K = 3, weighted N/A N/A N/A 75.3±1.7 50.8±3.9 78.3±1.9

DS2
71.1±2.3 41.0±4.0 75.5±2.0 73.8±2.1 50.0±4.1 75.2±1.5

DS + Max GraphSAGE 76.0±2.7 45.1±7.8 81.7±2.8 77.3±3.0 51.2±6.7 80.7±3.3

These results highlight the potential of GraphSAGE, particularly in leveraging

log-scaled sNETs for enhanced classification performance, and emphasize the impor-

tance of the aggregation mechanism. DS + Max GraphSAGE emerged as the most

effective model, demonstrating robust performance across tasks and configurations.

Consequently, DS + Max GraphSAGE will be adopted as a baseline for subsequent
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experiments involving other GNN architectures. This iterative evaluation and selection

process ensures that future comparisons are based on the best-performing configura-

tions for each GNN model. Building on this analysis, the next experiment delves into

the performance of ChebyNet, which employs polynomial based spectral approximation

for neighborhood aggregation. Recall ChebyNet propagation as:

X̂ = [X, LnormX, T2(Lnorm)X . . . TK(Lnorm)X]Θ. (4.22)

Experiments were conducted with polynomial orders K = 2 and K = 3. For

K = 2, ChebyNet aggregates messages from immediate neighbors, while K = 3 enables

message aggregation from 2-hop neighbors, capturing a broader neighborhood context.

In addition, two different normalized Laplacian construction is experimented :

• Binary : The normalized Laplacian L is constructed using a binarized adjacency

matrix Abin

• Weighted : The normalized Laplacian L is constructed using a log-scaled adja-

cency matrix Als

This setup provides insights into how different feature selection and edge weight-

ing schemes influence DS + ChebyNet’s performance. The results for binary and log-

scaled sNETs are presented in Table 4.3. (K=2,binary) row means that the ChebyNet

is used with K = 2 and Laplacian L is constructed by binary adjacency matrix while

(K=3,weighted) row means that the ChebyNet is used with K = 3 and Laplacian L is

constructed by log-scaled adjacency matrix.

DS + ChebyNet’s performance with various configurations was evaluated and

compared with the 2-Layer DeepSet model. The results are summarized in Table 4.3.

Based on these results, the following observations were made:

• ChebyNet configurations generally demonstrate improved results compared to

the 2-Layer DeepSet model for both ADD-SCI and ADD-MCI classifications,
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indicating its ability to effectively leverage graph structure.

• The polynomial orderK affects performance. For ADD-MCI classification,K = 2

slightly outperforms K = 3 with log-scaled features, while for ADD-SCI classifi-

cation, K = 3 performs marginally better than K = 2 with log-scaled features.

For binary features, K = 2 consistently achieves better results than K = 3 for

both tasks.

• In terms of feature representation, log-scaled features tend to outperform binary

features for both tasks across all configurations, indicating that edge weight in-

formation enhances the model’s performance.

• Weighted Laplacians yield better results than binary Laplacians when K = 3,

suggesting that higher-order relationships are more sensitive to edge weights than

immediate connections.

• DS + ChebyNet configurations generally perform less effectively, particularly

when compared to Max GraphSAGE. This indicates that while ChebyNet ef-

fectively captures neighborhood information, its expressiveness might be limited,

especially distinguishing ADD and SCI.

Overall, the results indicate that DS + ChebyNet demonstrates competitive per-

formance compared to the 2-Layer DeepSet model, particularly benefiting from its

ability to capture higher-order relationships through polynomial filters. The choice of

polynomial order (K) and feature representation significantly impacts its effectiveness,

with log-scaled features and lower polynomial orders generally yielding better results.

Despite these strengths, DS + ChebyNet struggles to match the performance of DS +

Max GraphSAGE. Building on this analysis, the next experimnt delves into the perfor-

mance of GCN, which employs a first-order spectral approximation for neighborhood

aggregation and provides a complementary perspective on leveraging graph structure

for these tasks. Recall GCN propagation as

X̂ = D̃− 1
2 ÃD̃− 1

2XΘ. (4.23)
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Table 4.6. Performance of DS + GCN Configurations Compared to 2-Layer DeepSet

and DS + Max GraphSAGE on Binary and Log-Scaled sNETs.

ADD-SCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

Binary 85.3±2.0 83.0±2.4 88.7±1.5 86.9±2.9 84.5±3.7 91.0±2.5

Weighted - - - 87.5±2.3 85.2±2.9 91.1±2.1

DS2
85.1±2.1 83.0±2.5 87.7±1.7 83.9±2.6 80.9±3.2 90.0±1.6

DS + Max GraphSAGE 86.7±3.5 83.6±4.5 92.1±2.5 89.1±2.3 87.0±3.0 92.9±1.7

ADD-MCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

Binary 71.8±1.7 41.7±4.9 76.8±1.9 74.4±2.5 50.3±4.5 77.8±2.2

Weighted - - - 74.6±2.1 49.8±5.0 77.3±2.0

DS2
71.1±2.3 41.0±4.0 75.5±2.0 73.8±2.1 50.0±4.1 75.2±1.5

DS + Max GraphSAGE 76.0±2.7 45.1±7.8 81.7±2.8 77.3±3.0 51.2±6.7 80.7±3.3

GCN can be viewed as a simplified version of ChebyNet, where the polynomial

order K is fixed to 2. Consequently, experiments involving varying polynomial orders

were not conducted. Instead, evaluations were performed using binary and weighted

adjacency matrices. The experimental procedure was aligned with that of ChebyNet.

DS + GCN performance with binary and weighted adjacency matrix was evaluated and

compared with the 2-Layer DeepSet and DS + Max GraphSAGE model. The results

are summarized in Table 4.6. Based on these results, the following conclusions were

made:

• DS + GCN outperforms DeepSet across all configurations and classification tasks,

showcasing its effectiveness in leveraging graph structures.

• For ADD-SCI classification, weighted adjacency matrices achieve better per-

formance than binary graphs. However, for ADD-MCI classification, weighted
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graphs perform slightly worse than binary graphs. The varying influence of edge

weights across tasks may reflect differences in task complexity or the underlying

characteristics of the classification problems.

• Log-scaled features consistently outperform binary features across all configu-

rations and tasks, confirming their superior ability to represent node and edge

information.

• Despite its strengths, DS + GCN does not match the performance of DS +

Max GraphSAGE, which achieves the highest results in both classification tasks.

This trend is consistent with the observations for DS + ChebyNet, emphasizing

that while DS + GCN offers meaningful improvements over simpler models like

DeepSet, it cannot surpass DS +Max GraphSAGE.

The experimental results highlight GCN’s ability to effectively leverage graph

structures, consistently outperforming the DeepSet model across various configura-

tions. Its sensitivity to adjacency matrix design and feature representation underscores

the critical role of task-specific preprocessing and input choices. However, similar to

ChebyNet, GCN falls short of surpassing Max GraphSAGE, which remains the top-

performing model. Building on these findings, the subsequent experiments focus on the

GIN, which introduces a more expressive approach to graph representation through its

injective aggregation mechanism.

GIN employs a unique propagation mechanism, defined as

H = MLP ((Abin + I)X). (4.24)

The key distinctions of GIN compared to other models are its use of the summation

aggregation function and its reliance on a MLP. Experimental results for GIN, alongside

comparisons to DeepSet and DS + Max GraphSAGE, on binary and log-scaled sNETs

are presented in Table 4.7. Here are the takes from the experiments :

• DS + GIN outperforms DeepSet in both classification tasks with log-scaled fea-

tures. For binary features, GIN exhibits lower performance, indicating its reliance

on enriched feature representations like log-scaled features to maximize its po-



77

tential.

• In ADD-MCI classification, DS + GIN exhibits a more nuanced performance

profile. While it does not surpass DS + Max GraphSAGE in overall metrics such

as accuracy and AUC, it achieves the highest F1-score for both binary and log-

scaled features, outperforming both DS + Max GraphSAGE and DeepSet in this

critical metric.

Table 4.7. Performance of DS + GIN compared to 2-Layer DeepSet and Max DS +

GraphSAGE on Binary and Log-Scaled sNETs.

ADD-SCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

GIN 83.2±3.6 80.2±4.4 88.6±2.1 85.6±3.0 83.0±3.6 90.0±2.4

DS2
85.1±2.1 83.0±2.5 87.7±1.7 83.9±2.6 80.9±3.2 90.0±1.6

DS + Max GraphSAGE 86.7±3.5 83.6±4.5 92.1±2.5 89.1±2.3 87.0±3.0 92.9±1.7

ADD-MCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

GIN 74.9±3.0 46.5±7.4 78.7±2.4 77.2±2.9 54.0±7.6 79.0±2.5

DS2
71.1±2.3 41.0±4.0 75.5±2.0 73.8±2.1 50.0±4.1 75.2±1.5

DS + Max GraphSAGE 76.0±2.7 45.1±7.8 81.7±2.8 77.3±3.0 51.2±6.7 80.7±3.3

Despite its limited performance in ADD-SCI classification, DS + GIN establishes

a strong baseline for ADD-MCI classification. Given the class imbalance inherent in

ADD-MCI classification, where F1-score serves as the most critical evaluation metric,

DS + GIN demonstrates a clear advantage in this context. Consequently, DS + GIN

will be utilized as an additional baseline for the final GNN experiment involving the

GAT.
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GAT introduces an attention mechanism into the message-passing framework,

defined as follows

H = σ(ÂkΘkX), (4.25)

âki,j =
e(LeakyReLU(αk⊤

Θkhi+αk⊤
Θkhj))∑

k∈N (i)∪{i} e
LeakyReLU(αk⊤Θkhj+αk⊤Θkhk)

. (4.26)

Table 4.8 presents the performance of DS + GAT, with configurations using one

attention head (1-Head) and four attention heads (4-Head), compared to DeepSet, DS

+ Max GraphSAGE, and DS + GIN on binary and log-scaled sNETs for ADD-SCI

and ADD-MCI classification tasks. The key conclusions from this experiment are as

follows:

• The 4-Head GAT model demonstrates a significant advantage over DeepSet, high-

lighting the effectiveness of attention mechanisms in message-passing frameworks.

4-Head GAT configuration surpasses Max GraphSAGE in most metrics for both

tasks when using binary features. With log-scaled features, 4-Head GAT achieves

the highest F1-score and AUC performance for ADD-SCI classification and se-

cures a clear margin in F1-score for ADD-MCI classification.

• The superior performance of 4-Head GAT compared to 1-Head GAT underscores

the benefits of employing multiple independent attention mechanisms, which en-

hance the model’s representational capacity.

• Additionally, both GAT configurations exhibit minimal performance discrepan-

cies between binary and log-scaled features for ADD-MSCI classification. This

consistency indicates GAT’s robustness to feature scaling in this task.

GAT’s ability to dynamically assign importance to node features via attention

mechanisms significantly enhances its performance compared to DeepSet and other

GNN models, especially for tasks with imbalanced data such as ADD-MCI classifica-

tion. The superior F1-scores achieved by DS + 4-Head GAT demonstrate its capacity
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to better handle minority classes, which is critical in clinical applications. Furthermore,

its robustness across binary and log-scaled features sets it apart from other GNN mod-

els, making it a highly versatile and reliable approach for sNET-based classification

tasks.

Table 4.8. Performance of DS + GAT compared to 2-Layer DeepSet, DS + Max

GraphSAGE and DS + GIN on Binary and Log-Scaled sNETs.

ADD-SCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

1-Head 85.0±3.0 82.5±3.7 90.8±1.7 88.1±2.4 86.8±2.9 93.0±1.6

4-Head 87.5±2.4 85.4±2.9 93.4±1.5 88.1±2.1 87.0±2.4 94.2±1.4

DS2
85.1±2.1 83.0±2.5 87.7±1.7 83.9±2.6 80.9±3.2 90.0±1.6

DS + Max GraphSAGE 86.7±3.5 83.6±4.5 92.1±2.5 89.1±2.3 87.0±3.0 92.9±1.7

DS + GIN 83.2±3.6 80.2±4.4 88.6±2.1 85.6±3.0 83.0±3.6 90.0±2.4

ADD-MCI Classification

Network
Binary Features Log-Scaled Features

Acc F1 AUC Acc F1 AUC

1-Head 75.9±3.3 54.1±6.9 79.4±2.0 75.8±3.8 54.7±6.7 78.6±1.8

4-Head 77.0±2.0 55.9±3.9 79.8±1.8 76.6±2.6 55.7±4.4 79.7±1.3

DS2
71.1±2.3 41.0±4.0 75.5±2.0 73.8±2.1 50.0±4.1 75.2±1.5

DS + Max GrapSAGE 76.0±2.7 45.1±7.8 81.7±2.8 77.3±3.0 51.2±6.7 80.7±3.3

DS + GIN 74.9±3.0 46.5±7.4 78.7±2.4 77.2±2.9 54.0±7.6 79.0±2.5

From the GNN comparison experiments, three models emerged as top-performing

candidates: Max GraphSAGE, GIN, and 4-Head GAT. These models will be further

investigated to identify the optimal architecture that maximizes classification perfor-

mance.
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Building on the previous experiments, Max GraphSAGE, GIN, and 4-Head GAT

were selected for further analysis. These models were tested in combination with a

1-layer DeepSet, forming a hybrid DS + GNN architecture. In each experiment, only

1-layer GNNs were used to precisely measure the contribution of the GNN compo-

nent. However, while this configuration allows for a more controlled evaluation, the

proposed DS + GNN architecture may not represent the optimal setup. To thoroughly

investigate these top-performing models, two configurations will be considered:

• Plain GNN Architectures: In this setup, GNN models were directly applied to

process input without a preceding DeepSet layer. Different numbers of GNN

layers, specifically 1 and 2, were evaluated. These architectures are denoted as

GNNk where GNN refers to Max GraphSAGE, GIN, or 4-Head GAT, and k

represents the number of GNN layers. The plain GNN architectures are defined

as

z =
∑
i∈V

GNNk(X). (4.27)

Here, GNNk represents a stack of k GNN layers.

• Adding another layer to DS + GNN architecture: This setup extends the pre-

viously explored DS + GNN architecture by adding an additional GNN layer.

These configurations are denoted as DS + GNN2, where DS represents the ini-

tial DeepSet layer, and GNN2 denotes a 2-layer GNN. This experiment aimed to

determine whether increasing the depth of the GNN component would enhance

performance. However, to mitigate the well-known issue of oversmoothing in

GNNs [134], experiments were limited to two GNN layers.

Experimental results for both GNNk and DS + GNN2 configurations, along with

the top-performing DS + GNN architectures from previous experiments, can be found

in Table 4.9. Log-scaled features were used in these experiments due to their superior

performance over binary features.
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Table 4.9. Performance of Plain GNN and GNNk architectures compared to DS +

Max GraphSAGE, DS + GIN and DS +4-Head GAT on Binary and Log-Scaled

sNETs.

ADD-SCI Classification

Network
Log-Scaled Features

Acc F1 AUC

Max GraphSAGE1 85.9±3.7 82.8±4.9 91.3±1.9

GIN1 80.0±3.3 76.5±4.2 86.1±3.1

4-Head GAT1 83.8±3.2 80.4±4.6 90.8±1.6

Max GraphSAGE2 86.0±2.9 82.7±3.9 92.5±2.0

GIN2 77.7±6.0 74.5±7.0 82.8±5.2

4-HeadGAT2 83.3±3.5 80.5±4.1 89.7±1.8

DS + Max GraphSAGE2 88.3±3.1 86.1±3.9 91.8±1.7

DS + GIN2 88.0±2.1 86.0±2.5 91.7±1.9

DS + 4-Head GAT2 87.6±3.0 85.6±3.6 91.6±1.6

DS + Max GraphSage 89.1±2.3 87.0±3.0 92.9±1.7

DS + GIN 85.6±3.0 83.0±3.6 90.0±2.4

DS + 4-Head GAT 88.1±2.1 87.0±2.4 94.2±1.4

ADD-MCI Classification

Network
Log-Scaled Features

Acc F1 AUC

Max GraphSAGE1 79.1±2.1 53.9±4.1 82.0±2.5

GIN1 72.7±4.4 48.7±9.1 74.6±3.5

4-Head GAT1 75.3±4.7 52.8±9.0 77.9±2.0

Max GraphSAGE2 78.1±2.1 52.2±6.4 81.0±2.5

GIN2 72.8±4.8 48.9±8.4 73.7±1.8

4-Head GAT2 73.9±3.9 50.3±8.4 76.4±1.6

DS + Max GraphSAGE2 75.6±3.1 46.2±8.3 79.9±3.3

DS + GIN2 75.2±2.5 51.6±5.2 78.6±1.8

DS +4-Head GAT2 75.0±2.9 49.9±5.8 76.2±1.5

DS + Max GraphSage 77.3±3.0 51.2±6.7 80.7±3.3

DS + GIN 77.2±2.9 54.0±7.6 79.0±2.5

DS + 4-Head GAT 76.6±2.6 55.7±4.4 79.7±1.3

The summarized findings are as follows:

• Adding another GNN layer to DS + GNN architectures negatively affected results.

It shows that these GNN models extract most of the information within the

immediate neighbors.
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• GNNk underperforms compared to the DS + GNNk models in most setups. It

shows that encoding the connectivity values before using GNN positively affects

the performance. Only the Max GraphSAGE improved the results in the ADD-

MCI classification for accuracy and AUC.

• DS + 4-Head GAT emerged as the best architecture for log-scaled sNET process-

ing, outperforming the other architectures.

Table 4.10. Performance of GAT variants on Log-Scaled sNETs.

ADD-SCI Classification

Network
Log-Scaled Features

Acc F1 AUC

DS + 4-Head GAT 88.1±2.1 87.0±2.4 94.2±1.4

DS + 4-Head GATv2 88.0±2.4 86.2±2.8 92.3±1.4

DS + 4-Head TransformerGAT 87.1±2.2 85.1±2.6 91.8±1.2

ADD-MCI Classification

Network
Log-Scaled Features

Acc F1 AUC

DS + 4-Head GAT 76.6±2.6 55.7±4.4 79.7±1.3

DS + 4-Head GATv2 76.5±2.0 55.4±3.1 78.9±2.0

DS + 4-Head TransformerGAT 75.3±1.9 52.9±3.9 79.0±1.8

The DS + 4-Head GAT model proved to be the most effective architecture for

processing log-scaled sNETs. To further enhance its performance, the attention mech-

anism will be explored to refine this architecture. Several attention-based approaches

will be tested and compared with the original GAT, including:

• GATv2 : A simple modification to the GAT model. It computes attention coef-

ficients as the following

âki,j =
e(α

k⊤
LeakyReLU(Θkhi+Θkhj))∑

k∈N (i)∪{i} e
(αk⊤LeakyReLU(Θkhi+Θkhk))

. (4.28)
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Main difference with GAT is that the activation function is used before projection.

• TransformerGAT : Conventional attention approach is employed. It computes

the attention coefficients as the following

aki,j =
e(Θ

qkxi)
T (Θkk

xj)∑
N (i)∪{i} e

(Θqkxi)T (Θkkxk)
. (4.29)

These two variants of GAT is used to evaluate on both ADD-SCI and ADD-MCI

classification and compared with the original GAT. Experimental results are shown in

4.10.

Experimental results in Table 4.10 shows that the GAT is superior to the other

attention-based GNN models. To further enhance the model’s performance, the pooling

module, which aggregates node representations into a latent graph representation, will

be explored. The following pooling methods will be investigated:

• Mean Pool: A straightforward pooling method that computes the average of node

representations, providing a simple yet effective aggregation approach.

• Attention Pool : A more sophisticated, attention-based pooling technique that

computes a node’s importance score to perform a weighted summation of node

representations, enabling the model to focus on the most informative nodes with

the following equation

w = MLP (H), (4.30)

z =
∑
i∈V

wihi. (4.31)

These pooling techniques will be evaluated to determine their impact on the final

graph representation and overall performance. Experimental results are shown in Table

4.11.

The results indicate that, despite its simplicity and similarity to Sum Pooling,

Mean Pooling consistently provides the best overall performance across both tasks.
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While Attention Pooling shows competitive results in the ADD-SCI classification task,

achieving the highest accuracy, it underperforms in the ADD-MCI classification. Fur-

thermore, the high performance observed in ADD-SCI is accompanied by greater vari-

ability, suggesting that Attention Pooling may not offer consistent results across dif-

ferent validations. This variability makes it less reliable compared to other pooling

methods.

Table 4.11. Performance of pooling methods on Log-Scaled sNETs.

ADD-SCI Classification

Network
Log-Scaled Features

Acc F1 AUC

Sum Pooling 88.1±2.1 87.0±2.4 94.2±1.4

Mean Pooling 88.2±1.9 87.1±2.2 95.2±1.3

Attention Pooling 88.5±2.2 86.9±5.2 94.3±2.0

ADD-MCI Classification

Network
Log-Scaled Features

Acc F1 AUC

Sum Pooling 76.6±2.6 55.7±4.4 79.7±1.3

Mean Pooling 77.1±1.3 56.2±3.2 80.6±1.1

Attention Pooling 71.9±1.2 52.0±2.6 77.8±0.8

One potential explanation for Mean Pooling’s superior performance over Sum

Pooling could be its ability to smooth latent node representations when aggregating

them into latent graph representations. By averaging the node features, Mean Pooling

may better capture the overall structure and reduce the risk of overemphasizing outlier

values.

In light of all the conducted sNET experiments, we conclude that GAT consis-

tently outperforms other GNN models across both ADD-SCI and ADD-MCI classifi-

cation tasks. Among all tested architectures, the combination of DeepSet preprocess-
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ing with GAT (DS + GAT), followed by Mean Pooling trained on log-scaled sNETs,

emerges as the best-performing approach. This underscores the importance of feature

selection, encoding, and attention mechanisms in extracting meaningful patterns from

structural brain networks.

The use of DeepSet plays a critical role in encoding connectivity values, trans-

forming raw structural data into representations that are more amenable to processing

by GNNs. This capability allows GAT to optimize message passing, making it partic-

ularly effective in identifying key structural patterns that differentiate between various

stages of ADD.

The performance of the DS + GAT architecture highlights the value of adaptive

mechanisms like attention in brain network analysis. By focusing on the most relevant

interactions within the network, GAT achieves significant improvements in classifi-

cation metrics while also offering interpretability by highlighting critical connections.

This is especially relevant for ADD, where explainability provides valuable insights into

the progression of the disease.

4.2.2. fNET Experiments

In the experiments, two classification tasks are performed: ADD-SCI and ADD-

MCI. Performance on these tasks is quantified using accuracy, F1-score, and AUC met-

rics. Cross-validation is employed to evaluate performance, and each cross-validation

experiment is repeated 20 times to mitigate the impact of random seeds. For the

ADD-SCI task, 21-fold cross-validation is utilized due to the limited sample size. It

is observed that using larger folds reduces the generalizability of models for ADD-SCI

classification. The 21-fold cross-validation strikes a balance between improved general-

ization and runtime efficiency, being twice as fast as leave-one-out cross-validation while

yielding comparable results. For ADD-MCI classification tasks, 7-fold cross-validation

is applied. Detailed description for both experiments including hyperparameters are

given in the Table 4.12.
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Table 4.12. Summary of fNET Experimental Configurations for Classification Tasks.

Description ADD-SCI ADD-MCI

Label Distribution 18 ADD/24 SCI 18 ADD/46 SCI

Number of Folds 21 7

Batch Size 6 6

Number of Epochs 100 100

Learning Rate 0.001 0.001

Optimizer Adam Adam

Weight Decay 0.0001 0.0001

Functional brain networks represent the brain’s functional profile by modeling

the statistical dependencies, such as correlations or coherence, between the activity

patterns of distinct brain regions. Unlike structural networks, these networks are typ-

ically represented as fully connected graphs, where nodes correspond to brain regions

and edges encode functional connectivity values derived from pairwise measures.

The fully connected nature of fNETs poses unique challenges for GNNs, which

are inherently designed to operate on sparse graphs. Fully connected graphs can in-

troduce redundancy and dilute the graph’s informative content, potentially leading to

computational inefficiencies and suboptimal learning performance. To address this,

preprocessing steps are often required, such as thresholding to sparsify the graph,

filtering to retain only significant connections, or converting the graph into a more

interpretable form tailored for GNN input.

Similar to sNETs, functional networks also face the challenge of lacking node

features. As a result, it becomes essential to either derive meaningful features from the

functional connectivity matrix or use the connectivity values themselves as features.

This limitation necessitates careful design of graph representations and feature engi-

neering to ensure GNNs can effectively capture the functional characteristics of the
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brain.

To justify the use of GNNs for analyzing fNETs, it is essential to demonstrate

their ability to leverage graph structures for improved classification or prediction per-

formance. A fair comparison against baseline models that do not explicitly use graph

structure is crucial to highlight the advantages of GNNs in functional network analysis.

In order to

In the fNET experiments, these objectives will be explored through the following

steps similar to the sNET experiments:

• Baseline Model Evaluation: DeepSet will be used to assess the effectiveness of

different feature construction methods.

• GNN Model Comparison: Various GNN models with diverse configurations will

be evaluated by integrating them into the Deepset (replacing one layer). This

configurations include graph construction strategies for fully connected fNETs

and model parameters. The top-performing models will be shortlisted for further

investigation.

• Optimization of Selected GNNs: The shortlisted GNN models will undergo opti-

mization through experiments with different setups, such as varying the number

of layers and directly applying the GNN without an intermediate baseline model.

The best-performing architecture and configuration will be selected for subse-

quent steps.

• Pooling Method Analysis: The selected GNN architecture with the best configu-

ration will be tested with various pooling strategies to identify the most suitable

approach for aggregating node-level information.

• Model Refinement: Building on insights from the literature, the selected GNN

architecture will be enhanced with minor modifications to test potential perfor-

mance improvements.
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DeepSet is used as a baseline to compare GNN models and evaluate fNET con-

struction methods, following the same procedure with the sNET experiments. Three

fNET construction methods are evaluated: partial fNET, Pearson fNET and ℓNET.

Partial and Pearson fNET are correlation-based fNETs while ℓNET.

Table 4.13. Performance of 1-Layer and 2-Layer DeepSet Models on fNETs.

ADD-SCI Classification

Network
1-Layer DeepSet 2-Layer DeepSet

Acc F1 AUC Acc F1 AUC

Pearson 66.5±3.1 60.6±3.5 69.1±2.5 66.7±2.8 60.8±3.6 69.5±2.3

Partial 51.2±7.5 27.4±11.0 51.1±5.5 52.1±6.3 34.8±8.2 51.0±5.2

ℓNET 76.5±2.5 71.2±3.0 78.2±1.9 74.6±2.7 69.7±3.2 77.5±1.5

ADD-MCI Classification

Network
1-Layer DeepSet 2-Layer DeepSet

Acc F1 AUC Acc F1 AUC

Pearson 70.8±1.9 39.3±5.1 63.4±1.3 72.6±3.1 44.5±5.6 65.1±1.7

Partial 71.7±4.7 0.0±0.0 55.4±5.7 70.6±1.5 0.0±0.0 54.8±5.7

ℓNET 75.3±2.6 38.8±7.1 68.9±2.0 76.9±2.6 40.7±6.3 72.3±1.8

To evaluate the performance of different functional network types, experiments

were conducted using the DeepSet model. The results for each type of fNET are

summarized in Table 4.13. Unlike sNETs, where binarization and scaling were applied

due to the small edge weights, ℓNETs were used directly without binarization since

their edge weights were well-distributed and of significant magnitude. Similarly, the

other fNET types were also utilized in their raw form without additional preprocessing

of edge weights.

As presented in Table 4.13, among the correlation-based fNETs, the partial fNET

exhibited the poorest performance across all metrics and models, indicating its limited

utility in this context. In contrast, the Pearson fNET demonstrated significantly better
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results compared to the partial fNET, showcasing its robustness in capturing functional

connectivity.

The ℓNET, however, outperformed both correlation-based fNETs, particularly in

the ADD-SCI classification task, where it showed superior results on all metrics. For

the ADD-MCI classification, the Pearson fNET achieved a higher F1-Score, while the

ℓNET maintained an advantage in terms of AUC.

These findings underscore the strengths of both the Pearson fNET and ℓNET

in capturing meaningful relationships within functional brain networks. Consequently,

these two fNET types were selected for subsequent GNN experiments, as they provide

the most promising foundation for advancing the classification performance.

Initial experiments with DeepSet indicated that Pearson fNET and ℓNET hold

promise for functional network analysis, paving the way for further exploration with

GNNs. This section systematically evaluates the performance of various GNN archi-

tectures when applied to Pearson fNET and ℓNET , following a similar procedure that

used in the sNET experiments.

Pearson fNETs differ from structural networks in that they are typically repre-

sented as fully connected graphs, making them less straightforward to adapt for GNN

input. To make the Pearson fNET adjacency matrix suitable for GNN input, a sparsifi-

cation step is required. A common practice in the literature is thresholding, where only

a small percentage of the highest-weighted connections are retained. For this study,

two sparsification thresholds were selected to construct adjacency matrices for Pearson

fNET experiments:

• 5p-Pearson: The adjacency matrix A includes the top 5 percent of positive con-

nections. Node features are directly set to the corresponding Pearson fNET values

without any thresholding.
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• 20p-Pearson: The adjacency matrix A includes the top 20 percent of positive

connections. Node features are directly set to the corresponding Pearson fNET

values without any thresholding.

This preprocessing ensures that the sparsified Pearson fNETs provide a man-

ageable yet meaningful connections for GNN training. On the other hand, ℓNETs

are sparse graphs by design, making them directly suitable for GNN input without

requiring additional sparsification. Following the same procedure as in the sNET ex-

periments, we use the node feature matrix X to represent the connectivity values of

ℓNET.

To maintain methodological consistency and comparability, all GNN architectures

were tested under identical conditions. Specifically, the second DeepSet layer was

replaced with the respective GNN model while other parameters remained fixed. This

consistency ensures fair comparisons and provides a robust framework for evaluating

the advantages of GNNs, especially their ability to aggregate messages and learn more

expressive graph representations. The best-performing configurations from the sNET

experiments were utilized as a baseline, ensuring a solid foundation for evaluating the

performance of GNN models on fNETs.

The following GNN architectures were selected based on their diversity in design

and their success in the sNET experiments:

• Max and Mean GraphSAGE

• GCN

• GIN

• 4-Head GAT

To systematically evaluate the ability of GNNs to improve upon the baseline

DeepSet model, two experimental setups were designed. The first setup focused on

Pearson fNET, exploring how sparsification impacts GNN performance. The second
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setup investigated ℓNET, leveraging its inherent sparsity to directly test GNN archi-

tectures without additional preprocessing. The primary goal of both setups was to

identify the GNN architectures that could outperform DeepSet in modeling functional

connectivity data.

Table 4.14. Performance of DS + GNN models for Pearson fNET.

ADD-SCI Classification

Network
5p-Pearson 20p-Pearson

Acc F1 AUC Acc F1 AUC

DS + Max GraphSAGE 64.5±4.7 58.5±5.2 68.1±3.2 66.9±1.7 60.3±2.8 69.2±1.2

DS + Mean GraphSAGE 65.2±4.0 59.5±4.1 67.8±2.3 66.9±2.5 60.5±3.3 69.4±2.3

DS + GCN 65.9±3.8 58.5±4.8 70.4±2.7 65.0±1.8 60.0±2.7 69.3±1.3

DS + GIN 64.5±2.9 58.7±2.9 66.1±1.8 63.6±5.2 56.0±6.9 67.7±2.9

DS + 4-Head GAT 66.4±3.7 61.4±3.8 68.7±1.8 64.8±2.3 57.8±3.9 69.4±1.4

DS2
66.7±2.8 60.8±3.6 69.5±2.3 66.7±2.8 60.8±3.6 69.5±2.3

ADD-MCI Classification

Network
5p-Pearson 20p-Pearson

Acc F1 AUC Acc F1 AUC

DS + Max GraphSAGE 70.0±2.8 34.2±5.9 63.6±1.8 71.4±3.0 38.1±7.7 63.3±2.0

DS + Mean GraphSAGE 71.6±2.6 42.5±6.7 63.7±1.7 70.3±5.2 40.5±10.3 62.9±2.2

e DS + GCN 71.7±2.6 41.8±4.4 64.7±1.4 71.4±2.7 41.8±5.6 64.6±1.3

DS + GIN 67.2±3.7 37.7±7.5 57.5±2.5 67.0±3.6 38.8±6.0 59.5±2.0

DS + 4-Head GAT 71.2±2.6 42.0±6.8 62.7±1.8 70.1±2.3 38.3±6.5 61.7±1.3

DS2
72.6±3.1 44.5±5.6 65.1±1.7 72.6±3.1 44.5±5.6 65.1±1.7

In the first experimental setup, each GNN architecture was trained and evaluated

on the sparsified 5p-Pearson and 20p-Pearson configurations. These configurations

were designed to explore how varying the sparsity of the graph, as determined by the

percentage of top-weighted connections retained, impacts the ability of GNNs to learn

meaningful representations from functional connectivity data. Experimental results
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can be seen in Table 4.14.

The experimental results revealed that sparsification had a task-dependent im-

pact on GNN performance. Convolution-based GNNs (DS + GraphSAGE and DS +

GCN) performed slightly better with the 20p-Pearson configuration for ADD-SCI clas-

sification. In contrast, DS + GIN and DS + GAT showed a decrease in performance

with increased graph density, suggesting that these models may struggle with the addi-

tional complexity introduced by denser graphs. For ADD-MCI classification, only DS

+ Max GraphSAGE showed improvement with the 20p-Pearson configuration, while

DS + GAT’s performance dropped relative to the 5p-Pearson configuration. However,

across both tasks, the performance differences between sparsification levels were not

substantial.

Importantly, none of the GNN architectures managed to outperform the base-

line DeepSet model for ADD-MCI classification. Although certain GNNs achieved

marginally better results in ADD-SCI classification, the improvements were not signif-

icant. This outcome highlights a potential limitation of the thresholding approach used

to construct adjacency matrices for functional networks. While thresholding simplifies

the graph structure, it may inadvertently discard critical information embedded in the

weaker connections or distort the underlying relationships in the data. Consequently,

the constructed sparse adjacency matrices may fail to provide GNNs with the necessary

structural information to outperform simpler models like DeepSet.

In the second experimental setup, GNNs were evaluated directly on ℓNET, lever-

aging its inherent sparsity without requiring additional preprocessing. This setup aimed

to determine whether GNNs could effectively capitalize on ℓNET’s sparse structure to

outperform DeepSet.

The results, presented in Table 4.15, revealed that ℓNET’s sparsity did not provide

a significant advantage for GNNs over DeepSet. For ADD-SCI classification, Max

GraphSAGE and GAT showed slight improvements over the baseline, while for ADD-
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MCI classification, Mean GraphSAGE and GCN outperformed the baseline DeepSet

by a small margin. However, these improvements were minimal and did not indicate a

consistent advantage for GNNs across tasks.

Table 4.15. Performance of DS + GNN models for ℓNET.

ADD-SCI Classification

Network
ℓNET

Acc F1 AUC

DS + Max GraphSAGE 76.9±3.2 70.8±4.3 80.6±1.9

DS + Mean GraphSAGE 73.1±1.1 68.0±0.9 76.3±0.4

DS + GCN 73.8±2.1 68.4±3.6 76.3±1.3

DS + GIN 70.7±3.5 64.2±4.8 69.8±1.7

DS + 4-Head GAT 75.7±2.1 71.1±2.6 76.6±1.3

DS2 74.6±2.7 69.7±3.2 77.5±1.5

ADD-MCI Classification

Network
ℓNET

Acc F1 AUC

DS + Max GraphSAGE 74.2±1.6 28.7±8.1 75.4±1.2

DS + Mean GraphSAGE 76.4±2.8 42.0±8.0 71.8±2.1

DS + GCN 76.8±3.3 41.1±8.7 70.8±1.9

DS + GIN 70.5±3.6 31.0±9.4 62.2±1.6

DS + 4-Head GAT 75.1±2.0 38.4±5.9 68.8±1.2

DS2 76.9±2.6 40.7±6.3 72.3±1.8

The results from both experimental setups underscore a persistent challenge:

while GNNs are designed to exploit graph structure through message aggregation,

they struggle to leverage the sparsified Pearson fNETs and inherently sparse ℓNETs to

achieve consistent improvements over DeepSet. For Pearson fNETs, thresholding may

inadvertently remove critical information, while for ℓNETs, the simplicity of the graph

structure may limit GNN expressiveness.

Among the tested GNNs, Max and Mean GraphSAGE showed the most promise,

delivering competitive performance across tasks. Specifically, mean aggregation ap-
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peared more effective for ADD-MCI classification, while max aggregation performed

better for ADD-SCI classification.

Moving forward, the investigation will focus refining GraphSAGE models to

achieve performance gains over DeepSet. Max and Mean GraphSAGE will be in-

vestigated over the ℓNETs in terms of architecture selection, pooling methods and

additional features.

Based on the outcomes of the previous experiments, GraphSAGE emerged as

the top-performing and only promising model among the GNN architectures evalu-

ated. GAT is experimented with combination of 1-Layer DeepSet. However, while

the DeepSet + GAT architecture showed promise, it may not represent the optimal

configuration for achieving the best results. To address this and further investigate the

potential of GraphSAGE, a series of experiments will be conducted, focusing on the

changing overall architecture similarly to the procedure followed in sNET Experiments:

• Plain GNN Architectures: In this setup, GNN models were directly applied to

process input without a preceding DeepSet layer. Different numbers of GNN

layers, specifically 1 and 2, were evaluated. These architectures are denoted as

GNNk where GNN refers to Max GraphSAGE, GIN, or 4-Head GAT, and k

represents the number of GNN layers. The plain GNN architectures are defined

as

z =
∑
i∈V

GNNk(X). (4.32)

Here, GNNk represents a stack of k GNN layers.

• Adding another layer to DS + GNN architecture: This setup extends the pre-

viously explored DS + GNN architecture by adding an additional GNN layer.

These configurations are denoted as DS + GNN2, where DS represents the ini-

tial DeepSet layer, and GNN2 denotes a 2-layer GNN. This experiment aimed to

determine whether increasing the depth of the GNN component would enhance

performance. However, to mitigate the well-known issue of oversmoothing in
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GNNs, experiments were limited to two GNN layers.

Table 4.16. Performance of Plain GNN and GNNk architectures compared to DS +

Max GraphSAGE, DS + GIN and DS +4-Head GAT on ℓNET.

ADD-SCI Classification

Network
ℓNET

Acc F1 AUC

Max GraphSAGE1 72.6±4.2 67.0±4.6 80.6±2.3

Mean GraphSAGE1 72.9±3.0 67.0±4.1 75.5±1.7

Max GraphSAGE2 76.2±2.8 70.2±3.8 82.9±1.7

Mean GraphSAGE2 75.7±2.3 70.0±3.0 78.1±1.3

DS + Max GraphSAGE2 76.4±3.4 69.9±5.5 79.1±2.7

DS + Mean GraphSAGE2 75.5±4.0 69.7±5.1 77.4±3.7

DS2(ℓNET) 74.6±2.7 69.7±3.2 77.5±1.5

DS2(Pearson) 66.7±2.8 60.8±3.6 69.5±2.3

DS + Max GraphSAGE 76.9±3.2 70.8±4.3 80.6±1.9

ADD-MCI Classification

Network
ℓNET

Acc F1 AUC

Max GraphSAGE1 74.8±2.3 43.8±5.9 72.8±1.5

Mean GraphSAGE1 77.2±1.8 43.9±6.6 71.2±1.0

Max GraphSAGE2 76.8±1.3 41.1±4.5 74.7±2.0

Mean GraphSAGE2 77.8±1.7 46.3±5.8 72.4±1.8

DS + Max GraphSAGE2 73.1±2.5 36.1±8.9 72.6±2.9

DS + Mean GraphSAGE2 75.3±2.7 36.6±7.1 70.1±3.1

DS2(ℓNET) 76.9±2.6 40.7±6.3 72.3±1.8

DS2(Pearson) 72.6±3.1 44.5±5.6 65.1±1.7

DS + Max GraphSAGE 74.2±1.6 28.7±8.1 75.4±1.2
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Experimental results for both GNNk and DS + GNN2 configurations, along with

the top-performing DS + GNN architectures from previous experiments and 2-Layer

DeepSet, can be found in Table 4.16. The summarized findings are as follows:

• Adding another GNN layer to DS + GNN architectures negatively affected Max

GraphSAGE. It may show that Max GraphSAGE extract most of the information

within the immediate neighbors.

• For standalone GNNk models, increasing the number of layers (k = 2) improves

performance in the ADD-SCI classification task. This contradicts earlier findings,

suggesting that encoding node features prior to GNN processing may reduce the

need for multi-hop neighbor information in this specific task.

• Mean GraphSAGE2 (k = 2) achieves the best overall performance for ADD-

MCI classification, outperforming both DS + GNN and single-layer (k = 1)

configurations.

• DS + GNN2 architectures underperform compared to their standalone GNN2

counterparts in most setups, indicating that the combined encoding and deeper

GNN structure negatively impacts performance.

• DS + Max GraphSAGE1 trained on ℓNET emerges as the best architecture for

ADD-SCI classification while Max GraphSAGE2 outperforms other models for

ADD-MCI classification.

Results show that GraphSAGE models hold significant promise for functional

network analysis in the progression of ADD. These models demonstrate their ability

to extract meaningful features from functional brain networks, leading to some im-

provements over baseline models. However, the observed advancements are not as

pronounced as those achieved in structural network analyses. This disparity under-

scores the inherent differences between structural and functional networks, as well

as the challenges associated with leveraging functional connectivity data for accurate

diagnosis. Since the justification for using GNNs has not been established, the remain-

ing experiments, including the pooling method comparisons and model refinement, are

omitted.
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A notable observation is the variability in the best-performing architectures across

different classification tasks. For example, while DS + Max GraphSAGE1 emerged as

the top performer for ADD-SCI classification, Max GraphSAGE2 demonstrated supe-

rior performance in ADD-MCI classification. This variability illustrates the complexity

of functional brain network analysis, where task-specific architectures are often required

to achieve optimal results. It highlights the need for systematic experimentation to tai-

lor model configurations to the nuances of each classification task.

The use of ℓNET representations provides a significant improvement over correlation-

based FNETs, particularly for ADD-SCI classification. ℓNET achieves notable gains

in accuracy, F1-Score, and AUC, validating its suitability for graph-based approaches

like GNNs. In the case of ADD-MCI classification, ℓNET enhances accuracy and AUC,

though it struggles to improve the F1-Score. This indicates that while ℓNET excels at

general predictive performance, it may face challenges in handling imbalanced datasets

or minority class predictions, which are critical in medical diagnostic tasks.

The sparse nature of ℓNET representations makes them well-suited for GNNs, as

they effectively reduce noise and emphasize meaningful connections between brain re-

gions. This opens new opportunities for functional brain network analysis by enabling

GNNs to process high-dimensional data more efficiently. However, one key limitation

of ℓNET is its reliance on the smoothness assumption, which encodes simultaneous

relationships between brain regions but fails to account for lagged or temporal inter-

actions. Such lagged interactions are essential for capturing the dynamic and causal

nature of brain activity, particularly in functional connectivity analysis. Addressing

this limitation is crucial for advancing the field.

Overall, the findings indicate that while GNN architectures can improve func-

tional brain network analysis for ADD diagnosis, their impact remains less promising

than their application to structural brain networks. This may be due to the inherently

dynamic and less deterministic nature of functional networks compared to the more

static and well-defined structure of anatomical connections.
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4.2.3. Multimodal Experiments

In the experiments, two classification tasks are performed: ADD-SCI and ADD-

MCI. Performance on these tasks is quantified using accuracy, F1-score, and AUC met-

rics. Cross-validation is employed to evaluate performance, and each cross-validation

experiment is repeated 20 times to mitigate the impact of random seeds. For the

ADD-SCI task, 21-fold cross-validation is utilized due to the limited sample size. It

is observed that using larger folds reduces the generalizability of models for ADD-SCI

classification. The 21-fold cross-validation strikes a balance between improved general-

ization and runtime efficiency, being twice as fast as leave-one-out cross-validation while

yielding comparable results. For ADD-MCI classification tasks, 7-fold cross-validation

is applied. Detailed description for both experiments including hyperparameters are

given in the Table 4.17.

Table 4.17. Summary of Multi-modal Experimental Configurations for Classification

Tasks.

Description ADD-SCI ADD-MCI

Label Distribution 18 ADD/24 SCI 18 ADD/46 SCI

Number of Folds 21 7

Batch Size 6 6

Number of Epochs 100 100

Learning Rate 0.001 0.001

Optimizer Adam Adam

Weight Decay 0.0001 0.001

sNETs and fNETs provide distinct yet complementary information about the

brain. Leveraging the complementary nature of these modalities can enrich single-

modal network analysis. However, two main challenges arise: although both modalities

share the same set of nodes, their construction methods and underlying interpretations

differ significantly. Additionally, as shown in previous experiments, different architec-
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tures are optimal for analyzing structural and functional networks. These differences

make it difficult to effectively integrate information from both modalities without losing

or diluting their unique contributions.

To address these challenges, we conduct a simple experiment following the step:

For each classification task, the best-performing model from one modality is initially

used to process both structural and functional networks in a siamese-like setting with

shared weights. This ensures a unified approach across both modalities.

Table 4.18. Performance of Siamese GNN architectures for multi-modal analysis

compared to unimodal DS + 4-Head GAT, DS + Max GraphSAGE and

Max GraphSAGE2.

ADD-SCI Classification

Model Acc F1 AUC

DS + 4-Head GAT (multi-modal) 88.6±1.6 87.5±1.9 95.0±1.4

DS + Max GraphSAGE (multi-modal) 88.4±2.3 86.6±2.9 92.7±1.1

DS + 4-Head GAT (sNET) 88.2±1.9 87.1±2.2 95.2±1.3

DS + Max GraphSAGE (ℓNET) 76.9±3.2 70.8±4.3 80.6±1.9

ADD-MCI Classification

Model Acc F1 AUC

DS + 4-Head GAT (multi-modal) 76.9±2.4 55.0±5.1 78.8±1.4

Max GraphSAGE2 (multi-modal) 76.8±1.8 53.3±5.2 79.9±1.1

DS + 4-Head GAT (sNET) 77.1±1.3 56.2±3.2 80.6±1.1

Max GraphSAGE2 (ℓNET) 77.8±1.7 46.3±5.8 72.4±2.0

For the ADD-SCI classification task, DS + 4-Head GAT and DS + Max Graph-

SAGE are used within a siamese architecture. For ADD-MCI classification, DS +

4-Head GAT and Mean GraphSAGE2 are employed in the same siamese framework.

Log-scaled sNET and ℓNET are selected to represent the structural and functional

modalities, respectively. In this configuration, the models share parameters, process-

ing both modalities in a coupled manner. The experimental results for siamese DS +

4-Head GAT, DS + Max GraphSAGE, and Mean GraphSAGE2, alongside the single-



100

modality baselines, are presented in Table 4.18.

The results presented in Table 4.18 indicate that while the multi-modal Siamese

model led to a slight improvement in ADD-SCI classification, it did not yield significant

benefits for ADD-MCI classification. In fact, the multi-modal Siamese model showed a

decrease in performance compared to the unimodal sNET model for ADD-MCI classifi-

cation. This suggests that treating structure and function as complementary modalities

may not always provide the optimal solution for multi-modal analysis, particularly for

more complex tasks like ADD-MCI classification. These findings highlight the need for

more sophisticated approaches in combining structural and functional information for

multi-modal brain network analysis.

4.3. Structure-Function Discrepancy Learning

To evaluate the potential of discrepancy as a biomarker, we primarily focused on

the ADD-SCI classification task. This approach was chosen because sfDLN is trained

to discern different classes, and selecting ADD and SCI enables capturing the entire

ADD spectrum. By leveraging this classification task, we aimed to assess whether the

discrepancy measure could effectively distinguish between SCI individuals and those

with ADD, thereby providing insights into its viability as a diagnostic tool.

ADD-SCI classification was conducted using 21-fold cross-validation, consistent

with previous experiments. Performance was assessed using Accuracy and F1-Score

metrics. The AUC metric was not utilized due to the nature of sfDLN’s training

process, where the output discrepancy scores are not designed to converge to binary

values (e.g., 0 or 1). Instead, sfDLN distinguishes distinct mean discrepancy scores

for different classes. However, these scores may vary across folds, resulting in less

consistency compared to traditional classification approaches, where predictions are

independent of fold variations. The training details and model hyperparameters are

summarized in Table 4.24.
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Table 4.19. Summary of sfDLN Experimental Configurations for Classification Tasks.

Description ADD-SCI

Label Distribution 18 ADD/24 SCI

Number of Folds 21

Batch Size 20

Number of Epochs 100

Learning Rate 0.001

Optimizer Adam

Weight Decay 0.0001

λ 0.1

m 0.1

d 32

sfDLN is designed to quantify the discrepancy between the structure and function

of the brain, which is then leveraged to classify and monitor ADD progression by dis-

cerning patients with different clinical labels. To evaluate the ability of sfDLN to serve

as a biomarker for representing the entire ADD spectrum, the following experiments

were conducted:

• ADD-SCI Experiments : To capture the entire ADD spectrum, the ADD-SCI

classification task was primarily performed. Various GNN architectures were

evaluated to determine the most effective design for sfDLN in this classification

scenario. Prior insights from earlier experiments regarding model configurations

and input data were incorporated to guide this process. Once the optimal ar-

chitecture was determined, the hypothesis that Structure-Function Discrepancy

increases with disease progression was tested. This was done by training the

sfDLN under a reversed hypothesis, where Structure-Function Discrepancy is as-

sumed to decrease with disease progression, to validate the original assumption.

Additionally, the functional network selection was justified by experimenting with

two alternative functional network configurations. Finally, experiments were con-
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ducted to assess the impact of classifier hyperparameters on sfDLN performance.

• Structure-Function Discrepancy Across the Cognitive Decline Continuum: To

further explore sfDLN’s potential as a biomarker, a blind assessment of MCI

cases in the dataset was conducted. For this experiment, sfDLN was trained

exclusively on ADD and SCI instances, and the resulting discrepancy scores for

the MCI data were analyzed. The results were compared to ensure that MCI cases

fit consistently between ADD and SCI in terms of discrepancy scores, reflecting

their intermediate position along the cognitive decline continuum. To refute

the objection that the observed MCI discrepancy distribution could result from

random selection or uncorrelated labels, two control experiments were performed.

In the first, sfDLN was trained on MCI-ADD and tested on SCI; in the second,

it was trained on SCI-MCI and tested on ADD.

• Source of the Structure-Function Discrepancy: To provide a direct neurologi-

cal interpretation for the observed discrepancy, the GNNExplainer approach [?,

135] was employed. This method identified the most significant structural and

functional network changes that contribute to the discrepancy, offering insights

into the specific brain regions and connections driving the differences between

Structure-Function Discrepancy scores.

Each branch of the sfDLN network generates a 128-dimensional connectome em-

bedding. The model parameters listed in Table 4.24 were selected to facilitate faster

training convergence. The final output of sfDLN is a bounded scalar discrepancy score,

γ, for each subject. This score serves a dual purpose: it is used for classification and

to evaluate structure-function coherence across the disease spectrum, effectively acting

as a disease severity measure.

For training and testing the sfDLN network, ADD and SCI groups were desig-

nated as positive (p) and negative (n) cases, respectively. The separability of these

groups based on their γ scores was evaluated using a k-NN classifier with k = 7, where

the value of k was empirically determined.
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To evaluate the potential of the discrepancy score as a biomarker, we conducted

cross-validation experiments on ADD-SCI classification using sfDLN. The mean and

standard deviation of model accuracies and F1 scores across these experiments are

reported in Table 4.20. To determine the optimal backbone for sfDLN, different ar-

chitectures were tested. Additionally, comparisons were made between sfDLN and

both uni-modal and multi-modal models discussed in the previous section, highlight-

ing sfDLN’s superior performance for diagnostic purposes.

Table 4.20. Performance of sfDLN with different models as backbone.

ADD-SCI Classification

Model Acc F1

DS + Max GraphSAGE sfDLN 89.5±2.4 87.5±2.7

DS + Mean GraphSAGE sfDLN 90.5±1.8 88.9±1.9

DS + ChebyNet sfDLN 90.5±1.5 88.6±1.8

DS + GCN sfDLN 91.7±1.2 90.1±1.4

DS + GIN sfDLN 88.6±1.7 85.9±2.2

DS + 4-Head GAT sfDLN 89.8±2.1 87.7±2.6

DS + 4-Head GAT sNET 88.2±1.9 87.1±2.2

DS + 4-Head GAT multi-modal 88.6±1.6 87.5±1.9

Key observations from the table are :

• The DS + GCN sfDLN model outperforms all others in terms of both accuracy

and F1 score. This indicates that the GCN backbone is the most effective for

ADD-SCI classification within the sfDLN framework. Although GCN did not

show superior performance in uni-modal tasks, it perfoms well in extracting multi-

modal representation.

• Both DS + ChebyNet sfDLN and DS + Mean GraphSAGE sfDLN perform com-

petitively, demonstrating that these models also capture relevant information in

brain network data.
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• Other models, DS + Max GraphSAGE, DS + GIN and DS + 4-Head GAT

performs slightly worse than the others for sfDLN, showing that mean aggregation

might be more effective capturing the multi-modal relationship.

• Most sfDLN variants outperforms the both uni-modal and multi-modal models,

showing that the structure-function relationship might be a key to improve multi-

modal and uni-modal methods in ADD-SCI classification.

We concluded that the DS + GCN architecture is the most suitable backbone for

sfDLN. Consequently, all subsequent experiments will be conducted using the DS +

GCN sfDLN architecture.

Table 4.21. Comparison of sfDLN trained with increasing vs decreasing discrepancy.

Model Accuracy F1 Score

DS + GCN sfDLN-I 88.5±2.5 86.4±2.9

DS + GCN sfDLN 91.7±1.2 90.1±1.4

We conducted additional experiments with sfDLN using modified loss functions

to test our hypothesis that the structure-function discrepancy increases with cognitive

decline. Specifically, we replaced the mean separation term in the loss function (Equa-

tion 3.45) with max(0,m−(µn−µp)). This modification resulted in a variant, sfDLN-I,

trained under the assumption that SCI patients exhibit higher structure-function dis-

crepancy scores than ADD patients. As shown in Table 4.21, sfDLN outperforms

sfDLN-I, validating our original hypothesis that the structure-function discrepancy

widens with cognitive decline.

Additionally, we justified the selection of ℓNET by replacing it with Pearson fNET

and training sfDLN with the sNET-Pearson fNET pair. As evident from Table 4.22,

sfDLN performs poorly when using Pearson fNET, demonstrating the superiority of

ℓNET. This difference in performance is likely due to the sparse structure of ℓNET,
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which makes it easier for the sfDLN model to quantify the similarity between sNET

and ℓNET.

Table 4.22. Performance of sfDLN trained with sNET and Pearson fNET.

Model Accuracy F1 Score

DS + GCN sfDLN (sNET + Pearson fNET) 71.7±3.1 63.0±5.0

DS + GCN sfDLN (sNET + ℓNET) 91.7±1.2 90.1±1.4

Lastly, we investigated the impact of the k-NN classifier by conducting experi-

ments with varying k values, as presented in Table 4.23. Table 4.23 demonstrates that

k = 7 is the optimal choice for the k-NN classifier. However, the overall results show

minimal variation across different k values, highlighting the robustness of the produced

bounded structure-function discrepancy scores.

Table 4.23. Performance of sfDLN with varying k parameters.

Model Accuracy F1 Score

DS + GCN sfDLN (k=5) 91.4±1.1 89.8±1.3

DS + GCN sfDLN (k=7) 91.7±1.2 90.1±1.4

DS + GCN sfDLN (k=9) 90.9±1.6 89.4±1.8

Previous experiments demonstrated that the structure-function discrepancy score

(γ) outperforms both uni-modal and multi-modal ADD-SCI classifiers, showcasing its

diagnostic potential. However, to establish its utility for disease staging, a more thor-

ough evaluation is required.

To explore its potential for monitoring disease progression, we conducted the

following experiments:
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• Blind Assesment of MCI Cases: We trained sfDLN using all ADD and SCI sub-

jects, and the trained model was then used to generate structure-function dis-

crepancy scores for MCI subjects. The results, presented in Figure 4.2, indicate

that the structure-function discrepancy scores of MCI subjects fall between those

of ADD and SCI subjects. This suggests that the structure-function discrepancy

score can provide a consistent representation of cognitive decline progression to-

ward ADD.

• Control Experiments: Although the observation in Figure 4.2 is noteworthy, one

might argue that connectomes without labels that are unrelated to ADD could

still be distributed between the ADD and SCI classes. To address this concern,

we conducted two additional experiments. First, we trained sfDLN on ADD-MCI

data and tested it on SCI data. Second, we trained sfDLN on MCI-SCI data and

tested it on ADD data. The results of these experiments are shown in Figure 4.3

and Figure 4.4.

Figure 4.2. Distributions of γ-scores for ADD, MCI, and SCI groups, computed by

sfDLN trained over ADD-SCI only.
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Figure 4.3. Distributions of γ-scores for ADD, MCI, and SCI groups, computed by

sfDLN trained over ADD-MCI only.

Figure 4.4. Distributions of γ-scores for ADD, MCI, and SCI groups, computed by

sfDLN trained over MCI-SCI only.
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Figure 4.3 and Figure 4.4 illustrate that in both control experiments, the discrep-

ancy scores of the test group remained distant from the central region of the spectrum

defined by the training set. In the first experiment, the test SCI subjects’ scores

were positioned furthest from the ADD-end of the spectrum, which was limited by

the absence of ADD examples during training—this is the best performance achiev-

able by sfDLN under these conditions. In the second experiment, ADD test scores

were similarly found to be positioned farthest from the SCI-end of the available spec-

trum. Consequently, in both experiments, the test scores overlapped with those of the

MCI group. This outcome aligns with the known limitations of deep learning models

in extrapolating beyond the range of the training data [136]. The fact that sfDLN

maps out-of-spectrum test data to the closest point within the peripheral region of the

training spectrum further supports our hypothesis. Together, the observations from

Figures 4.2 reinforce the idea that sfDLN has the potential to function as a biomarker

for staging and severity assessment in the progression of ADD, provided it is trained

on a comprehensive spectrum of data.

Although the results presented in previous experiments provide compelling em-

pirical support for our central hypothesis, increasing structure-function discrepancy

over the cognitive decline, the current architecture does not directly link the observed

discrepancy to specific neurological features. To address this limitation, we employed

the GNNExplainer approach [135], which enabled us to identify the key changes in

sNETs and fNETs contributing to the discrepancy. Given the structural (As, Xs)

and functional connectomes (Af , Xf ), the GNNExplainer utilizes a learnable N × N

importance map, M, with mij ∈ [0, 1], to construct new importance-weighted connec-

tomes, by applying Âs = M ⊙ As and Âf = M ⊙ Af . The corresponding sfDLN

outputs y = sfDLN(As,Xs,Af ,Xf ) and ŷ = sfDLN(Âs,Xs, Âf ,Xf ) are then used

to compute the following GNNExplainer loss for minimization

JGNNexp = (y − ŷ)2 + ν
∑
i,j

Mij + ent(M) . (4.33)

The first term in Equation 4.33 encourages minimal change in the sfDLN output when

the mask M is applied. The second term is an L1 penalty, encouraging a sparse mask
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with a regularization parameter ν = 0.01. The final term is an entropy function that

enhances contrast in the mask weights by driving small values toward 0 and large values

toward 1.

Figure 4.5. All cortical regions associated with significant connections contributing to

discrepancy scoring, as identified by the GNNExplainer.

To identify the source of the observed discrepancy, we used pretained DS + GCN

sfDLN on all ADD and SCI patients to generate y and ŷ. We then determined the

importance map M̆ that minimizes the loss in Equation 4.33 through gradient descent.

The most significant connections contributing to the structure-function discrepancy

were identified from the symmetrized edge-relevance map (M̆ + M̆T ), selecting those

with a magnitude at least 3 standard deviations greater than the mean across all edges.

We also calculated a nodal importance score for each node, which was defined as the

sum of the weights of the selected edges connected to the node. Figure 4.5 shows all

nodes with a non-zero importance score, highlighting 5 nodes with a positive deviation

from the mean node score exceeding 3σ. These nodes include the ”left dorsal posterior

cingulate cortex” (dPCC), ”left orbital gyri” (OG), ”left inferior frontal sulcus” (IFS),

”left lateral orbital sulcus” (LOS), and ”right triangular part of the inferior frontal

gyrus” (IFG).
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4.4. Disentangled Attention Graph Neural Network

To evaluate the potential of the DAGNN model, we focused on a more challenging

task: the ADD-MCI classification. While sfDLN demonstrated strong performance in

the ADD-SCI classification with little room for improvement, it showed limited impact

on ADD-MCI classification. This provided an opportunity for DAGNN to demonstrate

its strengths, particularly in addressing the more nuanced ADD-MCI classification task.

For this classification task, we focused on sNETs.

The ADD-MCI classification was conducted using 7-fold cross-validation, con-

sistent with previous experimental setups. Cross-validation experiments are repeated

20 times to eliminate the impact of random seeds. Performance was evaluated using

Accuracy, F1-Score, and AUC metrics. Training details and model hyperparameters

are summarized in Table 4.14.

Table 4.24. Summary of DAGNN Experimental Configurations for Classification

Tasks.

Description ADD-MCI

Label Distribution 18 ADD/46 MCI

Number of Folds 8

Batch Size 6

Number of Epochs 100

Learning Rate 0.001

Optimizer Adam

Weight Decay 0.001

λ 0.1

m 1.5

DAGNN is designed to enhance attention-based GNNs by fully leveraging the

multi-head attention mechanism, with each head explicitly disentangled to focus on
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different brain regions. This disentanglement aims to improve performance and provide

inherent explainability without requiring additional techniques like those employed in

sfDLN. To evaluate the benefits of disentangled attention mechanisms, the following

experiments were conducted:

• ADD-MCI Experiments: To assess the full potential of DAGNN, the ADD-MCI

classification task was chosen as the primary evaluation. The impact of disentan-

glement was investigated by comparing the same attention-based GNN models

with and without disentanglement. To further demonstrate robustness, experi-

ments were conducted using two types of attention-based GNNs. Additionally,

the effect of the number of attention heads on model performance, both with and

without disentanglement, was systematically examined. The results were used to

identify the best architecture for DAGNN.

• DAGNN Characteristics: The outputs of attention heads in DAGNN were com-

pared to those of conventional attention-based GNNs to highlight the enhance-

ments introduced by disentanglement. Furthermore, a neurological interpretation

was attempted by identifying the brain regions most prominently highlighted by

DAGNN, providing insights into its explainability.

Table 4.25. Performance of DAGNN compared with baselines on Binary and

Log-Scaled sNETs.

ADD-MCI Classification

Network
Binary sNET Log-Scaled sNET

Acc F1 AUC Acc F1 AUC

DS + 4-Head GAT 77.4±2.1 56.5±3.9 80.1±1.4 77.1±1.3 56.2±3.2 80.6±1.1

DS + 4-Head Trans-

formerGAT

75.3±2.3 52.5±4.9 78.7±1.9 76.2±2.2 53.0±3.4 79.2±2.0

DAGNN(DS + 4-Head

GAT)

80.4±2.0 60.1±3.8 85.3±3.5 79.8±2.4 58.5±4.0 84.8±2.2

DAGNN(DS + 4-Head

TransformerGAT)

79.2±1.4 59.3±3.0 84.6±2.2 80.1±2.2 57.0±3.0 82.9±1.7



112

To ensure a fair comparison, we followed the same setup as in the sNET experi-

ments, where each DS + GNN generates 128-dimensional embeddings. First, we used

DS + 4-Head GAT and DS + 4-Head TransformerGAT as baselines. We then compared

the disentangled versions to these baselines to demonstrate the improvement achieved

through disentanglement. Both binary sNET and Log-scaled sNETs were tested to

evaluate the robustness of the DAGNN.

The results, shown in Table 4.25, indicate that DAGNN outperforms the base-

lines across all three metrics. This highlights that disentanglement not only enhances

GAT but also significantly improves the stability and generalization capability of any

attention-based GNN, further reinforcing its effectiveness in different settings. Based

on these findings, we proceeded with experiments using binary sNETs, as they showed

superior performance in the ADD-MCI classification task.

Table 4.26. Performance of GAT with and without disentanglement with varying

head numbers.

ADD-MCI Classification

Network
without Disentanglement w/ Disentanglement

Acc F1 AUC Acc F1 AUC

DS + 4-Head GAT 77.4±2.1 56.5±3.9 80.1±1.4 80.4±2.0 60.1±3.8 85.3±3.5

DS + 8-Head GAT 75.5±2.5 54.7±5.5 79.2±2.1 80.8±1.9 60.5±4.9 84.6±2.0

DS + 12-Head GAT 76.2±2.3 53.6±7.8 79.0±1.7 79.8±2.4 59.6±5.0 83.7±2.4

DS + 16-Head GAT 74.4±2.7 51.0±6.4 77.2±1.9 79.4±2.5 58.7±5.6 83.6±2.7

To demonstrate the robustness of DAGNN, we conducted additional experiments

with varying numbers of attention heads. Each head was set to output a 32-dimensional

embedding, and the final representation was obtained by concatenating the outputs of

all heads. While increasing the number of attention heads generally leads to overfitting

due to the increased complexity relative to the limited dataset size, as shown in Table

4.26 and 4.27 , the DAGNN versions of both GAT and TransformerGAT were less
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affected by this issue compared to the models that did not use disentanglement. This

phenomenon illustrates that disentangling the attention heads enhances the models’

capacity, making them more resilient to overfitting.

Table 4.27. Performance of TransformerGAT with and without disentanglement with

varying head numbers.

ADD-MCI Classification

Network
without Disentanglement w/ Disentanglement

Acc F1 AUC Acc F1 AUC

DS + 4-Head Trans-

formerGAT

75.3±2.3 52.5±4.9 78.7±1.9 79.2±1.4 59.3±3.0 84.6±2.2

DS + 8-Head Trans-

formerGAT

72.3±3.2 47.0±5.1 76.7±3.3 79.2±1.0 57.2±3.2 83.9±2.2

DS + 12-Head Trans-

formerGAT

73.2±2.2 47.0±3.7 77.6±2.1 78.7±3.0 55.4±2.9 84.0±1.8

DS + 16-Head Trans-

formerGAT

71.7±2.4 42.4±5.5 77.7±2.2 77.9±2.5 55.0±7.2 82.0±5.7

We also compared DAGNN with other disentanglement-based methods, including

FactorGCN [137] and DisenGCN [138], as shown in Table 4.28. FactorGCN generates

factor graphs from the input graph, where these factor graphs are constructed using

a multi-head attention mechanism. It assigns arbitrary labels to the factor graphs

and assumes that these factor graphs can be distinguished by a classifier. Each factor

graph is then processed with a GCN. To make a fair comparison between DAGNN and

FactorGCN, we adopted the classifier-wise disentanglement approach from FactorGCN

and replaced our disentanglement loss in Equation 3.52 with a classifier-based loss

Lfactor = Lcls(j,GNNc(Â
b,j)), (4.34)

where GNNc is a GNN encoder based classifier, and j denotes the label of factor graph

Âb,j. This variant will be referred to as Factor*. On the other hand, DisenGCN aims

to disentangle latent node representations by partitioning neighbors using a routing
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mechanism, where specific features correspond to specific paths. Unlike FactorGCN,

DisenGCN does not use an attention mechanism and employs disentanglement at the

feature level.

Table 4.28. Comparison of DAGNN with other disentangled-based methods.

ADD-MCI Classification

Model Acc F1 AUC

DAGNN (DS + 4-Head GAT) 80.4±2.0 60.1±3.8 85.3±3.5

Factor* (DS + 4-Head GAT) 79.3±3.0 59.1±4.1 83.0±3.2

DisenGCN 67.5±4.1 44.8±6.7 69.9±3.5

Table 4.28 shows that DAGNN outperforms other disentanglement-based meth-

ods. DisenGCN performs poorly compared to the others, while Factor* shows com-

petitive results. The primary difference between DAGNN and Factor* is that DAGNN

directly performs disentanglement, whereas Factor* assumes that attention coefficients

from different heads can be distinguished in the latent space. This indirect approach

may lead to less effective disentanglement compared to the direct approach of DAGNN,

as even minor changes in the coefficients could result in larger differences in the latent

space. Additionally, the L1 distance used in DAGNN further enhances the attention

coefficients by encouraging sparsity, which may improve the model’s performance.

We focused on the latent representations generated by DAGNN for a more in-

depth analysis. Specifically, we compared the Hk representations from different heads

in DAGNN with those from a model without disentanglement, which we refer to as

AGNN. For this analysis, we used DS + 4-Head GAT trained on the entire ADD-MCI

dataset and examined the resulting latent representations. The results of this analysis

are presented in Figure 4.6.

The superior performance of DAGNN can be attributed to its ability to generate

decorrelated latent representations, localized at the mesoscale. As shown in Figure 4.6,
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DAGNN learns more distinct latent representations compared to AGNN, as evidenced

by the reduced correlation values between the off-diagonal elements.

Figure 4.6. DAGNN Analysis.(A) Correlation matrices of features among latent

representations generated by AGNN and DAGNN. The numerical annotations on the

figures shows that which head contributes to which part of the representations. (B)

Correlation of latent representations between patients for each head output is shown.

(C) Highlighted brain regions by Head 1 (left) and Head 2 (right) are given.

Additionally, we explored which attention heads are most significant in distin-

guishing patients. To do this, we computed the correlation coefficient matrix across all

patients for each Hp, the GAT output for patient p. As shown in Figure 4.6, attention

heads 1 and 2 exhibit lower inter-class correlations, suggesting that the representations

they generate are highly discriminatory. To investigate which brain regions these heads

highlight, we calculated the mean attention map, denoted as Äk, by averaging Âp,k

across all patients. We then treated the row sum of Äk as the importance score for

brain regions. For both heads, we identified two nodes with positive deviations from

the mean node score exceeding 3 standard deviations, as shown in Figure 2. These

highlighted regions were colored in red on the brain images. Our analysis revealed

that head 1 focuses on the left Orbital gyri and left Temporal pole, while head 2 high-

lights the left and right Superior frontal gyri. Notably, three of these regions (left
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Orbital gyri, left Superior frontal gyrus, and right Superior frontal gyrus) are part of

the DMN [139], which is known to be impacted by ADD progression [140].
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5. DISCUSSION

This thesis investigates the potential of GNNs for ADD diagnosis, particularly

using brain networks as the input. To address gaps in the existing literature, three

primary objectives were set, each focusing on aspects of GNN applications that have

not been fully explored or resolved. For each of these objectives, we proposed novel

methodologies and strategies to enhance our understanding of the capabilities of GNNs

in ADD-related tasks.

All three objectives in this thesis focused on ADD-MCI, ADD-SCI, or both clas-

sifications. MCI-SCI classification is omitted in this thesis due to its increasing com-

plexity and being the least studied classification in the current literature.

The first objective was to systematically evaluate various GNN models for their

applicability to structural and functional brain network analysis in the context of ADD.

This evaluation was driven by the aim to showcase the superiority of GNNs in analyzing

complex brain network data. The key novelty of GNNs lies in their message-passing

scheme, where node representations are iteratively updated through the aggregation

of neighboring nodes. This mechanism of local message propagation allows GNNs to

capture relationships and dependencies that are inherently present in graph-structured

data, making them highly effective for graph-based tasks across various domains.

In the context of brain networks, the advantage of GNNs over traditional meth-

ods lies in their ability to model the intricate interactions between different regions

of the brain, which are critical for understanding disease progression. To validate

this, we compared GNN-based models with baseline methods that did not employ the

message-passing mechanism. Our results demonstrated that GNNs offer significant

improvements in the analysis of sNETs for ADD diagnosis. Specifically, we observed

a marked increase in classification performance when GNN models were applied to

sNETs, highlighting the potential of GNNs to better capture the underlying patterns
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of connectivity that characterize ADD.

The results for fNETs were somewhat disappointing. While GNNs demonstrated

promising performance on sNETs, they did not show significant improvements over the

baseline when applied to fNETs. This suggests that the message-passing mechanism

inherent in GNNs may not effectively capture the dynamic and temporal nature of

functional connectivity. Therefore, alternative models or additional modifications may

be needed to fully leverage the potential of functional networks in ADD diagnosis.

These findings provide important insights into the strengths and limitations of GNNs

in ADD-related tasks, paving the way for further research aimed at refining GNN-based

methods for analyzing functional brain networks.

Among the various GNNmodels evaluated, GAT demonstrated particularly strong

performance across both tasks in sNET analysis. This highlights the potential of the

attention mechanism in brain network analysis, as it allows the model to focus on

the most relevant connections within the brain’s network. Not only did GAT improve

classification performance, but it also offered the ability to generate meaningful ex-

planations by examining the attention coefficients computed across different attention

heads. This interpretability feature is an important advantage, especially in the context

of medical diagnoses like ADD.

Furthermore, we demonstrated that using connectivity information as both node

features and the underlying graph structure for GNNs yielded satisfactory results in

sNET analysis. Enhancing this approach by encoding the connections with a MLP-

based encoder further boosted the GNN’s performance on sNET data, underscoring the

value of incorporating such encoding techniques for more robust feature representation.

Additionally, multi-modal analysis was explored in this thesis, based on the widely

accepted assumption that structure and function provide complementary information.

However, our results challenge this assumption. Specifically, we found that the multi-

modal model did not lead to a significant improvement over the uni-modal sNET-based
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model. This suggests that structure and function may require a more nuanced approach

for joint analysis.

The first objective centered on analyzing brain networks using a GNN-based

approach. Information related to ADD can be integrated into GNN to build and

train models that enhance structural, functional, or multi-modal analyses. Our second

objective was to identify a biomarker capable of diagnosing ADD while also monitoring

its progression. This goal was achieved by combining an ADD-specific hypothesis with

GNN-based models. Specifically, we proposed modeling the relationship between brain

structure and function using a GNN architecture, and we utilized this relationship as a

biomarker for ADD. We referred to this structure-function relationship as the structure-

function discrepancy score, which quantifies the mismatch between the brain’s structure

and function with a bounded score. Proposed model is called as sfDLN.

The results demonstrate that the sfDLN is more effective in capturing the multi-

modal relationship compared to traditional multi-modal models that treat structure

and function as complementary for ADD-SCI classification. The sfDLN is trained under

the hypothesis that the structure-function discrepancy increases with cognitive decline.

To validate this hypothesis, we conducted a comparison with an alternative sfDLN

model trained on a reversed hypothesis, which assumes that the structure-function dis-

crepancy is inversely proportional to cognitive decline. The findings confirmed that this

reversed hypothesis does not hold, as the model based on it yielded lower classification

accuracy than both the original sfDLN and the conventional multi-modal model. These

results reinforce the validity of our hypothesis and highlight the sfDLN’s capability in

modeling structure-function relationships for cognitive decline analysis.

Interestingly, GCN model came up with the best performing one with sfDLN

model. This observation highlights the context-dependent nature of model perfor-

mance. While Max GraphSAGE and GAT excelled in uni-modal sNET analysis,

the shift to multi-modal analysis underscores that different tasks require different ap-
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proaches. In this context, mean aggregation-based GNNs, such as GCN, ChebyNet,

and Mean GraphSAGE, outperformed other models, suggesting that the smoothing

effect inheent in these methods is more effective for modeling the relationship between

structure and function.

To train the sfDLN, we used log-scaled sNET and ℓNET to represent structural

and functional networks, respectively, based on findings from earlier experiments. The

ℓNET has been shown to be more effective than correlation-based fNETs, and its spar-

sity makes it a good candidate for working alongside the sparse sNETs. To validate this

approach, we trained the sfDLN using Pearson fNET instead of ℓNET. This resulted

in a dramatic decrease in performance, demonstrating that ℓNET is more suitable for

both GNN processing and pairing with sNETs.

The structure-function discrepancy score also demonstrates potential for moni-

toring ADD progression. When the sfDLN, trained on ADD-SCI subjects, is applied

to MCI subjects, their predicted scores are distributed between those of ADD and

SCI subjects. This suggests that the structure-function discrepancy score aligns con-

sistently with the stages of ADD progression. To further validate this finding, we

conducted control experiments to ensure that this behavior is not due to chance or

random factors, thereby strengthening the reliability of the score as a biomarker for

ADD staging.

Classification performance of a model is not sufficient on its own. The sfDLN

model offers some level of explainability by proposing the hypothesis that an increasing

discrepancy score correlates with cognitive decline. However, it still exhibits black-

box characteristics. To better understand the progression of ADD, it is crucial to

identify which brain regions contribute to the discrepancy score. To address this,

we employed an explanation-based framework on sfDLN and highlighted the sources

of discrepancy. The highlighted brain networks were interpreted and found to be

neurologically plausible in collaboration with our neurologist partners.
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sfDLN provides a robust model for classifying ADD-SCI and monitoring disease

progression. However, it does not adequately address the more complex classification

of ADD-MCI. To address this challenge, we pursued our third and final objective by

proposing a novel GNN model aimed at improving performance in ADD-MCI classifi-

cation. This model emphasizes the identification of distinctive subnetworks associated

with ADD. To accomplish this, we introduced a disentanglement-based approach, of-

fering an enhancement over conventional attention-based GNNs.

Based on the findings from earlier GNN experiments, the GAT demonstrates

strong performance in classifying ADD-MCI within sNET analysis. In addition to

its effectiveness, GAT has the capability to identify subnetworks through its multi-

head mechanism. Each head generates attention coefficients, which can be interpreted

as subnetworks associated with ADD. This feature of GAT enables a more detailed

mesoscale analysis of ADD.

We observed a significant limitation within the GAT. Although each attention

head is initialized independently, they tend to converge to a state where they produce

nearly identical attention coefficients. This results in only one subnetwork being high-

lighted across all heads, causing the GAT to potentially overlook important aspects

of the graph. To address this issue, we proposed a novel disentanglement loss that

maximizes the distance between the attention coefficients across different heads. By

combining this loss with GAT, or any other attention-based GNN, we introduce the

DAGNN model. This approach ensures that each head focuses on a different part of the

graph, increasing the model’s capacity and enabling it to identify multiple important

subnetworks simultaneously.

We experimented with both log-scaled and binary sNETs, and initial results

demonstrated that DAGNN consistently outperformed conventional attention-based

GNNs. To further investigate the robustness of DAGNN, we conducted additional

experiments using varying numbers of attention heads across two standard attention-

based GNNs: GAT and TransformerGAT. The experimental results revealed that
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DAGNN maintained superior performance across these configurations, highlighting its

effectiveness in diverse scenarios. Moreover, DAGNN exhibited greater resilience to

overfitting compared to conventional attention-based GNNs as the number of atten-

tion heads increased. This robustness can be attributed to DAGNN’s disentanglement

mechanism, which enhances its capacity by ensuring that each attention head learns

distinct and complementary features.

DAGNN not only disentangles attention coefficients across heads but also gen-

erates decorrelated features across them, unlike conventional attention-based GNNs,

which produce correlated features. This dual disentanglement—both coefficient-wise

and feature-wise—enhances DAGNN’s capacity to model complex relationships effec-

tively. As a result, DAGNN proves to be a more robust and efficient model.

Furthermore, by analyzing the attention coefficients produced by DAGNN across

different heads, we identified specific brain regions associated with ADD progression.

These findings provide valuable insights into the neurological basis of ADD, offering

both interpretability and potential clinical relevance.
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6. CONCLUSION

This thesis explored the potential of GNNs for ADD diagnosis using brain net-

works. The study aimed to address gaps in the existing literature by proposing novel

methodologies to improve GNN applications in ADD-related tasks. The first objec-

tive was to evaluate GNN models for their effectiveness in analyzing structural and

functional brain networks. Results showed that GNNs, particularly GAT, performed

well on sNETs, but the approach was less effective for functional networks fNETs,

highlighting the need for more specialized models to capture the dynamic nature of

functional connectivity. Nevertheless, a novel functional network, ℓNET is proposed as

a better alternative for conventional fNETs.

The second objective focused on utilizing GNNs to propose a new biomarker

for diagnosing and monitoring ADD progression. The structure-function discrepancy

score, modeled through the sfDLN, showed promise in tracking cognitive decline by

quantifying mismatches between brain structure and function. This score was validated

through experiments that demonstrated its superiority in ADD-SCI classification and

correlation with the various stages of ADD, which supports its clinical relevance and

potential as a staging biomarker. Additionally, specific brain regions responsible for

the observed discrepancies are identified to provide interpretability.

The third objective focused on improving the ADD-MCI classification by in-

troducing the DAGNN. By overcoming the limitations of traditional attention-based

GNNs, DAGNN enhanced the model’s capacity to identify multiple distinct subnet-

works within the brain. This innovative approach outperformed other models in terms

of performance and robustness, demonstrating DAGNN’s resilience to overfitting and

its ability to capture complex brain connectivity patterns. Furthermore, the model’s

ability to generate disease-related subnetworks may deepen our understanding of ADD.
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In conclusion, this thesis demonstrates the effectiveness of GNNs in analyzing

brain networks for ADD diagnosis and understanding the ADD progression . By in-

troducing novel approaches, such as the structure-function discrepancy score and the

DAGNN model, the research advances our understanding of ADD and offers new av-

enues for improving diagnostic accuracy. These findings provide a foundation for future

work that could refine these models, explore additional modalities, and expand their

clinical applicability in larger and more diverse datasets.

Future work should concentrate on refining and optimizing the proposed models,

especially by addressing their limitations in capturing the dynamic nature of functional

brain networks. Furthermore, incorporating larger and more diverse datasets, including

data from multiple centers, could improve the generalizability and robustness of the

models. Lastly, exploring a GNN-based model, which has shown strong performance

in the MCI-SCI classification, would be a valuable direction for future research.
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125. Gamgam, G., Z. Yıldırım, A. Kabakçıoğlu, H. Gurvit, T. Demiralp and B. Acar,

“Siamese Graph Convolutional Network Quantifies Increasing Structure-function

Discrepancy Over the Cognitive Decline Continuum”, Computer Methods and

Programs in Biomedicine, Vol. 254, p. 108290, 2024.
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