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Abstract

Autism Spectrum Disorder (ASD) is a complicated neurodevelopmental disorder
marked by variation in symptom presentation and neurological underpinnings,
making early and objective diagnosis extremely problematic. This paper offers a
Graph Convolutional Network (GCN) model, incorporating Chebyshev Spectral
Graph Convolution and Graph Attention Networks (GAT), to increase the
classification accuracy of ASD utilizing multi-modal neuroimaging and phenotypic
data. Alongside, a transfer learning approach has been utilized in separate
experiments to explore the possibility of knowledge transfer in GCN based
architectures.  Leveraging the ABIDE I dataset, which contains resting-state
functional MRI (rs-fMRI), structural MRI (sMRI), and phenotypic variables from
870 patients, the model leverages a multi-branch architecture that processes each
modality individually before merging them via concatenation. Graph structure is
encoded using site-based similarity to generate a population graph, which helps in
understanding relationship connections across individuals. Chebyshev polynomial
filters provide localized spectral learning with lower computational complexity,
whereas GAT layers increase node representations by attention-weighted
aggregation of surrounding information. Also, transfer learning leads to a more
robust feature generalizations across domains. Extensive trials illustrate the model’s
superiority, reaching a test accuracy of 74.82% and an AUC of 0.82 on the whole
dataset, and a transfer learning based approach achieved an accuracy of 72.89% and
an AUC of 0.79, surpassing multiple state-of-the-art baselines, including
conventional GCNs, autoencoder-based deep neural networks, and multi-modal
CNNs. Ablation studies further demonstrate the incremental influence of each
architectural component, emphasizing the usefulness of the methods using graph
attention, hyper-parameter adjustment, and transfer learning. The results validate
the effectiveness of graph-based deep learning for ASD classification, notably in
combining multi-modal data and capturing complicated inter-subject interactions.
This work takes a crucial step toward building reliable, scalable, and objective
computer-aided diagnostic methods for ASD.
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Chapter 1
Introduction

Autism Spectrum Disorder is a complex neurological disease characterized chiefly
by deficits in social communication and interaction, alongside repetitive behaviors
and limited interests. The term "spectrum” denotes the extensive range of challenges
and strengths exhibited by each individual with ASD. The variability in symptom
presentation, in terms of both intensity and type, has rendered ASD a particularly
intricate illness to identify and diagnose, particularly during early developmental
phases.

Recent surveillance by the U.S. Centers for Disease Control and Prevention (CDC)
indicates that Autism Spectrum Disorder affects roughly 1 in 31 children [57],
underscoring its increasing prevalence and the pressing necessity for early and
accurate diagnostic instruments [42]. Early diagnosis is crucial as prompt
intervention, especially during the initial stages of neurodevelopment, has
demonstrated a substantial enhancement in language development, cognitive
capacity, and adaptive behavior [79].

Historically, ASD diagnosis has depended on expert-administered behavioral exams
and organized interviews. Instruments such as the Autism Diagnostic Observation
Schedule (ADOS) [39], the Autism Diagnostic Interview-Revised (ADI-R) [40], and
the Childhood Autism Rating Scale (CARS) [12] represent the prevailing gold
standard. These approaches are inherently subjective, reliant on the clinician’s
expertise, and necessitate prolonged observation or interview periods, frequently
lasting several hours. This approach is not only time-intensive and costly but also
sensitive to inter-rater variability and cultural biases [37].

Consequently, there is an increasing interest in enhancing behavioral evaluations
with objective, data-driven methodologies that utilize biological indicators.



Magnetic resonance imaging (MRI), encompassing structural MRI and functional
MRI (fMRI), has developed as a non-invasive technique that can elucidate
neuroanatomical and functional abnormalities linked to ASD [19], [61]. With
improvements in machine learning and deep learning technology, researchers now
have the possibility to build computer models that can mine patterns from
complicated, high-dimensional imaging and phenotypic data. These advances
herald a new era of precision diagnostics, presenting hope for earlier, more accurate,
and scalable detection of ASD.

1.1 Problem Statement

Despite substantial progress in neuroimaging and computational methods, ASD
diagnosis remains a formidable challenge due to multiple unresolved issues at the
clinical and technological levels. The current diagnostic process is primarily
symptom-based, relying on structured observation and parent/caregiver interviews.
Instruments such as the ADI-R, which consists of nearly 100 questions and takes up
to 3 hours to administer, are labor-intensive and require specialized clinical
expertise [40]. The reliance on caregiver reports also introduces recall biases and
socio-cultural subjectivity, which can distort diagnostic accuracy [13].

The emergence of neuroimaging as a diagnostic aid has sparked considerable interest
in developing biologically-informed diagnostic markers. Structural MRI has revealed
anomalies in brain regions including the amygdala, corpus callosum, and cerebellum
in individuals with ASD, while functional MRI has indicated alterations in resting-
state connectivity across the default mode and salience networks [66]. However, these
findings are inconsistent and often vary between studies, partly due to limited sample
sizes, cohort heterogeneity, and inter-site variability.

From a machine learning standpoint, traditional classification methods using
imaging data are limited in their capacity to integrate multi-modal signals and often
fail to account for the networked nature of brain organization. Most approaches
utilize voxel-based or region-based features in isolation, neglecting the interactions
between regions - critical for understanding ASDs complex neural underpinnings.
Additionally, the inherent heterogeneity of ASDspanning genetic, neurobiological,
and phenotypic dimensions - complicates model training and leads to poor

generalization.

Also, traditional approaches do not account for the fusion of information or features
from a multimodal perspective. Thus, there seems to be a gap in information passing



from higher levels of the architecture towards the classification layer. Furthermore,
no reliable transfer learning approach is present, and thus, this domain remains
unexplored.

1.2 Motivation and Research Scopes

The motivation for this research is grounded in the urgent societal and clinical need
for a more reliable, scalable, and objective ASD diagnostic framework. Delayed or
missed diagnoses can result in children not receiving timely interventions,
exacerbating long-term cognitive, educational, and social impairments. Current
reliance on clinical observation and interviews does not scale well across different
regions or populations, particularly in low-resource settings where access to expert

clinicians may be limited.

Neuroimaging offers a pathway to objective diagnostics, but its full potential remains
underutilized due to analytical limitations. There is a need to move beyond static
feature-based representations of brain images and towards models that capture
complex, multi-dimensional interactions. This necessitates a multi-modal fusion
frameworkwhere imaging data, phenotypic metadata, and even genetic profiles can
be jointly considered to reflect the multi-factorial nature of ASD.

Graph neural networks (GNNs), especially GCNs [76], have shown substantial
promise in capturing higher-order relationships in brain networks. By treating each
individual as a node in a graph with associated features (e.g., MRI-based regional
metrics) and connecting them based on phenotypic similarity or connectivity
profiles, GCNs allow for group-level learning while respecting individual-level
variability. This graph-based modeling framework provides a more holistic and
personalized representation of neurobiological data.

The objectives of this research is therefore centered on:

« Building an end-to-end GCN-based framework that integrates structural and
functional MRI data with phenotypic information.1

« Mitigating inter-site variability through domain adaptation and normalization
techniques

« Validating the proposed model using standard dataset(s) to ensure robustness

and generalizability

« Integrate and deploy attention networks to impose importance on parts that are



much more responsible than others

« Apply transfer learning techniques to enable knowledge transfer from

pre-trained model weights

1.3 Research Challenges

The detection and classification of ASD using neuroimaging and machine learning are

fraught with a range of methodological, biological, and computational challenges:

1.

Biological and Clinical Heterogeneity: ASD presents differently across
individuals, with a wide range of cognitive and behavioral profiles. This
heterogeneity is mirrored in neuroimaging findings, where no single
biomarker has achieved clinical utility [19]. Sub-types within ASD may differ
significantly in terms of brain structure, connectivity, and response to
treatment.

Data Quality and Inter-Site Variability: Large-scale datasets like the
Autism Brain Imaging Data Exchange (ABIDE) [44] have been pivotal in ASD
research. However, ABIDEs multi-site nature introduces significant variation
due to differences in scanner types, image resolution, and acquisition
protocols. These factors lead to site-specific biases that challenge model
generalizability.

. Small Sample Sizes and High Dimensionality: Neuroimaging data is

inherently high-dimensional, and often, the number of subjects is much
smaller than the number of features, making models prone to over fitting [67].
This is exacerbated when incorporating multi-modal data, which increases
complexity.

Integration of Multi-modal Data: While the fusion of imaging and
non-imaging data can improve classification performance, integrating these
diverse modalities is complex. Imaging features are continuous and spatial,
while phenotypic data can be categorical or ordinal. Effective fusion strategies
are essential to preserve the integrity of each modalitys contribution.

. Model Interpretability: Deep learning models, including GCNs, are often

criticized for their lack of transparency. Clinical deployment demands not
only accuracy but also interpretability - understanding why a model makes a
specific prediction is critical for trust and adoption in healthcare settings [16].



6. Application of transfer learning: The use of transfer learning to diagnose
brain disorders is still largely unexplored, despite encouraging developments
in addressing data scarcity in medical imaging. The diversity of brain illnesses,
such as Alzheimer’s disease (AD) and autism spectrum disorder, presents a
significant obstacle since, despite having some neuropathological
characteristics in common, they show different connection patterns and
clinical presentations. In order to avoid negative transfer, it is necessary to
carefully align structural and functional representations when transferring
knowledge across such domains. Furthermore, the direct reuse of learnt
features across tasks is made more difficult by the high-dimensionality and
noise inherent in brain network data. The absence of defined standards for
assessing transferability between neuroimaging datasets, such ABIDE and
ADNI [35], is another drawback, especially when taking demographic
diversity and variations in acquisition techniques into account. Therefore,
creating transfer learning frameworks that can preserve task-specific
subtleties, take advantage of shared biomarkers, and choose transferable
components intelligently is still an important and unexplored research area.
Improving the generality, robustness, and interpretability of transferable
models in clinical contexts should be the main goal of future research.

1.4 Research Contribution

This thesis provides a comprehensive and scalable paradigm for ASD diagnosis that
utilizes breakthroughs in graph neural networks and multi-modal data integration.
The key research contributions include:

1. Multi-Modal Graph Construction Framework: An innovative approach to
creating population graphs that integrates imaging data with non-imaging
phenotypic attributes. Graph edges are created using a hybrid similarity
measure that integrates neuroimaging-derived connectivity and
demographic/clinical data.

2. End-to-End GCN Architecture for ASD Classification: Development of an
upgraded GCN model that contains several convolution layers, attention
mechanisms, and residual connections to capture both local and global brain
connectivity patterns. The model is meant to conduct node-level classification
(i.e., ASD vs. TD) with high accuracy and resilience.

3. Application of Graph Attention Networks: Introduction of Graph



Attention Networks, dilated input has enabled the model to capture robust
and multi-faceted features. Techniques graph attention, residual networks and
dilated input features.

4. Application of Transfer Learning in Graph Convolutional Networks: A
new and mainly untapped area of study is the incorporation of transfer
learning into Graph Convolutional Networks (GCNs) for brain network
analysis. Although GCNs have demonstrated impressive ability in
graph-structured data modeling, the lack of labeled medical data sometimes
limits their usefulness, especially in research on neurological disorders. For
the first time, this work shows that transfer learning may be successfully
applied to GCNs in the context of classifying brain disorders, particularly
across related domains like Alzheimer’s disease (AD) and autism spectrum
disorder. Even with minimal training data, the method enhances classification
accuracy and model generalization by transferring learned representations
from a source disorder to a target disease. The outcomes demonstrate notable
gains in accuracy and resilience over conventional GCN models trained from
scratch, and they are empirically confirmed on benchmark datasets (such as
ABIDE I and ADNI). This study offers up new possibilities for utilizing
inter-disease correlations to help clinical diagnosis and neuroimaging-based
biomarker development, while also highlighting the unrealized potential of
merging GCNs with transfer learning.

5. Extensive Evaluation and Benchmarking: Validation of the suggested
approach on large-scale, multi-site datasets such as ABIDE-I. Comparisons are
made with state-of-the-art techniques, focusing on GCN variations.

1.5 Thesis Outline

This document is organized as follows:

Chapter 1 provides an overview of the ASD diagnostic landscape, outlines the
research problems, and summarizes key contributions. Chapter 2 reviews existing
literature on behavioral diagnostic tools, neuroimaging biomarkers, and
computational approaches including machine learning, deep learning, and graph
neural networks. In Chapter 3 a detailed description of the data pre-processing
pipeline, graph construction strategy, and the architecture of the proposed GCN
model is available. Details on feature extraction, graph representation, and training
procedures are provided. Chapter 4 presents the experimental setup, including



datasets, evaluation metrics, and bench-marking results. Performance comparisons
with baseline models and ablation studies are included. Chapter 5 analyzes results
in depth, discusses strengths and limitations of the proposed model, and explores
implications for clinical application. Chapter 6 summarizes findings, discusses
broader impacts, and suggests future research directions such as longitudinal
studies, real-time diagnostics, and integration with genetic data.



Chapter 2

Related Works

The implementation of computer-aided approaches in Autism Spectrum Disorder
diagnosis has altered the landscape of neurodevelopmental assessment by offering
data-driven, objective, and scalable methodologies to augment traditional clinical
examinations. These methods make use of developments in medical imaging,
machine learning, and computational neuroscience to examine intricate patterns in
phenotypic profiles, behavioral data, and neuroimaging (including structural and
functional MRI). At their core, computer-aided diagnostic (CAD) systems strive to
uncover biomarkers and predictive features that can help early and reliable
detection of ASD, an illness noted for its clinical variability and subtle
neurobiological symptoms. Since machine learning, deep learning, and topological
data analysis have been integrated, the field has rapidly advanced, with each
contributing distinct strengths in pattern recognition, spatiotemporal modeling, and
structure discovery. Early implementations concentrated on feature engineering and
statistical modeling. Importantly, these methods provide the ability to shorten
diagnostic delays, enhance decision-making in under-resourced clinical settings, and
promote tailored therapies by quantifying ASD-related neuroanatomical and
functional abnormalities. Notwithstanding persistent obstacles like data variability,
interpretability, and model generalizability, computer-aided methods are paving the
way for a more accurate, repeatable, and biologically informed method of diagnosing
ASD, revolutionizing the way researchers and clinicians think about and identify the

condition.



2.1 Types of ASD

The complex neurodevelopmental disorder known as Autism Spectrum Disorder is
characterized by limited, repetitive patterns of behavior, interests, or activities along
with ongoing challenges with social communication and engagement. ASD has
historically encompassed several subtypes [20], including Pervasive Developmental
Disorder-Not Otherwise Specified (PDD-NOS) [21], Autism Disorder, Asperger’s
Syndrome, and Childhood Disintegrative Disorder. Nevertheless, as there is
increasing agreement that these disorders differ in severity and manifestation but
share fundamental neurobiological and behavioral characteristics, these
subcategories were combined into a single diagnostic entity, Autism Spectrum
Disorder, with the release of the DSM-5 in 2013 [21]. The transition from a category
to a dimensional classification underlines the spectrum character of ASD, where
individuals may vary greatly in cognitive capacity, linguistic competence, sensory
responsiveness, and adaptive functioning. For instance, some individuals with ASD
may be minimally verbal with associated intellectual disability, whereas others may
possess average or above-average intelligence and fluent language, yet demonstrate
substantial challenges in social reciprocity and flexibility [38]. The existence of
discrete neurobiological subtypes within the spectrum may be represented by
variations in brain connectivity, cortical development, or synaptic function,
according to recent attempts at phenotypic clustering and data-driven subtyping,
which are frequently backed by neuroimaging and genetic analyses [30], [36]. The
necessity of stratified models in clinical practice and computational research is
highlighted by this developing understanding, which has significant ramifications
for prognosis, tailored therapies, and biomarker discovery.

2.2 Data Modalities in ASD Detection

Autism Spectrum Disorder detection relies on a variety of neurobiological and
behavioral data modalities that provide complementary insights into the atypical
development associated with the condition. Among these, neuroimaging plays a
pivotal role, with structural magnetic resonance imaging (SMRI) and resting-state
functional MRI being the most extensively used modalities in computational ASD
research. sMRI provides high-resolution anatomical information, enabling analysis
of brain volume, cortical thickness, and surface morphology - measures that have
been associated with neuroanatomical deviations in ASD, particularly in the frontal,
temporal, and cerebellar regions [19]. In contrast, rs-fMRI captures spontaneous



brain activity by measuring blood oxygenation level-dependent (BOLD) signals,
allowing the inference of functional connectivity patterns among brain regions;
disruptions in default mode, salience, and social cognition networks have been
consistently observed in ASD populations [44], [66]. Diffusion tensor imaging (DTI),
although less frequently used, offers insights into white matter integrity and
structural connectivity, and has revealed abnormalities in corpus callosum and
association tracts in individuals with ASD [65]. Beyond neuroimaging, phenotypic
and behavioral data - such as demographic profiles, Autism Diagnostic Observation
Schedule (ADOS) scores, and Social Responsiveness Scale (SRS) scores - are
commonly integrated into machine learning pipelines to enhance classification
performance and enable multi-modal analysis [7]. Recent advances have also seen
the incorporation of electroencephalography (EEG) and eye-tracking data, which
provide temporal precision and behavioral correlates respectively, though their
availability is limited in large-scale public datasets. The Autism Brain Imaging Data
Exchange initiative, especially ABIDE I, has been instrumental in facilitating
multi-modal research by providing harmonized neuroimaging and phenotypic data
across multiple sites [44], allowing researchers to explore modality-specific and
integrative biomarkers. As ASD is inherently multifaceted, the integration of diverse
data modalities holds promise for improving diagnostic precision and uncovering
latent sub-types within the spectrum.

2.3 Dataset

Prominent among these is the Autism Brain Imaging Data Exchange program [44],
which aggregates comprehensive functional and structural brain imaging data
(MRI/fMRI) from individuals with and without ASD across many studies. The
Autism Spectrum Disorder detection dataset [78] comprises video clips of
"reach-to-grasp” behaviors executed by children both with and without ASD. The
DE-ENIGMA [53] dataset provides a comprehensive, multi-modal compilation
(audio, video, depth) of interactions among autistic children, accompanied by expert
annotations for emotional valence, arousal, auditory characteristics, and bodily
movements. The Multi-modal Dyadic Behavior (MMDB) [51] collection comprises
multi-modal recordings (video, audio, physiological) and annotations of social and
communicative behaviors shown by young children during semi-structured play
interactions. The Saliency4ASD dataset [25] offers eye movement data from children
with ASD and normally developing individuals as they see diverse pictures for visual

attention modeling. The Self-stimulatory behavior dataset [26] was assembled from
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public recordings (e.g., YouTube) to classify distinct stereotyped behaviors such as
arm flapping, head pounding, and spinning, documented in natural environments.
Previous studies have utilized subsets of broader human action recognition, facial
expression, and gesture recognition databases when data specific to ASD was scarce.
Among all available datasets, ABIDE remains the most potent and clinically
accurate depiction of the problem domain.

2.4 Classical Machine Learning Approaches

The use of traditional machine learning algorithms in the identification of Autism
Spectrum Disorder has been a pivotal advancement in creating objective,
data-driven diagnostic instruments in neuro-developmental research. Initial studies
concentrated on utilizing structured features obtained from neuroimaging
techniques - specifically functional connectivity matrices from rs-fMRI and
volumetric metrics from structural MRI - to identify distinctive patterns linked to
ASD. Algorithms such as Support Vector Machines (SVM), Random Forests (RF),
and Logistic Regression are extensively utilized for their interpretability,
computational efficiency, and resilience in small to medium-sized datasets [6].
These models enhanced comprehension of discriminative brain regions and
connection abnormalities, notably within fronto-temporal and default mode
networks, which are often associated with ASD. Significantly, conventional machine
learning techniques have permitted researchers to investigate model generalizability
across multi-site datasets, exemplified by the Autism Brain Imaging Data Exchange
(ABIDE 1) dataset. The intrinsic variety of ASD symptoms and site-specific
variability frequently result in low prediction efficacy, underscoring both the
advantages and constraints of traditional machine learning methodologies in
elucidating the intricate neurobiological foundations of ASD. Nevertheless, their
contributions are essential for establishing baselines, guiding feature selection
procedures, and providing interpretable benchmarks for assessing more intricate

models like deep neural networks.

2.4.1 Functional Connectivity with SVM / Ridge / Random

Forest classifier

Multi-subject dictionary learning (MSDL) was employed by Abraham et al. [3] to
derive functional connectivity features, tangentspace embedding, and an
L2-regularized SVM classifier as shown in Figure 2.1. In this work, the researchers
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Figure 2.1: Functional MRI analysis pipeline [3]

highlight that SVM yields sensitivity/specificity ~ 70-75% but performance declines
with larger, heterogeneous ABIDE samples. Achieved ~ 67% accuracy across =
1,000 subjects using multi-site ABIDE I and II datasets.

2.4.2 Structural MRI with Feature Engineering

One major study on structural MRI pre-processing using segmented gray matter area
of the brain [52] was reported to use a high-dimensional normalization method
known as DARTEL [5]. The images were modulated using the non-linear
component during normalization. Furthermore, several studies [45] examining
volumetric measures across ABIDE I highlight group differences and pre-processing
considerations [52], although classification accuracy using SVM or RF tends to
remain modest (~ 65-70%).

2.5 Topological Data Analysis (TDA) Hybrid
Approaches

A new approach to the identification of Autism Spectrum Disorder is provided by
Topological Data Analysis (TDA) [43], a potent mathematical framework that has
recently come to light for revealing hidden geometric and topological features in
high-dimensional data. In contrast to traditional approaches that depend primarily
on statistical or spatial correlations, TDA focuses on the structure of data - capturing
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aspects such as connectedness, loops, and voids that persist across various scales.
TDA allows for the derivation of persistent topological fingerprints that may
represent underlying changes in the architecture of the brain networks linked to
ASD when combined with neuroimaging data, particularly resting-state fMRI and
structural MRI. Even in situations where traditional techniques are insufficient,
hybrid models that combine TDA-derived features (such as persistence diagrams,
persistence images, and bar-codes) with traditional machine learning algorithms
like support vector machines or random forests have shown promise in
distinguishing people with ASD from those who are typically developing. These
techniques offer resistance to noise and inter-site heterogeneity, making them
particularly suited for evaluating diverse datasets like ABIDE I. Moreover, TDA
provides interpretable summaries of data complexity and connectivity [77],
potentially revealing higher-order organizational disruptions in ASD that are not
captured by purely statistical models. Although it is still in its infancy, the
incorporation of TDA into the pipeline for detecting ASD has the potential to
improve biomarker identification and deepen our comprehension of
neuro-developmental disorders from a primarily geometric perspective.
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Figure 2.2: Neural Network combining topological features and correlation [50]
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2.5.1 Topological Persistence Features with ML Classifier

A study by Rathore et. al [50] combined persistent homology features - persistence
diagrams, landscapes, and persistence images - with functional correlation matrices
via SVM, random forest, and small neural networks. The proposed architecture is
depicted using Figure 2.2. In this work, the authors achieved ~69.2% accuracy, only
a modest improvement over correlations alone. The reported results were not always
statistically significant.

2.6 Deep Learning Based systems

Deep learning (DL) has emerged as a revolutionary method for detecting Autism
Spectrum Disorder, providing unparalleled ability to model the intricate,
high-dimensional, and nonlinear patterns seen in neuroimaging data [72]. In
contrast to traditional machine learning techniques that depend on manually crafted
features and domain-specific pre-processing, deep learning models like
convolutional neural networks (CNNs), recurrent neural networks (RNNSs),
autoencoders, and graph neural networks (GNNs) [70] can autonomously derive
hierarchical feature representations from raw or minimally processed data. This is
particularly helpful in ASD research, where impairments in brain structure and
function may be subtle, regionally diffuse, and temporally dynamic. Leveraging
large-scale, multi-site datasets like ABIDE I, DL models have exhibited promising
classification performance by learning from spatial patterns in structural MRI [63]
and temporal dynamics in resting-state fMRI [11]. Moreover, recent advancements
in hybrid architectures - combining CNNs with long short-term memory (LSTM)
networks [62] or attention mechanisms [56] - have enabled deeper exploration of
spatiotemporal dependencies relevant to ASD. While challenges such as data
scarcity, inter-site variability, and lack of interpretability remain, deep learning
continues to push the boundaries of ASD detection by uncovering latent
neurobiological features that may elude traditional analytical methods. As such,
DL-based techniques are not only boosting diagnosis accuracy but are also giving

new possibilities for uncovering clinically meaningful biomarkers.

2.6.1 Autoencoders

One of the first and most notable works in the field of ASD detection was proposed
by Heinsfeld et al. [29], where they utilized deep neural networks combining stacked
denoising autoencoders and a fully connected network (FCN) on fMRI data from the
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Figure 2.3: Representing of the data classification pipeline using Autoencoder and
FCNs [49]

ABIDE dataset, achieving a 70% classification accuracy. Later, building on this, Raki¢
et al. [49] employed an autoencoder followed by a fully connected network (AE-FCN)
along with Ensembles of Multiple Models and Architectures (EMMA), incorporating
both functional MRI (fMRI) and structural MRI data as shown in Figure 2.3 to reach

a considerable accuracy.
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Figure 2.4: The structure of Edge variational GCN [31]

2.6.2 GCN

A graph convolutional neural network (GCN) was first introduced by Parisot et
al. [47] that integrates phenotypic information, obtaining a best accuracy of 70.4% on
ABIDE fMRI data. Building on the GCN, Huang et al. [31] proposed an
edge-variational graph convolutional neural network (EV-GCN), as shown in
Figure 2.4, which reportedly achieved 81% classification accuracy. Furthermore,
Dong et. al. implemented GCN and Ensemble GCN [15] on the ABIDE I dataset,
obtaining 68.6% and 71.3% accuracy, respectively. Song et. al. [59] introduced
multi-modal GCN (MMGCN). Here, the authors used a weight-learning network
and pairwise associations, deploying multimodal data from the ABIDE I dataset and
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obtained an accuracy of 72.37%. A weight-learning deep GCN, as proposed by Wang
et. al [69], deployed pairwise associations of non-imaging data into the already
existing DeepGCN classification model. The authors achieved an accuracy of 77.27%
on a partial testing dataset. Later, Rajaprakash et. al. used the Fuzzy MSE-GCN [48]
framework for ASD detection that integrates imaging and non-imaging phenotypic
data into a population graph. It uses a fuzzy inference system to calculate graph edge
weights based on phenotypic similarity and processes the graph using a multiscale
enhanced graph convolutional network (MSE-GCN) with a random walk method.
This approach achieved an accuracy of 87% on the ABIDE dataset.
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Figure 2.5: Weight Learning DeepGCN architecture [59]

2.6.3 Domain Adaptation

The first use of structural MRI FreeSurfer [22] features across ABIDE I multi-site
data were harmonized by Saponaro et. al [54]. After that, Random Forest
classification was used as the classifier layer, which improved AUC from =0.58
before to ~0.67 after harmonization. Agestratified results ranged =0.620.69.
Building on these ideas, Campo et. al. [10] applied adversarial learning to
harmonize crosssite functional connectivity features, improving crosssite
generalizability on ABIDE I and II datasets in classification tasks.

Local Global Multimodal Domain Adaptation (LGMDA) paired with Sparse
Adaptive Prior Coupled Dictionary Learning (SACDL) framework [74]| employs
LGMDA to perform multi-source domain adaptation and SACDL for sparse-adaptive
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coupled dictionary learning to fuse sMRI (regional morphology) and fMRI
(functional connectivity) features. The approach enhances ASD classification

performance on the ABIDE dataset, achieving an accuracy of 75.32%.
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Figure 2.6: The 3DCNN architecture for 3D fMRI ASD classification [34]

2.6.4 Convolutional Neural Network Based Systems

One of the first works based on the application of CNNs in ASD detection was
proposed by Khosla et al. [34], and they used volumetric 3DCNNs as shown in
Figure 2.6 that operate on fullresolution 3D fMRI volumes rather than ROI
summaries. The model was trained on N > 2000 ABIDE samples. Later on, Abbas et
al. deployed DeepMNF [1], a multi-modal CNN on the ABIDE I dataset, and
obtained an accuracy of 75.14% on a partial testing set. The authors utilized both
sMRI and fMRI data available from the dataset. Saponaro et al. utilized a
multi-modal deep learning model employing a joint fusion approach [55] that was
developed by integrating harmonized structural and functional MRI data. Feature
representations were learned by feature-reduction neural networks for each
modality and combined by a classification neural network, with prediction loss
back-propagated to enhance feature learning. This approach achieved an accuracy of
85% +0.12 and AUC of 0.78 +0.04 on a partial testing dataset, and is highlighted as
the first study to utilize a joint fusion approach.

2.6.5 FCN and ViT based Systems

Building on previous ideas, Jain et. al [32] alleged use of DenseNet201 and
MobileNetV2 CNNs trained on functional connectivity heat-maps stratified by age
groups (6-11, 11-18, 6-18 years). The best accuracy in this work achieved was %72.2%
for the youngest group.
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Figure 2.7: TinyViT for ASD classification [24]

Much later, Gupta et al. [24] deployed TinyViT as present in 2.7 to exploit the
generalizability of transfer learning using a student-teacher network on the ABIDE I
dataset. The authors achieved an accuracy of 76.62% on a partial testing dataset. Du
et al. [17] deployed a fully connected network (FCN) based system as the
preliminary classifier to achieve an accuracy of 68.98% on the testing dataset.

2.6.6 SpatioTemporal Models: CNN paired with LSTM

A hybrid 3DCNN along with a 3DConvLSTM architecture to model 4D spatiotemporal
fMRI data was introduced by ElGazzar et al. [23]. Evaluated on singlesite ABIDE I
(NYU, UM subsets), achieving F1 scores of ~0.78 and ~0.70, respectively.

2.6.7 Other Deep Architectures: RNN, Autoencoders, GAN

augmentation

Building on existing ideas of application of deep learning in ASD detection, Bayram
et al. [8] applied RNNLSTM to ROI timeseries on ABIDE I (403 ASD, 468 HC),
obtainingx74.7% accuracy and ~72.9% sensitivity. Later, Almughim et al. [4] used a
stacked autoencoder (SAE) on ABIDE I (505 ASD, 530 HC), reaching =~70.8%
accuracy and ~62.2% sensitivity. Shrivastava et al. [58] used a classic CNN on
rs-fMRI  ROI-based connectivity, yielding ~82.7%  accuracy, ~88%
sensitivity/specificity on ABIDE I (505 ASD, 530 HC).

2.6.8 Reinforcement Learning Classifier

Exploring recent reinforcement learning techniques, Stember et al. [60] proposed a
deep reinforcement learning (DRL) approach trained on graphlabel pairs (functional
connectivity) from ABIDE I. DRL outperformed supervised deep models significantly,
with F1 score ~76 vs 67 for standard DL.
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2.6.9 Generative Adversarial Networks for Data Augmentation

Later a method using GANs was used by Khan et al. [33] to synthesize additional
fMRI data per site (augmenting each to 100 ASD/100 TD), then a parallel CNN + GAN
classification pipeline. Applied to ABIDE I, claimed increased robustness across 16
sites (/3200 total after augmentation).

2.7 Transfer Learning Based Approach

TE-HI-GCN was presented by Li et al. [35], a novel framework that uses functional
brain networks derived from fMRI to investigate transfer learning inside GCNs for
the diagnosis of brain disorders. This groundbreaking work represents a major
advancement in the field of neuro-informatics by applying transfer learning to GCNs
across two related but different neurological conditions: Alzheimer’s disease (AD)
and Autism Spectrum Disorder.

In order to ensure that only significant topological information is transferred and to
prevent negative transfer, the transfer learning is meticulously carried out at various
graph sparsity levels. According to experiments, the transfer strategy increases
classification accuracy, which is crucial for medical applications, particularly in

low-data regimes.

The authors achieved an accuracy of 58.30% and an AUC of 0.57 on the ABIDE I
dataset.

2.8 Recent Advances in Chebyshev-based Spectral
GNNs

Recent advances show that Chebyshev polynomial filters remain central in spectral
graph neural networks (GNNs). ChebNet [14] introduced truncated Chebyshev
expansions to approximate Laplacian spectral filters efficiently, later simplified to
first-order GCNs. However, instability from unconstrained coefficients limited
performance. ChebNetII [28] addressed this by reformulating coefficient learning
via interpolation, achieving scalability to billion-edge graphs and renewed
state-of-the-art results. In parallel, newer variants adopt alternative polynomial
basessuch as Bernstein polynomials [27] to improve stability, capture mid and
high-frequency information, and adapt to heterophilous graphs [73].

These stabilized spectral GNNs are now applied widely: in spatio-temporal
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forecasting (e.g., STGCN and successors for traffic), neuroscience (EEG/fMRI graph
decoding), molecular property prediction, and physics/point-cloud modeling. Across
domains, the key theme is that basis choice and coefficient constraints govern
stability and expressivity. Consequently, modern architectures frequently pair
Chebyshev-style spectral filters with temporal modules, attention, or hierarchical
pooling, confirming their versatility for both homophilous and heterophilous
settings.

2.9 Summary

The detection of Autism Spectrum Disorder has evolved significantly through the
integration of diverse computational approaches, ranging from classical machine
learning to advanced deep learning and hybrid techniques. Traditional models such
as support vector machines and random forests have offered foundational insights
but often suffer from limited generalizability due to their reliance on handcrafted
features. Topological Data Analysis has introduced a geometric perspective by
capturing persistent structural patterns, offering marginal yet interpretable
improvements. Deep learning methods, particularly autoencoders, 3D convolutional
neural networks, and graph convolutional networks, have demonstrated superior
performance by learning hierarchical representations from neuroimaging and
phenotypic data. Among these, multi-modal GCNs and ensemble CNNs consistently
outperform others in classification accuracy, especially when trained on
harmonized, multi-site datasets. Domain adaptation techniques further enhance
generalization by addressing inter-site variability, while spatiotemporal models
capture dynamic brain activity patterns more effectively. The incorporation of
attention mechanisms and transformer-based architectures reflects a shift toward
more expressive models capable of handling complex data structures. Additionally,
generative models such as GANs have been employed for data augmentation,
mitigating class imbalance, and improving model robustness. Collectively, these
advancements underscore a growing emphasis on multimodal integration,
scalability, and interpretability in the pursuit of reliable computer-aided ASD
diagnostics.
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Chapter 3
Proposed Approach

For this study, a multi-modal neural Graph Convolutional Neural network
architecture, along with transfer-learning based approach has been adopted for
classification tasks, specifically tailored to integrate different types of brain imaging
and phenotypic data. The architecture employs graph convolutional layers alongside
an attention mechanism to leverage both feature information and graph structural
relationships. The experimentation also utilizes the transfer learning approach to
transfer knowledge from a pre-trained model. The complete pipeline of the proposed

model is illustrated in Figure 3.1.

3.1 Research Methodology

In this research, we want to explore the capabilities of graph-based deep learning
methods for ASD classification. In order to do that, we need to represent the
multi-modal data using population graphs. We also want to explore the application
of a transfer learning approach along with a GCN to further enhance the learning
process. The overall methodology can be visualized in 3.1. Finally, we also like to
deploy specialized methods of deep learning techniques to ensure proper

generalization in the problem domain. The overall process is as follows:
« Data Acquisition
- Feature Engineering
- Feature Extraction
« Proposed model

— Multi-Branch GCN architecture
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Figure 3.1: Overview of the research methodology

- Transfer Learning Based Multi-Branch GCN architecture
« Model Training

- Hyper-parameter tuning

- Validation evaluation
+ Evaluation

- Accuracy

- Area Under Curve (AUC)

3.2 Dataset Acquisition

The ABIDE dataset is a significant, open-access neuroimaging collection aimed at
enhancing the comprehension of Autism Spectrum Disorder by extensive brain
imaging analysis. It contains data from over 1,100 individuals, including both ASD
cases and normally developing controls, gathered across 20+ international sites. The
dataset comprises resting-state functional MRI and structural MRI images, plus
phenotypic information such as age, sex, 1Q, and diagnostic scores (e.g., ADOS,
ADI-R). ABIDE provides cross-site harmonization and is frequently used for deep
learning-based categorization, brain connection studies, and functional network
modeling. The dataset is separated into ABIDE I and ABIDE II, with ABIDE II

enhancing subject variety and improving phenotypic coverage.
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Table 3.1: Sample Distribution in ABIDE I Dataset

Site Total | ASD | TD
NYU 184 79 | 105
UCLA 111 52 59
KKI 109 52 57
OHSU 104 52 52
Michigan 79 36 | 43
Trinity 75 23 52
Pitt 61 29 32
Yale 56 28 28
Caltech 21 10 11

Leuven_1 27 15 12
Leuven_2 27 14 13
MaxMun 26 14 12

SDSU 28 14 14
Stanford 35 19 16
USM 75 58 17
CMU 23 13 10
Brown 25 10 15
Total 1,112 | 539 | 573

3.2.1 Preprocessed Connectome Project

To ease repeatable and uniform analysis of ABIDE data, the Preprocessed
Connectome Project (PCP) [9] offers a collection of preprocessed rs-fMRI datasets
utilizing many common workflows. These include C-PAC, NIAK, AFNI, and FSL,
delivering outputs such as functional connectivity matrices, parcellated time series,
and voxel-wise characteristics. The initiative provides uniformity in preprocessing
steps like motion correction, spatial normalization, nuisance regression, and
smoothing, making the ABIDE dataset more accessible to researchers unfamiliar
with raw neuroimaging data. The PCP effort has dramatically advanced ASD
research by enabling plug-and-play usage of ABIDE for deep learning, machine
learning, and statistical modeling.

3.2.2 Dataset Description

The ABIDE I dataset comprises a total of 1,112 subjects, including 539 individuals
diagnosed with Autism Spectrum Disorder and 573 typically developing controls,
collected from 20 international sites as shown in Table 3.1. Participants range in age
from 6 to 64 years, with a mean age of approximately 17.4 years. The dataset exhibits
a strong male predominance, with about 88% male and 12% female subjects. ABIDE
I provides two primary neuroimaging modalities: resting-state functional MRI and
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high-resolution T1-weighted structural MRI. To facilitate reproducible and
standardized analyses, preprocessed versions of the dataset are made available
through the Preprocessed Connectome Project (PCP), using pipelines such as
C-PAC, NIAK, and others.

3.3 Data Preprocessing

A critical instrument for the preliminary preprocessing of resting-state functional
magnetic resonance imaging (rs-fMRI) data is the Configurable Pipeline for the
Analysis of Connectomes (CPAC). The CPAC was specifically applied to the ABIDE-I
dataset in the context of this study. In order to guarantee the data’s comparability
and integrity, the pipeline includes critical procedures such as spatial normalization,
artifact elimination, and motion correction. Its primary function is to effectively
standardize the data and resolve challenges associated with inter-site variability
prior to the execution of subsequent high-level computational analyses. After
processing with CPAC, the study encountered issues with missing time series data,
which required the removal of incomplete data to maintain quality. This resulted in
a final ABIDE-I dataset of 408 Autism Spectrum Disorder patients and 468 healthy
control (HC) individuals, despite its utility.

1. Feature Extraction
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Figure 3.2: Feature extraction process for the proposed pipeline

3.4 Chebyshev Spectral Graph Convolution

The Chebyshev Spectral Graph Convolution layer [14], a fundamental element of the
proposed graph Convolutional Neural Network (CNN) framework, makes substantial
contributions to the generalization of CNNs to irregular domains such as graphs. One
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of its primary contributions is the provision of filters that are rigorously localized. This
means that the influence of a filter at a central vertex is limited to a disk of radius K
hops, a property that is not inherent in non-parametric spectral filters. In order to
accomplish this localization, the filter as shown in Figure 3.3 is parametrized by a
polynomial of order K-1 using the Chebyshev expansion, where K denotes the filter’s
support size.

By = hy + hpeW

hne = > (2, hs, ha, hs)

K=1

Figure 3.3: Chebyshev Spectral Graph Convolution Network with K = 1
configuration

This polynomial parametrization also resolves critical limitations of non-parametric
filters, which are not localized and have a learning complexity of O(n), where n is
the data dimensionality. In contrast, the Chebyshev-based filter obtains a learning
complexity of O(K), akin to classical CNNs. Furthermore, the Chebyshev expansion
enables a recursive formulation for rapid filtering, transforming the filtering operation
from a costly O(n?) process (due to multiplication with the graph Fourier basis) to
an efficient O(K|E|) operation, where |E| is the number of edges. This method also
avoids the computationally costly eigenvalue decomposition (EVD) and the need to

store the Fourier basis, which is memory-intensive, particularly for GPUs.

The feature is computed using:

K
X' =>2Z0.0® (3.1)
k=1

where Z® is computed recursively by:

zW =X
Z® =1.X (3.2)
70 =2 .1,. 70D _ 7zk=-2)

25



2L _1

and L denotes the scaled and normalized Laplacian

max

3.5 Graph Attention Networks

The Graph Attention Network [68] offers a novel neural network architecture for
graph-structured data by employing masked self-attentional layers, directly
addressing the drawbacks of earlier methods that depended on graph convolutions
or their approximations. As illustrated in Figure 3.4, one of its main characteristics is
that it enables nodes to implicitly assign different weights to nodes in their
neighborhood without the need for costly matrix operations like inversion or
previous knowledge of the network topology. This is achieved by the employment of
a graph attentional layer, where each node i and its neighbors j € N, undergo a
common linear modification (parameterized by weight matrix W) before their

characteristics are examined. Attention coefficients e;;, which are determined using

j»
a shared attentional process a, then show how important node j’s attributes are to
node i. By normalizing these coefficients using a softmax function over the
neighborhood of node i, «;; is obtained, which is the new feature representation for
node i. The transformed neighbor characteristics are then linearly combined using
these coefficients as weights. To increase stability and expressive ability, GATSs
employ multi-head attention, in which numerous distinct attention processes

compute characteristics that are then averaged or concatenated.

It is computed as

X: = Z ai’jGth, (3.3)
JeEN (Ui}

where the attention coefficients o; ; are computed as

exp (LeakyReLU (a] ©,x; + a2,/ ©,x;))

3.4
exp (LeakyReLU (a, ©,x; + a2, ©,x;)) (3.4)

ai,j =
ZkeN (Ui}

3.6 Transfer Learning

A transfer learning based approach uses a model created for one task as the starting
point for a model on another related task, the target task [71]. Transfer learning
enables the knowledge stored in a pre-trained model to be utilized and optimized for
the target domain, as opposed to training a model from scratch, which often requires
substantial volumes of labeled data and computational resources. Formally, transfer
learning seeks to enhance the learning of the target predictive function f;(-) in Dy
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Figure 3.4: An illustration of multi-head attention (with K = 3 heads) by node 1 on
its neighborhood

using the knowledge from Dy and T, where Dy # Dy or Tg # T [46]. Reusing the
learnt parameters (such as convolutional filters or feature extractors) from the
source model and modifying them for the new task by freezing, partially freezing, or
fine-tuning the layers is the most popular method. This procedure is particularly
helpful in fields with a lack of labeled data [64]. Figure 3.5 illustrates the complete

procedure used in this operation.

3.7 Enhanced GCN Model Architecture

The illustrated model architecture represents a multi-branch Graph Convolutional
Network specifically designed for the binary classification of Autism Spectrum
Disorder and Typically Developing individuals. @ The model is built upon a
graph-based learning paradigm, integrating multimodal brain imaging and
phenotypic data, and employs both spectral graph convolution operations and graph
attention mechanisms to effectively learn from relational and feature-specific
representations.
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Figure 3.5: Demonstration of transfer learning where the pre-trained model acts as
the basis of knowledge transfer for the custom model

3.7.1 Input Modality

At the input stage, the architecture accepts three distinct data modalities collected
from a cohort of 870 subjects. These include functional MRI (fMRI) data with a
dimensionality of 870 X 4000, structural MRI features with dimensions of
870 x 1200, and phenotypic data consisting of six features (age, gender, FIQ, NUM,
PEC, and RAT) for each subject, yielding a total of 870 X 6. Each modality is
processed independently through its respective branch, reflecting the modular and
scalable design of the network that allows each type of data to undergo specialized

2. Proposed Model
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Figure 3.6: Proposed model for the ASD classification task

28



graph convolutional transformations.

3.7.2 Branched Graph Convolution

Within each branch, the architecture utilizes graph connectivity information
encoded via an EDGE INDEX and EDGENET INPUT, the latter consisting of 60, 876
pairwise connections between subjects. Prior to feature processing, the EDGENET
INPUT is dimensionally aligned using a Squeeze operation. Subsequently, each
modality-specific branch employs two successive Chebyshev Graph Convolutional
layers (ChebConv), which are spectral convolution operations that leverage
Chebyshev polynomials to approximate graph Fourier filters. The first ChebConv
layer transforms the input into a 32-dimensional feature space for each subject (i.e.,
870 x 32), followed by a ReLU non-linearity. A second ChebConv layer further
processes the output, again followed by ReLU activation. Notably, residual
connections are integrated by summing the outputs of the two convolutional stages,
which facilitates gradient flow and stabilizes training, particularly in deeper
architectures.

3.7.3 Branch Concatenation

Upon completion of individual processing in each branch, the resulting feature
representations (each of dimension 870 X 32) are concatenated along the feature
dimension to yield a unified embedding of size 870 x 96. This concatenated
multi-modal representation is subsequently normalized using Batch Normalization
(BatchNorm), a standard practice to accelerate convergence and maintain stable
distributions of activations. = A Dropout layer follows, which serves as a
regularization mechanism by randomly zeroing a fraction of the feature activations
during training, thereby reducing the risk of overfitting.

3.7.4 Graph Attention

The architecture then applies a Graph Attention Convolution (GATConv) layer to
the fused representation. GATConv introduces an attention mechanism that enables
the model to assign varying degrees of importance to neighboring nodes in the
graph, thereby selectively aggregating the most informative features from connected
subjects. The output of the attention layer retains the dimensionality of 870 X 96 and
is combined with its input through a residual connection, further enhancing model

robustness and expressiveness.
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In the final stage of the network, the attention-refined features are passed through an
additional ChebConv layer that reduces the dimensionality from 96 to 2, aligning with
the binary nature of the classification task. The network then applies a LogSoftmax
activation function, converting the final feature representation into log-probabilities
corresponding to the two output classes: ASD and TD.

3.7.5 Final Output

The final output of the model is a matrix of shape 870 X 2, where each row
corresponds to a subject and contains the log-probabilities of that subject being
classified as either ASD or TD. This architecture effectively combines
modality-specific graph convolutional learning with attention-based feature
refinement, allowing it to capture complex interactions across heterogeneous
neuroimaging and demographic data. Its design underscores the strengths of
graph-based deep learning in modeling relational data structures inherent in
population-based neurological studies.

3. Transfer Learning based Modelling
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Figure 3.8: Transfer learning based approach for the proposed methodology

3.7.6 Transfer Learning based GCN architecture

To enable transfer learning on the existing multi-branched GCN, a transfer learning
approach was undertaken by appending a separate branch to the main proposed
architecture. The architecture illustrated in Figure 3.9 embodies a transfer learning
framework that integrates multimodal neuroimaging and phenotypic data through
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graph-based convolutional processing. This model utilizes a combination of feature
extractors, specifically Chebyshev convolutional layers (ChevConv), to process
functional MRI (fMRI), structural MRI (sMRI), and phenotypic data streams. Each
modality is independently subjected to a graph representation defined by a shared
edge index input, denoted as ENI and EI, followed by sequential convolution and
non-linear activation layers. After two stages of graph convolutional transformation
with ReLU activations, the resulting features from each stream are concatenated and
passed through a shared normalization and regularization pathway involving Batch
Normalization and Dropout layers. A Graph Attention Convolutional Layer
(GATConv) is then employed to enhance discriminative representation by adaptively
weighting the contributions of neighboring nodes. The final layer of the network is a
task-specific ChevConv block, followed by a LogSoftMax activation to produce class
probabilities for the target classification task (Autism Spectrum Disorder vs.
Typically Developing. The lower pathway in the model represents a transfer learning
stream that accepts pre-processed multimodal features, which are passed through a
shallow ChevConv stack and subsequently merged with the main architecture. The
complete parameter list is available in Table 3.2. This design enables the reuse of
knowledge from previously trained modalities or tasks, effectively enhancing
generalization and robustness in low-data regimes typical in neuroimaging-based
clinical classification.

Table 3.2: Architecture and parameter breakdown of the Enhanced GCN with
Transfer-learning based approach model.

Layer Input Shape Output Shape #Param
EnhancedGCN [870, 5206], [2, 60876], [60876], [870, 5206] | [870, 2] 1,388,194
(branchl_convl)ChebConv | [870, 5000], [2, 60876], [60876] [870, 32] 320,032
(branchl_conv2)ChebConv | [870, 32], [2, 60876], [60876] [870, 32] 5,152
(branch2_conv1)ChebConv [870, 994], [2, 60876], [60876] [870, 32] 63,648
(branch2_conv2)ChebConv | [870, 32], [2, 60876], [60876] [870, 32] 5,152
(branch3_conv1)ChebConv [870, 6], [2, 60876], [60876] [870, 32] 416
(branch3_conv2)ChebConv | [870, 32], [2, 60876], [60876] [870, 32] 5,152
(gen_branch)GCNBranch [870, 5206], [2, 60876], [60876] [870, 32] 970,336

(conv1)ChebConv | [870, 5206], [2, 60876], [60876] (870, 32] 960,032

(conv2)ChebConv [870, 32], [2, 60876], [60876] [870, 32] 5,152

(conv3)ChebConv | [870, 32], [2, 60876], [60876] (870, 32] 5,152

(relu)ReLU [870, 32] [870, 32] -

(dropout)Dropout [870, 32] [870, 32] -
(att)GATConv [870, 128], [2, 60876] (870, 128] 16,768
(conv_final)ChebConv [870, 128], [2, 60876], [60876] [870, 2] 1,282
(relu)ReLU [870, 32] (870, 32] -
(dropout)Dropout [870, 128] [870, 128] -
(batch_norm)BatchNorm1d | [870, 128] [870, 128] 256
(softmax)LogSoftmax [870, 2] [870, 2] -
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3.8 Training, Testing, and Validation

To achieve a reliable and unbiased estimation of the models predictive performance,
a stratified 5-fold cross-validation procedure was implemented. In this approach, the
dataset was partitioned into five mutually exclusive and approximately equal-sized
subsets, ensuring that the class distribution within each subset was consistent with
the overall dataset distribution.

Training, Testing and Validation
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Figure 3.10: Training, testing and validation phase of the proposed enhanced GCN
pipeline

For each fold, the subset was designated as the validation set, while the remaining
four subsets were combined to form the training set. The model was trained on and
subsequently evaluated on. This process was repeated iteratively such that each subset

served as the validation set exactly once.

This averaging process mitigates the impact of variance introduced by any particular
train-validation split and provides a more stable and generalizable performance
estimate. By employing stratification, the method also ensured that class imbalance
did not introduce bias into the validation process, thereby maintaining the integrity
of the model evaluation.

Following the footsteps of previous influential works in the domain, there was no
separate testing set designated for the experimentation. Rather, the training phase
was incorporated such that, for each fold of the cross-validation step, one fold was
kept as the testing fold, and the rest four were used as the training folds. In order to
keep the samples distributed, a stratified cross-validation was employed.
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Chapter 4
Experimental Design

The experimental framework is designed to evaluate the proposed enhanced GCN
architecture for classifying Autism Spectrum Disorder using neuroimaging and
phenotypic data. The study is conducted using data from the ABIDE I dataset, which
includes resting-state functional MRI (fMRI), structural MRI (sMRI), and six types
of phenotypic information. The pipeline comprises several interconnected stages
including data preprocessing, feature extraction, population graph construction,
model training with cross-validation, and ensemble learning via max voting.

4.1 Feature Extraction

The fMRI features are extracted from subject-specific connectivity matrices derived
from the CC200 atlas. For each subject, the upper triangular portion of the
connectivity matrix (excluding the diagonal) is flattened into a one-dimensional
vector, resulting in 19,900 features when using the CC200 atlas. These features are
scaled using the RobustScaler to mitigate the effects of outliers. The sMRI features
are generated using FreeSurfer-derived statistical outputs across three categories:
cortical thickness from the Desikan-Killiany atlas, volumetric information from the
ASeg atlas, and white matter parcellations from the WMPARC atlas. Each of these
sources provides hundreds of features-612 from Desikan-Killiany, 315 from aseg, and
490 from wmparc-yielding a combined sMRI feature dimension of 1,417. These
features are normalized using the StandardScaler to ensure zero-mean, unit-variance

scaling across features.

Phenotypic data consist of six variables: age, gender, full-scale 1Q (FIQ), numerical
reasoning (NUM), perceptual reasoning (PEC), and reaction time (RAT). Missing
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values for FIQ are replaced with a default of 108, and all features except gender and
RAT are standardized.

4.2 Graph Building

Graph-based learning is facilitated by constructing a population graph, where nodes
represent subjects and edges indicate similarity based on site membership. The graph
is encoded as an adjacency matrix, which is further transformed into ‘edge_index"
and ‘edgenet_input‘ tensors for use within the PyTorch Geometric framework. Only
edges with a similarity score exceeding a threshold of 0.99 are retained to ensure strong
relational ties.

4.3 Feature Selection

Feature selection is conducted independently for fMRI and sMRI data using the
‘SelectKBest* method based on the ANOVA F-statistic. This process is performed
separately for each fold in the cross-validation scheme to prevent data leakage. A
five-fold stratified cross-validation is employed, with stratification based on both
diagnosis and acquisition site to ensure balanced data splits across folds. For each
fold, training, validation, and test indices are maintained separately, and the test sets
are non-overlapping with training sets from other folds. The final input vector per
subject includes 4,000 selected fMRI features, 1,200 selected sMRI features, and 6

phenotypic features, amounting to a total of 5,206 dimensions.

The GCN model architecture includes three modality-specific branches with
Chebyshev Spectral Convolutional layers (ChebConv) for each input type: fMRI
(870 x 4000), sMRI (870 x 1200), and phenotypic (870 X 6). Each branch uses two
ChebConv layers with residual connections. The outputs are concatenated and
passed through batch normalization and dropout layers before being processed by a
Graph Attention Network layer. A final ChebConv layer maps the 96-dimensional
combined feature space to a 2-dimensional output, followed by a LogSoftmax
activation to produce log-probabilities.

4.4 Chebyshev Convolution Order Configuration

In the proposed GCN architecture, the choice of polynomial orders K; = 2 and
K, = 5 is motivated by the need to balance local feature extraction with broader
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structural awareness of the graph. Within Chebyshev spectral convolution, the
parameter K determines the size of the receptive field, thereby controlling the extent
to which node representations are influenced by their neighbors. A smaller order, as
employed in the first convolutional layer with K; = 2, restricts the operation to
two-hop neighborhoods. This design encourages the preservation of local structural
patterns and reduces the risk of oversmoothing in the initial stages of feature
transformation. In contrast, the second convolutional layer is configured with a
larger order, K, = 5, enabling the model to integrate information from up to five-hop
neighborhoods. This broader receptive field facilitates the capture of higher-order
dependencies and more global contextual information across the graph. By
combining these two configurations, the model benefits from a multi-scale
representation, in which local details are preserved while complementary global
features are progressively incorporated. Such a branched design enhances the
expressive power of the network and contributes to more robust representation
learning.

4.5 Graph Attention Layer

In the multi-branch graph convolutional network, a GATConv layer with three
attention heads was employed to adaptively weight neighborhood contributions,
allowing the model to emphasize informative connections while suppressing noise.
The use of multiple heads enables the network to capture diverse relational patterns,
stabilizes learning, and enhances generalization. This design ensures more robust
and discriminative feature extraction across branches, which is particularly valuable
for complex tasks.

4.6 Experimental Design

To comprehensively evaluate the proposed framework for Autism Spectrum Disorder
classification using the ABIDE I dataset, two primary experimental strategies were
adopted.

4.6.1 Modality-Specific Experiment

This set of experiments aimed to assess the contribution of individual modality
combinations to the overall classification performance. Specifically, pairwise

combinations of the available modalitiesresting-state functional MRI (fMRI),
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structural MRI (sMRI), and phenotypic (Phe) datawere evaluated. The rationale for
this approach was to determine whether the integration of all modalities provides a
significant advantage over using only subsets of the data. By comparing the
classification results across different pairwise configurations, the necessity and

effectiveness of incorporating all available modalities were quantitatively justified.

4.6.2 Architecture-Specific Experiment

To investigate the influence of architectural choices on model performance,
experiments were conducted using the proposed Enhanced Graph Convolutional
Network under different configurations. First, the baseline Enhanced GCN was
evaluated without the incorporation of Graph Attention Networks. Subsequently,
the Enhanced GCN was augmented with GAT layers to exploit node-level attention
mechanisms for improved feature aggregation. Additionally, hyperparameter tuning
was performed to optimize learning rates, weight decay, dropout rates, and hidden
layer dimensions. This design allowed for a systematic comparison of architectural
variants and parameter settings, ensuring that performance improvements could be

attributed to the architectural enhancements rather than incidental factors.

4.7 Hardware and Software requirements

The experiment was conducted using Google Colaboratory. A tesla T4 GPU was
employed to carry out computations in the GPU of the virtual machine. The
experiment required =~ 4 GB of RAM and =~ 8 GB of GPU to execute the tasks. The
total runtime for each fold of the training phase was around 10 minutes, making the
whole 5-fold cross-validation training phase run within an hour.

4.8 Model Training

Model training employs the Stochastic Gradient Descent (SGD) optimizer with
momentum and Nesterov acceleration. The learning rate is regulated using a Cyclic
Learning Rate scheduler with triangular mode. The training loop is executed for 200
epochs per fold, with evaluation at each epoch based on training, validation, and test
accuracy and loss. The model epoch yielding the best validation accuracy is saved,
and its performance on the test set is logged.

This comprehensive experimental setup ensures rigorous validation of the proposed
model, leveraging the strengths of graph-based representation learning and
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multi-modal feature integration to advance the classification of ASD from

neuroimaging and behavioral data.

4.9 Loss Function

The Negative Log-Likelihood (NLL) loss function is utilized in this model owing to
its compatibility with the ‘LogSoftmax‘ output layer, which yields log-probabilities
for binary classification. NLL loss effectively evaluates the disparity between the
predicted log-probabilities and the real class labels, consistent with the principles of
maximum likelihood estimation. This decision offers a probabilistically grounded
learning objective, while also delivering numerical stability and computing
efficiency, particularly when dealing with tiny probability values. Furthermore, NLL
permits quick gradient calculation and is well-suited for classification problems
involving categorical targets, making it an acceptable and theoretically sound loss
function for the ASD classification framework. NLL is given by:

N
NLL Loss = — Z log p(y; | x;) 4.1)
i=1
where p(y; | x;) represents the predicted probability for the true label y; of instance

X;, and N is the total number of samples.

4.10 Cross-validation testing

For model training in the ASD detection task, a five-fold stratified cross-validation
framework was employed to maximize data utilization and ensure robust
generalization. The entire dataset was partitioned into five mutually exclusive
subsets of approximately equal size. Stratification was applied to preserve the overall
proportion of ASD and control subjects within each subset, thereby maintaining
class balance across all folds.

During each cross-validation iteration, four subsets were aggregated to form the
training set, while the remaining subset was withheld for evaluation. The model was
trained exclusively on the training set in that iteration, with parameters reinitialized
before each fold to avoid carryover effects. This process was repeated five times,
allowing the model to be trained and validated on distinct, non-overlapping data
splits.
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The stratified cross-validation training process ensures that every subject in the
dataset contributes to both model learning and validation while mitigating the risk
of biased performance estimates due to imbalanced class distributions. Final
performance metrics were obtained by aggregating the evaluation results across all
folds, providing a statistically reliable assessment of the models classification
capability.

4.11 Evaluation Metrics

Accuracy and the Area Under the Receiver Operating Characteristic Curve (AUC-
ROC), two metrics that offer complementary insights into categorization quality, are
used to assess the model’s performance. According to (4.2), accuracy is the ratio of
successfully predicted labels to all predictions, which can be computed as follows:

TP+ TN

TP+TN+FP+FN (4.2)

Accuracy =

where true positives, true negatives, false positives, and false negatives are indicated
by the symbols TP, TN, FP, and FN, respectively. Although accuracy provides a
clear indicator of general correctness, unbalanced datasets may cause bias. The
model additionally assesses the Negative Log-Likelihood (NLL) Loss, as shown in
(4.1), which measures the discrepancy between the actual class labels and the
predicted log-probabilities in order to account for probabilistic performance. Last
but not least, the AUC-ROC metric, which is developed in (4.3), plots the True
Positive Rate (TPR) against the False Positive Rate (FPR) across a range of threshold
values to capture the model’s capacity for class discrimination. Formally, the AUC is

stated as:
1
AUC = f TPR(FPR™!(x))dx (4.3)
0
where TPR = ™ _ and FPR = —Z_ are the definitions of TPR and FPR,
TP+FN FP+TN
respectively. AUC offers a threshold-independent evaluation of -classifier

performance; higher discriminative capability is shown by values nearer 1. When
combined, these measures provide a thorough assessment of the model’s
classification accuracy, probabilistic confidence, and capacity to differentiate
between those with ASD and those who are typically developing.
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4.12 Hyper-parameter Settings

The model training method involves careful specification and, in certain instances,
adjustment of multiple important hyperparameters to enhance performance. The
summary of the chosen hyperparameters is available in Table 4.1. The Graph
Convolutional Network architecture was set with an input dimension of 5206, a
hidden dimension of 32, and an output dimension of 2. For its Chebyshev
convolutional layers, the orders K; and K, were set to 2 and 5, respectively. An initial
dropout rate of 0.5 was adopted during single-fold training.

Table 4.1: Summary of hyperparameters used in model training

Parameter Value
Input dimension 5206
Hidden dimension 32
Output dimension 2
Chebyshev order K; 2
Chebyshev order K, 5
Dropout rate (initial) 0.5
Optimization
Optimizer Stochastic Gradient Descent (SGD)
Learning rate 1x107?
Momentum 0.8
Nesterov acceleration Enabled
Weight decay 1.0
Learning Rate Scheduler
Scheduler type Cyclic learning rate
Base learning rate 1x1073
Maximum learning rate 1x1077
Mode Triangular
Step size (up-cycle) 500
Step size (down-cycle) 300
Regularization and Stability
Gradient clipping max norm \ 2.0

For the optimization method, the training phase consistently applied the Stochastic

Gradient Descent (SGD) optimizer. This SGD optimizer was configured with a

-3

learning rate of 1e™>, a momentum of 0.8, Nesterov acceleration, and a weight decay

of 1.0. Learning rate changes were controlled by a cyclic learning rate scheduler,

which had a base learning rate of 1e~3

, amaximum learning rate of 1e~’, a triangular
mode, and step sizes of 500 for up-cycle and 300 for down-cycle phases. Additionally,

gradient clipping with a maximum norm of 2.0 was applied to stabilize training.
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Chapter 5
Results and Discussion

Here, we report the results obtained from extensive experimentation on the ABIDE I
dataset. Along with the quantitative results, a comprehensive comparison with the
state-of-the-art research on the specific problem domain is also available in
Table 5.3. The state-of-the-art performance quantities are reported as found in their

original manuscripts.

5.1 Ablation Study

Along with a comparison among the state-of-the-art works, we also validated the
enhanced GCN architecture using a varied ablation study. Here in Table 5.1, a
quantitative analysis of different configurations of the model architecture is
available. As evident from the results, the necessity to add each component of the
architecture is feasible and proves to be a crucial part in the overall result
composition.

The ablation study presented in Table 5.1 systematically evaluates the contributions
of individual enhancements to the proposed Enhanced Graph Convolutional
Network (EGCN) architecture by examining four model variants across test accuracy
(ACC) and Area Under the ROC Curve (AUC). The baseline EGCN incorporating
the Graph Attention Network layer achieves a test accuracy of 70.14% and an AUC of
0.78, reflecting marginal improvements of 1.54% in ACC and 3.79% in AUC over the
standard GCN. Notably, removing the GAT module (EGCN w/o GAT) yields a slight
performance gain, with test accuracy rising to 71.24% and AUC to 0.80, suggesting
that attention mechanisms alone may not -consistently improve model
generalization. However, the integration of GAT without hyperparameter tuning
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(HPT) further elevates performance to 72.43% test accuracy and 0.81 AUC,
indicating that architectural complexity contributes positively even without
optimized parameters. The full model, EGCN with both GAT and hyperparameter
tuning (EGCN w GAT w HPT), achieves the highest performance, with a test
accuracy of 74.82% and AUC of 0.82. This corresponds to a substantial improvement
of 6.21% and 7.33% in ACC and AUC, respectively, over the baseline GCN, and 3.51%
and 3.53% over the Ensemble GCN. Also, the transfer learning based approach
achieved an accuracy of 72.89% and an AUC of 0.79. Compared to the only available
literature on transfer learning in GCN-based models, the performance of the
proposed model is quite substantial, with a increment of 14.59% increment in ACC
and a 21% increment in AUC. These findings underscore the compounded benefits
of both architectural enhancements and rigorous hyperparameter optimization in
achieving superior classification performance in ASD prediction.

Another ablation study was performed to systematically evaluate the contribution of
different modality combinations in the ABIDE I dataset to the classification
performance of the proposed model. The investigated modalities included
resting-state functional MRI (fMRI), structural MRI (sMRI), and phenotypic (Phe)
data, tested in various pairwise and multi-modal configurations and is reported in
Table 5.2. The results demonstrate that integrating all three modalities (fMRI, sMRI,
and Phe) yields the highest performance, achieving an accuracy of 74.82% and an
AUC of 0.82, indicating a substantial improvement over any two-modality
combination. Specifically, fMRI combined with sMRI achieved an accuracy of
65.23% and an AUC of 0.71, closely followed by the fMRI + Phe pairing with 65.04%
accuracy and the same AUC. The sMRI + Phe combination yielded the lowest
performance, with 61.89% accuracy and an AUC of 0.67. These findings highlight
the complementary nature of the three modalities and emphasize the advantage of
multi-modal integration for enhanced diagnostic performance in the ABIDE I
dataset.

Table 5.2: Ablation study on different modalities of the ABIDE I dataset

Model Modality Accuracy | AUC
fMRI + sMRI 65.23% 0.71
fMRI + Phe 65.04% 0.71
Proposed Model |- o Phe 61.89% | 0.67
fMRI + sMRI + Phe 74.82% 0.82
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5.2 Comparison with the state-of-the-art methods

Table 5.3 presents a comprehensive comparison of the proposed Enhanced GCN
with Graph Attention model against several state-of-the-art GCN-based and deep
learning models for ASD classification. The proposed model achieves a test accuracy
of 74.81% and an AUC of 0.82 on the complete ABIDE dataset, outperforming
several baseline and advanced methods. When compared to Dong et al. [15], whose
standard GCN and Ensemble GCN models achieved 68.60% and 71.30% accuracy,
respectively, the proposed model exhibits a notable performance gain, particularly in
AUC, where it surpasses both baselines by 8 and 4 percentage points, respectively.
Additionally, the model outperforms other GCN variants such as MMGCN (72.37%
accuracy, 0.76 AUC) proposed by Song et al. [59], and FCN-based architectures like
that of Du et al. [17] with 68.98% accuracy. Among multimodal models trained on
partial datasets, the proposed method demonstrates comparable or superior
performance to architectures such as the Multi-modal CNN (75.14% accuracy, 0.77
AUC) by Abbas et al. [2], and Weight Learning DeepGCN (77.27% accuracy, 0.82
AUC) by Wang et al. [69]. Although the model by Saponaro et al. [55] reports a
higher accuracy of 85.02%, it is important to note that it is evaluated on a partial
subset, which may limit its generalizability. = The proposed model maintains
state-of-the-art performance with balanced accuracy and AUC on the complete
dataset, affirming the effectiveness of graph attention integration and multi-modal
learning in enhancing ASD classification.
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5.3 Performance Evaluation

The performance of the model and its corresponding result analysis is evident from
the ROC curve and the loss curve during the experimentation and is presented in
Figures 5.1(a), 5.2(a), and 5.4(a). The curves show there was no evident over-fitting
and the model performed in a quite stable manner to classify between ASD and TD

subjects.
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Transfer Learning
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5.4 Loss curve analysis

The overall loss curve of the proposed methodology is shown using Figures 5.4(a)
and 5.4(b). As we can observe that both graphs depict similar results in the testing
vs the training phase, thus we can conclude that there was no evident overfitting,
and the model convergence was good. The experimental results for the ASD
classification task demonstrate that the training AUC and the 5-fold cross-validation
testing AUC values are closely aligned. This consistency across training and testing
phases indicates that the proposed model generalizes effectively, capturing
underlying patterns in the multimodal graph data rather than overfitting to the
training set. The small gap between the two metrics suggests that the chosen
architecture, regularization strategies, and feature representations strike an

appropriate balance between model complexity and generalization capability.

Importantly, the similarity in performance as shown in Figure 5.4 also reflects the
stability of the feature extraction process and the reliability of the preprocessing
pipeline, which preserved discriminative patterns across folds. Given that the
observed AUC values are consistently high, the results support the suitability of the
enhanced GCN architecture and the transfer learning approach for ASD
classification. However, the possibility of data leakage or task-specific biases was
carefully mitigated through rigorous cross-validation and dataset partitioning.
Overall, these findings confirm that the model exhibits robust and reproducible
performance, thereby strengthening its potential for real-world applicability in
neuroimaging-based ASD detection.

Train vs Val vs Test Loss Train vs Val vs Test Loss

—— Train loss
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—— Test loss.
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(a) Loss curve using Enhanced GCN with (b) Loss curve using Enhanced GCN with
GAT and HPT GAT and HPT and TL

Figure 5.4: Qualitative results depicted using Train-vs-val-vs-test loss curve during
training.

Figure 5.1(a) was obtained in the first fold of cross-validation during the training
phase using the proposed enhanced GCN with graph attention and hyper-parameter
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tuning.  Figure 5.1(b) represents the transfer learning based experimentation
qualitative result for the same proposed architecture. Although the final testing
AUC, as shown in Figure 5.2(a), is smaller than the one present in Figure 4.3, the
close values suggest that the proposed methodology has successfully converged to a
solution towards a better result throughout the training epochs. Figure 5.4(a) depicts
that the model is devoid of any over-fitting issues and has successfully generalized
itself to a state-of-the-art solution for this problem domain.

5.5 Results Discussion

The proposed ASD classification framework excels through a combination of
architectural and methodological innovations. Explicit multi-modality handling
allows functional MRI, structural MRI, and phenotypic data to be processed through
dedicated sub-networks, preserving modality-specific information and reducing
cross-modal interference. The integration of Chebyshev Spectral Graph
Convolutions with Graph Attention Networks enhances feature learning by
combining efficient localized spectral filtering with adaptive neighbor weighting,

improving generalization across heterogeneous populations.

High-dimensional neuroimaging and phenotypic data are effectively managed
through statistical feature selection (SelectKBest), normalization (StandardScaler,
RobustScaler), and architectural regularization via residual connections, mitigating
overfitting risks. The graph-based population modeling approach embeds subjects
within a relational context, capturing inter-subject dependencies and cohort-level

patterns, which improves diagnostic precision.

Performance evaluation confirms that incorporating transfer learning into the
enhanced GCN architecture yields notable improvements, achieving 72.89% test
accuracy and 0.79 AUC, surpassing multiple state-of-the-art and transfer
learning-based baselines. These results validate the effectiveness of combining graph
attention mechanisms with transfer learning for robust and generalizable ASD
classification.

5.5.1 Performance drop with modality reduction

The results of the ablation study presented in Table 5.2 clearly indicate the
substantial influence of multimodal integration on the classification performance.
When all three modalitiestMRI, sMRI, and phenotypic data - were jointly
incorporated, the proposed model achieved its highest accuracy of 74.82% and AUC
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of 0.82. In contrast, reducing the input to only two modalities resulted in a marked
decline in performance, with accuracy dropping to the range of 61.89% — 65.23% and
AUC decreasing to 0.67 — 0.71. This discrepancy underscores the complementary
nature of the different modalities: fMRI provides dynamic functional connectivity
patterns, SMRI captures structural variations, and phenotypic data reflects clinical
and demographic characteristics. Individually or in pairs, these modalities fail to
capture the full spectrum of discriminative information required for robust Autism
Spectrum Disorder classification. The drastic change in performance upon modality
reduction therefore highlights the necessity of multimodal fusion, as it allows the
model to exploit both neuroimaging and non-imaging features, thereby enhancing
generalizability and mitigating modality-specific limitations.

5.5.2 Explicit Multi-Modality Handling

The success of the proposed model can be partially attributed to its explicit handling
of multiple data modalitiesnamely, functional MRI (fMRI), structural MRI (sMRI),
and phenotypic attributesthrough distinct processing branches. By isolating each
modality into its dedicated sub-network, the architecture facilitates targeted feature
extraction specific to the statistical and spatial properties of that modality. This
design not only ensures that the integrity of modality-specific information is
preserved but also mitigates cross-modal interference during the learning process.
As a result, each data stream contributes uniquely to the final classification task,
promoting a more holistic and discriminative representation of Autism Spectrum
Disorder-related neuro-biological and behavioral signatures.

5.5.3 Synergy Between Spectral Graph Convolution and Graph
Attention

Another key strength of the proposed framework lies in the synergistic integration of
Chebyshev Spectral Graph Convolution (ChebConv) layers with Graph Attention
Networks. ChebConv enables efficient and localized spectral learning by
approximating the graph Fourier basis through Chebyshev polynomials, allowing
the model to extract meaningful patterns from graph-structured data with reduced
computational overhead. Complementarily, GAT layers incorporate an adaptive
attention mechanism that assigns learnable weights to each nodes neighbors,
effectively prioritizing more informative connections while down-weighting noisy or
weakly correlated relationships. This combination not only enhances the models
representational capacity but also enables it to generalize effectively across diverse
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and heterogeneous subject populations - a characteristic particularly critical for ASD

classification given the disorder’s inherent inter-individual variability.

5.5.4 High-Dimensional Feature Handling

Handling the high-dimensional nature of neuroimaging and phenotypic data is a
persistent challenge in computational neuroscience. The model addresses this
through a multifaceted strategy that includes the use of SelectKBest for statistical
feature selection, standardization techniques such as StandardScaler and
RobustScaler to normalize feature distributions, and architectural regularization via
residual connections. Collectively, these methods allow the network to focus on the
most salient and discriminative features, while mitigating risks of over-fitting and
variance inflation commonly associated with high-dimensional, low-sample-size
datasets. This capability significantly contributes to the robustness and stability of
the learning process.

5.5.5 Performance Evaluation of Transfer Learning-based
Method

As shown in Table 5.3, the incorporation of transfer learning (TL) into the graph
convolutional network framework demonstrates a tangible improvement in model
performance. The proposed model variant, Enhanced GCN with graph attention and
transfer learning based approach, achieves a test accuracy of 72.89% and an AUC of
0.79, indicating a balanced enhancement in both classification precision and
discriminatory capability. Notably, this performance surpasses several
state-of-the-art models, including the Autoencoder-based DNN (65.00%) [29],
SVM-RFE (72.10%) [18], and MMGCN (72.37%) [59]. It significantly outperforms
other TL-related models such as the ensemble GCN with TL proposed by Li et
al. [35], which yielded only 58.30% accuracy and a notably low AUC of 0.57. These
results suggest that the synergistic integration of graph attention mechanisms and
transfer learning leads to a more robust feature generalization across domains,
thereby validating the efficacy of the proposed architecture in leveraging previously
learned representations to improve performance on the target ASD classification
task.
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5.6 Computational Cost

The training fold results demonstrate that the model, with approximately 359K
parameters, gradually converged over 166 epochs, requiring a considerable number
of iterations before achieving stable generalization. While the early epochs (120)
show fluctuating training and validation performance with relatively low loss values
and modest accuracy (= 0.71 — 0.74), consistent improvements emerge only after
extended training, with accuracy surpassing 0.70 beyond epoch 60 and reaching a
peak test accuracy of 0.76 around epoch 129.
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Chapter 6

Conclusion

6.1 Summary

In this paper, a multi-branch Enhanced Graph Convolutional Network (EGCN) that
combines Chebyshev spectral graph convolutions with graph attention mechanisms
is used to give a novel and effective graph-based deep learning framework for the
categorization of Autism Spectrum Disorder.  The model may learn rich,
complementary feature representations while maintaining the relational structure of
the subject population through a site-based population graph by integrating
multi-modal inputs such as resting-state functional MRI, structural MRI (sMRI),
and phenotypic data. Experimental results on the ABIDE I dataset show that the
proposed model outperforms several current baselines, such as autoencoder-based
DNNs, state-of-the-art multi-modal deep learning models, and traditional GCNs,
with an AUC of 0.82 and a superior classification accuracy of 74.81%. This
demonstrates the usefulness of integrating spectral graph learning with
attention-based processes for increased discriminative capabilities in

neuro-developmental disease categorization.

The contributions of this study are diverse. First, the model architecture presents a
systematic means of addressing modality-specific feature extraction using parallel
ChebConv branches, followed by late fusion and attention-guided refinement.
Second, the usage of a population graph based on acquisition site information
provides a scalable and generalizable framework for modeling inter-subject
interactions, especially in diverse datasets. Third, detailed ablation studies
empirically support the separate contributions of the graph attention layer and

hyperparameter optimization, showing the relevance of both structural and
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parametric improvements in deep graph models. The implementation of strong
assessment procedures, including stratified five-fold cross-validation and ensemble
predictions, significantly strengthens the dependability of the reported findings.

6.2 Limitations

A building potential limitation of this study is the lack of experimentation based on
site-level cross-validation. The ABIDE I dataset aggregates imaging and phenotypic
data from 17 international sites, each characterized by variations in scanner
hardware, acquisition protocols, and demographic distributions. These inter-site
differences introduce a domain shift that may influence model performance and
generalizability. While the proposed multi-branch Graph Convolutional Network
(GCN) incorporating Chebyshev Spectral Graph Convolutions, Graph Attention
Networks (GATs), and transfer learning techniques demonstrates promising results,
all evaluations were conducted without explicitly partitioning data by acquisition
site. =~ Consequently, the reported performance metrics may partially reflect

site-specific biases rather than true cross-site robustness.

Another important limitation of this study concerns its clinical validity. While the
proposed multi-branch Graph Convolutional Network (GCN) with Chebyshev
Spectral Graph Convolutions, Graph Attention Networks (GATs), and transfer
learning techniques achieves strong performance on the ABIDE I dataset, the
findings remain primarily constrained to a research setting. The dataset is composed
of retrospective data collected under controlled experimental conditions, and it may
not fully capture the variability, comorbidities, and diagnostic complexities
encountered in real-world clinical practice. Furthermore, the diagnostic labels in
ABIDE I are derived from site-specific clinical assessments, which may lack the

uniformity and standardized rigor required for large-scale clinical application.

A notable limitation of the ABIDE I dataset is the imbalance in gender distribution,
with a disproportionately higher representation of male participants compared to
females. This skew reflects the higher prevalence of Autism Spectrum Disorder
(ASD) diagnoses in males but also introduces potential biases in statistical modeling.
In traditional machine learning frameworks, such imbalance can inadvertently bias
classifiers toward patterns predominantly representative of the male population,
thereby reducing generalizability and potentially underestimating ASD-related
features present in females. This issue raises concerns regarding the robustness and
fairness of models trained on ABIDE I when applied to more balanced or
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female-enriched cohorts.

Although, several hyper-parameter tuning was done for the proposed multi-branch
GCN, there was no experimentation done with that for the attention layer deployed
in the architecture. As the attention layer contributes heavily to the potential
achievements in the models performance as shown in Tables 5.1, 5.2, thus, there

might be more from the attention layer to offer.

6.3 Future Work

Looking ahead, there are various viable paths to broaden the breadth and effect of
this study. Future studies might examine combining new data modalities, such as
genetic or behavioral video data, to further improve the models knowledge of ASD
heterogeneity. Moreover, adaptive or learnable graph-building approaches may
provide more dynamic and data-driven connection modeling between individuals,
moving beyond fixed site-based similarity. The generality of the model over diverse
datasets, such as ABIDE II or other neuro-developmental cohorts, would be a
critical step toward clinical translation. Finally, adding interpretability frameworks
into the model may yield neurobiologically significant insights, supporting
physicians in identifying crucial biomarkers and processes causing ASD. Overall,
this work offers a solid basis for the continuing improvement of graph-based

multimodal learning in computational neuropsychiatry.
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