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Abstract: Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder with disrupted patterns of brain connectivity. Leveraging the
recent progress in graph-based deep learning, this paper introduces a Graph Convolutional Network (GCN) approach to ASD diagnosis from
resting-state functional magnetic resonance imaging (rs-fMRI) data. Functional connectivity matrices were derived from the Autism Brain
Imaging Data Exchange (ABIDE) dataset of 1,112 subjects across 17 sites of acquisition. The brain was parcellated into 110 regions of interest
based on the Harvard-Oxford atlas, and pairwise Pearson correlation coefficients of region-wise time series were estimated to build subject-
specific connectivity fingerprints. Recursive Feature Elimination with linear Support Vector Machine (RFE-SVM) was used to dimensionality
reduction retaining most informative connectivity features. A population graph was built based on feature similarities as well as phenotypic
metadata (age, site, gender). Node features were propagated on the graph using a two-layer GCN, and a multi-layer perceptron classifier
output ASD or typical control labels. The model attained a classification accuracy of 80% on a held-out validation set, showing graph-based
learning could detect subtle inter-subject patterns in neuroimaging data. This method indicates the utility of combining functional connectivity
with demographic information to obtain robust and interpretable ASD classification.
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I.INTRODUCTION

Autism Spectrum Disorder (ASD) is a complex, heterogeneous neurodevelopmental disorder comprising a pattern of
impairment characterized by impaired social communication, communication, and stereotyped behaviors. ASD is a clinical
diagnosis based mainly on clinical behavioral observation which is subjective and subjective which can lead to gross underdiagnosis
or overdiagnosis. The advent of artificial intelligence (Al) reveals expanded capabilities that have the potential to fundamentally
transform the field of healthcare, driving demand toward cost-effective automated data-driven diagnostic systems that are accurate
and scalable while remaining interpretable.

In this paper, we propose a graph-based classification pipeline that employs functional connectivity profiles derived from
the Autism Brain Imaging Data Exchange (ABIDE) database. The database comprises rs-fMRI data for 1,112 subjects from 17
world-wide sites, 539 ASD subjects, and 573 typically developing controls (TC). By dividing the brain into 110 anatomically
defined regions of interest (ROIs) using the Harvard-Oxford atlas and computing pairwise Pearson correlation coefficients between
ROI time series, each subject's brain is represented by a 110x110 symmetric connectivity matrix. After removing redundant entries,
the upper triangular part of each matrix is flattened into a 5,995-dimensional feature vector that encodes individual connectivity
fingerprints.

To diminish dimensionality and improve discriminative power, Recursive Feature Elimination using Support Vector
Machines (RFE-SVM) is used, which results in a reduced 2,052-dimensional feature space optimized for class discrimination. A
subject graph is built in which individuals are nodes and edge weights contain similarities based on FC features as well as
phenotypic data (age, gender, site). This hybrid graph structure allows for the propagation of feature-level and demographic
information using a two-layer Graph Convolutional Network (GCN), which is implemented using PyTorch Geometric. Learned
node embeddings are then classified using a Multi-Layer Perceptron (MLP) to predict ASD or TC labels.

Our end-to-end framework combines classical neuroimaging statistics with state-of-the-art geometric deep learning to learn
high-level, multi-scale patterns in ASD. Empirical studies on the ABIDE dataset demonstrate exemplary classification performance
and demonstrate that integrating functional and phenotypic similarity into graph-based models is a promising direction for
neuroimaging-based ASD diagnosis.

I.LLITERATURE REVIEW
2.1 Support Vector Machines (SVM)
SVMs are widely used in ASD classification?. used Boruta feature selection and RBF-kernel SVM on Dosenbach atlas
connectivity matrices with 92.9% accuracy using LOOCV. DMN, PCC, and vIPFC were among the most important ROIs. Another
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study improved the performance of SVM by using Graph Fourier Transforms and linear/RBF kernels®.

2.2 Random Forest (RF)

Decision tree-based RF models worked well with functional connectivity data. One study was superior for homogeneous
populations®. RF and ComBat harmonization were combined with deep learning on ABIDE in another study, and site variability
issues were emphasized®.

2.3 Multilayer Perceptron (MLP)

MLPs possess the ability to replicate complex patterns in the neuroimaging data. Transfer learning and feature selection
(chi-square, info gain) was used in one paper.® It produced good results compared to SVM, RF, and others. Another used ZPSO-
RMLPNN that optimized MLP with swarm intelligence in fMRI data’.

2.4 Autoencoder
A study used a two-stage denoising autoencoder to compress 19,900D vectors into 600D by reducing reconstruction error
under noise®. The learned features, input to an MLP, improved classification accuracy by solving overfitting and dimensionality.

2.5 Convolutional Neural Network (CNN)

CNNs learn spatial features from brain data. One study used CC400-based matrices with dropout and multi-scale filters®.
Another combined static/dynamic features and behavior scores within an SVM?®. In one study, authors suggested a federated-
learning-enabled quantized CNN with 98% accuracy and Raspberry Pi support2°.

2.6 Graph Neural Networks (GNN)

GNNs are on the rise for brain network representation. One study employed multiple atlases within the MAGE framework
using RFE + GCN + ridge classifier!*. In another study, authors presented DeepGCN, which learned from HO atlas and metadata
to build graphs!?. Authors in other studies employed GAT with node pooling and phenotypic enrichment, which has improved
interpretability as well as node representation®3 4,

IHI.METHODOLOGY

3.1 Data Preparation

The Autism Brain Imaging Data Exchange (ABIDE) dataset was used to obtain functional connectivity features for graph-
based classification®. A total of 1,112 subjects—539 with Autism Spectrum Disorder (ASD) and 573 typical developing controls
(TC)—were considered, covering 17 acquisition sites. The demographic information of the ABIDE dataset is given in Fig 3.1.
Resting-state fMRI time series were initially parcellated by the Harvard-Oxford (HO) atlas, which segments the brain into 110
anatomically defined regions of interest (ROIs). For every subject, the regional mean time series.
x;(t) and x;(t) for ROIs i and j (with i,j = 1,...,110) were taken across T time points. Pairwise functional connectivity was
measured through the Pearson correlation coefficient between ROI time courses, characterizing the magnitude of linear
relationships:

0 = Yi-1 (i () — X)) (xj(t) - f])
ij —
— _\2
VELG® — 5 (50 - 7)
where x; and X; represent the temporal means of the corresponding ROI signals. Through the utilization of Pearson

correlation, we take advantage of its ability to detect synchronous, linearly coupled variability between brain regions and thus
capture coherent functional networks giving rise to neurophysiological processes.

Site ASD Control Age Range Total
Claltech 19 19 17.0-56.2 38
CMhUT 14 13 19-40 27
KKI 22 33 S.0-12.8 Hd
MaxMun 24 33 T-58 57T
NY U TO 105 6.5-30.1 184
Olin 20 16 10-24 A6
OHSU 13 15 8.0-15.2 28
SDSTT 14 22 SB.T-17.2 36
SBL 15 15 20-64 S0
Stanford 20 20 T.5-12.9 40
Trinity 24 25 12.0-25.9 49
UCLA 1 49 33 8.4-17.9 ]2
UCLA 2 13 14 9.8-16.5 27
Leuven 1 14 15 15-32 29
Leuven 2 15 20 12.1-16.9 35
UM 1 55 55 8.2-19.2 110
TN 2 13 22 12.8-28.8 35
Pitt 30 27 9.3-35.2 5Yi
TUTSM I5Te] 43 8.8-00.2 101
Yale 28 28 T.O0-17.8 H6

Fig 3.1: Description of ABIDE Dataset collection and Demographic information [1]
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Since the resulting 110x110 connectivity matrices are symmetric (p;; = p;;) with unit diagonals, only the upper-triangular
elements excluding the diagonal are retained to avoid redundancy. Flattening these elements yields a feature vector of length 5,995
per subject. Thus, the result of this step is an 871%5,995 matrix with each row corresponding to a subject's individual linear
connectivity fingerprint. This high-dimensional representation is used as input to the following feature selection and graph
construction steps, with the result that only the most informative pairwise relationships—i.e., those indicative of linear inter-
regional coupling—are passed on into the classification pipeline.

3.2 Feature Extraction

In order to extract the most discriminative connectivity patterns out of the 5,995-dimensional feature space, Recursive
Feature Elimination with linear Support Vector Machine (RFE-SVM) was used. RFE-SVM recursively fits a linear SVM classifier
to the data and ranks features according to the absolute value of their weight coefficients, w;. At every iteration, the feature (or a
small percentage of features) with the smallest [w| is eliminated, on the assumption that smaller weights have less influence on the
decision boundary. The SVM is then retrained on the remaining feature set, and the iterations are continued until only the required
number of features are left. RFE-SVM was trained in this research to remove features in batches of 100 per iteration to be
computation efficient while maintaining model stability. The process went on until the most important top 2,052 features—features
with the largest total importance across elimination iterations—were left over. The generated feature subset identifies the most
representative linear connectivity associations that distinguish ASD from normal controls.

The final result of this phase is an 871x2,052 matrix in which a row represents one subject and one column represents each
of the connectivity features chosen. This compressed representation not only decreases the risk of overfitting for downstream graph-
based models but also reduces substantially computational overhead on future adjacency creation and GCN training.

Connectivity Matrix
(T0xm0]

e RFE-SVM
Correlation

Harvard Quford Atlas
Raw FMR| data [”D RCIIS]

b Preprocessing

Extracted features
[1%2052)

Fig 3.2: Feature Extraction Process

3.3 Graph Construction

Following feature selection, a graph was constructed over the 871 subjects to capture both feature-based and phenotypic
relationships. Let X € R871x2052 pe the matrix of RFE-SVM-selected connectivity features for all subjects. Pairwise Euclidean
similarity between subjects i and j was computed as

. (feat llxi—x;113
sim{fe2) =exp<— 2 )

ij 52

where x; is the 2,052-dimensional feature vector for subject i, |II-Il, denotes the Euclidean norm, and o is a scaling parameter
set to the mean pairwise distance. This yields a continuous similarity matrix SUeat) € R 871x871,

To enrich the graph with demographic and acquisition information, three phenotypic similarity matrices were defined using
Age, Site and Gender information of each subject. These were combined into a unified adjacency matrix. Edges with A4;; below a
threshold 6 were pruned to enforce sparsity, resulting in a weighted, undirected graph.
Using PyTorch Geometric, the graph data object was instantiated with:

e X: the node feature tensor of shape [871, 2052],
e edge_index: the list of connected node pairs after thresholding,
e edge_attr: the corresponding edge weights A; ;.
A two-layer Graph Convolutional Network (GCN) was then applied to propagate information across this subject graph.
Each GCN layer aggregates neighbor features via

l l
Y = 6(Z ey Ay h,QW(D)v

where hEO) =x; , WO are learnable weights, and o is a nonlinear activation. The output H® comprises learned node
embeddings that integrate both connectivity-based and phenotypic similarities, ready for downstream classification.

3.4 Classification
The subject classification task is formulated as a node classification problem on the constructed graph. After two layers of

graph convolution, each node i is associated with a learned embedding vector hi(z) € R® that aggregates information from its

Published By: Fifth Dimension Research Publication https://fdrpjournals.org/ 34|Page



Neuro Graph-ASD: A Graph-Based Deep Learning for Neuroimaging-Driven ASD Diagnosis

feature-based and phenotypic neighbours. These embeddings serve as inputs to a downstream Multi-Layer Perceptron (MLP)

classifier, which predicts the label y; € {ASD,TC} each subject.
Learned Node
Features

GCN operation

Embeddings M tiLayer ASDorTC

Perceptran Classification

Extracied features Population Sraph

Adjacency

y Matrix

A
.t

Phenagiype Datz
[AGE, 5TE, GENDER)

Fig 3.3: Classification framework
The MLP consists of two fully connected layers with a ReL U activation in between, followed by a final softmax output
layer producing class probabilities. Formally, for node i,

z; = ReLU(R® W, + b,), 3, = softmax(z;W, + by),

where W;, W, and b,, b, are learnable parameters.

To train and test the model without leaking information, node masking is used: a portion of nodes is reserved for training,
another for validation, and the rest for testing. The loss—categorical cross-entropy—is calculated only on the masked training
nodes during training and backpropagated through both the GCN and MLP. Validation performance is tracked on the held-out
validation nodes to adjust hyperparameters and implement early stopping. This end-to-end model guarantees that the classifier
utilizes both the structural graph context and node-level features to properly differentiate ASD subjects from typical controls.

IV.EVALUATION AND RESULTS
To evaluate model performance, node masking was used as a strategy for dividing the data into a training subset and
validation subset with 10% set aside for validation. Classification was found to obtain an 80% accuracy with the validation subset,
pointing toward robust prediction quality in ASD-Typical Control separation. Hyperparameter optimization found that optimum
performance was yielded by setting the learning rate to 0.0002, weight decay at 5e-5, and the dropout rate at 0.2. The settings struck
the best balance between learning stability and generalization, resulting in optimum performance on the held-out validation
subjects. All code was written using pytorch geometric.

V.CONCLUSION

This research demonstrates the power of Neuro Graph-ASD, that uses Graph Convolutional Networks (GCNs), to
accurately diagnose Autism Spectrum Disorder (ASD) from resting-state fMRI-derived brain network structural and functional
connectivity. Our method achieved a validation accuracy of 80% and F1 score of 85%. Learning from a population graph
constructed using functional connectivity features and demographic similarities, the model learns subtle ASD patterns efficiently.
Recursive Feature Elimination (RFE) additionally improves performance by extracting the most discriminative features, leading to
enhanced classification accuracy. Our results show the promise of graph-based deep learning methods in neuroimaging, and present
an interesting avenue for early and non-invasive ASD diagnosis. Future work will explore more sophisticated parcellation schemes,
multimodal data fusion, and attention-based GCN variants to improve diagnostic promise.

VI.FUTURE ENCHANCEMENTS

Despite the significant advancements in the detection of Autism Spectrum Disorder (ASD) using resting-state functional
MRI (rs-fMRI), several avenues remain underexplored or present opportunities for improvement.

To move ASD research beyond binary classification, future research should aim at multi-class classification between ASD
subtypes like Asperger's and ADHD to facilitate more precise and personalized interventions. Existing dependence on linear
connectivity measures such as Pearson correlation restricts the identification of intricate patterns in brain networks, implying the
necessity for sophisticated non-linear metrics such as mutual information or spectral graph methods. Since datasets such as ABIDE
are limited and imbalanced, generative models like GANs, combined with harmonization techniques like ComBat, can be used to
enrich data and enhance generalizability. Further, the use of Transformer-based architectures can help enhance temporal modeling
of rs-fMRI data by extracting long-range dependencies, complementing the spatial capabilities of CNNs and GNNs. Interpretability
using tools like GNNExplainer is crucial to determine key connectivity patterns associated with ASD. Lightweight, privacy-
oriented frameworks with adaptive quantization are also essential for real-world deployment, particularly on edge devices. Further,
incorporating multi-modal data—such as structural MRI, DTI, and behavioral testing—and utilizing longitudinal datasets can
provide a more holistic and dynamic perspective on ASD. Finally, to support wider applicability, augmenting datasets with global
and culturally representative populations is important for constructing more inclusive and stronger diagnostic models.
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