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Abstract

Autism Spectrum Disorder (ASD) is consider as a complex neurodevelopmental challenge, which is often diagnosed later
than desirable, resulting in delayed interventions. But identifying it as early as possible is very important for the patient to
receive proper intervention to improve their condition. The purpose of this research is to identify ASD in its earliest stage.
In this work, Electroencephalogram (EEG) signals are preprocessed using Discrete Wavelet Transform and Fast Fourier
Transform. Correlation graph method is utilized for constructing the EEG graph from both preprocessed signal. To capture
spatiotemporal dependency of data, attention-based Graph Neural Network (GNN) are proposed, which incorporate Diffusion
Convolutional Recurrent Neural Network and Gated Recurrent Units. Additionally, the model integrates Graph Attention
Mechanism to capture significant nodes within the graph signals. As a result, the proposed model with Fast Fourier transform
preprocessed data achieves 96.2% accuracy, which is better than the model with Discrete Wavelet Transform accuracy of
90.4%. GNN and attention mechanisms offer a promising avenue for early identification of autism, even with limited data.

Keywords Electroencephalogram - Graph neural networks - Diffusion convolutional recurrent neural network - Gated
recurrent unit - Fast fourier transform - Discrete wavelet transform

Introduction

ASD is a neurological disorder affecting social interactions,
learning, communication, and behavior, causing repetitive
behaviors, difficulty interpreting social cues, verbal and non-
verbal communication, and reduced sensory responsiveness
(Raina et al. 2017). Autism is significantly influenced by
genetic factors (Klauck 2006). Information obtained from
the prevalence report of Autism and Developmental Dis-
abilities Monitoring (ADDM) network indicates that, as of
2020, an estimated average of 1 in every 36 children (8-year-
old) had ASD (Maenner et al. 2023). Around the world,
about 1 in 100 children are diagnosed with ASD. Estimates
of prevalence have grown over time and have exhibited con-
siderable variation widely among sociodemographic groups
(Zeidan et al. 2022). INCLEN study reveals ASD prevalence
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in India among 2-6 year old’s at one in 125, higher for 6-9
year old’s at one in 80, and 1 in 89 children dealing with
ASD (Tiwari et al. 2021). ASD diagnosis is delayed due
to different parenting phases. Early childhoods appear nor-
mal, but disruptive behaviors emerge later. Symptoms can be
noticeable as early as 18 months (Okoye et al. 2023). Studies
show ASD-related characteristics in infants as young as 12
months, but many are diagnosed at 4 or beyond, emphasizing
the need for biomarkers for early detection and intervention
(Wang et al. 2013). Early identification is imperative to take
necessary measures that can enhance the development of
children diagnosed with ASD (Desai et al. 2012). The Diag-
nostic and Statistical Manual of Mental Disorders (DSM-5)
diagnostic criteria underscore the importance of recognizing
patterns of constrained and repetitive behaviors for diagnos-
ing ASD (Gulati et al. 2019). A study found that parental
observations of ASD symptoms accurately identified 91% of
children diagnosed with DSM-IV Pervasive Developmental
Disorders, requiring thorough examination and adjustments
and it developed for English-speaking countries (Bogéa
Ribeiro and da Silva Filho 2023). The INCLEN Diagnostic
Tool for Autism Spectrum Disorder (INDTASD) was devel-
oped to address the lack of accessible diagnostic instruments
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for ASD in various Indian languages (Juneja et al. 2014The
Indian Scale for Assessment of Autism (ISAA) was devel-
oped in India to simplify the disability assessment and cer-
tification process for children aged 3-20 years (Patra and
Arun 2011). ASD diagnosis is complex due to its diverse
clinical manifestations, requiring parental awareness, mul-
tidisciplinary assessments, and specific age limits for diag-
nostic tools. (McCarty and Frye 2020). Identifying ASD
involves physical examination and early behaviors, but
most children go undiagnosed until adulthood, potentially
causing harm by depriving them of early assistance (Okoye
et al. 2023). Nevertheless, a thorough examination suggests
that only 50-75% of individuals consistently maintain these
diagnoses over an extended period (Hodges et al. 2020). It
is possible to misdiagnose ASD if the symptoms diminish
with age or incorrectly classified with subjective diagnos-
tic methods (Defresne and Mottron 2021). For this reason,
Neuroimaging techniques, eye tracking, and EEG modalities
are utilized to classify ASD. Numerous Machine Learning
(ML) and Deep Learning (DL) approaches have been sug-
gested for the detection of ASD, aiding in the diagnosis of
ASD through diverse imaging methods (Das et al. 2023).
Multiple Support Vector Machine (SVMs) is used to clas-
sify individuals with typical controls (TC) and ASD using
resting-state neuroimaging (functional magnetic resonance
imaging (fMRI) data from the Autism Brain Imaging Data
Exchange (ABIDE) dataset (Bi et al. 2018). Two-layered
denoising autoencoders is utilized for feature selection, and
DL algorithms for ASD detection using task-based fMRI
datasets (Heinsfeld et al. 2018). Kanhirakadavath and Chan-
dran (2022) applied a deep neural classifier to a dataset com-
prising an eye-tracking scan path. The cost-effectiveness of
EEG as a tool for measuring brain activity makes it valuable
for monitoring atypical brain development in children, com-
plementing the diverse manifestations of ASD (Bosl et al.
2018). Toddlers often show EEG abnormalities, aiding in
distinguishing ASD from TD, identifying brain patterns, and
facilitating statistical comparisons between ASD and TD
patients (Bogéa Ribeiro and da Silva Filho 2023).

Jiannan et al., utilized features extracted from two modali-
ties (eye-tracking and EEG) as inputs to a SVM (Kang et al.
2020). Hafeez et al., employed the machine learning tech-
niques such as K-nearest neighbors (KNN), Naive Bayes
(NB), SVM and Multi-layer Perceptron (MLP) for classi-
fication of EEG signals (Amin et al. 2017). Qureshi et al.,
utilized a Balanced and scaled data approach, and a Feature
selection method is implemented to choose most relevant
features from the entire dataset for prediction, employing
the Random Forest (RF) for autism predicion (Qureshi
et al. 2023). A comparative analysis has been conducted
in a study on ML methods, encompassing Logistic Regres-
sion (LR), NB classifiers, RF, and SVM to predict and
analyze ASD in toddlers. The findings indicate that the RF
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classifier demonstrates superior performance in detecting
ASD (Talukdar et al. 2023). There is an effort to investigate
the potential use of NB, SVM, LR, Neural Network, KNN,
and Convolutional Neural Network (CNN) for predicting and
analyzing ASD in children (Raj and Masood 2020).

An alternative study introduced a collaborative ensemble
framework known as ResNet101(Residual Network 101) and
Bi-GRU (Bidirectional Gated Recurrent Unit) with Weighted
Average Ensemble for autism detection (Loganathan et al.
2023). Han et al., employed a KNN model for the classifica-
tion of ASD patients, determining features through a tech-
nique known as Conjunctive Clause Evolutionary Algorithm
(CCEA) (Han et al. 2022). Dvornek et al. (2017) classified
individuals with ASD using recurrent neural networks with
long short-term memory (LSTMs).

Yannick Hubert et al. demonstrate that inputting EEG
data into a neural network with diverse layers contributes
to creating a complex hierarchical representation of the
data. This process aids in comprehending EEG signals,
highlighting the effectiveness of deep learning methods in
representing EEG signals (Roy et al. 2019). In the realm
of ASD detection, machine learning and other approaches
typically involve extracting data features through preproc-
essing and feeding them directly into a classifier. However,
these features, although beneficial, may not fully capture the
communication between different brain regions. To address
this limitation, GNN is employed, which captures the brain
activity by representing the data with nodes and edges based
on the method used for creating graph signals. In this study,
GNN is combined with the graph convolution module and
the temporal convolution module, utilizing a dataset con-
sisting of 22 children with TD and 25 children with ASD
(Zhu et al. 2023). Shasha et al. extracted the synchronization
measures, time-frequency features, and information entropy
from multi-channel EEG data. Simultaneously, a random
forest algorithm assists in identifying crucial features from
eye-tracking recordings of the same subjects. Subsequently,
a Graph Convolutional Network (GCN) integrates these
extracted features (Zhang et al. 2021). Pearson’s correla-
tion-based Spatial Constraints Representation (PSCR) is
a technique used to identify brain functional connectivity
structures, which are then transformed into graphs and fed
into a Graph Attention Network (GAT) (Yang et al. 2021).
Cao et al. indicates that capturing spatiotemporal dynamics
in functional brain networks is essential and fundamental
for detecting ASD (Cao et al. 2022). In order to gain insight
into the neurobiological underpinnings of ASD, it is impor-
tant to examine the temporal and spatial characteristics of
these nontraditional brain networks and their relationship to
ASD core behavioral traits (Das et al. 2022). An attention-
based framework, RFE-GNN, merging Recursive Feature
Elimination (RFE) with GNN is used to extract meaningful
features from neuroimaging data (yang et al. 2023). GAT
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and top-K pooling is utilized to improve feature aggrega-
tion and prediction accuracy for ASD classification model
(Wang et al. 2024).

This work, utilize a GNN to characterize the spatiotem-
poral connections present in EEG data. Our method involves
the creation of an EEG graph structure specifically tailored
to capture the brain connectivity patterns of individuals.
Additionally, we introduce a quantitative approach for clas-
sifying individuals with ASD based on the EEG dataset.
Employing DCRNN, graph diffusion convolutions with
recurrent neural network captures spatio-temporal rela-
tionships within EEG signals. This adaptation facilitates
dynamic functional connectivity analysis, providing insights
into functional interactions within the brain.

Research gap and contributions

The distinctive features of ASD are reflected in specific brain
connectivity patterns. Identifying these common neural pat-
terns present in various cases is essential for categorizing
ASD (Hull et al. 2017). In this study, it is suggested that
utilizing methods for learning graph representations can
effectively capture these brain connectivity patterns. The
main contributions for this paper are:

(1) Results are observed after reducing the size of the sub-
set of data points in the EEG signals.

The EEG signals are preprocessed using Discrete
Wavelet transform and Fast Fourier transform to incor-
porate the EEG features into the graphs and compare
their performance.

(3) The Graph Attention Network (GAT) layer is applied to
preprocessed EEG signals, which assists in identifying
nodes from the graph that are crucial to focus on for the
model to perform well.

Graph neural networks derived from DCRNNs com-
bined with graph diffusion and GRU, a variant of
RNN:s, are effective for extracting spatiotemporal fea-
tures from EEGs.

2)

“)

EEG SIGNALS Preprocessing Correlation  ggG Graph
the signals Adjacency Signals
matrix

Pre-processing of
the EEG =

Materials and methods

The proposed work consists of preprocessing the eeg data,
graph is generated based on the EEG signals, graphical
attention network is used to calculate the attention scores of
each node and graphical neural network is utilized to capture
the spatiotemporal dependencies in EEG signals. Figure 1.
Illustrates the proposed work block diagram.

Dataset acquisition

Each phase involved the participation of 10 children with
TD and 10 children with ASD, all aged between 5 and 7
years. All activities took place at the Sri Ramachandra Medi-
cal College Research Institute (SRMC-RI), specifically at
the Vidya Sudha School, with ethical approval from the
SRMC-RI ethics committee. Guardians/parents of all ASD
and TD participants provided consent before participating
in the study, which involved the collection of EEG data. The
children watched a film on a visual screen positioned 45 cm
away. The films primarily focused on training follow-ups at
their school, occasionally featuring their favorite animated
movies. Electrodes, applied with conductive gel and tapes
for enhanced conduction, followed the 10-20 International
Standard. The Nihon Kohden Neurofax MEB9000 version
05-81 electroencephalogram with a sensitivity of 7 micro
Volts was utilized. EEG signals were collected from twenty-
one channels at a sampling rate of 500 Hz, covering frontal,
temporal, occipital, parietal, and central cortical lobes. Raw
EEG data underwent filtering using a Power line interfer-
ence at 50 Hz can be eliminated with a notch filter, along
with high-pass and low-pass filters with 0.53—-70 Hz cutoff
frequencies.

Data preprocessing
Mohammad et al. suggests an individual with ASD has

abnormal brain connectivity within certain frequency
bands. So, it is important to measure the changes in brain

Encoder:
Diffusion convolutional
Gated Recurrent units

Prediction layers
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regions and electrode interaction in individuals with ASD
(Mohammad-Rezazadeh et al. 2016). Data preprocessing
techniques was employed to convert raw EEG signals into
the frequency domain. For pre-processing the dataset, uti-
lized popular methods such as FFT and DWT. Each EEG
signal is separated into a three different subset such as
1000, 500 and 200 datapoints to provide varying levels
of temporal resolution to help capture detailed patterns in
brain activity. FFT are employed to each datapoints subset
in all the EEG channels. Then log,() of the amplitudes of
FFT result was taken, where the range depends on num-
ber of data points in the EEG signal. On calculating this,
dimensions of the training sample come to be (N, D,,,.)
where N represents the number of EEG channels (21) and
D,,.. denotes, number of data points. Find the transform
using the “fft” function in the Scipy package in python
(Virtanen et al. 2020). Z-normalization is performed on
the EEG signal with respect to the standard deviation and
mean which is kept as1 and O respectively. t=1 indicates
a data point. A preprocessed EEG can be described as fol-
lows X € RT*¥<M where T denotes the length of signal,
N denotes the number of EEG channels/electrodes, and M
denotes dimension of the feature.

The discrete wavelet transform was also used, and each
signal was decomposed into six coefficients. The wavelet
used was db2, which is similar to Haar, but performs bet-
ter in localizing frequency. The specific python module
called ‘pywt’ is used for the discrete wavelet transform.
The feature vector is then normalized and aggregated
using Entropy equation p * log,(p + w) where p is the
absolute value of the normalized feature vector and w is
the epsilon coefficient to avoid logarithm of 0.

Creating EEG graph signals
EEG signals are transformed into a graph G = {n, e, A}

where represents the set of EEG electrodes/channels, rep-
resents the set of edges, and denotes the adjacency matrix.

Fig.2 a: Correlation matrix a

(TD), b: correlation matrix o0 1o
(ASD)
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Correlation graph method is utilized for constructing the
EEG graph.

w;; represents edge weight, which is the absolute value of
the normalized correlation between the pre-processed sig-
nals in v; and v; and it is utilized to capture dynamic brain
connectivity. Graph sparsity is introduced by retaining only
edges with weights among the top k neighbours of each node
# X, |ife My,
else 0. Here, () represents the top- neighbours of v;, and v;
and V;, % represents the normalized cross-correlation and its
corresponding preprocessed signals is represented as X. ; .
and X. ;.. Each input EEG signal is analyzed in a unique,
weighted graph using this method. Figure 2, shows an exam-
ple of correlation matrix for ASD and TD.

A cross-correlation method is utilized to determine the
correlation between the signals in different EEG channels.
The cross-correlation values are used to create a symmetric
adjacency matrix of 21 rows and 21 columns, represent-
ing the strengths between EEG channels. Both negative and
positive correlations are used to create the adjacency matrix
as negative correlations are known to be relevant in clas-
sifying autism spectrum disorder according to this study
(Kazeminejad and Sotero 2020). EEG graph signals can be
found in Fig. 3.

i, :

(plus self-edges). i.e., w; = |X:,

Graph attention network

A Graph Attention Network functions as a layer utilized to
process input features by learning from the generated graph
data. It operates on the input features of FFT, utilizing Graph
signals presented as edge indices. The distinctive feature of
GAT lies in its incorporation of an attention mechanism for
computing attention coefficients assigned to each neighbor
of a node. This attention mechanism enables the model to
selectively focus on different neighbors, emphasizing varying
degrees of importance during the message-passing process.

Initially, features for both source and destination nodes
are computed based on the provided edge indices. Given
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Fig.3 a: Graph signal (TD), b:
graph signal (ASD)

the use of a bidirected graph, characterized by an asym-
metric matrix, separate values for both source and destina-
tion are employed. Subsequently, attention is initialized by
concatenating the values from both source and destination.
A learnable parameter, denoted as al and initialized to O,
is then used to update the attention scores at each iteration.
The attention scores are propagated to the input node fea-
tures through matrix multiplication of al and its transpose,
followed by a softmax operation. Dropout and weight decay
measures are applied to prevent overfitting. The resulting
output has a shape of (number of channels, given output
dimension). To modify the inputs intended for the Graph
Neural Network (GNN), the calculated attention scores for
each node are ultimately applied by multiplying them with
the current inputs. This is achieved through the application
of global maximum pooling on the attention scores.

Graph neural network

The Graph diffusion convolutional recurrent neural networks
have been adapted to capture spatiotemporal dependencies in
EEG signals DCRNN was developed for forecasting traffic
flows, modelling traffic flow dynamics as diffusion process
(Huang et al. 2019). The EEG signals spatial dependency
is modeled with a diffusion process, with DCRNN encoder
method. Graph convolutions are executed between the
input features and the support matrix. The support matrix is
derived by utilizing the adjacency matrix of the EEG signal,
which is filtered using dual random walk. This yields the
following diffusion convolutions.

X:,m*GfO = kK=_01 (9 k,l(D(_)lW)k + ek’z(DI_IWT)k>
X:,mfr me{l, ..., M},

ey

where X € RM*M is the pre-processed EEG with fea-
tures and nodes at time step € {1, ..., }, D; and D,
denotes the diagonal matrices that signify the in-degree
and out-degree of the graph, D;'W” and D'W denotes
state transition matrices of the inward and outward

diffusion processes, and is the maximum number of diffu-
sion steps, f, represents the convolution filter with param-
eters R,

Subsequently, for capturing temporal dependencies in
EEGs, we utilize Gated Recurrent Units (GRUs), a spe-
cialized form of gating mechanism equipped Recurrent
Neural Network (RNN). Notably, diffusion convolutions
replace matrix multiplications in GRUs, allowing for the
spatiotemporal modeling of EEG signals.

RO (® G [X(’), H(z—l)] + br) , 2)

W0 = o (@ G [X(’), H(t—l)] + bu), 3)
Cc" = tanh(@ CxG [X(’), ( o H(H))] + bc>, “

HO = u® @ HD + (1-u®) 0 €O, ©)

Here, X®, H® denote the DCGRU input and output at
t time step, © denotes the Hadamard product, o represents
Sigmoid function, ¥, u®, C? represent reset gate, update
gate and candidate at ¢ time step for gated recurrent units,
* G denotes the diffusion convolution, ® ,,b,,0 ,,b,, ®
and b, are the convolutional filters weights and biases.
Finally, the model consists of multiple DCGRUs stacked
upon each other followed by a fully connected layer for
detecting ASD. Then, Average pooling and sigmoid acti-
vation are used for prediction. To detect autism spectrum
disorder, we use ASD as 1 and TD as 0. The dataset is
divided into training, validation, and test dataset with 80%,
10%, and 10% respectively. Each EEG signal is augmented
by randomly reflecting the channels along the midline by
swapping pairs of electrodes and a random scaling factor
of 0.8 to 1.2 is used to augment the data. The decision
to utilize scaling and reflecting of EEG channels as data
augmentation methods was based on their effectiveness in
preserving the spatiotemporal characteristics of EEG Sig-
nals while increasing the diversity of the training dataset.
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Results and discussion

This research work employs two preprocessing techniques,
FFT and DWT, to classify ASD. The proposed model, built
on RNN architecture, is constructed by combining layers
(2, 3, and 4) and varying the number of RNN units (16,
24, 32, and 64). The use of the cosine annealing method
for learning rate adjustment aids in achieving minimal loss
in training data, while L2 regularization is implemented to
prevent overfitting. The hyperparameters for Graph Atten-
tion network are in_channels =100, out_channels =60, and
drop_out=0.5. The Graph neural network’s hyperparam-
eters include dcgru_activation (tanh), dropout (0.3), initial
learning rate (0.0004), epoch count (100), and number of
rnn layers (2), Rnn_units is 64, and train batch size is 40.
The application of DCRNN method with graph diffusion
contributes to understanding the spatiotemporal dependency
of the EEG signal. The dataset consists of 1000 data points
for each EEG entry, with additional experiments conducted
on subsets of 500 and 200 data points. The proposed method
achieves the highest accuracy of 96.2% when the dataset
comprises 1000 data points for each EEG signal. Even with
a subset of 200 data points, the prediction accuracies are
noteworthy, reaching 91.5% with FFT and 84.2% with DWT.
Furthermore, the model performs well on larger subsets of
500 and 1000 data points. The utilization of the Graph Atten-
tion Mechanism in this proposed model enhances accuracy
from 91.5 to 94.2% for the dataset subset of 200 data points,
while maintaining consistent accuracy for other subsets. This
improvement may be attributed to the attention mechanism’s
effectiveness, especially in scenarios with smaller sample
sizes (e.g., 200 data points). The significance of attention
mechanisms and the impact of architectural configura-
tions on accuracy underscore the importance of thoughtful
design choices in proposed models for ASD classification.
Experimentation reveals that specific configurations within
this architecture lead to higher accuracy, underscoring the

impact of layer and unit combinations on the model’s per-
formance. Table 1 depicts the results of the proposed model
in ASD classification, with notable performance across dif-
ferent dataset sizes and preprocessing techniques. Figure 4.
depicts the comparison of the accuracy of three subset of
different size using FFT and DWT preprocessing methods.

Conclusion

In summary, the results indicate that FFT consistently out-
performs DWT across datasets of varying sizes in terms of
accuracy, precision, and Area Under the Receiver Oper-
ating Characteristics (AUROC). Despite generally lower
performance, DWT yields reasonable results, especially
considering the reduced data points. The observed differ-
ences in performance can be attributed to the superior fre-
quency localization of FFT, whereas DWT captures data
in both time and frequency domains. Frequency domain
analysis can more effectively isolate relevant components
of the signal and filter out noise and artifacts. Frequency
domain features offer simplicity and generalization, making
them more suitable for classification tasks with limited data.
Moreover, abnormalities in EEG power in specific frequency

100

M Fast Fourier Transform

Accurcay (%)

| Discrete Wavelet Transform

Subset of 1000  Subset of 500 Data Subset of 200 Data
Data points points points

Fig.4 Comparison of the accuracy of three different size of subset
using two preprocessing methods

Table 1 Results obtained using
different preprocessing methods
and different sizes of subsets

Preprocessing methods

Performance metrics

Subset of 200
data points (%)

Subset of 1000
data points (%)

Subset of 500
data points (%)

Fast fourier transform Accuracy 96.2 95.2 94.2
F1-Score 93.9 95 94.0
Recall 92.3 92.3 90.0
Precision 100 98 98.3
AU ROC 98.8 99.6 98.8
Discrete wavelet transform  Accuracy 90.4 89.4 84.2
F1-Score 89.8 89.3 84.8
Recall 84.6 88.5 87.7
Precision 95.7 90.2 82.0
AU ROC 97.8 94.1 932
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bands (such as delta, theta, alpha, beta) have been associated
with ASD. These band-specific power features are naturally
derived from the frequency domain analysis. The representa-
tion of EEG channels as nodes in a graph enables the model
to understand and leverage relationships among different
brain regions. The incorporation of graph diffusion mecha-
nisms facilitates the capture of information spread through
these connections, providing a nuanced insight into interac-
tions associated with ASD. The application of DCRNN with
graph diffusion to EEG signals holds promise for advancing
our understanding of the neural mechanisms linked to ASD.

For future research, it is imperative to validate the pro-
posed methodology on larger datasets to ensure its gener-
alizability. A more comprehensive dataset, encompassing
diverse conditions, has the potential to enhance the model’s
ability to generalize across various scenarios. Such endeav-
ors will contribute to further insights and advancements in
uncovering the neural underpinnings of ASD.
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