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ABSTRACT 

This work focuses on enhancing the detection of Autism Spectrum Disorder (ASD) by analyzing brain 

connectivity patterns, as the proper connectivity between the various brain regions is necessary for regular 

cognition. Neurological disease diagnostics has made extensive use of Electroencephalography (EEG). 

Frequency-related features have been the main focus of earlier research on the use of EEG data to 

diagnose ASD. Most previous studies divided the data into time slices or sliding windows. However, there is 

a chance that these data augmentation methods contaminate the testing with training data. This study 

presents a novel technique for identifying ASD using EEG data to get around this problem. Convolutional 

Neural Networks (CNNs) and Gated Recurrent Units (GRUs) were used to create and implement a model 

for diagnosing ASD, achieving a classification accuracy of 96.4%. 

Keywords-Autism Spectrum Disorder (ASD); Electroencephalography (EEG); Convolutional Neural Network 

(CNN); Gated Recurrent Unit (GRU); deep learning 

I. INTRODUCTION  

Autism Spectrum Disorder (ASD) is a neurodevelopmental 
disorder that appears early in childhood, and its prevalence has 
gradually increased over time. According to the National 
Center for Health Statistics, about 1 in 36 children had ASD by 
2016 [1]. People with ASD may experience long-term effects if 
they are not diagnosed and treated promptly. As a result, the 
need for dependable and effective diagnostic assistance 
systems is increasing. The ADOS, M-CHAT, and ADI-R are 
just a few of the behavioral tests and clinical observations that 
have historically been used to diagnose ASD [2]. However, 
these evaluations take a long time, and subjective responses can 
have an impact. To support diagnosis, researchers examine the 
underlying variations in brain activity between people with and 
without ASD since the development of neuroimaging 
technologies such as MRI, fMRI, and EEG [3]. 

Abnormal connections between brain regions are frequently 
associated with the cognitive difficulties associated with ASD. 
Normal brain function depends on these areas communicating 
well with each other. People with ASD often exhibit excessive 
short- or insufficient long-range brain connections. These 
patterns could result from synapse or columnar structural 

abnormalities that impact the processing of sensory data. 
Behaviors associated with ASD, such as poor sensory 
integration and connection, may be influenced by anomalies in 
synaptic control, especially in primary sensory neurons [4]. 

Functional brain connectivity (fMRI) has been investigated 
in several studies to differentiate between people with ASD and 
those with usual development. EEG is more feasible for clinical 
use due to its superior temporal resolution, cost, and ability to 
directly reflect brain activity through signal interdependence, 
although fMRI provides excellent spatial resolution [5]. 
Despite its benefits, most EEG-based studies on ASD relied on 
traditional characteristics such as power spectral density or 
multiscale entropy. EEG-derived functional connectivity is still 
poorly understood. Furthermore, many previous studies 
attempted to improve training data by cutting EEG into short 
time segments, which may result in redundant data and inflated 
classification performance due to intra-subject similarity [6]. 

In [7], EEGs were segmented into 4-second periods, and 
reinforcement learning was used to optimize a CNN for ASD 
identification, obtaining 92.63% accuracy. On the other hand, 
the study in [8] focused on functional connectivity without 
going into detail about the length of time or segmentation of 
the EEG recording. Despite employing ResNet to achieve 
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88.88% accuracy, limited training data and downsizing of 
connection matrices to fit CNNs prompted concerns about 
overfitting and information loss. In addition, this method 
lacked dynamic examination of EEG temporal patterns. 

Deep learning and EEG signals have been used in some 
recent studies to investigate automated ASD detection. In [9], 
several neural network models were evaluated, emphasizing 
the importance of choosing the right design. In [10], CNNs 
were used with remarkable accuracy for EEG-based 
classification. Time-series maps of functional connectivity 
were used in [11] with a CNN-LSTM hybrid, demonstrating 
better performance. For P300 detection, machine learning and 
adaptive signal decomposition were combined in [12]. In [13], 
deep neurocomputational fusion was introduced across EEG 
domains. In [14], CNN-LSTM was also used, demonstrating 
resilience in a hybrid design. In [15], interpretability was 
improved by combining multimodal fusion and explainable AI. 
In addition, a fresh perspective was provided in [16] by 
investigating quantum-based machine learning using spatial 
pattern information. 

A. Problem Statement 

EEG is a non-invasive method for identifying abnormalities 
in brain connections that are associated with ASD. However, 
current EEG-based techniques for classifying ASD frequently 
depend on sliding-window augmentation, which runs the risk 
of data leakage, and fail to take into account the combined 
spatiotemporal dynamics of brain signals. Therefore, a strong 
model that ensures data integrity and identifies significant 
connectivity patterns is needed. 

B. Contributions of this Study 

The major contributions of this study are: 

 A novel CNN-GRU hybrid architecture is used to extract 
temporal and spatial characteristics from EEG-based 
functional connectivity matrices and improve classification. 

 Realistic EEG connectivity properties are synthesized using 
WGAN-based data augmentation, which prevents training-
test data contamination that is typical of sliding-window 
methods. 

 The model's discriminative capability is increased by 
integrating distance correlation-based feature selection, 
outperforming a number of contemporary techniques with a 
high classification accuracy of 96.4%. 

II. PROPOSED WORK 

Figure 1 presents the overall proposed mechanism. 

A. Dataset Description 

The BCIAUT-P300 [17] dataset features EEG recordings 
from 15 people with ASD throughout seven structured 
intervention sessions (a total of 105 sessions). The dataset 
focuses on P300 event-related potentials related to attention 
and cognitive processing and is intended to evaluate the effect 
of a P300-based Brain-Computer Interface (BCI) on joint 
attention. 

3CmxGraphModel%3E%3Croot%3E%3CmxCell%20id%3D%220%22%2F%3E%3CmxCell%20id%3D%221%22%20parent%3D%220%22%2F%3E%3CmxCell%20id%3D%222%22%20value%3D%22%22%20style%3D%22endArrow%3Dclassic%3Bhtml%3D1%3Brounded%3D0%3B%22%20edge%3D%221%22%20parent%3D%221%22%3E%3CmxGeometry%20width%3D%2250%22%20height%3D%2250%22%20relative%3D%221%22%20as%3D%22geometry%22%3E%3CmxPoint%20x%3D%22160%22%20y%3D%22150%22%20as%3D%22sourcePoint%22%2F%3E

%3CmxPoint%20x%3D%22160%22%20y%3D%22190%22%20as%3D%22targetPoint%22%2F%3E%3CArray%20as%3D%22points%22%3E%3CmxPoint%20x%3D%22140%22%20y%3D%22170%22%2F%3E%3C%2FArray%3E%3C%2FmxGeometry%3E%3C%2FmxCell%3E%3C%2Froot%3E%3C%2FmxGraphModel%E 
Fig. 1.  Proposed workflow. 

B. Data Preprocessing 

Thorough data pretreatment is necessary to ensure model 
compatibility and the best possible learning performance. The 
following were the preprocessing steps. 

 Image Resizing: To make all spectrograms compatible with 
contemporary CNN architectures, they were reduced to the 
typical input dimensions of 256×256 pixels. 

 Normalization: To promote numerical stability and 
accelerate gradient convergence during model training, 
pixel intensities were normalized to the interval [0, 1]. 

 Label Encoding: Class labels were numerically encoded, 
with Normal assigned a value of 0 and ASD assigned a 
value of 1. 

These actions increase overall training efficiency and 
normalize the dataset for deep learning models. 

C. Functional Connectivity Using Distance Correlation 

EEG data uses multi-channel time series signals, where 
each channel reflects the electrical activity recorded from a 
specific region of the brain. Finding out how these channels 
work together helps to identify neurological abnormalities, 
such as those found in ASD. Conventional correlation 
measurements could miss nonlinear dependencies. Distance 
Correlation (����) is therefore used as a more general measure 
of the dependence between two random variables or signals. 

1) Step 1: Pairwise Distance Matrices 

The Εuclidean distance matrices for two multivariate 
random variables � � ��	, ��, … , �
�  and � � ��	, ��, … , �
� 
are shown as: ��� � ���� � ����  and ��� � ||�� � ��||  for 

�, � � 1,2, … , � . Pairwise Εuclidean distance matrices are 
represented as: 

� � ���� , ! � ����   
2) Step 2: Double-Centering 

This enables the computation of unbiased distance 
covariance by adding the overall mean and lowering the means 
of the rows and columns. The following is used to center the 
matrices: 

���
∗ � ��� � �#$ � �%$ & �..$   and  ���

∗ � ��� � �#$ � �%$ & �..$  

3) Step 3: Distance Covariance 

Distance covariance quantifies the structural variation 
shared by two centered distance matrices. This stage is crucial 
for identifying important interactions across EEG channels to 
predict ASD. 
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4) Step 4: Distance Correlation 

This provides a trustworthy, unit-free EEG signal 
dependence indicator. In addition to helping identify weak and 
strong correlations across channels, regardless of their 
individual amplitudes, this value enhances the interpretability 
of neural interactions. The scale for a distance correlation is 0 
to 1. 

����*�, �+ �  /012*3,4+
5/012*3,3+ ./012*4,4+  

5) Step 5: Distance Correlation Matrix D 

Dependencies among all EEG channels are summarized in 
the distance correlation matrix Dij. Self-correlation has 
diagonal values of 1, and the matrix is symmetric (6�� � 6��). 
If there are �  EEG channels, then the distance correlation 
Matrix 6 ∈ 80∗0 is formed as: 

6�� � ����*�� , ��+,  for  �, � � 1,… � 

This matrix provides a potent input for deep learning and 
graph-based models in ASD prediction, capturing patterns of 
intra- and inter-regional EEG connection. 

D. TSM-BFC Construction (Time-Series Map of Brain 
Functional Connectivity) 

This section explains how distance correlation analysis is 
used to convert EEG signals into 2D representations and how 
discriminative features are then chosen for ASD prediction. 

1) Step 1: Compute Distance Correlation Matrix 

Given EEG signals � ∈ 80∗9 , where �  is the number of 
EEG channels and : the number of time frames, for each time 
frame ; , extract segment �< ∈ 80∗
 , and then compute a 
distance correlation matrix 6< ∈ 80∗0.  

2) Step 2: Vectorization 

Extract the upper triangle (except for the diagonal) from 
each matrix 6< , and then vectorize it: 

=< = )>?@AABC(6<) ∈ 8D , where E = 0(0F	)�   

3) Step 3: Temporal Stacking 

All : time frames' vectors should be stacked to create: 

G = [=	, =�, … . . =9] ∈ 8D×9  

The temporal dynamics of interregional brain connections 
are encoded in matrix G. 

4) Step 4: Feature Selection Using Two-Sample t-Test 

A statistical filter is used to determine the connection 
characteristics that set ASD apart from normal cases. The 
values of feature �  across ASD and normal samples are 

represented by the symbols =�(I) and =�	, respectively. Then the 
t-statistic for every characteristic is generated as: 

;� = JKL(M)FJKL(N)
OPK(M,)QM RPK(N,)QN

  

The resulting S -value indicates the probability that the 
observed difference is the result of chance. Features are 
deemed statistically significant and kept for additional 
examination if their S-values fall below a predetermined cutoff 
(0.05). 

ET = {� ∈ {1,2, … . . EV: S� <∝V  
The reduced representation is obtained by applying the 

feature mask to matrix G: 

GT ∈ 8DZ∗9, where  ET < E  

5) Step 5: Image Generation 

The matrix G′ is scaled to 64×64 pixels and adjusted to the 
pixel intensity range [0, 255]. The result is a grayscale image of 
a statistically filtered spatiotemporal brain connection. For the 
classification of ASD, these pictures are fed into the CNN-
GRU model. 

E. Hybrid Deep Learning Architecture (CNN-GRU) 

A hybrid architecture was developed, which incorporates a 
Convolutional Neural Network (CNN) for spatial feature 
extraction and Gated Recurrent Units (GRUs) for temporal 
dependency modeling to effectively classify ASD from EEG-
based TSM-BFC images. The CNN-GRU architecture offers a 
robust deep learning framework for classifying ASD using 
TSM-BFC derived from EEG. To find spatial connection 
patterns across EEG channels, a CNN applies convolutional 
filters, nonlinear ReLU activation, and max-pooling layers to 
each TSM-BFC image (64×64 pixels). These spatial features 
reflect the degree of connectivity among various regions of the 
brain. 

The GRU module then records how these spatial features 
change over time. Each column of the TSM-BFC matrix is sent 
as input to the GRU. The GRU learns dynamic temporal 
patterns through the use of update and reset gates, which are 
crucial for distinguishing between children with and without 
ASD. The final hidden state of the GRU encodes the temporal 
summary of brain connectivity. 

After that, this summary is input into a fully connected 
classifier, which generates a probability score that indicates the 
possibility of ASD using a sigmoid activation function. If the 
result is greater than 0.5, the input is classified as ASD. This 
hybrid architecture combines geographical and temporal data to 
produce precise and dependable predictions. The overall 
process is given in Algorithm 1. 

Algorithm 1: CNN-GRU-Based ASD Prediction 

Input:   Preprocessed TSM-BFC image of  

        shape (\ × ]) 
Output: Predicted ASD label ∈ {0, 1V 
Step 1: Load the TSM-BFC image _ ∈ 8`×a 
        Normalize pixel values to [0, 1] 
Step 2: CNN Module – Spatial Feature  

        Extraction 
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         For each convolutional layer  

         b = 1 to c: 
           Apply convolution: 

            ℎe = 8>cf(���)gℎ(eF	),](e)h + �(e))  
           Apply Max Pooling (after every   

           1–2 layers) 

Step 3:  Reshape CNN Output 

         Flatten CNN feature maps into a  

         2D sequence i ∈ 89×D (:: time  
         steps, E: features per step) 
Step 4:  GRU Module – Temporal Feature  

         Extraction 

         Initialize hidden state ℎI 
         For each time step ; = 1 to :: 
           Update gate: j< = k(]l�< + flℎ<F	) 
           Reset gate: �< = k(]C�< + fCℎ<F	) 
           Candidate state: 

           ℎ< = ;��ℎ(]m�< + fm(�<⊙ℎ<F	)) 
         Final state: 

         ℎ< = (1 − j<) ⊙ ℎ<F	 + j<⊙ ℎo< 
Step 5:  Fully Connected Classifier 

         Feed the final GRU output ℎ9 to  
         the dense layer: 

         �p = k(]Jqℎ9 + �Jq) 
Step 6:  Decision Rule 

         If �p ≥ 0.5: 
          Predict ASD (label = 1) 

         Else:  

          Predict Typical Development  

          (label = 0) 

Return:  Predicted Label ∈ {0,1V 
 

F. Data Augmentation 

To address the class imbalance and enhance the 
generalization ability of the deep learning models in the 
prediction of ASD, the Wasserstein Generative Adversarial 
Network (WGAN) was employed for data augmentation. The 
WGAN framework contributes to a more stable training 
process by improving the Wasserstein distance between the 
generator distribution tu  and the actual data distribution tC ,. 
The objective function is: 

vw~Ay[6(�)] − vl~Az[6({(j))]|∈|}~w�}�

  

Here, a noise vector j ∼ Sl is used by the generator network {(j) to produce a synthetic EEG image. A crucial network 
called 6(�) evaluates the realness of image � and determines 
the Wasserstein distance. The collection of all 1-Lipschitz 
functions is denoted by 6. 

G. Training Configurations and Evaluation Metrics 

The proposed deep learning model was developed in a 
carefully designed setup to ensure reliable learning and 
evaluation using 10-fold cross-validation, Adam optimizer, 
Binary Cross Entropy (BCE) loss function, batch size of 32, 
and 100 epochs. Considering :t as True Positives, :� as True 
Negatives, Et as False Positives, and E� as False Negatives, 

accuracy measures how accurate the predictions are overall as 
follows: 

�??���?� = 9�R9�9�R9�RD�RD�  

Precision measures the percentage of accurately predicted 
instances out of all projected ASD cases: 

t�>?����� = 9�9�RD�  

Recall or sensitivity gauges how well the model can identify 
ASD cases from real-world ASD instances: 

8>?�bb = 9�9�RD�  

F1-score provides a harmonic mean of precision and recall, 
which is especially helpful in unbalanced datasets: 

E1 = 2 × �CBq���1
×�Bq~ee�CBq���1
R�Bq~ee  
Additionally, the discriminative capacity of the model was 
assessed across various classification thresholds using AUC-
ROC. 

III. EXPERIMENTAL RESULTS AND DISCUSSION 

Experiments were carried out on a system with an Intel i5 
processor and a dedicated GPU. TensorFlow and Keras were 
used to build the model, while NumPy and SciPy were used to 
preprocess the EEG data and compute distance correlation. 
Scikit-learn was used for evaluation metrics and statistical 
significance tests. TensorFlow was used to create a WGAN for 
producing realistic synthetic examples to rectify class 
imbalance and enhance generalization. 

A baseline CNN, pretrained VGG16, lightweight 
MobileNet, and a CNN-LSTM hybrid were among deep 
learning architectures that were deployed for comparative 
evaluation. The same preprocessed EEG-based TSM-BFC 
input representations and identical hyperparameter setups 
(optimizer, batch size, learning rate, and 100 training epochs) 
were used for training and evaluating each model. To ensure 
reliable model evaluation and reduce variance brought on by 
data splits, 10-fold stratified cross-validation was employed. 
Table I shows the average classification accuracy for each 
model over the 10 folds. Incorporating temporal modeling with 
CNN-LSTM increased accuracy to 94.2%, whereas deeper 
CNN variants such as VGG16 and MobileNet marginally 
outperformed the basic CNN (90.7%). With an average 
accuracy of 96.4%, the proposed CNN-GRU model, which 
simultaneously records temporal dynamics using GRUs and 
spatial features using convolutional layers, performed better 
than the others, demonstrating its improved capacity to learn 
discriminative spatiotemporal EEG patterns for ASD 
classification. 

TABLE I.  ACCURACY COMPARISON OF MODELS 

Model Architecture type Accuracy (%) 

CNN Baseline CNN 90.7 
VGG-16 Pretrained CNN 92.5 

MobileNet Lightweight CNN (Pretrained) 93.8 
CNN-LSTM Spatial + Sequential 94.2 

Proposed CNN-GRU Spatial + Temporal 96.4 
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Table II shows the effectiveness of the proposed CNN-
GRU model for ASD classification, both with and without data 
augmentation. The model exhibits increased prediction 
reliability with augmentation, as seen by better accuracy, 
precision, and F1-score. Better detection of both ASD and non-
ASD cases is demonstrated by increases in sensitivity and 
specificity. Additionally, the AUC-ROC increases from 0.96 to 
0.98, indicating better classification performance. These 
findings demonstrate how well augmentation works to improve 
model robustness and generalization in EEG-based ASD 
identification. 

TABLE II.  EVALUATION METRICS RESULTS 

Metric Without augmentation With augmentation 

Accuracy (%) 94.6 96.4 
Precision (%) 93.2 95.2 

Sensitivity (%) 95.3 97.3 
Specificity (%) 93.1 95.1 
F1-score (%) 94.1 96.2 
AUC-ROC 0.96 0.98 

 

 
Fig. 2.  Confusion matrix representations. 

 
Fig. 3.  Illustration of AUC-ROC results. 

Figure 2 demonstrates confusion matrices for the results. 
With 4,935 FP and 7,245 FN, the model accurately categorized 
100,065 ASD and 97,755 non-ASD samples without 
augmentation. With augmentation, FP and FN dropped to 2,835 
and 5,145, respectively, while TP and TN counts increased to 
102,165 and 99,855, respectively. This improvement suggests 
improved robustness and generalization. The decrease in 
misclassification indicates that the model's capacity to learn 
discriminative features and successfully differentiate ASD from 
regular development using EEG-derived characteristics is 
much enhanced by data augmentation. This is also confirmed 
by the ROC curve in Figure 3. With an AUC of 0.98, the 
augmentation-trained model outperformed the non-
augmentation-trained one, which had an AUC of 0.96. The 
greater sensitivity and specificity indicated by the higher AUC 
validate that augmentation improves the model's ability to 

generalize to new inputs. With augmentation, the ROC curve 
stays nearer the upper-left corner, indicating a larger 
percentage of TP and fewer FP. These findings confirm that 
data augmentation is a useful preprocessing step in image-
based machine learning tasks since it increases classification 
accuracy and robustness. 

Figure 4 displays the fold-wise accuracy changes of the 
proposed CNN-GRU model using a 10-fold stratified cross-
validation technique. The model is consistent, with high 
accuracy across all folds and low variance, indicating its 
robustness and generalizability. The standard deviation 
indicated that there was minimal fluctuation between folds, and 
the average accuracy was 96.42%. This suggests that the model 
did not overfit to any one group and maintained balanced 
performance across all data splits. The consistent accuracy over 
folds validates the effectiveness of using distance correlation-
based feature selection, WGAN-based augmentation, and 
TSM-BFC features to improve ASD classification from EEG 
representations. 

 

 
Fig. 4.  Model's accuracy at each fold. 

Figure 5 illustrates the training behavior of the proposed 
model over 100 epochs. Effective learning and little overfitting 
are indicated by the training, validation, and testing loss curves, 
all showing a steady decline. Strong generalization is 
confirmed by the accuracy curves, which likewise exhibit 
steady progress, with all three converging at 95%. The model's 
capacity to extract discriminative features from EEG-based 
TSM-BFC inputs is demonstrated by the close alignment 
observed across all datasets. These outcomes confirm the 
model's applicability and resilience for precise ASD 
categorization. 

 

 
Fig. 5.  Training, testing, and validation accuracy  and loss comparison. 
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Table III compares the proposed approach with existing 
works. The proposed CNN-GRU model outperforms current 
state-of-the-art techniques for EEG-based ASD classification, 
with an accuracy of 96.4. TSM-BFC, distance correlation for 
efficient feature selection, and WGAN-based data 
augmentation were successful at improving classification 
accuracy and enabling robust learning of spatiotemporal EEG 
patterns. 

TABLE III.  ACCURACY COMPARISON WITH EXISTING 
WORKS 

Study Year Method Accuracy 

[9] 2024 
Baseline CNN, DNN, LSTM on time-

frequency features 
93.8% 

[10] 2022 Scalogram + MobileNet 79.5% 

[11] 2024 
CNN-LSTM + functional connectivity + 

DCGAN 
81.1% 

[12] 2023 EBT, SVM, ANN 91.2% 

[13] 2025 
Encoder-Ensemble Fusion Model, 

LSTM+XGBoost Regressor 
93.05% 

[14] 2025 CNN-LSTM 94.13% 
[15] 2025 ViT-LSTM, XAI, LIME 95.61% 
[16] 2025 NN, QSVM, and QNN 94.7% 

Proposed  2025 CNN-GRU, WGAN,TSM-BFC features 96.4% 

 

IV. CONCLUSION 

This study presented a framework for classifying ASD 
using a CNN-GRU hybrid model, WGAN-based data 
augmentation, and TSM-BFC features extracted from EEG. 
The model's performance was further improved by using 
distance correlation for feature selection. This strategy 
outperformed recent approaches, achieving a high classification 
accuracy of 96.4%. These results demonstrate how well deep 
learning works when combined with sophisticated connection 
features and data augmentation techniques. Limitations of this 
study include the quantity of the dataset and possible inter-
subject variability in EEG signals. For better interpretability, 
future research might focus on multimodal data integration, 
cross-dataset validation, and explainable AI. To improve 
practical applicability in diagnosing ASD, real-time 
deployment and clinical evaluation are also advised. 
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