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ABSTRACT
Atypical brain development is a characteristic of autism spectrum disorder (ASD), a neurodevelopmental disorder that frequently 
shows up as deficits in joint attention, a crucial social-communication ability including gaze sharing and gaze following. Children 
with ASD frequently exhibit atypical gaze behaviours that hinder effective coordination of attention with others. Although recent 
studies have explored virtual reality (VR) to address these aspects, the existing systems rely primarily on performance-based 
learning and offer limited adaptability to individual behavioural patterns. To overcome these limitations, this study proposes a 
novel virtual reality and adaptive game-based system (VRAGS) designed to assess and enhance attention in children with ASD, 
thereby supporting improved learning capacity. The proposed framework begins with data acquisition through the 3D game en-
vironment. The collected data are preprocessed using an improved tanh normalization, which effectively suppresses noise while 
preserving informative variations for learning. Then, the feature extraction process takes place, in which the raw data features, 
statistical features and improved entropy features are derived. The improved entropy is computed using information gain, pri-
oritizing features that maximally reduce uncertainty with respect to attention states, thereby enhancing discriminative power. 
Finally, the attention prediction is done via the hybrid classification (HC) model that integrates an Adam-optimized deep convo-
lutional neural network (AODCNN) and a bidirectional long short-term memory (Bi-LSTM) network. This architecture collec-
tively captures hierarchical spatial patterns and temporal dependencies within the data. The integration of the improved tanh 
activation and Adam optimization in the AODCNN model ensures stable convergence and robust feature learning. Moreover, 
the experimental evaluation demonstrates that the proposed model significantly outperforms existing methods, achieving an 
accuracy of 0.933, an F-measure of 0.925 and a negative predictive value (NPV) of 0.936. These findings demonstrate the poten-
tial of the suggested framework as a customized, adaptable tool for therapeutic intervention and support its efficacy in precisely 
predicting attention levels in children with ASD.

1   |   Introduction

Asperger's condition, autism and infant disintegrative illness are 
among the complex neurodevelopmental brain disorders together 
referred to as autism spectrum disorder (ASD). As the name 
‘spectrum’ implies, these illnesses include different symptoms 
and degrees of severity (Vakadkar et al. 2021; Amat et al. 2021; 
Xiao et al. 2020). This neurological disease is characterized by 

repeated behavioural patterns and social communication diffi-
culties (Vakadkar et al. 2021; Goel et al. 2020; Ke et al. 2022; 
Johnston et  al.  2020). ASD is becoming more common, while 
frequency varies by nation (Banire et al. 2021). Depending on 
how severe the present symptoms are, ASDs can range from 
very mild ASD to severe ASD (Jonsdottir et  al.  2020; Zhao 
et al. 2018; Rusli et al. 2020). Early infancy, youth or adulthood 
may see the signs. As many diagnoses show a variety of typical 
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neurodevelopment symptoms, it was particularly challenging to 
identify moderate forms of ASD early (Goel et al. 2020; Moreno 
et al. 2017; Zheng et al. 2016).

Automated facial landmark identification has led to applications 
that can be deployed in several fields. Examples of situations in 
which facial expressions act as intellectual systems are detect-
ing pain, diagnosing infant syndromes, detecting driver fatigue 
and detecting engagement (Eni et al. 2020; Glennon et al. 2020; 
Puli and Kushki 2019). Through the application of face pattern 
recognition, advanced information technology that employs 
AI models has assisted in the early diagnosis of ASD (Herrero 
and Lorenzo  2020; Yaneva et  al.  2020; Sheldrick et  al.  2019). 
Artificial intelligence (AI) and machine learning (ML) algo-
rithms were deployed in several realistic appliances to aid in 
resolving societal problems. AI (Herrero and Lorenzo  2020; 
Hadri and Bouramoul 2023) is used in all aspects of healthcare 
to aid medical professionals in dealing with disorders like au-
tism. The extraction of ASD features has gained a lot of consid-
eration since it could be utilized to differentiate between people 
without or with ASD. Deep learning (DL) methods (Hadri and 
Bouramoul 2023; Mazumdar et al. 2021), in particular, convolu-
tional neural networks (CNNs) (Banire et al. 2021; Herrero and 
Lorenzo  2020) and recurrent neural networks (RNNs) as well 
as the bidirectional long short-term memory (Bi-LSTM) models, 
were used or suggested to diagnose autism in children.

Relevant to the current study, it is crucial to investigate the 
variables influencing the physical activity (PA) of children with 
ASD as well as whether they are given adequate opportunity to 
do so (Bejarano-Martín et al. 2020; Charpentier et al. 2018). To 
increase the effectiveness of therapies intended to promote the 
active life/well-being of children with ASD (Frolli et al. 2022), 
it will also be crucial to determine the contributing elements 
to PA. Also, researchers in the field of ASD have tried several 
methods to enhance attention evaluation for successful learn-
ing outcomes. The handling of specific data by the brain and 
behaviour during attention entails disregarding other infor-
mation that is monitored (Garcia-Garcia et al. 2022; ElMoazen 
et  al.  2020; Lai et  al.  2020). It was sometimes referred to as 
the participants' behavioural (Banire et  al.  2021) or cognitive 
(Herrero and Lorenzo  2020) involvement in the learning ac-
tivity. Children with ASD struggled with focus since they were 
often diverted from their learning activities (Lu et al. 2022; de 
Mira Gobbo et al. 2021; Alcaniz Raya et al. 2020). For children 
with ASD, traditional intervention techniques including pivotal 
response training (PRT), physical prompting and fading treat-
ments have demonstrated encouraging results; nevertheless, 
they are frequently quite expensive and resource-intensive. 
These approaches usually involve a significant cost burden for 
clinical settings, extensive hours of one-on-one therapy admin-
istered by qualified interventionists and little flexibility for ther-
apists to implement changes in the task environment (Jyoti and 
Lahiri  2019). Furthermore, even though eye-tracking technol-
ogy has shown promise in the diagnosis and evaluation of ASD, 
current applications encounter a number of difficulties, such as 
poor data accuracy, vulnerability to environmental influences 
and challenges in successfully integrating multimodal infor-
mation to enhance diagnostic precision and reliability (Chen 
et al. 2025). These shortcomings spurred the development of a 
revolutionary virtual reality and adaptive game-based system 

(VRAGS) designed to assess and improve attention in children 
with ASD, fostering improved learning capacity. The main con-
tributions of the proposed work are as follows:

•	 Proposes a new VRAGS model for ASD children to en-
hance their learning ability, in which an improved tanh 
normalization-based preprocessing is followed.

•	 Contributing to the extraction of improved entropy-based 
features, along with raw data and statistical features.

•	 Deploys a hybrid classification (HC) that integrates an 
Adam-optimized deep convolutional neural network 
(AODCNN) and a Bi-LSTM for the attention prediction of 
children with autism during gaming.

Section  2 reviews the extant VRAGS approaches. Section  3 
describes the proposed VRAGS model for ASD children, 
and Section  4 describes data acquisition and preprocessing. 
Section 5 provides briefs about features, and Section 6 explains 
hybrid classifiers. Sections  7 and 8 explain outcomes and the 
conclusion.

2   |   Literature Review

2.1   |   Related Works

To develop and work on the emotional and social abilities of 
pupils with ASDs, Herrero and Lorenzo  (2020) suggested the 
implementation and design of a head-mounted display (HMD) 
interactive virtual space system in 2019. They had chosen two 
groups for this. In the first group, they used immersive virtual 
reality (IVR) as a didactic tool to recreate the contexts of social-
izing (a classroom and a kindergarten) over the course of 10 ses-
sions. The subsequent group served as the control and received 
no treatment throughout the intervention period. The degrees of 
improvement and adaptation showed that IVR in the proposed 
format was compatible with the tactile preference and visuospa-
tial abilities of the ASD youngsters taking part in this analysis.

Rakić et al. (2020) presented a strategy for classifying ASD pa-
tients against control participants using structural and func-
tional magnetic resonance images (MRI) data. Grey matter 
volume similarities between cortical parcels and functional 
connectivity patterns between brain areas were employed as 
features for operational and anatomical assessment pipelines, 
respectively. Stacks of unsupervised multilayer perceptrons 
(MLPs) were combined with supervised MLPs to build the clas-
sifying system.

Goel et  al.  (2020) suggested that a modified grasshopper opti-
mization algorithm (MGOA) is capable of diagnosing ASD at all 
stages of life. The grasshopper optimization algorithm (GOA) 
was an algorithm that drew inspiration from nature and had 
the ability to successfully explore and use the search space. 
They aimed to address the limitations of the conventional GOA 
through their research, leading to an early identification of the 
illness.

Two strategies were presented in 2021 by Banire et  al.  (2021) 
for a face-based attention detection model. The first method 
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translated geometric properties using a support vector ma-
chine (SVM) classifier, and the second method converted time-
domain spatial information into two-dimensional (2D) spatial 
visuals using a CNN method. The outcomes demonstrated that 
the SVM classifier's geometric feature transformation beat the 
CNN method. Additionally, attention detection performed bet-
ter in lower attention activities than in higher attention tasks 
and was more generalizable in normally developing children 
than in ASD groups.

In 2021, Mazumdar et al. (2021) presented a scheme depending 
upon the joint usage of ML and eye tracing data. More precisely, 
characteristics like the existence of objects and fixation in the 
core of an image were retrieved from the image content and ex-
amined behaviour. A classifier based on ML was trained using 
those characteristics. The results demonstrated that the factors 
taken into consideration enable the distinction between children 
with ASD and those who are growing normally.

Alsaade and Alzahrani (2022) created a method that used face 
recognition and social media to identify people with ASDs. DL 
approaches may be utilized to recognize these landmarks, but 
they need a reliable system for extracting and creating the right 
patterns of facial data. Using a simple web application built on 
a DL system, namely a CNN using transfer learning (TL) and 
the Flask system, aids groups and clinicians in empirically diag-
nosing autism using face traits. The trained schemes employed 
as classifiers were Visual Geometry Group Network (VGG19), 
Xception and NASNET Mobile.

Kuttala et al. (2022) presented a one-class paradigm for describ-
ing healthy people. In this one-class concept, any person with 
ASD/attention deficit hyperactivity disorder (ADHD) was seen 
as an oddity. The adopted model was a dense generative adver-
sarial network (DGAN) design with a self-attention module. 
T1-weighted longitudinal structural magnetic resonance images 
(sMRI) were the input modalities utilized by the system. In addi-
tion, they exclusively trained the system with longitudinal data, 
which consisted of 2 scans of each person over time, as opposed 
to the cross-sectional data used in more conventional methods 
(a single scan per participant).

Hadri and Bouramoul (2023) concentrated on the development 
of the intellectual system for the support and companionship of 
ASD children. The suggested system was built using chatbots, 
which were conversational assistants that used AI. The con-
tribution assisted autistic youngsters in understanding their 
circumstances by responding to their inquiries and offering 
guidance and suggestions. They felt that giving a non-human 
friend may assist the child and others around them in under-
standing the illness and avoiding depression.

In 2013, Cai et al. (2013) designed and developed an innovative 
virtual dolphinarium as a potential intervention for children 
with autism. Through the virtual dolphin interaction pro-
gramme, children can take on the role of dolphin trainers and 
engage with virtual dolphins at the poolside using hand ges-
tures to learn nonverbal communication. A dedicated immer-
sive room with a 320° curved screen and an expensive five-panel 
projection system was used to increase engagement through the 
use of immersive visualization and gesture-based interaction. 

The study also reported a pilot investigation aimed at establish-
ing a trial protocol for autism screening and evaluating partic-
ipants' readiness to engage in the virtual dolphin interaction 
environment.

In 2025, Chen et al. (2025) have combined eye tracking with vir-
tual reality settings to examine children with ASD's gaze pat-
terns. To increase impartiality and accuracy, it suggests a new 
diagnostic framework called the Multiscale Search Enhanced 
Gaze Network (MSEG-Net). To forecast gaze direction, the gaze 
estimating model combines head as well as eye movement data. 
It uses multiscale convolutional kernels to derive hierarchical 
eye movement characteristics and improves precision through 
binocular fusion. In order to preserve crucial data, the model 
streamlines network connections. Long-range temporal depen-
dencies within eye movements are modelled via a lightweight 
Transformer architecture. Nevertheless, these techniques fre-
quently require particular hardware and environmental circum-
stances, which restricts their practicality.

In 2025, Nawghare and Prasad (2025) have developed a hybrid 
framework that integrates VGG16, a pretrained deep CNN, with 
a Random Forest (RF) classifier. This approach exploits VGG16 
capability for extracting high-level image features. The results 
demonstrate that combining feature-rich DL representations 
with RF classification significantly improves performance, 
highlighting the suitability of this hybrid strategy for ASD clas-
sification tasks and enhancing prediction reliability. However, 
the developed model exhibits limited flexibility in incorporating 
additional DL models for more comprehensive classification. 
Table 1 shows the review of existing works.

2.2   |   Research Gaps

Children with ASD struggle with focus since they quickly be-
come diverted from their learning activities. Various schemes 
have been introduced for generalizing the attention tasks for 
children affected with ASD. Existing studies have demonstrated 
significant advancements in attention assessment and ASD-
related learning systems; however, several critical limitations 
remain. The CNN model in (Kuttala et al. 2022) integrates with 
transfer learning and the Flash framework, achieving high ac-
curacy but requiring a large volume of training data, while the 
DGAN/DAGAN frameworks and ensemble classifiers (Rakić 
et  al.  2020) reported improved accuracy, yet they highlighted 
the need for further performance enhancement. Face-based 
attention recognition (Banire et  al.  2021) achieved a high F1-
score but lacked real-time validation, and the HMD-IVR 
learning system (Herrero and Lorenzo  2020) supported ASD 
learning but faced challenges in effectively tracking attention 
interruptions in group settings. Optimization-based and hy-
brid approaches such as MGOA (Goel et al. 2020) and RM3ASD 
(Mazumdar et  al.  2021) maximized classification metrics but 
struggled with imbalanced datasets and failed to predict autism 
severity, while NN-based methods (Hadri and Bouramoul 2023) 
showed higher accuracy yet were unsuitable for severe autism 
cases. Additionally, the VGG16 + RF model (Nawghare and 
Prasad 2025) effectively combined deep feature extraction and 
RF for classification but lacked flexibility for incorporating tem-
poral learning models. To address these challenges, the proposed 
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VRAGS framework integrates an immersive VR environment 
for realistic data acquisition, employs improved tanh normaliza-
tion to suppress noise, utilizes information gain–based entropy 
features for enhanced discriminative power and adopts a hybrid 
Adam-optimized DCNN with Bi-LSTM architecture to collec-
tively capture spatial and temporal attention patterns, thereby 
enabling robust and scalable attention prediction for children 
with ASD.

3   |   Proposed VRAGS Model for ASD Children

The incapacity of children with ASD to use Joint Attention 
(JA) to detect cues from social partners is a contributing factor 
in their social communication difficulties. Therapist-mediated 
JA therapies require a lot of work. Robot-assisted skill train-
ing requires specific expertise and is expensive. On the other 
hand, computer-based JA skill training platforms are less ex-
pensive, provide the creator more flexibility, but they do not 
allow for personalization. As a result, this study presents a 

VRAGS model to forecast children's gaming interest. This 
study examines two gaming systems: fishing and 3-point 
tracking. In this case, a 3-point tracking game is selected for 
gaze accessing and gaze following cooperative attention. The 
three-point gazing concept, such as avatar-toy-avatar, is ad-
vocated for children. The fishing game is intended to develop 
cognitive abilities and teach colours. Data acquisition, prepro-
cessing, feature extraction and attention prediction constitute 
several crucial steps in the suggested method. This methodical 
approach enables the therapist to take the appropriate steps to 
enhance the children's capacity for learning. Real virtual re-
ality data, including name, participant age, gender, age with a 
disability, minimum time, interaction, eye movement, speed, 
level in-game, number of attempts and number of levels, are 
first gathered in the virtual reality environment during the 
data gathering phase. The acquired data are next subjected to 
the improved Tanh normalization procedure to ensure that it 
is standardized and prepared for precise subsequent analysis. 
The pertinent elements such as statistical features, raw data 
and improved entropy-based features are then extracted from 

TABLE 1    |    Reviews of extant works on ASD.

Authors Methodologies Feature Limitation

Alsaade and 
Alzahrani (2022)

CNN with TL and the 
Flash framework

The highest accuracy 
was obtained

The main disadvantage of the 
model is it requires a huge 
amount of training data.

Banire et al. (2021) Face-based attention 
recognition model

The F1-score was greater The proposed model needs 
to be applied in a real-

time environment

Herrero and 
Lorenzo (2020)

HMD IVR system It is deployed as a learning 
tool for ASD children.

The interruptions among 
the large number of children 

could be tracked better.

Goel et al. (2020) MGOA Maximized accuracy, 
sensitivity and specificity

It is ineffective in handling 
imbalanced datasets

Kuttala 
et al. (2022)

DGAN and Dense Attentive 
Generative Adversarial Network 

(DAGAN) frameworks

Maximal accuracy 
was attained

Improve the performance 
of the proposed work

Rakić et al. (2020) Ensemble classifiers Higher accuracy, sensitivity, 
specificity and precision

Enhance the accuracy ratings

Mazumdar 
et al. (2021)

RM3ASD Accuracy, specificity, 
sensitivity and precision 

were maximized

It does not predict the 
severity of autism

Hadri and 
Bouramoul (2023)

NN Greater accuracy was obtained This system was not conducive 
to severe autism cases

Chen et al. (2025) MSEG-Net The model effectively 
captured long-range 

temporal dependencies 
within eye movements.

The model requires particular 
environmental conditions 

and hardware configuration 
for implementing in the 
real-time environment.

Nawghare and 
Prasad (2025)

VGG16 + RF The model effectively 
integrates feature-rich deep 

learning representations with 
RF classification significantly 

improved performance

The model demonstrates limited 
flexibility in incorporating 

additional deep learning models 
for effective classification.
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the preprocessed data in order to assess the data's uncertainty 
or unpredictability, which may provide insight into how the 
child interacted with the VR system. A hybrid approach for 
attention prediction, which combines the AODCNN and Bi-
LSTM classifiers, receives the acquired feature set. The final 
prediction is determined by integrating the results from both 
models using the harmonic mean and produce the final pre-
diction outcome as inactive, observer, avatar, 2-point gaze and 
3-point gaze.

The adopted VRAGS model for ASD children is shown in 
Figure 1.

4   |   Data Acquisition and Improved Preprocessing 
Phase

4.1   |   Data Acquisition

The initial phase is data acquisition, which includes the process 
of collecting real virtual reality data such as name, participant 
age, gender, disability age, minimum time, interaction, eye 
movement, speed, level in-game, number of attempts and num-
ber of levels achieved. The acquired input data are represented 
as ID.

4.2   |   Improved Preprocessing: Improved Tanh 
Normalization

Due to movement variations and uneven engagement, the 
raw data obtained during the data collecting phase using a 3D 

gaming system shows significant variability. Therefore, prepro-
cessing is necessary to guarantee that clean, well-structured 
data are used for subsequent feature extraction and prediction. 
Specifically, the preprocessing intends to improve the data qual-
ity so that it can be analysed in a superior way. The tanh nor-
malization is found to be reliable and very effective (Latha and 
Thangasamy  2011). This normalization method yields results 
that are very comparable to those of the Z-score normalization. 
The improved tanh normalization compresses outliers smoothly, 
preventing them from disproportionately affecting the learning 
model. By scaling values to a bounded range, the normaliza-
tion reduces variability between features, as well as making the 
training more stable and efficient. The distribution in the con-
verted domain has an average of 0.5 and an SD of around 0.01 
due to the characteristics of the tanh distribution. The distribu-
tion of the normalized actual scores is controlled by a constant 
of 0.01 in tanh normalization (Latha and Thangasamy  2011). 
The tanh-estimators are modelled in Equation (1), in which, �gh 
signifies mean and �gh refers to SD, which are modelled as in 
Equations (2) and (3).

However, this technique is not responsive to outliers. Therefore, 
we propose a new tanh estimator as shown in Equation (4).

In Equation (5), M(ID) refers to the mean of ID.

The improved pre-processed data are represented as IDITH.

5   |   Feature Extraction

Extraction of features intends to decrease the number of fea-
tures by creating novel features from existing ones (by subse-
quently eliminating the original ones). The common data in the 
original feature is then summarized by this novel, smaller set 
of features. From this IDITH, statistical features and improved 
entropy features are drawn.
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FIGURE 1    |    Diagrammatic demonstration of the VRAGS model for 
ASD children.
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5.1   |   Raw Data Features

The raw data includes features such as name, participant age, 
gender, disability age, inactive, observer, avatar, 2-point gaze, 
3-point gaze, minimum time, interaction, eye movement and 
speed, level in-game, number of attempts and number of levels 
achieved. The raw data features are represented as FR.

5.2   |   Improved Entropy-Based Features

The entropy measures the quantity of information required to 
portray the outcome of an arbitrary variable y for a known value 
of a new arbitrary variable x (Wikimedia Foundation,  n.d.-a). 
The entropy of y conditioned on x is indicated by h(y|x ) is de-
fined in Equation (8). Here, x refers to the features and y refers 
to the labels (Wikimedia Foundation, n.d.-a).

Here, � and Υ indicate the supporting sets of y and x. However, 
due to the limited problem resolving the capability of entropy 
features, we model a new entropy model based on information 
gain IG as shown in Equation (9). However, the conventional 
conditional entropy is prone to noise and less useful for identi-
fying significant patterns from complicated VR-based interac-
tion data since it primarily evaluates data uncertainty and is 
unable to assess a feature's relevance to the intended goal. By 
emphasizing features that lower uncertainty and contribute 
most to prediction, the improved entropy variant that incorpo-
rates information gain gets around this limitation. This leads 
to more robust, discriminative and informative extraction of 
features for attention analysis as well as higher prediction ac-
curacy. The information gain of the data are computed, and 
then, the overall mean of the computed information gain is 
evaluated to get the final entropy features. Equation (9), � re-
fers to the mean of IG.

5.3   |   Statistical Features

The derived statistical features include SD, median and mean.

Mean (Wikimedia Foundation, n.d.-c): The procedure wherein 
the summation of every value is divided by the summation of 
values is known as the mean value.

Equation (10), Q points out the observed value, k points out the 
count of values and Q point out the sample mean.

SD: It computes the quantity of variation or a group of distri-
bution values. A small SD (Wikimedia Foundation,  n.d.-b) 
shows that the resultants are close to the mean, whilst a great 

SD shows that the resultants are distributed over a wide range. 
Equation (11) provides the modelling of SD, where, � refers to 
the standard deviation (SD).

Median (Statistics Canada, n.d.): The median of a dataset is the 
number at which 50% of the data points are less than or equiv-
alent to the median and 50% are greater or equivalent to the 
median.

The SD, median and mean features are together implied as 
SF. The raw data FR, statistical feature SF and improved entropy 
features Ih are wholly represented by FS.

6   |   Hybrid Model: AODCNN and Bi-LSTM for 
Attention Prediction of Children

A hybrid prediction model is the process of using two sepa-
rate classifiers together to determine the prediction results. 
Compared to other classification methods, hybrid models im-
prove prediction accuracy. Here, combine the AODCNN and Bi-
LSTM models to create an HC model. Specifically, the AODCNN 
is highly effective at extracting spatial features from structured 
data, with its convolutional layers identifying patterns, edges 
and hierarchical structures that are critical for distinguishing 
attention levels. Incorporating the Adam optimizer enables 
adaptive learning rates, which accelerates convergence, reduces 
training time and enhances stability during backpropagation, 
allowing the network to efficiently learn complex patterns 
without becoming trapped in local minima. In contrast, the Bi-
LSTM is designed to capture sequential dependencies and fur-
ther improves this capability by processing data in both forward 
and backward directions, enabling the model to understand 
contextual information from both past and future time steps. 
By combining these two models, their complementary strengths 
provide a richer and more comprehensive representation of the 
data, resulting in improved classification performance. The pro-
cess is as follows: Initially, the extracted features will be sub-
jected to the models individually. The results from the models 
are combined by taking the harmonic mean, which determines 
the final prediction outcome.

6.1   |   Adam Optimized-DCNN

The features FS are given to AODCNN (Gu et al. 2018) with 3 
layers: ‘convolutional layer, pooling layer and fully-connected 
layers’. A variety of convolution kernels are typically included 
in the convolution layer to help with the computation of diverse 
feature maps. Particularly in the feature map, each neuron is 
connected to the neurons in the previous layer. The feature val-
ues are designed via Equation (12) at the position (a, b) in lth layer 
of cth feature map. The weight vector and the bias of cth filter re-
lated to the layer are implied by Wl

c and Blc. The patched input is 
signified as FSl

a,b
 at the centre position (a, b) at lth layer.

(8)h(y|x ) = −
∑

X ∈� ,Y ∈Υ

P(X ,Y ) log
P(X ,Y )

P(X )

(9)
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∑
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P(X ,Y ) log
P(X ,Y )

P(X )
+ �(IG(ID))

(10)Q =
1

k

k∑
m= 1

Qm

(11)� =
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k − 1
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Qm−Q

)2
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c
TFSl
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In multilayer networks, the activation function creates non-
linearity that helps find non-linear properties. The activation 
value 

(
actl

a,b,c

)
 related toward the convolution features Zl

a,b,c
 is 

designed by Equation (13).

In a conventional DCNN, the sigmoid activation function is 
used. Here, in the improved Adam Optimized DCNN, we de-
ploy improved tanh as an activation function for enhanced 
training performances. Moreover, in a conventional DCNN, an 
optimizer such as an RMS probe was deployed to enhance the 
performance. With the improved modelling, this work deploys 
an ‘Adam optimizer’ instead of conventional optimizers so that 
better prediction accuracy can be achieved.

The conventional tanh activation is modelled as in 
Equation (14).

The proposed tanh activation is modelled as in Equation (15).

The terms t1 and t2 in Equation  (16) are modelled as in 
Equations (17) and (15).

The terms �1 and �2 in Equations (16) and (17) are modelled as in 
Equations (18) and (19), in which, �n refers to the input domain, 
a refers to a constant as given in Equation (20), n refers to the 
count of subdivisions of the sigmoid function.

6.2   |   Bi-LSTM

On the other hand, the features FS are given to Bi-LSTM. Bi-
LSTM includes ‘input, output and forget gates in forward and 
backward directions’ (Zhou et  al.  2020). The neurons in Bi-
LSTM are evaluated as exposed in Equations  (21–25), and the 
input layer is represented as 

(
FS1,FS2, ..FS3

)
.

Here, t  denotes time; �t, �t and �t indicates the input of the input 
and output gate, K = sigmoid function, FSt represent the input 
neuron; ol, om, and on indicates offset vector; Ht represent the out-
put of the hidden layer; wl, wm and wn indicates weight matrices 
of input and output cells.

Then, the harmonic mean is taken for the outputs obtained from 
Adam-otimized DCNN and Bi-LSTM to find if the output is in-
active, observer, avatar, 2-point gazeor 3-point gaze. Figure  2 
shows the representation of the proposed HC.

7   |   Results and Discussion

7.1   |   Simulation Set-Up

The HC (AODCNN + Bi-LSTM) method for the VRAGS model for 
ASD children was done in Python with a 64-bit system equipped 
with an 11th Gen Intel(R) Core (TM) i5-1135G7@2.40GHz 
(2.42 GHz) processor running at 2.40 GHz and 16 GB of RAM. 
For analysis, real data were collected that included the details of 
60 participants with the details on their name, participant age, 
gender, disability age, minimum time, interaction, eye move-
ment, speed, level in-game, number of attempts and number of 
levels achieved.

7.2   |   Performance Analysis

For comparison, the conventional classifiers such as CNN, 
RNN, LSTM, RF, SVM, SVM + RF + Naïve Bayes (NB) + Linear 
Regression (LR) + K-nearest neighbour (KNN) (Vakadkar 
et al. 2021), CNN + TL (Alsaade and Alzahrani 2022), VGG16 
+ RF (Nawghare and Prasad  2025) and MSEG-Net (Chen 
et  al.  2025) models were considered. These conventional 
classifiers were simulated over the presented HC (AODCNN 
+ Bi-LSTM) classifier. The analysis was performed for var-
ied rates of training data, and in addition, ablation as well as 
statistical studies were also conducted to prove the efficiency 
of the HC (AODCNN + Bi-LSTM) method over CNN, RNN, 
LSTM, RF, SVM, SVM + RF + NB + LR+ KNN (Vakadkar 
et al. 2021), CNN + TL (Alsaade and Alzahrani 2022), VGG16 
+ RF (Nawghare and Prasad  2025) and MSEG-Net (Chen 
et al. 2025) models.

7.2.1   |   Accuracy

Accuracy is computed using a set of observations and their ac-
tual results. Equation (26), which includes the formula for calcu-
lated accuracy, where TP indicates true positive, TN represents 
true negative, FP referred to as false positive and FN defines 
false negative.

(13)actl
a,b,c

= act
(
Zl
a,b,c

)

(14)f (o) =
(
ex − e−x

ex + e−x

)

(15)ft(o) =

(
(ex − e−x) ∗ t1
(ex + e−x) ∗ t2

)

(16)t1 = �1

(
2u∕Ln(2) − 1

)

(17)t1 = �2

(
2u∕Ln(2) − 1

)

(18)�1 = log

N∑
n= 1

exp
{
�n − a

}

(19)�2 = log

N∑
n= 1

exp

{
�n + a

2

}

(20)a =max
(
�n

)

(21)�t = K
(
o
�
+ w

�
×
[
Ht−1,FSt

])

(22)�t = K
(
o
�
+ w

�
×
[
Ht−1,FSt

])

(23)�t = K
(
o
�
+ w

�
×
[
ct , Ht−1,FSt

])

(24)ct = �t × ct−1 + �t × tanH
(
wc ×

[
Ht−1,FSt

])

(25)Ht = �t × tanH
(
ct
)

(26)Accuracy=
TP+TN

TP+FP+FN+TN
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7.2.2   |   Precision

Precision is determined by the percentage of correctly classified 
instances. This is stated in Equation (27).

7.2.3   |   Sensitivity

Sensitivity, which only considers positive true values, describes 
the probability of an optimal outcome. The formula of sensitivity 
is mentioned in Equation (28)

7.2.4   |   Specificity

Equation (29) illustrates that specificity is defined as the proba-
bility of only having real negative values.

7.2.5   |   False Negative Rate (FNR)

It is defined as the potential for a test to miss a true positive, as 
given by Equation (30).

7.2.6   |   False Positive Rate (FPR)

The false positive rate, which can be found in Equation  (31) 
and is defined as the ratio of the total number of true negative 
occurrences (independent of categorization) to the number of 
negative events that are incorrectly categorized as positive (false 
positive).

(27)Precision =
TP

TP + FP

(28)Sensitivity =
TP

TP + FN
× 100

(29)Specificity =
TN

FP + TN
× 100

(30)FNR = FN(FN + TP)

(31)FPR =
FP

FP + TN

FIGURE 2    |    Representation of the proposed hybrid classification.

AODCNN Bi-LSTM

Harmonic 

mean

InactiveObserver

Avatar 2 point gaze

3 point gaze

Predicted 
outcomes

Hybrid classification
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7.2.7   |   False Discover Rate (FDR)

FDR stands for false positive ratio, which is the predicted ratio 
of all positive classifiers (declines of the nil) to all false positive 
classifications. The FDR is described in Equation (32).

7.2.8   |   F-Measure

To evaluate the accuracy results, the F-measure is employed. 
Equation (33) is used to represent it.

7.2.9   |   Matthews Correlation Coefficient (MCC)

The Mathews correlation coefficient is used to compute the 
Pearson's coefficient, which is utilized to ascertain the product–
moment correlation between the actual and expected data using 
a contingency matrix method. The issue of imbalanced datasets 
is unrelated to this alternate metric. The calculation is indicated 
in Equation (34).

7.2.10   |   Negative Predictive Value (NPV)

The negative predictive value is expressed in Equation (35).

7.3   |   Dataset Description

We chose a 3-point tracking game for co-operative attention of gaze 
accessing and gaze following. Children are encouraged to use the 
3-point gazing idea, such as avatar-toy-avatar (Frazier et al. 2014). 
The Fishing game is used to teach colours and build cognitive 
skills. The dataset size is 60 × 9. The total number of features is 
60 × 13. Table 2 shows the training and testing data analysis.

7.3.1   |   3-Point Tracking Game

In this case, individuals are instructed to follow 3-point gaze 
tracking (i.e., avatar-toy-avatar) (Garcia-Garcia et al. 2010) under 
the supervision of a therapist. By focusing on an item or subject 

that piques their interest, children can actively engage in or su-
pervise activities with partners while employing three-point, 
‘coordinated’ joint attention. Before they can participate in coor-
dinated 3-point joint attention, the participant must first master 
some two-point gaze shifts in which they glance just once at an 
avatar and an object (e.g., avatar-toy or toy-avatar) (Gardiner and 
Iarocci 2018). As they start to effectively link people and objects, 
children with appropriate development are often anticipated to 
move their attention in a 3-point coordinated pattern. The eval-
uation of the outcome is based on the gaze points.

7.3.2   |   Game Module

The 30-min session is broken up into 10 min of gameplay, 5 min 
of break time and 10 min of gameplay, followed by another five-
minute break. It is possible to establish gaze sharing without add-
ing to the stress that people with ASD may feel when forced to 
make direct, prolonged stares. According to the study, the mini-
mal time for gaze focus is 200 ms (Geurts et al. 2009). The avatar 
will initiate the subsequent prompt by turning its eyes toward a toy 
object when a stare persists for more than 200 ms. The transition 
from one state to the next requires a 30-s wait for a stare to be de-
tected on the avatar's eye area. The kids could become distracted 
and lose enthusiasm for the game if there is a longer wait period. 
The system played audio cues after 30 s if participants still did not 
stare at the avatar's eye region. A bell-ringing audio cue lasting 3 s 
was played. After 2 min, if no visual contact was made, the game 
was over. Participants are encouraged to follow the avatar's gaze 
with the aid of VR. The avatar's gaze prompt is determined by five 
gaze points: left, right, up, down and centre. The Avatar—Toy—
Avatar rule was implemented (Gioia et al. 2000). The kids first look 
at the avatar. Then the toy emerges from the screen. Finally, the 
avatar gazes. Except for the central gaze point, the toy may be seen 
from any of the avatar's four gaze points. As a result, the avatar's 
sight changes depending on the toy that appears. The toy will van-
ish once the children achieve 2-point vision. They then return to 
avatar gazing. If the children complete 3-point gaze tracking, they 
will get visual rewards. The eye movement points acquired by this 
controller were transferred to the device, where they were logged 
alongside the timestamp. This will be repeated several times to 
enhance autistic children's joint attention. Table 3 depicts the five 
different states of the 3-point tracking game. Figure 3 shows the 
avatar's varied eye gaze configurations in (a) straight direction, (b) 
left direction with the toy and (c) right direction with the toy.

7.3.3   |   Fishing Game

The next game is fishing, which may be played using the same 
strategy as the 3-point tracking game. A 4 weeks + 1 month is 
the overall duration of the evaluation period. A lesson, con-
sisting of 10 min of gameplay, a 5-min break and then another 
10 min of gameplay, is scheduled every 30 min. There are four 
lessons per week, with a 5-min of pause between them. The 
virtual reality learning environment (VLE) will accommodate 
15 individuals with autism. The participants learn about co-
lour theory with the use of the colourful 3D animated fish. 
It aids in the development of children with autism's cognitive 
abilities. Figure 4 shows an example of a fishing game output 
screen with various colours.

(32)FDR =
FP

TP + FP

(33)F −measure =
TP

1∕2(FN + FP) + TP

(34)

MCC =
TP.TN − FP.FN√

(TP + FP). (FN + TP). (TN + FP). (TN) + FN

(35)NPV =
TN

FN + TN

TABLE 2    |    Analysis of training and testing data.

Percentage of 
training Training data Testing data

60 36 × 13 24 × 13

70 42 × 13 18 × 13

80 48 × 13 12 × 13

90 54 × 13 6 × 13
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7.3.4   |   Game Module

In the game module, the 3D sea environment is created by using 
a 3D graphics application called Autodesk Maya (Ionescu 2012; 
Kuschner et  al.  2015). The participants are urged to watch the 
animation by the use of vibrant colours. Every class is divided 
into two halves. The video will take a while to fully understand 
the concepts. By employing VLE, it will immediately be stored 
in the main memory, and the principle is simple to grasp (Lane 
et al. 2014; Leigh and Morris 2020; Maechler et al. 2021). They 
have learnt a total of 10 colours: red, green, blue, yellow, orange, 
pink, black, white, brown and purple. Ten distinct coloured fish 
emerge from the dynamic three-dimensional sea cave scene. In 
the centre of the moving 3D marine scene is a rectangular frame. 
When the fish emerges from the cave and reaches the rectangle 
frame, the name of the colour appears on the screen. The audio 
is programmed to speak the colour name. The name will be re-
peated twice. For each fish, the timer is set for 20 s. To forecast 
the gaze location, a rectangular frame is established. It will aid in 
making eye contact with the screen. If the participant maintains 
good eye contact, their gaze point will be in the rectangular frame. 
A buzzer will sound if their eye contact is weak. Participants are 
encouraged to make eye contact with the assistance of a therapist. 
They picked up the principles rapidly, and their cognitive ability 
has greatly increased (Manjur et al. 2022; McCulloch et al. 2019).

TABLE 3    |    Five different states of the 3-point tracking game.

1. Inactive—The child is not engaged in anything.
Example- The child's gaze is not concentrated on
anything specific.

2. Observer—The child is watching but not participating in
the game.
Example—The child may be seeing what the avatar
performs but is not getting involved.

3. Avatar—The child is occupied by the avatar.
Example—Avatar may make eye contact with the child,
and the child may react.

4. 2-point gaze—The child look from avatar to toy but
do not return to an avatar or vice versa.
A strong focus shift is necessary here.
Example—The child looks at a toy, then at the avatar,
or vice versa. The child failed to complete
the third transition.

5. 3-point gaze—3-point attention shift from avatar to
toy to avatar and vice versa. This must be
a noticeable shift in focus.
Example—The child looks at the avatar, then at the
toy and then back at the avatar.

FIGURE 3    |    Avatar's varied eye gaze configurations are shown in (a) Straight direction, (b) Left direction with toy and (c) Right direction with toy.
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7.4   |   Result Module

Table  4 depicts the three stages of the child during the activ-
ity. In the passive state, the child's eyes are not focused on the 
screen. The child is staring at the screen but not into the rectan-
gular frame in the observer state. He is staring at something on 
the screen. In the engaged state, the child is completely absorbed 
in the activity depicted in the rectangular frame. Their eye con-
tact is good, and he is listening and responding.

Due to ethical restrictions and privacy protection of child par-
ticipants imposed by the institution, photography was not per-
mitted. So, the experimental environment illustrated using a 
synthetically generated visualization is shown in Figure  5 to 
showcase the VR set-up, to aid understanding the environment.

7.5   |   Performance Analysis

The evaluation of the HC (AODCNN + Bi-LSTM) over CNN, 
RNN, LSTM, RF, SVM, SVM + RF + NB + LR+ KNN (Vakadkar 

et  al.  2021), CNN + TL (Alsaade and Alzahrani  2022), 
VGG16+RF (Nawghare and Prasad 2025) and MSEG-Net (Chen 
et al. 2025) is exposed in Figures 6–8 for the real-time dataset 
that included the details of individuals on name, participant age, 
gender, disability age, minimum time, interaction, eye move-
ment, speed, level in-game, number of attempts and number 
of levels. The outputs are obtained on whether the participant 
is inactive, observer, avatar, 2-point gaze or 3-point gaze. The 
suggested HC (AODCNN + Bi-LSTM) has revealed improved 
values for all evaluated measures such as accuracy, MCC, NPV, 
precision and so on.

For the considered real-time dataset, the accuracy of HC 
(AODCNN + Bi-LSTM) is found to be higher at 60% of train-
ing data over CNN, RNN, LSTM, RF, SVM, SVM + RF + NB 
+ LR+ KNN (Vakadkar et al. 2021), CNN + TL (Alsaade and 
Alzahrani  2022), VGG16 + RF (Nawghare and Prasad  2025) 
and MSEG-Net (Chen et  al.  2025) methods. As the training 
data percentage increases from 60 to 70, a slight improve-
ment in accuracy is obtained for HC (AODCNN + Bi-LSTM) 
over CNN, RNN, LSTM, RF, SVM, SVM + RF + NB + 
LR+ KNN (Vakadkar et  al.  2021), CNN + TL (Alsaade and 
Alzahrani  2022), VGG16 + RF (Nawghare and Prasad  2025) 
and MSEG-Net (Chen et  al.  2025) methods. Likewise, at 80% 
of training data, a slight improvement in accuracy is obtained 
compared to 70% of training data for HC (AODCNN + Bi-
LSTM) over CNN, RNN, LSTM, RF, SVM, SVM + RF + NB 
+ LR+ KNN (Vakadkar et al. 2021), CNN + TL (Alsaade and 
Alzahrani  2022), VGG16 + RF (Nawghare and Prasad  2025) 
and MSEG-Net (Chen et  al.  2025) methods. However, for all 

FIGURE 4    |    Example of fishing game output screen with various 
colours.

TABLE 4    |    Three different states of fishing game.

1. Inactive—The boy is not doing anything and just staring
at the camera.
Example—The gaze of a child is not fixated on a single
object.

2. Observer—The child observes but does not participate in
the action.
Example—The child may be observing but is not
actively interested in what the object is doing.

3. Engaged—The child is focused on the object.
Example—The child is looking at the object and responds
to it.

FIGURE 5    |    Synthetically generated visualization of the experimen-
tal data acquisition environment.
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LPs, the proposed HC (AODCNN + Bi-LSTM) is found to be 
higher over CNN, RNN, LSTM, RF, SVM, SVM + RF + NB 
+ LR+ KNN (Vakadkar et al. 2021), CNN + TL (Alsaade and 
Alzahrani  2022), VGG16 + RF (Nawghare and Prasad  2025), 

and MSEG-Net (Chen et  al.  2025) methods. Likewise, in the 
case of FNR, a minimal FPR and FNR are obtained by the pro-
posed HC (AODCNN + Bi-LSTM) model at 90% of training 
data. In other words, the FPR of HC (AODCNN + Bi-LSTM) 

FIGURE 6    |    Examination of the HC (AODCNN + Bi-LSTM) method for the VRAGS model for ASD children for (a) Specificity, (b) Sensitivity, (c) 
Accuracy and (d) Precision.

(a) (b)

(c) (d)

FIGURE 7    |    Examination of the HC (AODCNN + Bi-LSTM) method for the VRAGS model for ASD children for (a) FNR and (b) FPR.

(a) (b)
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is 0.125 at 60% of training data, 0.112 at 70% of training data, 
0.075 at 80% of training data and 0.06 at 90% of training data. 
This shows that training data = 90% is the point at which bet-
ter performance is achieved. When compared to CNN, RNN, 
LSTM, RF, SVM, SVM + RF + NB + LR+ KNN (Vakadkar 
et al. 2021), CNN + TL (Alsaade and Alzahrani 2022), VGG16 

+ RF (Nawghare and Prasad  2025) and MSEG-Net (Chen 
et al. 2025), the MCC of HC (AODCNN + Bi-LSTM) is high at 
about 0.92%. We achieve better results because we use upgraded 
tanh normalization with enhanced entropy features. Bi-LSTM 
with modifications and hybrid AODCNN also contributed to 
improved child ASD prediction.

FIGURE 8    |    Examination of the HC (AODCNN + Bi-LSTM) method for the VRAGS model for ASD children for (a) NPV, (b) MCC and (c) F 
measure.

(a) (b)

(c)

TABLE 5    |    Ablation study on the developed HC (AODCNN + Bi-LSTM) method over others for the VRAGS model for ASD children.

Metrics
HC (AODCNN 

+ Bi-LSTM)
Proposed with 

conventional entropy
Proposed with traditional 

tanh normalization

Sensitivity 92.15% 78.06% 74.55%

FPR 7.81% 14.11% 16.11%

Accuracy 93.33% 83.34% 80.86%

NPV 93.63% 86.00% 83.68%

F-measure 92.60% 78.71% 75.81%

MCC 89.66% 65.37% 61.13%

Precision 94.35% 79.69% 76.16%

Specificity 91.94% 85.58% 83.14%

FNR 7.85% 21.94% 25.45%
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7.6   |   Ablation Study

The HC (AODCNN + Bi-LSTM) ablation study is presented in 
Table 5 and is suggested with extant tanh normalization instead 
of extant entropy. The sensitivity of the VRAGS model for ASD 
children using the HC (AODCNN + Bi-LSTM) classifier is 0.922, 
whereas sensitivity using HC (AODCNN + Bi-LSTM) with ex-
tant entropy and HC (AODCNN + Bi-LSTM) with extant tanh 
normalization is 0.780583 and 0.745466. Furthermore, NPV by 
means of HC (AODCNN + Bi-LSTM) with extant entropy, pro-
posed with extant tanh normalization, is 0.836803 and 0.86001, 
whereas NPV employing the HC (AODCNN + Bi-LSTM) 
method is 0.936315. Better results are achieved by using an up-
dated Tanh normalizing model with enhanced entropy features. 
In addition, the combination of hybrid AODCNN and Bi-LSTM 
with improvisations contributed to improved ASD prediction in 
children.

7.7   |   Statistical Analysis

Table  6 shows the statistical study on the accuracy of the pro-
posed HC (CNN + LSTM) over the traditional methods such as 
CNN, RNN, LSTM, RF, SVM, SVM + RF + NB + LR+ KNN 
(Vakadkar et al. 2021), CNN + TL (Alsaade and Alzahrani 2022), 
VGG16 + RF (Nawghare and Prasad  2025) and MSEG-Net 
(Chen et  al.  2025). In case of maximum statistical metric, the 
HC (AODCNN + Bi-LSTM) obtained the greatest accuracy of 
0.944, while CNN, RNN, LSTM, RF, SVM, SVM + RF + NB 
+ LR+ KNN (Vakadkar et  al.  2021), CNN + TL (Alsaade and 
Alzahrani 2022), VGG16 + RF (Nawghare and Prasad 2025) and 
MSEG-Net (Chen et al. 2025) have achieved accuracies of 0.856, 
0.871, 0.844, 0.867, 0.837, 0.875, 0.879, 0.877 and 0.900 respec-
tively. The mean case using HC (AODCNN + Bi-LSTM) is 0.919, 
while CNN, RNN, LSTM, RF, SVM, SVM + RF + NB + LR+ KNN 
(Vakadkar et al. 2021), CNN + TL (Alsaade and Alzahrani 2022), 
VGG16 + RF (Nawghare and Prasad 2025) and MSEG-Net (Chen 
et al. 2025) gained lower accuracies of 0.816, 0.830, 0.817, 0.815, 
0.829, 0.844, 0.830, 0.837 and 0.862 respectively. An augmented 
Tanh Normalization model with enhanced entropy features 
yields better results. Moreover, hybrid AODCNN and Bi-LSTM 
produced improved children's ASD prediction.

7.8   |   Overall Analysis of Classifier

Table 7 reveals the overall evaluation of classifiers for LP at 
70%. The evaluation is performed on the proposed HC (CNN 
+ LSTM) over CNN, RNN, LSTM, RF, SVM, SVM + RF + NB 
+ LR+ KNN (Vakadkar et al. 2021), CNN + TL (Alsaade and 
Alzahrani 2022), VGG16 + RF (Nawghare and Prasad 2025) 
and MSEG-Net (Chen et  al.  2025) schemes. The accuracy of 
HC (CNN + LSTM) is about 0.9333, while CNN, RNN, LSTM, 
RF, SVM, SVM + RF + NB + LR+ KNN (Zhao et al. 2018), 
CNN + TL (Vakadkar et  al.  2021), VGG16 + RF (Nawghare 
and Prasad  2025) and MSEG-Net (Chen et  al.  2025) models 
acquired lower accuracy values. The improvisations made in 
tanh normalization with enhanced entropy features resulted 
in superior results. Moreover, the prediction of ASD in chil-
dren with a hybrid AODCNN and Bi-LSTM resulted in en-
hanced results. T
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7.9   |   Statistical Test Analysis

To determine whether the performance variations among 
models are statistically significant and not the result of 
chance, a statistical test is employed. Two non-parametric 
statistical tests, the Friedman test and the Wilcoxon signed-
rank test, are used in this investigation. The Friedman test 
assesses the overall ranking differences across several models 
concurrently, whereas the Wilcoxon signed-rank test conducts 
pairwise comparisons between the suggested HC (AODCNN 
+ Bi-LSTM) approach and each current approach. For the 
Wilcoxon test and Friedman test, the model having less than 
0.05 indicates the model is statistically significant. The sta-
tistical test results are shown in Table  8. For the Wilcoxon 
test and Friedman test results, the model having a p-value 
less than 0.05 indicates the proposed model demonstrates 
improved performance over existing models. Specifically, for 
the Friedman test, the models such as CNN, RNN, CNN + 
TL and MSEG-NET have p-values below 0.05. These findings 
indicate that the proposed model achieves a significantly su-
perior overall performance compared to the models. Overall, 
these results confirm the robustness and effectiveness of the 
proposed HC (AODCNN + Bi-LSTM) model in attention pre-
diction, validating its advantage over existing approaches.

7.10   |   K-Fold Analysis

K-fold analysis is a model evaluation technique in which the 
dataset is divided into K equal folds. The model is trained on 
K–1 folds and tested on the remaining fold, and this process 

is repeated K times so that each fold is used once for testing. 
The final performance is obtained by averaging the results 
across all folds, providing a reliable estimate of the model's 
generalization ability. Table  9 presents a K-fold comparison 
between the proposed HC (AODCNN + Bi-LSTM) model and 
existing techniques. The results demonstrate the superior and 
consistent performance of the proposed method across all five 
folds, highlighting its robustness and generalization capability. 
Existing models such as CNN, RNN, MSEG-NET, SVM + RF + 

TABLE 7    |    Overall analysis of developed HC (AODCNN + Bi-LSTM) method over others for VRAGS model for ASD children for training 
data = 70%.

Metrics Sensitivity F-measure Accuracy MCC NPV Precision FPR Specificity FNR

CNN 0.6822 0.6975 0.7810 0.5346 0.8235 0.7177 0.1612 0.8363 0.3178

RNN 0.7404 0.7428 0.8110 0.6011 0.8542 0.7505 0.1536 0.8439 0.2596

LSTM 0.7633 0.7751 0.8132 0.6276 0.8423 0.7893 0.1469 0.8506 0.2367

RF 0.6011 0.6198 0.7489 0.4416 0.8046 0.6461 0.1754 0.8221 0.3989

SVM 0.7975 0.8119 0.8372 0.6806 0.8572 0.8286 0.1295 0.8680 0.2025

SVM + RF + 
NB + LR+ KNN 
(Zhao et al. 2018)

0.8797 0.8658 0.8731 0.7606 0.9037 0.8548 0.1319 0.8656 0.1203

CNN + TL 
(Vakadkar 
et al. 2021)

0.7550 0.7577 0.8222 0.7756 0.8681 0.7664 0.1454 0.8521 0.2450

VGG16 + RF 
(Nawghare and 
Prasad 2025)

0.8174 0.8117 0.8476 0.7681 0.8859 0.8106 0.1386 0.8589 0.1826

MSEG-
Net (Chen 
et al. 2025)

0.8313 0.8318 0.8677 0.8134 0.8968 0.8401 0.1207 0.8768 0.1687

HC (AODCNN + 
Bi-LSTM)

0.9215 0.9260 0.9333 0.8966 0.9363 0.9434 0.0781 0.9194 0.0785

TABLE 8    |    Statistical test comparison of the proposed HC (AODCNN 
+ Bi-LSTM) model against the existing methods in terms of Wilcoxon 
test and Friedman test.

Proposed HC (AODCNN 
+ Bi-LSTM) model Vs Wilcoxon p Friedman p

CNN 0.111 0.018

RNN 0.088 0.030

LSTM 0.083 0.066

RF 0.123 0.077

SVM 0.104 0.057

SVM + RF + NB + LR+ 
KNN

0.127 0.054

CNN + TL 0.079 0.040

VGG16 + RF 0.103 0.055

MSEG-NET 0.115 0.048
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NB + LR+ KNN and LSTM exhibit competitive performance, 
with accuracy values ranging between 0.91 and 0.95 across the 
folds. In contrast, the proposed HC (AODCNN + Bi-LSTM) 
model consistently achieves the highest accuracy across all five 
folds, ranging from 0.958 to 0.963. Overall, these results con-
firm that the proposed HC (AODCNN + Bi-LSTM) model not 
only outperforms existing state-of-the-art techniques but also 
maintains high stability and generalization across different 
data splits.

8   |   Conclusion

A novel VRAGS model for children with ASD was created 
through this effort. In this case, the first step was the data 
collection phase. Following the stage of data collection, an 
improved tanh model was used to normalize the data. Next, 
the raw data, statistical characteristics, and enhanced entropy 
were retrieved. In the final phase, the prediction process was 
completed via the HC model that combined AODCNN and 
Bi-LSTM. Then, the harmonic mean was taken for AODCNN 
and Bi-LSTM outputs to find if the output was inactive, ob-
server, avatar, 2-point gaze or 3-point gaze. Moreover, the 
proposed HC (AODCNN + Bi-LSTM) model was evaluated 
against traditional methods, including CNN, RNN, LSTM, 
RF, SVM, SVM+RF+NB+LR+KNN, CNN+TL, VGG16+RF 
and MSEG-Net using multiple performance measures such as 
accuracy, precision, F-measure and MCC. At a training data 
percentage of 90%, the proposed HC (AODCNN + Bi-LSTM) 
model achieved an accuracy of 0.934, outperforming CNN 
(0.813), RNN (0.820), LSTM (0.794), RF (0.821), SVM (0.784), 
SVM+RF+NB+LR+KNN (0.829) and CNN+TL (0.831). 
Additionally, as the training data percentage increased from 
60% to 90%, the proposed model consistently demonstrated 
lower FNR and FPR, achieving values of 0.052 and 0.048, 
respectively, at LP = 90%. These results indicate that the effi-
ciency of the suggested HC (AODCNN + Bi-LSTM) model was 
attributed to the improved tanh normalization-based prepro-
cessing, improved entropy-based feature extraction, and the 
hybrid combination of the AODCNN and Bi-LSTM models. 
These innovations not only provide superior accuracy but 
also effectively reduce misclassification rates compared to 

conventional approaches. Although the results are promis-
ing, the system's effectiveness may differ among individuals 
due to the diverse characteristics of ASD. Its dependency on 
specialized VR hardware could also restrict accessibility for 
some users. Moreover, the advanced models employed demand 
significant computational resources and technical expertise. 
Future research should focus on expanding the participant 
pool to include a larger and more diverse group of children 
with ASD, in order to validate the VRAGS model's robustness 
and generalizability across different age ranges and severity 
levels. Longitudinal studies could provide insights into the 
sustained effects of VR-based interventions on cognitive de-
velopment. Additionally, enhancing accessibility to the sys-
tem through mobile VR platforms of the system could enable 
broader implementation.

Nomenclature

AI	 artificial intelligence

AODCNN	 Adam-optimized DCNN

ASD	 autism spectrum disorder

Bi-LSTM	 bidirectional long short-term memory

CNN	 convolutional neural network

DAGAN	 dense attentive GAN

DGAN	 dense GAN

DL	 deep learning

HMD	 head-mounted display

IVR	 immersive virtual reality

HC	 hybrid classifier

KNN	 K-nearest neighbour

ML	 machine learning

MLP	 multilayer perceptrons

MGOA	 modified grasshopper optimization algorithm

NN	 neural network

NB	 Naïve Bayes

LSTM	 long short-term memory

TABLE 9    |    K-fold comparison of the proposed method against existing techniques.

Models Fold = 1 Fold = 2 Fold = 3 Fold = 4 Fold = 5

CNN 0.927 0.939 0.910 0.922 0.916

RNN 0.914 0.917 0.924 0.926 0.932

LSTM 0.927 0.937 0.918 0.945 0.911

RF 0.937 0.927 0.932 0.916 0.918

SVM 0.942 0.949 0.923 0.938 0.945

SVM + RF + NB + LR+ KNN 0.946 0.913 0.912 0.917 0.945

CNN + TL 0.914 0.927 0.948 0.931 0.938

VGG16 + RF 0.944 0.931 0.917 0.927 0.945

MSEG-NET 0.920 0.927 0.921 0.935 0.921

Proposed HC (AODCNN + Bi-LSTM) model 0.960 0.962 0.963 0.958 0.963
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LR	 linear regression

LP	 learning percentage

SD	 Standard Deviation

sMRI	 structural magnetic resonance images

TL	 transfer learning

SVM	 support vector machine

RNNs	 recurrent neural networks

RF	 random forest

VGG19	 Visual Geometry Group Network
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