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Abstract

Autism Spectrum Disorder is a long-term neurodevelopmental disorder. Early diagnosis
is crucial for timely rehabilitation and intervention. Recently, machine learning and deep
learning techniques have been widely explored and have produced encouraging results
using eye-tracking scanpath images for the early detection of ASD. However, these ap-
proaches exhibit inconsistent performance and classification error rates, as well as limited
generalization, due to differences in learning approaches and architectural designs across
individual models. To address these problems, we employed a weighted-average ensemble
of deep learning models using eye-tracking scanpath images. In this work, two different
pretrained convolutional neural networks were selected, including Xception and VGG16,
based on their proven efficacy and performance. Moreover, we fine-tuned each model
individually and evaluated them on a dataset containing eye-tracking scanpath images. We
implemented a weighted-average ensemble technique to combine the diverse predictions
of the two models. It reduces classification errors and improves the model’s generalization
and overall performance. The adopted weighted-average ensemble technique achieved an
accuracy of 98.18%, with a perfect recall, and a competitive Area Under the Curve (AUC)
of 99.59%. These findings highlight that applying a weighted average to integrate multiple
models’ predictions strengthens the generalization and reliability of ASD detection.

Keywords: ensemble learning; deep learning; weighted average; Autism Spectrum
Disorder (ASD)

1. Introduction

Developmental disorders are long-term impairments that have a significant influence
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on the day-to-day functioning of a great number of people. Among those developmental
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distinct behavioral variations in social interaction and communication and a tendency
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towards restricted and repetitive interests [3,4]. ASD is a term that refers to a complex
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o neurodevelopmental illness characterized by continual or chronic deficiencies in verbal
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In contemporary times, the inclusive classification ASD categorizes a diverse range
of neurodevelopmental disorders characterized by shared fundamental behavioral traits
impacting social communication, as well as the presence of restrictive and repetitive stereo-
typical behaviors and interests. The term ASD encompasses various illnesses, including
idiopathic forms of autism, Asperger syndrome, Pervasive Developmental Disorder-Not
Otherwise Specified, and Childhood Disintegrative Disorder. Additionally, certain hered-
itary disorders, such as Rett syndrome, may manifest autistic features [5,7]. In the past
few decades, the number of people with ASD has grown worldwide. Based on the data
published by the World Health Organization (WHO), it is estimated that around 1% of
children all over the world are affected with ASD. Moreover, according to the Centers for
Disease Control and Prevention (CDC), in 2023, the prevalence of ASD was estimated to be
one of the highest rates in the United States, with around 1 in 36 children being affected [8].

We commonly attribute the etiology of ASD to a combination of genetic and environ-
mental influences. Although it may be possible to identify the features of a child with ASD,
they are more commonly observable in early childhood. However, the diagnosis of ASD
often remains undetermined until a later stage. The implementation of timely identification
and interventions can effectively enhance the overall physical and mental health, as well
as the overall quality of life, for those affected by ASD. Additionally, these interventions
have the potential to positively impact the cognitive development of individuals with
ASD [9,10].

The Autism Diagnostic Observation Schedule (ADOS) and the Autism Diagnostic
Interview (ADI) are examples of conventional techniques for diagnosing ASD. These tech-
niques entail behavioral and observational assessments carried out by parents and doctors.
These conventional techniques mostly depend on behavioral evaluations and observa-
tional tools, which can be time-consuming and inherently subjective [8,9,11]. However,
many researchers are working on studies that focus on establishing interactive tools such
as Magnetic Resonance Imaging (MRI), electroencephalography (EEG), facial expression,
genetic testing, etc., to promote the treatment and rehabilitation of people with ASD, as
well as automated computer-aided methods for detecting the condition, considering cur-
rent technology breakthroughs. These automated techniques are essential for promoting
early detection, lowering subjectivity, and improving the reliability and accessibility of
diagnosis [11].

Eye tracking has received increasing attention in recent years for capturing objective
behavioral biomarkers of visual attention in ASD and represents a useful technique for
analyzing ASD. It is a technology that can record, monitor, and quantify eye movements
or absolute points of gaze (POG), which is the point where the eye gaze focuses on a
visual scene [12]. Eye tracking aims to identify abnormal visual attention that contributes
to the clinical characteristics of ASD and to analyze its perceptual components. Eye
tracking patterns in people with ASD significantly differ from those of non-ASD individuals.
Therefore, the current literature recommends incorporating eye-tracking scanpaths (ETSP)
data into the detection and diagnosis of ASD [13,14].

Recent developments in the application of Artificial Intelligence (Al) in healthcare
have produced promising results. It is becoming common to rely on Al-driven methods
to automate complex diagnostic processes and extract meaningful patterns from high-
dimensional feature spaces, thereby providing vital decision support to clinicians [15]. The
literature provides examples of several Machine Learning (ML) based computational mod-
els that successfully identify patterns in health-related clinical and behavioral data [16-18].
Moreover, prior research shows that ML pipelines can improve ASD detection by learning
subtle behaviors, varied symptoms, and previously unexplored cues from diverse patient
data [19,20]. Additionally, with the introduction of Deep Learning (DL) architectures, peo-
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ple have developed more robust algorithms for healthcare in general and ASD detection in
particular. For example, by using Convolutional Neural Networks (CNNs), we are capable
of extracting spatial local features through their learnable filter in contrast to the manual
feature engineering of linear ML models [21].

Overall, researchers have relied on ML and DL approaches to automate the detec-
tion of ASD using eye-tracking scanpath data. Specifically, deep learning architectures,
such as Deep Convolutional Neural Networks (DCNNs), have been evaluated using these
inputs to automatically extract discriminative features, demonstrating encouraging perfor-
mance [13,14,22]. However, there are inherent drawbacks to using DL models, especially
when the training data is small. Among the drawbacks, we can mention overfitting, archi-
tectural bias, and limited feature diversity. As a result, such drawbacks can limit the model’s
generalizability and reliability when a single architecture is used [23,24]. To address these
challenges, Ensemble Learning (EL) has emerged as a viable alternative that effectively
leverages knowledge from multiple models [24]. Ensemble Learning (EL) combines the
individual strengths of models. It compensates for their weaknesses, reducing reliance on a
single, potentially biased model and enhancing both generalization and predictive accu-
racy relative to individual models [25-27]. In this study, we employ a weighted-average
ensemble technique to address these problems by integrating the complementary strengths
of two models, Xception and VGG16, to improve detection performance on eye-tracking
scanpath images and enhance the model’s generalization and robustness.

The main contributions of this work are as follows:

*  We propose a DL-based weighted-average ensemble framework for ASD detection
that combines the prediction probabilities of Xception and VGG16 using validation-
optimized weights, providing a transparent and computationally efficient alternative
to more complex ensemble schemes.

e We compare the findings of the proposed framework against those of state-of-the-art
methods and individual DCNN models with and without augmentation.

*  We present class-wise performance for individual models and the ensemble, yielding
detailed insights into class-specific behavior and highlighting diagnostic reliability.

We have organized the remainder of this document as follows. Section 2 presents
the work related to this investigation. Section 3 discusses the proposed deep learning-
based weighted average ensemble technique for ASD detection, including the dataset,
preprocessing techniques, classifiers, ensemble strategy, and evaluation metrics. Section 4
presents the results and discussion. Finally, Section 5 presents the conclusion and some
ideas for future work.

2. Related Work

Several studies have investigated how ML and DL models can be used to detect ASD,
leveraging various techniques and algorithms to improve performance. The following
subsections summarize the most relevant works on ML and DL applied to ASD detection
or identification using eye-tracking data.

2.1. The Visualization of Eye-Tracking Scanpaths Image Dataset

Before reviewing the related studies, we describe the dataset used in most of them.
Moreover, we will also consider this dataset in the experiments conducted in this work.
This dataset, known as the Visualization of Eye-Tracking Scanpaths in Autism Spec-
trum Disorder Image Dataset [28,29], is publicly available from the Figshare data reposi-
tory (https://doi.org/10.6084/m9.figshare.7073087). Their authors, Carette et al. [28,29],
collected data from 59 children aged 3-13 years (38 males and 21 females), of whom 30 had
ASD, and 29 were typically developing (TD). The dataset contains 547 images: 328 classified
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as TD and 219 as ASD. This dataset supports binary classification because it only contains
two classes: ASD and TD. From this point on, we refer to these data as the VETSP image
dataset. Also, we provide some sample raw images (Figure 1), for the sake of clarity.

Figure 1. A few sample images from the VETSP image dataset.

2.2. Traditional Machine Learning Approaches on Eye-Tracking Data

Early research in ASD detection focused primarily on conventional supervised ML
techniques applied to eye-tracking data, emphasizing feature engineering, dimensionality
reduction, and classical classifiers. For example, Carette et al. [29] proposed a method that
uses ML classifiers such as Logistic Regression (LR), Naive Bayes Classifier (NB), Support
Vector Machines (SVM), Random Forest (RF), and Artificial Neural Networks (ANN) to
identify ASD in children by extracting eye-tracking patterns that correlate with ASD symp-
toms. Carette et al. [29] used preprocessing techniques, data augmentation, and Principal
Component Analysis (PCA) on the VETSP image dataset. Among these models, the ANN
achieved the best performance, with 92.00% accuracy and an AUC of 92.00% = 0.02 for
binary classification.

A few years later, Akter et al. [30] introduced an ML model for early detection of
ASD using the VETSP image dataset [29]. To address high image similarity, the authors
used k-means clustering to split their data into four clusters, thereby improving classifier
performance. Akter et al. [30] trained multiple ML classifiers, including Decision Trees (DT),
Gradient Boost (GB), k-Nearest Neighbors (KNN), LR, Multilayer Perceptron (MLP), NB,
RE SVM, and Extreme Gradient Boosting (XGB). The authors evaluated these models on
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both their primary dataset and clustered subsets. Among all models, MLP achieved the
highest performance at the cluster level, but RF outperformed the others on the complete
dataset, with 74.22% accuracy and 71.53% AUC.

More recently, Kanhirakadavath and Chandran [13] used ML techniques to identify
ASD in children, using the VETSP image dataset [29], and employed two separate frame-
works. The first framework included data preprocessing, PCA for dimensionality reduction
and feature extraction, and several ML classifiers: RF, DT, SVM, LR, Decision Jungle (DJ),
Deep SVM, and Boosted Decision Tree (BDT). In contrast, the second framework used a
DL strategy, training a Deep Neural Network (DNN) and using CNNs for feature extrac-
tion. Notably, the CNN-based DNN achieved 97.00% AUC and outperformed all classical
models on the test cases.

Although most studies focus on visual attention patterns, some researchers have
explored alternative modalities, such as speech and acoustic features, to complement
visual-based diagnosis. Li et al. [31] presented a novel automated system that measures
stereotyped and idiosyncratic speech patterns, as well as abnormal prosody, in patients with
ASD. The authors implemented two approaches simultaneously, including end-to-end DL
methods and manually designed features. The researchers started using the OpenSMILE
toolbox to extract high-dimensional acoustic properties from utterances, then implemented
an SVM as their standard baseline. The authors modeled unusual prosody labels from
voice spectrograms using DNNs with designated design parameters. The DL approach,
when combined with the traditional baseline at the score level, improved the system’s
performance to 85.70% accuracy for stereotyped and 88.10% accuracy for atypical prosody
in ASD binary classification. They collected a speech (audio) dataset and utilized it to
analyze atypical prosody and stereotyped phrases in children with ASD during Autism
Diagnostic Observation Schedule (ADOS) screening sessions at the affiliated hospital of
Sun Yat-sen University.

2.3. Unsupervised and Representation Learning Approaches

In parallel with supervised learning methods, some studies have explored unsuper-
vised representation learning techniques to uncover latent behavioral patterns without
relying on labeled data. Among those works, it is worth mentioning the one by Elbattah
et al. [32], who presented an unsupervised ML approach to analyze ASD on the VETSP
image dataset [29], extracting features via a deep autoencoder. Building on these latent
representations, Elbattah et al. [32] clustered them with k-Means to uncover gaze-behavior
patterns without supervised labeling. Overall, their study presented deep autoencoders
with scanpath visualization, enabling the unsupervised discovery of ASD-related patterns
in eye-tracking data and supporting the development of future detection tools.

2.4. Convolutional and Deep Neural Network-Based Models

With the growing availability of computational resources and larger datasets, research
progressively shifted toward DL architectures, particularly convolutional and hybrid neural
networks. An early example of these approaches is the work by Cilia et al. [33], who
proposed a CNN model for ASD screening on the VETSP image dataset [29]. Their model
comprises four convolutional layers, four pooling layers, and two fully connected layers for
image classification, with dropout layers implemented to reduce overfitting. In their work,
the model achieved an accuracy of 90.00% and an AUC of 90.00% = 0.01, while participant-
wise analysis yielded an accuracy and an AUC of 71.00% =+ 0.01. Furthermore, a maximal
information coefficient (MIC) study found a strong nonlinear relationship (MIC = 0.79)
between ASD severity and eye movement speed. These findings illustrate that CNNs are
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reliable for identifying unusual attention patterns in people with ASD, suggesting that
such methods could serve as potential non-invasive screening tools.

A few years later, Kabir Mehedi et al. [34] proposed a classification method for ASD
based on CNNs and a Vision Transformer architecture, trained and validated on two
eye-tracking scanpath datasets: VETSP [29] and VAF-ASD [35]. Kabir Mehedi et al. [34]
evaluated several CNN models, including InceptionV3, EfficientNetB7, MobileNetV2, and
Xception. Besides, they employed a lightweight Vision Transformer model, the Compact
Convolutional Transformer (CCT), with 0.4 million parameters. The proposed CCT model
achieved accuracies of 97.62% on the VETSP and 96.43% on VAF-ASD, outperforming the
other evaluated models.

More recently, Alsaidi et al. [14] proposed a DL model called T-CNN-ASD for ASD
detection using the VETSP image dataset [29]. The T-CNN-ASD architecture comprises mul-
tiple layers, including convolutional layers, ReLU activations, pooling, and fully connected
layers. After flattening, the two fully connected hidden layers with 300 and 150 neurons,
respectively, were used. However, to achieve optimal model performance, they fine-tuned
the hyperparameters. The model achieved 95.59% accuracy in 10-fold cross-validation
and was compared with ML models (DT, RE, KNN, and MLP) without data augmentation.
The results highlight the model’s ability to identify nuanced eye-tracking patterns. This
indicates significant potential to improve early clinical screening for ASD and support
timely intervention.

Almost simultaneously, Mumenin et al. [36] presented a lightweight Involutional
Neural Network model for ASD detection. It required fewer parameters than state-of-
the-art image classification models. The proposed model used involution kernels rather
than standard convolutions, enabling it to recognize location-specific spatial patterns
successfully. As a result, ASDNet achieved an accuracy of 98.12% and an AUC of 99.72%
on the VETSP image dataset [29], while in VAF-ASD, it achieved an accuracy of 96.83% and
an AUC of 99.10% for fixation maps and an accuracy of 97.61% and an AUC of 96.29% for
heatmaps. These results surpassed CNN and transformer baselines. Additionally, Monte
Carlo Dropout was applied to the model, enabling the calculation of prediction uncertainty
and confirming model reliability.

Finally, Soloh et al. [37] proposed a lightweight DL method for early ASD detection.
They used the VETSP image dataset [29], and data augmentation to improve the model’s
reliability and generalization. They also applied five-fold stratified cross-validation and
provided a robust benchmark for gaze-based detection. Moreover, a 16-point geometric cal-
ibration protocol was applied to standardize gaze vectors. This enhanced spatial reliability
across diverse recording conditions. The proposed model achieved an accuracy of 97.01%
and an AUC of 98.00%. It also supports real-time mobile deployment and demonstrates
the framework’s feasibility as a low-cost, accessible solution for early ASD screening.

2.5. Ensemble and Hybrid Learning Frameworks

Jaradat et al. [22] developed a hybrid ensemble model using the VETSP image
dataset [29]. They applied preprocessing, data augmentation, extracted features using
MobileNet, and applied PCA to reduce dimensionality. For classification, they constructed
a stacking ensemble in which predictions from classifiers, SVM, KNN, and deep learning
models (MobileNet, VGG19, Xception, InceptionV3) were combined by a meta-learner
to make the final decision. The hybrid model with MobileNet achieved accuracies of
96.17% for eye gaze maps, 98.02% for ETSDs, and 98.18% for ETSP images. These findings
demonstrate that integrating deep feature extraction within an ensemble learning approach
yields the most consistent diagnostic performance across datasets.
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In their study, Ahmed et al. [38] introduced an ensemble model based on the VETSP
image dataset [29] using DL for ASD detection. They improved visual quality and feature
extraction using preprocessing techniques such as histogram equalization and enhanced
model generalization with data augmentation. Pretrained models, including DenseNet169,
VGG19, and MobileNet, achieved an accuracy of 95.00% to 96.00%. Their ensemble ap-
proach concatenated features from VGG19, DenseNet169, MobileNet, and ViT, reaching
98.00% accuracy for binary classification, outperforming individual models and demon-
strating the effectiveness of model concatenation.

2.6. Few-Shot and Contrastive Learning Approaches

More recent work has begun to address data scarcity and generalization limitations
through few-shot and contrastive learning paradigms. Mousli et al. [39] proposed ConASD,
a contrastive few-shot learning approach for detecting ASD using two real-world eye-
tracking image datasets. The authors employed a two-stage process: in the first stage, the
ResNet50 encoder is trained to extract discriminative and compact features via supervised
contrastive learning, thereby improving inter-class separation. In the second stage, the
encoder is fine-tuned using cross-entropy loss for ASD classification. When they trained
the proposed model on the full dataset, it achieved accuracies of 69.73% and 76.67%
on the VETSP image dataset [29] and on the VAF-ASD dataset [40], respectively. The
findings highlight that the proposed model outperformed ML models and standard CNN
training models.

3. Proposed Framework

This section describes the elements of the proposed framework for ASD detection
based on the VETSP image dataset. This study uses a weighted-average ensemble technique
that combines predictions from two DCNN architectures, Xception and VGG16, based
on the validation dataset. We selected these architectures due to their complementary
structural designs, proven efficacy, and performance. Each model is separately trained
and fine-tuned on this dataset to ensure unbiased feature representation and standardized
assessment. After training and fine-tuning, we integrated the probabilistic classification
outputs using a weighted-average ensemble strategy, with optimal weights determined on
a validation set to obtain final predictions based on grid search. This framework leverages
the complementary features of both architectures, yielding overall performance, improved
model generalizability, reduced overfitting risk, and enhanced robustness relative to the
individual models. Figure 2 illustrates the proposed framework.
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ASD: Autism Spectrum Disorder
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Figure 2. The proposed framework includes image preprocessing, individual model training, evalua-
tion, and combining the prediction probabilities of both models using a weighted average to obtain
the final predictions.
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3.1. Data Preprocessing and Dataset Split

Before feeding the deep learning model the training images, it is critical to prepro-
cess the VETSP image dataset. To this end, this work employed various preprocessing
techniques on the ASD scanpath data to enhance its quality and stability, thereby im-
proving feature learning and model convergence. Initially, all images were resized to
128 x 128 pixels to standardize spatial dimensions, minimize computational complexity,
and ensure uniform input sizes across the employed DCNN architectures. Afterwards, we
applied various image enhancement techniques, such as contrast and sharpness adjustment,
to preserve structural boundaries. To compensate for brightness inconsistencies and illumi-
nation variations, we relied on gamma correction to improve under-exposed regions and a
power-law transformation to correct over-exposure. After gamma correction, we converted
the images to grayscale and applied morphological operations to refine structural patterns
and minimize small-scale noise irregularities. We also used these operations to thicken
prominent edges, fill small gaps, strengthen weak areas, and reduce small inconsistencies.
Morphological operations produce the necessary stability and discriminative power in
the data for better model training. Furthermore, we normalized pixel intensities to the
common range [0, 1] to ensure network stability and accelerate convergence. We replicated
the grayscale images into three channels to create a pseudo-RGB input without introducing
new color information.

After preprocessing, the dataset was split into training, validation, and test sets with
proportions of 80%, 10%, and 10%, respectively. A similar dataset partitioning strategy has
been utilized in a previous deep learning study to facilitate effective learning, parameter
tuning, and consistent model evaluation [36]. Because the VETSP dataset contains a limited
number of participants but a larger number of scanpath images, we adopted an image-
level split rather than a participant-level split. A participant-level partition would have
produced relatively small validation and test subsets, potentially affecting class balance and
the stability of model comparison. For this reason, we used stratified random sampling with
a fixed random seed of 32 to preserve the class distribution across the training, validation,
and testing subsets and to ensure reproducibility. In addition, we stored the image paths
for each subset in separate CSV files and reused them consistently across all evaluated
models, enabling a fair comparison under the same data partition. Finally, to mitigate
overfitting and improve the model’s generalization, we applied simple data augmentation
transformations to the training dataset: rotations, width shifts, height shifts, and horizontal
flips. By applying such preprocessing techniques, we improved the overall quality of the
data, enabling more consistent and more effective learning. We present all preprocessing
parameters in Table 1.

Table 1. Summary of the preprocessing and dataset split parameters.

Parameter Values

Resize image 128 x 128
Image enhancement  Contrast = 2.0, Sharpness = 6.2
Gamma value 2.2
Morphological operations  kernel 3 x 3; dilation 2 iteration followed by closing
Normalization =~ Min—-max normalization in the range [0, 1]
Color format ~ Grayscale (replicated to three channels)
Seed 32
Data split ratio  80% (train)/10% (validation)/10% (test)
Augmentation (training only)  Rotation (20), width/height shift (0.2), horizontal flip
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3.2. Deep Convolutional Neural Networks

Deep learning (DL)-based models, particularly CNNs, have shown remarkable ef-
ficiency in tackling image classification problems. Although CNNs are most commonly
utilized for visual data, their robust capability to learn rich feature representations also
makes them applicable to a wide range of data analysis tasks. In this study, we used
two state-of-the-art DCNN architectures, Xception and VGG16, to detect ASD using the
VETSP image dataset and evaluated their performance individually. We provide additional
descriptions of these models below.

The Xception model. Google researchers introduced Xception, a DCNN architecture
known as Extreme Inception [41]. Xception decouples spatial and cross-channel feature
learning by replacing Inception modules with depthwise separable convolutions. It relies
on residual connections to enhance convergence and consists of a linear stack of depthwise
separable convolution layers arranged into entry, middle, and exit flows. Xception has a
similar number of parameters to InceptionV3 but performs better by using its parameters
more efficiently. In our work, we use the Xception model as the base architecture for feature
extraction on the VETSP image dataset and utilize pretrained ImageNet weights to obtain
robust, generalized features and reduce the need for training from scratch. We flattened the
extracted features and passed them to a classification head with two fully connected layers
of 512 and 256 neurons, each using the ReLU activation function. Thus, we modified the
top layers of the Xception model to include additional fully connected layers, particularly
for the intended dataset. We also used dropout layers with rates of 0.5 and 0.3 to reduce
overfitting and boost generalization. The final layer consisted of two neurons with softmax
activation. For training, we relied on the Adam optimizer with a learning rate of 0.001. We
used categorical cross-entropy as the loss function during model training and trained for
100 epochs, using a batch size of 32 to ensure reliable convergence.

The VGG16 model. VGG16 is a DCNN architecture introduced by Simonyan and
Zisserman [42]. It was trained and tested on the ImageNet dataset, which comprises
1000 classes and more than a million images. VGG16 is composed of 16 weighted layers:
13 convolutional layers with 3 x 3 filters and three fully connected (dense) layers. The
network also includes five max pooling layers that follow certain convolutional layers. In
the fully connected part, the first and second layers each contain 4096 neurons, the third
layer contains 1000 neurons, and the output is a softmax activation layer.

This work uses the VGG16 model, pretrained on the ImageNet dataset, for feature extraction
from the VETSP image dataset for ASD classification. We modified the top layers of VGG16
to include additional fully connected classification layers tailored to the targeted dataset.
We passed the extracted features to fully connected layers with 1024, 512, and 256 neurons,
each with a ReLU activation function to enhance the model’s nonlinearity and facilitate
learning. Dropout regularization with rates of 0.4 and 0.5 was applied to the dense layers
to alleviate overfitting. We used the Softmax function in the classification head to produce
final class probabilities, with two values indicating either ASD or TD. The model used
the Adam optimizer with a learning rate of 0.001 and the categorical cross-entropy loss
function during training. The training was carried out for 100 epochs using a batch size
of 32.

For clarity, Table 2 presents the parameters used for these CNN models in this work.
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Table 2. Model architecture and training configuration of the evaluated CNN models.

Parameter Xception VGG16

Base model Xception VGG16

Pretrained weights ImageNet ImageNet

Input size 128 x 128 x 3 128 x 128 x 3
Frozen layers All backbone layers All backbone layers
Fully connected layers 512, 256 1024, 512, 256
Activation function ReLU ReLU

Output layer 2 neurons, Softmax 2 neurons, Softmax
Dropout rates 0.5,03 04,05

Optimizer Adam Adam

Learning rate 0.001 0.001

Loss function Categorical cross-entropy  Categorical cross-entropy
Batch size 32 32

Epochs 100 100

3.3. Ensemble Learning

Ensemble learning (EL) is an effective method for image classification because it inte-
grates predictions from multiple models rather than relying on a single model. The basic
concept behind EL is that each model interprets the data in a slightly different way and
possesses its own strengths and weaknesses [43]. When these models act together, the com-
bined predictions are more accurate, stable, and reliable than those of any individual model.
Additionally, EL helps prevent common issues such as overfitting, noise-related errors, and
biased predictions, thereby enhancing performance on difficult or noisy datasets, such as
medical or real-world images [44]. Among the widely employed ensemble techniques, we
find bagging, boosting, and stacking, each of which improves performance in different
ways. Bagging creates multiple training data subsets and trains a model on each. Combin-
ing their outputs assists in reducing overfitting and prevents all models from repeating
the same mistake. In boosting, the models are trained one after another, and each model
attempts to address the errors produced by earlier models [43,45]. As more models focus
on difficult samples, the ensemble becomes more accurate. While bagging reduces variance,
boosting reduces bias by learning from past errors. Stacking involves training multiple
models and combining their knowledge into a new model. The resulting combined model
combines the best learning paradigms of the individual models and is robust enough
to yield improved performance on evaluation metrics. To this end, EL has the potential
to improve classification performance by combining the weights learned by individual
models, thus fusing the learning mechanisms of diverse feature extraction algorithms. The
field of EL has proven to be an important research domain in computer vision and medical
imaging, as it can reduce model errors and alleviate overfitting. Although various ensemble
approaches, such as bagging [46], boosting [47], and stacking [48,49], are popular in the
literature, simpler techniques, such as averaging and weighted averaging [50,51], have also
proved effective in image classification tasks, offering improved performance while being
easy to implement.

The averaging ensemble method aims to combine predictions from multiple models by
averaging their outputs. This implies that the individual model probabilities are combined
and divided by the total number of models participating in the ensemble. We computed
the final class predictions as the highest averaged class probability. We can represent the
average ensemble as given in Equation (1).

wij ()

m
=1

y* = arg max 1
i n

]
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where w;; denotes the probability determined for the i-th class label by the j-th classifier [52].
Weighted average voting is an extended version of the simple average method, where
each model is assigned a different weight based on its importance or performance, as
shown in Figure 3. Instead of treating all models equally, each prediction is multiplied by
its corresponding weight to form a weighted sum. This sum is then divided by the total of
the weights to obtain the final weighted average for each class, as displayed in the function.
This technique allows individual models to contribute more to the final decision, often
achieving higher accuracy than the simple average method [52]. The weighted average
formula is displayed in Equation (2).
m
L w;xj
* j=1
Vo= = (2)
L wj
j=1
where y* denotes the weighted average, m shows the number of terms to be averaged, the
weights applied to x values are w;, and the data values to be averaged are x; [52].

Y v ]
[ Model, [ Model, e [ Model

weight, weight, weight
¥ Y Y

[ Prediction, [ Prediction, [ Prediction_

/ J

Weighted average

AR
1/

A

[ Prediction ]

Figure 3. The figure represents the weighted-average ensemble technique, where prediction outputs
from multiple classifiers are integrated based on assigned weights to achieve the final output prediction.

The novelty of the adopted WA-Ensemble approach lies in its ability to integrate
the prediction probabilities of multiple models while addressing several limitations of
existing ensemble techniques. For example, in the straightforward average technique,
equal weights are assigned to all base models regardless of their individual predictive
performance, potentially diminishing the influence of stronger classifiers [53]. Bagging
enhances robustness but has limitations, including increased computational and memory
requirements and an inability to account for differences in model outcomes explicitly [52,54].
Although boosting tends to improve weak learners, it increases training complexity and the
risk of overfitting, especially with limited datasets [52,53]. Similarly, the stacking ensemble
approach relies on an additional meta-classifier and a supplementary training stage, thereby
increasing computational cost and limiting interpretability [53,54].

With our WA-Ensemble technique, prediction probabilities are combined using
validation-optimized weights, allowing the model with stronger validation performance
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to contribute more effectively to the final prediction. Moreover, it is a simple and efficient
approach with lower computational cost than its counterparts, as it does not involve addi-
tional processing stages and improves reproducibility. It also provides greater transparency,
making it particularly suitable for clinical decision support applications [53].

Overall, the novelty of the WA-Ensemble lies in its transparent probability-driven
weighting strategy, which allows stronger classifiers to exert greater influence on the final
decision without requiring additional meta-learning or resampling stages. By combining
predictive performance, computational simplicity, and interpretability, the method offers
an efficient and clinically suitable alternative to conventional ensemble schemes [53,54].

In this study, we used the weighted-average ensemble technique to improve the
model’s overall performance for ASD classification on the VETSP image dataset. Two
pretrained DCNN models, Xception and VGG16, were first trained and evaluated indi-
vidually to produce prediction probabilities. To integrate the models, we combined their
output probabilities using a weighted average: we multiplied each model’s probability by
its assigned weight and summed the results. This integration leverages the complementary
strengths of the individual models, aiming to reduce classification error rates and enhance
reliability, generalization, and overall performance. The weights were determined via
a grid search over O to 1 in increments of 0.01, with the constraint that the total weight
equals 1. Optimal weights, selected based on validation set performance, were then applied
to combine the models’ predictions for final classification.

3.4. Performance Evaluation Metrics

In this section, we describe the performance metrics considered for this work: accu-
racy (Equation (3)), precision (Equation (4)), recall (Equation (5)), and F1-score (Equation (6)).

Aceuracy (%) = 75— ;§i£§+ FN ®
Precision(%) = % 4)
Recall(%) = sz_ipm ®)
Fl-score(%) — 2 x Precision x Recall ©)

Precision + Recall

where true positives (TP) refer to the number of positive instances correctly identified
as positive, false negatives (FN) indicate the number of positive instances incorrectly
categorized as negative, true negatives (TN) correspond to the number of negative instances
correctly identified as negative, and false positives (FP) represent the number of negative
instances incorrectly classified as positive.

4. Experiments and Results
4.1. Baseline Performance of Fine-Tuned Xception and VGG16 Models

Initially, we used some preprocessing steps to improve the image quality and ensure
consistency. Then, we fine-tuned two pre-trained classifiers, namely Xception and VGG16,
and used them as baselines. We combined the predictions from these two models using
a weighted average, with weights optimized on the validation dataset. We evaluated the
performance of these models using accuracy, precision, recall, and F1-score. The Xception
model achieved 96.36% accuracy, with balanced results of 95.45% precision, recall, and
Fl-score. Conversely, the VGG16 model also achieved 96.36% accuracy and reported lower
precision (91.67%) and perfect recall (100.00%), demonstrating a slight improvement in

https:/ /doi.org/10.3390/make8070176


https://doi.org/10.3390/make8070176

Mach. Learn. Knowl. Extr. 2026, 8, 176 13 of 22

Fl-score (95.65%). Although both models performed competitively and robustly overall,
their complementary qualities encourage their integration in an ensemble framework.

Aiming for a deeper analysis, we present the confusion matrices for the Xception
and VGG16 models in Figure 4. The Xception model shows a balanced classification
performance, with similar error rates for both classes. It accurately classified 32 TD samples,
inaccurately categorizing only one TD case as ASD. In the same way, it correctly classified
21 ASD samples, while mistaking one ASD case as TD. The model’s low false-positive and
false-negative rates indicate a stable trade-off between precision and recall, suggesting
it can consistently distinguish between ASD and TD classes. The VGG16 model, on the
other hand, correctly identified 31 TD cases and misclassified two as ASD. All 22 ASD
samples were correctly classified, obtaining no false negatives. These findings suggest that
the model is competent at detecting ASD, since it did not miss any positive cases. Still, the
fact that there are a few more false positives than Xception implies that there is a small
propensity to over-classify ASD cases.

Xception VGG16
TD ASD TD ASD
w TD 32 1 w TD 31 2
@ 58.18% 1.81% @ 56.36% 3.64%
B ASD 1 21 b ASD 0 22
1.81% 38.18% 0.00% £0.00%
Predicted class Predicted class

Figure 4. Confusion matrices of the baseline models (Xception and VGG16) for ASD detection on the
test set.

4.2. Performance Evaluation of a Weighted-Average Ensemble of Xception and VGG16

To leverage the diverse predictive strengths of two DCNN architectures, we employed
a weighted-average ensemble to integrate the complementary strengths of Xception and
VGG16, thereby enhancing model performance and generalization. Using the weighted-
average ensemble technique, we assigned optimized weights to the individual models
based on the validation dataset to fine-tune the ensemble and improve its performance.
The optimized weights are 0.37 for Xception and 0.63 for VGG16, indicating their relative
contributions to the final performance. The efficacy of the weighted-average ensemble
approach—hereafter referred to as WA-Ensemble—is demonstrated compared to the indi-
vidual models Xception and VGG16. As depicted in Table 3, the individual models Xception
and VGG16 achieved the same accuracy of 96.36%. Xception had balanced precision and
recall of 95.45%, while VGG16 had perfect recall of 100.00% but lower precision of 91.67%.
The weighted-average ensemble, on the other hand, performed better than both models. It
had an accuracy of 98.18% and an F1-score of 97.78%. It also maintained a recall of 100.00%
and increased precision to 95.65%. In this sense, the WA-Ensemble preserves the high ASD
sensitivity observed in VGG16 while improving the overall balance of the classification,
particularly through increased precision and Fl-score. These findings confirm that the
ensemble produces more accurate and robust predictions than the individual models.

To provide statistical validation of the reported results, we estimated 95% confidence
intervals (Cls) for the evaluation metrics using bootstrap resampling and report them
in Table 3. We generated 1000 bootstrap samples from the test set by sampling with
replacement. For each resampled test set, we computed accuracy, precision, recall, F1-score,
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and ROC-AUC. We obtained the lower and upper bounds of each 95% CI from the 2.5th
and 97.5th percentiles of the corresponding bootstrap distribution. These intervals provide
an estimate of the uncertainty associated with each performance metric and support a more
robust interpretation of the reported improvements.

Table 3. An overview of the performance comparison between the WA-Ensemble and individual
models, including Xception and VGG16, based on accuracy, precision, recall, and F1-score (with 95%
confidence intervals shown in parentheses). The best results per metric have been underlined and

highlighted in bold.

Metric Xception VGG16 WA-Ensemble

Accurac 0.9636 0.9636 0.9818
y (0.9091-1.0000) (0.9091-1.0000) (0.9455-1.0000)

Precision 0.9545 0.9167 0.9565
(0.8421-1.0000) (0.7826-1.0000) (0.8421-1.0000)

Recall 0.9545 1.0000 1.0000
(0.8421-1.0000) (1.0000-1.0000) (1.0000-1.0000)

Fl-score 0.9545 0.9565 0.9778
(0.8718-1.0000) (0.8780-1.0000) (0.9143-1.0000)

ROC-AUC 0.9862 0.9945 0.9959

(0.9560~1.0000)

(0.9769—1.0000)

(0.9800—1.0000)

For clarity, we also show the results of the WA-Ensemble using a confusion matrix
as depicted in Figure 5. As we can observe, the WA-Ensemble achieves strong, reliable
classification performance. With our approach, all 22 ASD cases are correctly identified,
with no false negatives. Regarding the TD cases, 32 are correctly identified, with only 1
misclassified as ASD, yielding a very low false-positive rate. The results show perfect recall
for the ASD class, ensuring that all the ASD cases are detected. Overall, the confusion
matrix results suggest that the WA-Ensemble achieves high performance while maintaining
an excellent balance between sensitivity and specificity, making it well-suited for robust
ASD classification.

WA Ensemble
TD ASD

32 1

58.18% 1.81%

—
)

Actual class

ASD 0 22

0.00% 40.00%

Predicted class

Figure 5. Confusion matrix of the WA-Ensemble approach for ASD detection on the test set.
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The ROC-AUC curves shown in Figure 6 exhibit the performance of the individual
models Xception and VGG16, as well as the WA-Ensemble for ASD classification. The
Xception model achieved an ROC-AUC value of 98.62%, while VGG16 further improved
to 99.45%. The WA-Ensemble outperformed both models with a higher ROC-AUC of
99.59%, offering the most accurate, reliable classification with improved generalization and
robustness compared to individual models.

1.0 4 [ -
0.8 1 g
Q -
= -
mn Ry
— -
@ 06 - L
= -
p= ~°
wn "
o e
2 04+ o
)] e
S -
= -
— e
0.2 et
L —— Xception (ROC-AUC = 98.62%)
L ” VGG16 (ROC-AUC = 99.45%)
0.0 1 —— WA-Ensemble (ROC-AUC = 99,59%)
0.0 0.2 0.4 0.6 0.8 1.0

False-positive rate

Figure 6. ROC-AUC curves of the baseline models (Xception and VGG16) and the WA-Ensemble for
ASD detection.

We show the class-wise performance of the individual DCNN models, Xception and
VGG16, and the WA-Ensemble for ASD detection using the VETSP image dataset in Table 4.
The Xception model produces identical values for the three metrics analyzed (precision,
recall, and F1-score, all with 96.97%) for the TD class. Conversely, for the ASD class, it
achieves 95.45% across the three metrics. This consistency shows that the model can reliably
distinguish between classes without significant bias toward any class. Xception demon-
strated reliable generalization power, with an overall weighted average performance of
96.36% across all parameters. The VGG16 model, on the other hand, shows complementary
behavior. VGG16 achieves perfect precision (100.00%) but a relatively low recall (93.93%)
for the TD class, suggesting conservative predictions with fewer false positives. The model
achieves perfect recall (100.00%) but lower precision (91.66%) for the ASD class, indicating
a tendency to prioritize sensitivity to ASD patients at the expense of more false positives.
The weighted average F1-score of 96.38% remains competitive despite this imbalance. The
combined strengths of the Xception and VGG16 models are effectively harnessed through
a weighted-average ensemble. The ensemble model demonstrates superior class-specific
performance, achieving 100.00% precision and 96.96% recall for the TD class, and 95.65%
precision with perfect recall of 100.00% for the ASD class. This balanced behavior results
in the highest F1-scores for both classes: 98.46% for TD and 97.78% for ASD. Overall, the
ensemble achieves a weighted average performance of 98.26% precision, 98.18% recall, and
98.18% F1-score, surpassing the performance of both individual models. These findings
demonstrate that combining the complementary prediction features of separate DCNN
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models via a weighted-average ensemble improves robustness and generalization, resulting
in better and more reliable ASD detection performance.

Table 4. Class-wise performance evaluation of individual models, including Xception, VGG16, and
the WA-Ensemble, based on evaluation metrics, precision, recall, F1-score, and support (number of
samples per class). The best results per model and metric have been underlined and highlighted
in bold.

Model Class Precision (%) Recall (%) F1-Score (%) Support
D 96.97 96.97 96.97 33
Xception ASD 95.45 95.45 95.45 22
Weighted average 96.36 96.36 96.36 55
D 100.00 93.93 96.87 33
VGG16 ASD 91.67 100.00 95.65 22
Weighted average 96.66 96.36 96.38 55
D 100.00 96.96 98.46 33
WA-Ensemble ASD 95.65 100.00 97.78 22
Weighted average 98.26 98.18 98.18 55

4.3. Effect of Data Augmentation on Individual Models and Ensemble Performance

To explicitly assess the effect of data augmentation, Table 5 compares the performance
of each model with and without augmentation. As shown, data augmentation improved
the performance of both individual models and the WA-Ensemble, suggesting better learn-
ing and generalization. The WA-Ensemble integrates complementary model predictions,
combining their strengths for improved results. The ensemble with data augmentation
achieves the best results, demonstrating superior resilience and classification performance,
compared with individual models and non-augmented configurations.

Table 5. A comparative analysis of each model (Xception, VGG16, and WA-Ensemble), with and
without data augmentation, on the VETSP image dataset using accuracy, precision, recall, and
Fl-score. The best results per model and metric have been underlined and highlighted in bold.

Model Augmentation Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Xception No 92.73 95.00 86.36 90.48
P Yes 96.36 95.45 95.45 95.45
No 90.91 94.74 81.82 87.80
VGGle Yes 96.36 91.67 100.00 95.65
No 94.55 95.24 90.91 93.02
WA-Ensemble Yes 98.18 95.65 100.00 97.78

4.4. Comparative Analysis with State-of-the-Art Pretrained Deep Learning Architectures

In this experiment, we conducted a comprehensive comparative analysis to assess
the effectiveness of WA-Ensemble against widely used pretrained DCNN architectures,
including EfficientNetB1 [55], EfficientNetB2 [55], EfficientNetB3 [55], EfficientNetB4 [55],
ResNet101 [56], ResNet101V2 [57], ResNet50 [56], ResNet50V2 [57], MobileNet [58], Mo-
bileNetV2 [59], VGG19 [42], DenseNet121 [60], InceptionResNetV2 [61], InceptionV3 [62],
and the proposed approach, WA-Ensemble. Table 6 shows the performance outcomes
for all models. The WA-Ensemble demonstrated superior results across accuracy, recall,
Fl-score, and AUC compared to individual pretrained models. This highlights the ad-
vantage of combining multiple complementary DCNN models via an ensemble strategy,
reducing error rates, mitigating overfitting, and improving generalization and robustness
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in ASD classification on ETSP images. The findings suggest that the employed approach
effectively captures features that individual models may miss, providing more reliable and
discriminative information.

Table 6. Performance comparison of relevant DL Models from the literature and WA-Ensemble for
ASD Classification on the test set. The best results per metric have been underlined and highlighted

in bold.
Method Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%)
EfficientNetB1 90.91 100.00 77.27 87.18 95.45
EfficientNetB2 92.73 100.00 81.82 90.00 95.45
EfficientNetB3 90.91 94.74 81.82 87.80 94.21
EfficientNetB4 94.55 91.30 95.45 93.33 94.90
ResNet101 92.73 87.50 95.45 91.30 96.69
ResNet101V2 94.55 95.24 90.91 93.02 98.07
ResNet50 94.55 95.24 90.91 93.02 95.87
ResNet50V2 94.55 95.24 90.91 93.02 98.62
MobileNet 90.91 81.84 100.00 89.80 96.69
MobileNetV2 89.09 80.77 95.45 87.50 98.76
VGG19 92.73 87.50 95.45 91.30 98.62
DenseNet121 94.55 91.30 95.45 93.33 98.62
InceptionResNetV2 87.27 89.47 77.27 82.93 97.52
InceptionV3 89.09 86.36 86.36 86.36 96.01
Xception 96.36 95.45 95.45 95.45 98.62
VGG16 96.36 91.67 100.00 95.65 99.45
WA-Ensemble 98.18 95.65 100.00 97.78 99.59

4.5. Benchmarking Against Existing ASD Detection Methods Using the VETSP Image Dataset

The approach proposed in this work, WA-Ensemble, uses a weighted-average en-
semble that combines the complementary predictive behaviors of Xception and VGG16.
Ensemble weights are adjusted via grid search based on the validation set. This method,
as previously mentioned (Table 5), achieved an accuracy of 98.18%, precision of 95.65%,
100.00% recall, and an F1-score of 97.78%.

However, other recent studies have also shown the effectiveness of approaches that
analyze VETSP images for ASD detection. For instance, Alsaidi et al. [14] introduced the
T-CNN-ASD model, which achieved 95.59% accuracy, 77.60% recall, and 78.73% F1-score
on the VETSP dataset. These results demonstrate satisfactory classification performance.
However, the comparatively lower sensitivity and F1-score may restrict its robustness in
clinical screening applications. In a different approach, Mumenin et al. [36] presented
ASDNet, an involution-based deep architecture, and reported robust performance across
various eye-tracking representations, achieving accuracies of up to 98.12%, along with
97.89% precision, 99.03% recall, and 99.72% AUC, demonstrating a promising discrimina-
tive capability. Meanwhile, Jaradat et al. [22] presented a hybrid framework that combines
MobileNet feature extraction with stacking EL (SVM and KNN), achieving accuracies of
96.10% to 98.18% across various datasets. However, the absence of Fl-score and AUC
metrics limits a comprehensive evaluation of classification balance.

We adopted the implementations of these three models and tested them on the same
VETSP image dataset. From Table 7, we can observe that WA-Ensemble surpasses the
results obtained by the approach of [14] across all metrics and provides more balanced
performance than the approach of Jaradat et al. [22]. Besides, it remains competitive with
the notable results obtained by the model of Mumenin et al. [36]. Collectively, these results
demonstrate that appropriately weighted fusion of heterogeneous CNN architectures can
improve generalization and resilience for VETSP image-based ASD detection.
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Table 7. Performance comparison between the proposed approach and existing methods on the
VETSP image dataset using accuracy, precision, recall, F1-score, and AUC. The best results per metric
have been underlined and highlighted in bold.

Reference Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC (%)
Alsaidi et al. [14] 95.59 NA 77.60 78.73 NA
Mumenin et al. [36] 98.12 97.89 99.03 98.55 99.72
Jaradat et al. [22] 98.18 98.20 98.00 NA NA
Proposed approach 98.18 95.65 100.00 97.78 99.59

5. Conclusions

In this study, we evaluated the effectiveness of a weighted-average ensemble approach
that combines the complementary predictive strengths of Xception and VGG16 for ASD
detection using eye-tracking scanpath images from the VETSP image dataset. The indi-
vidual evaluation of both models showed that Xception and VGG16 achieved the same
overall accuracy of 96.36%, while exhibiting different predictive behaviors. Xception pro-
vided a more balanced trade-off between precision and recall, whereas VGG16 achieved
perfect recall for ASD but showed a higher tendency to over-classify ASD cases. These
complementary error patterns support the motivation for integrating both models through
a weighted-average ensemble rather than relying on either architecture individually.

The proposed WA-Ensemble effectively leveraged these complementary behaviors by
combining the prediction probabilities of both models using validation-optimized weights.
As a result, the ensemble achieved 98.18% accuracy, 95.65% precision, 100.00% recall,
97.78% F1-score, and 99.59% ROC-AUC. The model correctly identified all ASD cases in
the test set while maintaining a low false-positive rate, which is particularly relevant for
screening-oriented applications where sensitivity is a key requirement. In addition, the
bootstrap-based confidence intervals provided an estimate of the uncertainty associated
with the reported metrics, supporting a more robust interpretation of the results.

The class-wise analysis further confirmed the benefit of the ensemble strategy. The
WA-Ensemble achieved strong performance for both ASD and TD classes, suggesting that
weighted fusion helped reduce the limitations of the individual architectures and produced
a more balanced classification behavior. The use of data augmentation also improved the
performance of the individual models and the ensemble, indicating that augmentation
and weighted fusion can work complementarily when dealing with small eye-tracking
image datasets.

Compared with the pretrained architectures evaluated in this study, the WA-Ensemble
achieved the best overall performance across accuracy, recall, F1-score, and ROC-AUC.
When compared with existing ASD detection methods evaluated on the VETSP dataset, the
proposed approach remained highly competitive with the best reported results, particularly
due to its perfect recall and strong overall balance between performance, simplicity, and
interpretability. These findings suggest that validation-optimized weighted fusion of
complementary CNN architectures can provide a practical and reliable alternative for ASD
detection using eye-tracking scanpath images, without requiring more complex ensemble
mechanisms such as stacking, boosting, or repeated resampling procedures.

Clinically, the high recall achieved by the WA-Ensemble is relevant for screening-
oriented applications, where minimizing false negatives is important to avoid delaying
referral and intervention for children with ASD. The model correctly identified all ASD
cases in the test set while producing only one false positive among TD cases, suggesting
that it may support clinicians in identifying children who require further evaluation.
Nevertheless, the proposed approach should be regarded as a decision-support tool rather
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than a standalone diagnostic system, and further validation on larger and independent
datasets is required before clinical use.

Despite the promising results, some limitations should be acknowledged. First, the
VETSP dataset is relatively small. Although data augmentation and ensemble learning
improved performance under the adopted experimental protocol, future studies should
validate the proposed approach on larger, multicenter datasets. Second, because this
study used an image-level split, images from the same participant may appear in different
subsets, introducing shared subject-specific characteristics that could lead to data leakage
and optimistic performance estimates. For this reason, future work should also evaluate
the method under a participant-level split to provide a stricter assessment of generalization
to unseen individuals. Finally, incorporating explainability mechanisms would help clarify
the visual patterns driving the model’s predictions and increase the transparency and
clinical trustworthiness of the proposed approach.

Author Contributions: Conceptualization, M.A. and J.C.O.-B.; methodology, M.A., S.H., L A. and
J.C.O.-B.; software, M.A. and J.C.O.-B.; validation, M.A., S.H., .A. and ].C.O.-B.; formal analysis, M.A.,
I.A.and J.C.O.-B.; investigation, M.A. and J.C.O.-B.; resources, M.A. and J.C.O.-B.; data curation, M.A.,
S.H. and ].C.O.-B.; writing—original draft preparation, M.A., S.H., L. A. and ].C.O.-B.; writing—review
and editing, M.A., S.H., I.A. and J.C.O.-B,; visualization, M.A., S.H. and ].C.O.-B.; supervision, M.A.,
I.A. and ].C.O.-B.; project administration, M.A. and ].C.O.-B.; funding acquisition, M.A. and J.C.O.-B.
All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The original data presented in this study are openly available in
FigShare at https://doi.org/10.6084 /m9.figshare.7073087.

Acknowledgments: During the preparation of this document, the authors used ChatGPT (GPT-
5, OpenAl) to develop and edit the manuscript, improving its consistency, clarity, and linguistic
structure. The authors have reviewed and edited the output and take full responsibility for the
content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

ADI Autism Diagnostic Interview

ADOS Autism Diagnostic Observation Schedule
Al Artificial Intelligence

ANN Artificial Neural Network

ASD Autism Spectrum Disorder

AUC Area Under the Curve

BDT Boosted Decision Tree

CDC Centers for Disease Control and Prevention
CNN Convolutional Neural Network

DCNN Deep Convolutional Neural Network

DJ Decision Jungle

DL Deep Learning

DNN Deep Neural Network

DT Decision Tree

EEG Electroencephalogram
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EL Ensemble Learning

ETSP Eye Tracking Scanpath

GB Gradient Boosting

KNN K-Nearest Neighbors

LR Logistic Regression

ML Machine Learning

MLP Multilayer Perceptron

MRI Magnetic Resonance Imaging
NB Naive Bayes

PCA Principal Component Analysis
RFE Random Forest

SVM Support Vector Machine
WHO World Health Organization
XGB Extreme Gradient Boosting
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