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Abstract: Autism spectrum disorder (ASD) is a neurodevelopmental condition that affects
social interactions, communication, and behavior. Prompt and precise diagnosis is essential
for prompt support and intervention. In this study, a deep learning-based framework for
diagnosing ASD using facial images has been proposed. The methodology begins with log-
arithmic transformation for image pre-processing, enhancing contrast and making subtle
facial features more distinguishable. Next, feature extraction is performed using NasNetMo-
bile and DeiT networks, where NasNetMobile captures high-level abstract patterns, and the
DeiT network focuses on fine-grained facial characteristics relevant to ASD identification.
The extracted features are then fused using attentional feature fusion, which adaptively
assigns importance to the most discriminative features, ensuring an optimal representation.
Finally, classification is conducted using bagging with a support vector machine (SVM)
classifier employing a polynomial kernel, enhancing generalization and robustness. Experi-
mental results validate the effectiveness of the proposed approach, achieving 95.77% recall,
95.67% precision, 95.66% F1-score, and 95.67% accuracy, demonstrating its strong potential
for assisting in ASD diagnosis through facial image analysis.

Keywords: autism spectrum disorder; NasNetMobile; DeiT; attention feature fusion

1. Introduction

Autism spectrum disorder (ASD) is a complex neurodevelopmental condition charac-
terized by challenges in social interactions, communication, and the presence of repetitive
or restrictive behaviors. The prevalence of ASD has been on the rise, with recent esti-
mates suggesting that approximately 1 in 36 children in the United States (Centers for
Disease Control and Prevention, 2023) and around 1 in 100 children globally (World Health
Organization) are diagnosed with the condition [1].

Research indicates that individuals with ASD exhibit disrupted neurodevelopmental
pathways, deviating from typical brain development patterns. The complexity of ASD
arises from the interplay of genetic factors, environmental influences, epigenetic mech-
anisms, cognitive processes, and behavioral components, contributing to a wide range
of symptoms and comorbid conditions [2]. With a strong genetic foundation, ASD has
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been increasingly studied using advanced genomic technologies such as microarrays and
next-generation sequencing (NGS). These help identify genetic variations and enhance
understanding of its genetic framework [3].

ASD was first identified by Kanner in 1943 when he documented 11 cases, primarily
in male children, exhibiting severe social and language impairments. The global prevalence
of ASD is approximately 1%, with a male-to-female ratio of 4:1. Around 50% of individuals
with ASD also have intellectual disabilities (IDs) and often experience comorbid neurode-
velopmental and psychiatric conditions, such as depression, anxiety, sleep disturbances,
and gastrointestinal problems. Moreover, over 35% of individuals with ASD are affected by
epilepsy, with EEG abnormalities frequently observed even in those without seizures [4].

An increasing number of observational studies have emphasized the link between
specific endogenous environmental factors, such as parental age, and a heightened ASD
risk [5-7]. Additionally, research indicates that even slight increases in maternal prenatal
stress are associated with a greater risk of developing ASD and ADHD [8,9]. One proposed
biological factor contributing to the onset and progression of ASD involves immune system
abnormalities that can result in atypical neuroimmune responses [10].

Children with autism may show added comorbid conditions alongside the core symp-
toms, such as social difficulties, language impairments, and repetitive behaviors. Finding
these medical conditions is crucial, as they can often trigger or worsen the abnormal be-
haviors seen in children with autism. Treating these conditions can lead to a resolution
of the associated behaviors. Additionally, when children with autism are unwell, their
performance may decline, and they may struggle to keep or acquire skills due to the impact
of these medical issues [11,12].

Many behaviors and symptoms typically associated with autism may be indicative
of other underlying medical conditions. For example, headbanging could result from
headaches or pain due to frustration, especially when a child is unable to express these
feelings. Frequent fidgeting may be a sign of discomfort related to constipation. Aggres-
sive or self-injurious behavior could stem from undiagnosed pain that the child cannot
communicate. Pica, the tendency to eat non-food items, might show nutrient deficiencies,
especially iron, which is common in children with autism. Similarly, food refusal may not
only be linked to the selective eating habits often seen in autism. However, it could also be
due to food allergies, intolerances, or even dental issues [13].

Research indicates that anxiety and sensory over-responsivity (SOR) share common
neurobiological mechanisms. Studies examining the neurobiological basis of SOR in
ASD have shown that SOR is associated with heightened neural responses to unpleasant
sensory stimuli, particularly in brain regions involved in sensory processing. Autistic
individuals with high SOR levels exhibit reduced amygdala habituation and weaker top-
down regulation from the prefrontal cortex over the amygdala during sensory processing
compared to those with lower SOR levels [14].

Anxiety is a common co-occurring condition in individuals with ASD, affecting around
40% of children compared to 10% in the general population. Its diagnosis is often com-
plicated by atypical symptom presentations, such as fear of change, unusual phobias,
or sensory-related anxieties, which do not always align with standard diagnostic criteria
like those in the DSM. For children with ASD, clinical anxiety can exacerbate challenges in
learning, relationships, and emotional well-being, increasing risks of self-injury, depression,
and disruptive behavior, ultimately leading to significant life disruptions [15,16]. Anger
outbursts (AOs) are often linked to more severe symptoms, greater impairment, and poorer
treatment outcomes in children with anxiety. However, there is limited research examining
AO in youth with both ASD and anxiety disorders [17].
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Autism symptoms vary, but some are notably common. Over 90% of children with
ASD have at least one co-occurring condition, such as GI disorders (up to 70%), movement
disorders (79%), sleep issues (50-80%), and intellectual disabilities (45%). GI problems
are particularly prevalent, affecting 9-91% of individuals, and are linked to cognitive and
behavioral challenges. Though their exact causes remain unclear, factors like the gut-
brain axis, genetics, microbiota, and immune responses may play a role. A meta-analysis
found that children with ASD are 2—4 times more likely to experience Gl issues, including
constipation, diarrhea, and stomach discomfort [18].

Achieving complete recovery from ASD is challenging, as Piven et al. [19] determined
that it is a lifelong condition with evolving characteristics. Their study of 38 individuals
with ASD found that all but five continued to meet DSM-IV criteria in adulthood, while
the remaining five still exhibited persistent autistic traits. However, most participants
showed progress from childhood to adolescence and adulthood, with 82% improving in
communication, 82% in social interaction, and 55% in reducing ritualistic and repetitive be-
haviors. Overall, while not universal, improvement is a common trend among individuals
with autism.

A study conducted in Japan by Seltzer [20] found that many autism symptoms tend
to improve over time; however, adults with autism continue to experience challenges in
various aspects of daily life. Similarly, a British study by Beadle-Brown et al. [21] observed
significant progress in self-care skills, communication, and educational achievements over
11 years.

The current process for detecting ASD has several limitations. Clinicians need ex-
tensive training and considerable time to apply diagnostic tools effectively. However,
artificial intelligence (Al) advancements have accelerated ASD diagnosis, enhanced clini-
cians’ capabilities, and improved access to early intervention programs. These Al-driven
technologies have notably increased during the COVID-19 pandemic [22]. The emergence
of machine learning (ML) and deep learning (DL) techniques has revolutionized medical
diagnostics by enabling automated and high-precision decision-making. These technolo-
gies have shown promising results in analyzing complex data such as medical images,
leading to faster and more accurate diagnoses. Data augmentation techniques have been
widely adopted to synthetically expand training datasets while preserving key features
to enhance model robustness and generalization [23]. In addition, contrastive learning
frameworks, such as those utilizing stochastic pseudo-neighborhoods, have shown great
potential in unsupervised representation learning, allowing models to better distinguish
subtle patterns in medical images without relying on large labeled datasets [24]. Recent
advancements, including those presented by Wang et al. in their multi-scale three-path
network (MSTP-Net) and Zhao et al. in their review of cancer data fusion methods, have
further underscored the importance of multi-scale and data fusion techniques in improving
model performance in complex domains like medical imaging [25,26]. To ensure the ro-
bustness and generalizability of the proposed model, replication techniques were applied
across multiple experimental runs using different data splits. This approach minimizes
the risk of biased evaluation and confirms the model’s stability across varying subsets of
the dataset.

DL, in particular, has emerged as a pivotal technique in diagnosing ASD, owing to
its ability to automatically learn hierarchical feature representations from raw data [27,28].
In the context of ASD, deep learning models, especially convolutional neural networks
(CNNs) and recurrent neural networks (RNNs), have demonstrated remarkable success
in identifying patterns in facial images, behavioral data, and other diagnostic indicators.
Recent studies have highlighted how deep learning approaches, such as transfer learning
and ensemble models, have significantly improved the accuracy and efficiency of ASD
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diagnosis. Furthermore, the ability of deep learning models to process large volumes
of complex, high-dimensional data without manual feature extraction has made them
invaluable in clinical settings.

Table in Abbreviations presents the abbreviations utilized in this manuscript. This
research proposes an innovative deep learning-based framework for ASD diagnosis through
facial images, incorporating various advanced techniques to improve diagnostic accuracy.
The main contributions of this study include the following;:

* High-Level Representation via NasNetMobile: NasNetMobile is employed to extract
high-level abstract patterns from the input images, utilizing its deep architecture to
generate robust and discriminative features.

¢  Fine-Grained Feature Extraction using DeiT Network: The DeiT network focuses on
capturing fine-grained facial characteristics, enriching the overall representation with
detailed local information essential for precise analysis.

e  Attentional Feature Fusion: The extracted features are fused using an adaptive
attention-based mechanism that assigns importance to the most discriminative fea-
tures, leading to improved feature representation and robustness.

*  Robust Classification Strategy: We utilize a bagging-based SVM classifier with a poly-
nomial kernel, enhancing generalization capabilities and mitigating overfitting issues.
The remainder of this paper is organized as follows: Section 2 reviews related work

on autism spectrum disorder diagnosis. Section 3 describes the proposed classification

method. Section 4 presents the experimental results and comparisons, followed by a

detailed discussion of the findings in Section 5. Lastly, Section 6 concludes the paper and

highlights potential future research directions.

2. Related Work

Facial expressions are crucial in diagnosing ASD, offering valuable insights into emo-
tional and social processing patterns. Individuals with ASD often struggle with recognizing
or expressing emotions, which affects their ability to engage in social interactions. Al,
particularly through machine learning (ML) and deep learning (DL) technologies, is in-
creasingly used to analyze facial expressions using advanced recognition algorithms. These
Al systems can detect subtle emotional cues that may be overlooked by human evaluators,
thereby enhancing diagnostic accuracy. By using Al, clinicians can ease earlier detection
and develop more personalized, effective intervention strategies for individuals with ASD.
Table 1 compares previous research according to paper, methodology, strengths, limitations,
and accuracy (%).

Several studies have investigated this approach. For example, Akter et al. [29] pro-
posed a transfer learning-based framework for autism face recognition. This framework
utilizes an enhanced MobileNet-V1 model, which surpasses other advanced ML and
DL models in distinguishing between control and autistic children from various sources.
The model achieved 83% accuracy on the validation set and 91% on the test set. Addition-
ally, the k-means clustering algorithm was employed to classify autism faces into different
subtypes based on varying k values. The enhanced MobileNet-V1 model demonstrated
an impressive accuracy of 92.10% in predicting binary subtypes (k = 2). This system holds
great potential for aiding early autism detection, offering a valuable tool for physicians and
healthcare professionals.

Li et al. [30] proposed a method that improves the area under the curve (AUC) while
utilizing smaller image sizes compared to previous studies. Their approach integrates
two-phase transfer learning with multi-classifier fusion to enhance system performance.
They apply two-phase transfer learning to MobileNetV2 and MobileNetV3-Large models
optimized for mobile devices to improve their effectiveness. Subsequently, a multi-classifier
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fusion strategy combines these models, further enhancing accuracy. Additionally, they
introduce a technique for integrating classifier outputs to achieve more precise final pre-
dictions. The integrated classifier attained 90.5% accuracy and a 96.32% AUC, marking a
3.51% improvement over the 92.81% AUC reported in previous studies.

Melinda et al. [31] introduced an innovative approach to evaluating the performance
of ResNet-50 combined with DeepLabV3+ segmentation for classifying facial images of
children with and without ASD. The study aims to enhance classification accuracy by
minimizing noise and eliminating irrelevant features. Initially, ResNet-50 alone achieved an
accuracy of 83.7%. However, integrating DeepLabV3+ segmentation significantly improved
accuracy to 85.9%.

Ahmed et al. [32] suggested that CNNSs hold great potential for diagnosing ASD.
In their study, various pre-trained CNN models, such as AlexNet, ResNet34, VGG16,
ResNet50, MobileNetV2, and VGG19, were utilized to diagnose ASD, and their perfor-
mances were compared. Transfer learning was applied to each model to enhance the results.
Among all the models, the ResNet50 model demonstrated the highest accuracy, achieving
92%, surpassing the performance of the other deep learning models.

Fahaad et al. [33] proposed a deep learning-based approach leveraging vision trans-
former (ViT) models to classify facial images for early ASD detection in children. Their
method autonomously segments facial images into patches and processes them through
transformer blocks, effectively capturing fine-grained and holistic features. Experimental
results demonstrate that the ViT model achieves a validation accuracy of 77%, surpassing
conventional models like VGG-16. This non-invasive technique shows significant potential
as a reliable tool for early ASD diagnosis, facilitating timely interventions and enhancing
clinical outcomes.

Reddy et al. [34] proposed an approach for diagnosing ASD in children using facial
image analysis. They utilized three pre-trained CNN models—VGG16, VGG19, and Effi-
cientNetB0—on a Kaggle dataset of 3014 images. Among these, EfficientNetB0 achieved the
highest accuracy of 88.33%, surpassing VGG16 (84.67%) and VGG19 (87.66%). This research
improves early ASD detection and better support for affected children. Mahmoud et al. [35]
introduced a sequencer-based patch-wise Local Feature Extractor combined with a Global
Feature Extractor to enhance ASD classification. The extracted features from both modules
are integrated to form a comprehensive representation for final classification. Experimental
evaluations on a publicly Autism Facial Image Dataset proved and achieved an accuracy of
94.7%, precision of 94.0%, recall of 95.3%, and an F1-score of 94.6%.

Mujeeb et al. [36] investigated static facial features from photographs of autistic
children as potential biomarkers to distinguish them from typically developing children.
Their study applied five deep CNN models such as EfficientNetB0, MobileNet, Xception,
EfficientNetB1, and EfficientNetB2—as feature extractors, with a DNN classifier employed
for binary autism classification. The models were trained on a public dataset containing,
among the evaluated models, Xception which achieved the highest performance, with 90%
for AUC, 88.46% for sensitivity, and 88% for negative predictive value (NPV).

Alam et al. [37] conducted a pioneering study on two facial image datasets—Kaggle
and YTUIA—leveraging federated learning to address domain variations effectively. Their
approach ensures the confidentiality of sensitive medical data while facilitating robust fea-
ture learning, leading to enhanced evaluation performance across various datasets. Using
Xception as the backbone of their federated learning framework, the study achieved an
impressive accuracy of nearly 90% across all test sets. Notably, this represents a significant
improvement of over 30% in classification performance for test sets from different domains.
Hossain et al. [38] introduced a non-invasive and cost-effective method for ASD identi-
fication using facial images. Their study systematically evaluated twelve deep learning



Electronics 2025, 14, 1822

6 of 25

models, such as MobileNetV2, ResNet-50, MobileNetV3, ResNet-101, AlexNet, ResNet-
152, DenseNet201, InceptionV1, EfficientNetB0, SqueezeNet, DenseNet121, and VGG16.
Among these, DenseNet121 achieved the best performance, with 90.33%, 92%, 92%,
and 90%, for accuracy, precision, recall, and F1-score, respectively.

Despite previous studies developing methods for detecting ASD based on children’s
faces, several limitations hinder their reliability and effectiveness. One major issue is the use
of limited datasets, which may lack diversity in terms of ethnicity, age, and severity of ASD
traits, leading to biased models and reduced generalizability. Additionally, low-quality
images—affected by lighting, resolution, and pose variations—can compromise feature
extraction and analysis. Moreover, existing methods often fail to capture subtle ASD-related
features due to the reliance on shallow or single-path feature extraction techniques that are
not robust to variations across individuals. They also tend to overlook the multi-scale nature
of facial characteristics, which are crucial for distinguishing developmental disorders, such
as ASD. Age-related changes in facial structures further complicate the identification of
consistent diagnostic markers. Additionally, the influence of non-ASD factors (e.g., genetic
disorders or environmental factors) can lead to high false positive or negative rates.

To address these limitations, our proposed system introduces a generalized and robust
diagnostic framework. It includes a carefully designed image pre-processing stage to
enhance image quality, followed by deep feature extraction using a hybrid architecture that
captures local and global facial cues. We further enhance feature discrimination through
an attention-guided fusion module before classification. These components improve the
system’s resilience to data variability and generalization ability across diverse populations.

Table 1. A comparison of previous studies for detecting and classifying various ASD images.

Paper

Methodology

Dataset Strengths Limitations Evaluation Metric%

Akter et al.
[29] (2021)

MobileNet-V1

Improved MobileNet-V1
outperforms other methods
with higher accuracy

Autism Image
Data [39]

Limited images

and low quality Accuracy: 92.10

Lietal.
[30] (2023)

Accuracy: 90.5

MobileNetV2 and MobileNetV3

Autism Image
Data [39]

Suitable for mobile devices

Low accuracy

Recall: 92.33
Fl-score: 90.67

Accuracy: 85.9

Melinda et al. Autism Image The integration of DeepLabV3 L Recall: 90
[31] (2024) DeepLabV3 Data [39] improves accuracy Limited dataset Precision: 85.9
F1 score: 87
ResNet34, ResNet50,

Ahmed et al.
[32] (2024)

AlexNet, MobileNetV2,
VGGI16, and VGG19

Autism Image
Data [39]

Efficient use of transfer learning

Low accuracy

Accuracy: 92

Fahaad et al. ViT model Autism Image VIT models capture both Limited dataset Accuracy: 77
[33] (2024) Data [39] local and global features :
j cientNet ightweight deep learnin OW accurac ccuracy: 87.
E‘i‘}‘g&;‘l' EfficientNetB0 3::;5[%‘91]’“&%‘? Lightweight deep learning L v Accuracy: 87.9
A sequencer-based patch . Accuracy: 94.7
Mahmoud et al. wise Local Feature Extractor Autism Image gzﬁ?g:iiﬁfz;iggjlk)bal Limited dataset Recall: 95.3
[35] (2023) along with a Global Data [39] classification. Precision: 94
Feature Extractor. Fl-score: 94.6
Used five CNN models
as MobileNet, Xception, Accuracy: 90

Mujeeb et al.
[36] (2022)

EfficientNetB0, EfficientNetB1,
EfficientNetB2 for FE and a
DNN for classification.

Autism Image
Data [39]

Strong features

Limited dataset

Recall: 88.46
Precision: 92

Accuracy: 91

Alam et al. Xception Autism Image Effectively handles domain Limited dataset Recall: 91

[37] (2025) ceptio Data [39] differences ed datase Precision: 91
Fl1-score: 91
Accuracy: 90.33

Hossain et al. DenseNet121 Autism Image Used explainable Al Low accuracy Recall: 92

[38] (2025)

Data [39]

techniques for interpretability

Precision: 92
Fl-score: 90
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3. Proposed Methodology

The proposed methodology for ASD diagnosis begins with the input of facial images
of individuals. These images undergo pre-processing using logarithmic transformation,
which enhances contrast and highlights subtle facial features that may be crucial for ASD
detection. Next, feature extraction is performed using NasNetMobile and DeiT Network,
two DL models that capture intricate patterns and facial characteristics relevant to ASD
diagnosis. The extracted features from both networks are then fused using Attentional
Feature Fusion, which adaptively assigns importance to the most discriminative features,
ensuring an optimal representation. Finally, the fused features are used for classification,
where a bagging ensemble with an SVM classifier employing a polynomial kernel is
applied to enhance robustness and improve diagnostic accuracy. This approach effectively
leverages deep feature learning, attention-based fusion, and ensemble classification to
support ASD diagnosis using facial image analysis. Figure 1 indicates the framework for
Autism Spectrum Disorder diagnosis based on children’s faces.

Feature Extraction

Input Images

]

Classification (Bagging)

[

No Autistic

Self Attention
Self Attention

Self Attention

DeiT Transformer

Figure 1. Framework of the proposed ASD diagnosis system based on facial image analysis.

3.1. Input Images

The input images in this study consist of facial images collected from individuals
for ASD diagnosis. These images serve as the primary data source for the proposed
methodology, where deep learning models analyze facial patterns and features that may
indicate ASD-related characteristics. The dataset includes images captured under varying
conditions to ensure facial expressions, lighting, and angle diversity, making the model
more robust to real-world variations. Each image undergoes pre-processing to enhance
its quality and highlight essential feature extraction and classification features. A detailed
description of the dataset, including its sources, characteristics, and pre-processing steps,
will be provided in Section 4.1 of this paper.

3.2. Images Pre-Processing

Image pre-processing is a crucial step in computer vision and image analysis, aimed
at enhancing image quality and improving the performance of subsequent processing
tasks. It involves various techniques to refine raw images by reducing noise, adjusting
contrast, normalizing intensity values, and enhancing essential features. Common pre-
processing methods include grayscale conversion, histogram equalization, normalization,
and filtering techniques such as Gaussian or medjian filtering. Additionally, transformations
like logarithmic and gamma correction help adjust brightness and contrast levels. In deep
learning and machine learning applications, image pre-processing ensures consistency in
input data, improving feature extraction and classification accuracy.
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Logarithmic (Log) Transformation A fundamental image enhancement technique for
improving image contrast is presented in [40]. This method expands narrow-range, low
frames into a wider range of output levels. It brightens darker intensities, enhancing
image characteristics and increasing their visibility to the human eye by brightening darker
intensities. Figure 2 illustrates this enhancement process. Initially, dataset images are
normalized to achieve narrow-range pixel values by dividing each pixel value by the
maximum value of 255, as presented by Equation (1). Subsequently, the Log transformation
approach is used as presented by Equation (2).

DtNorm = D;/255 (1)
where Dinorm is the dataset used after applying normalization
DtLog =Cx* 10g(1 + DtNorm) 2)

where Dy og represents the dataset after applying log transformation for image enhance-
ment, and c is a scaling constant whose value varies depending on the specific applica-
tion [41]. In this study, the value of c is set to 2, as referenced in [42,43].

(A) (B)

Figure 2. Log transformation: (A) the original image and (B) the enhanced image.

3.3. Features Extraction

Feature extraction is a critical step in image analysis and classification, where mean-
ingful representations are derived from raw images to improve the ML model’s perfor-
mance [44—46]. We employ the DeiT (Data-efficient Image Transformer) and NASNetMo-
bile networks as feature extractors in this process. DeiT, a vision transformer, efficiently
captures long-range dependencies and global contextual information, making it highly
effective for extracting rich and robust features. On the other hand, NASNetMobile,
a lightweight convolutional neural network optimized through neural architecture search,
provides high-quality hierarchical features with reduced computational cost. By leverag-
ing DeiT and NASNetMobile, we integrate transformer-based and CNN-based feature
representations, ensuring a comprehensive and discriminative feature set for improved

classification accuracy.



Electronics 2025, 14, 1822

9 of 25

3.3.1. NASNetMobile DL Model

Neural architecture search (NAS) is an advanced DL technique in artificial neural
networks (ANNSs). Introduced by the Google Brain team in 2016, NAS consists of three key
components: search strategy, search space, and performance estimation [47]. The search
space defines various architectural elements, including convolutional layers, fully con-
nected layers, and max-pooling. It also determines their connections to form feasible
network architectures, as shown in Figure 3. The search strategy employs random search
and reinforcement learning methods to explore potential network architectures by eval-
uating their performance based on metrics like accuracy and computational efficiency.
Performance estimation focuses on minimizing computational costs and optimizing time
management, ensuring that network performance is assessed within the search strategy
framework when evaluating candidate architectures [48,49].

Convolutional Block N Convolutional Block
Sequence “A” etaesooling Sequence “N” Output Layers

Grouped Convolution

Fully connected
—_—
Addition
Softmax
Padding

Output

Input
224x224x3

i
|

Depth Concatenation

Additional Layers
Sequence “B”

Figure 3. The NASNetMobile architecture.

3.3.2. Data-Efficient Image Transformer (DeiT)

DeiT is an optimized version of the ViT that enhances data efficiency through a unique
teacher—student distillation approach. It processes images by dividing them into a series of
patches, which are then represented as tokens. These tokens undergo embedding and are
analyzed using self-attention mechanisms to extract spatial relationships and contextual
details [50]. Figure 4 indicates the DeiT architecture.

Let the input image be denoted as x € R?*W*C where H, W, and C represent the
height, width, and number of channels, respectively. The process of tokenization in DeiT
involves reshaping and embedding patches of size p x p as follows:

e Patch Embedding: The image is split into a sequence of N patches, where

HxW

N = 72

* Linear Embedding: Each patch is linearly embedded into a vector of dimension d,
resulting in
20 = [Xas; Ex1; EXo; ... EXN] + Epos

where x is a class token, E is the embedding matrix, and E,,s represents the posi-
tion embeddings.
*  Self-Attention Mechanism: The self-attention layer is defined as

Attention(Q, K, V) = Softmax QK' \Y%
o Vi
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where Q, K, and V are query, key, and value matrices, and dy is the dimension of the keys.
After multiple layers of self-attention and feed-forward transformations, DeiT generates
the final feature representation, z out z,,, which captures a comprehensive understanding
of the input image [51]. Figure 4 indicates the DeiT network architecture.

O
Class ‘_\ B .~ E:> =
Token ——»‘ ’
_.‘ = = = = .
:—® ||z = = =
cl-@ HE £ £ £ @
S < < < <
i@ | | = = = = ¢
e | |2 = z G D4
D \ 2 =
- -t
Distillation S
Token

Figure 4. The DeiT architecture.

3.4. Feature Fusion

Feature fusion is a crucial step in many deep learning models, especially in tasks involv-
ing multi-source or multi-level feature representations [52-54]. Generally, feature fusion
techniques can be categorized into conventional methods such as concatenation, addition,
and multiplication, and more advanced strategies based on attention mechanisms [55-57].
Among the attention-based approaches, two popular methods are stochastic attention-
based fusion [58] and attention feature fusion [59].

Stochastic attention introduces an element of randomness into the attention weights
during the fusion process. This allows the model to explore different feature combinations
and potentially improve generalization. However, the inherent randomness may cause
instability during inference, making it less predictable and sometimes harder to interpret.
While stochastic attention can lead to more robust models in certain cases, it may come at
the cost of consistent and stable performance.

On the other hand, attention feature fusion uses a deterministic approach to compute
attention weights based on the relevance of different features. This method focuses on the
most informative parts of the features, assigning higher attention to the important areas
and maintaining consistency and stability throughout training and inference. Attention
feature fusion is generally preferred when the goal is to achieve stable performance and
interpretability, especially when dealing with large datasets or when the model’s reliability
and transparency are crucial. In our approach, we opt for attention feature fusion because
it provides stable and interpretable results, ensuring that the model focuses on the most
critical features while maintaining consistent performance across different tasks.

After the feature extraction stage, two feature maps were obtained: one for DeiT
features and the other from NASNetMobile. Feature fusion, as a key element of modern
architecture, integrates features from various layers. While summation and concatenation
are common, attention-based fusion improves the process [59]. This approach, aided by
skip connections, captures information from shallow and deep layers. The Feature Fusion
M module combines features of different resolutions, representing complex structures and
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asymmetrical cloud shadow patterns. Equation (3) presents the fusion of DeiT features and
those from NASNetMobile.

Fe = M(NASFE D DeiTpE) ® DeiTrg

+ (1 — M(NASpg @ DeiTrg)) @ NASpe )
where NASrr and DeiTrr be the two input feature sets, and Fe € RE*HXW the fused
feature. The weight function M(NASrg @ DeiTrg), derived from the channel attention
module M, takes values between 0 and 1. Similarly, 1 — M(NASrg @ DeiTrg), shown by
the dotted arrow in Figure 5, has values in the same range. Here, @© denotes elementwise
addition and ® elementwise multiplication.

CxHxW

1-M(NAS;.@ DeiTy,)

CxHxW

od

M(NAS;.® Deil s,)

Deine
Figure 5. The attention feature fusion architecture.

3.5. Classification

The classification stage assigns input data to pre-defined categories based on the
extracted features. Ensemble learning techniques like bagging (i.e., Bootstrap Aggregat-
ing) improve performance by reducing variance and increasing stability. Bagging trains
various base classifiers on different subsets of data and aggregates their predictions [60].
When paired with a polynomial kernel SVM, bagging enhances robustness by capturing
complex decision boundaries, allowing for better class separation in nonlinear datasets.
This combination boosts model generalization and accuracy through ensemble diversity
and the polynomial kernel’s ability to capture intricate patterns.

The ensemble prediction method derives the final estimator through classification
voting, where the class receiving the most votes has been chosen as the final prediction.
Each base learner contributes their vote for each class, and the total number of votes for
every class is accumulated, as shown by Equation (4).

B
F(x) = argmax ) (fi(x) == ) @

where F(x) denotes the predicted class label for input x, and arg max,, identify the class
y with the highest vote. The summation Y2 ; is overall base classifiers, where B is the
total number of classifiers. f;(x) represents the prediction of the i-th classifier for input x,
and f;(x) == y evaluates to 1 if the i-th classifier predicts class y, otherwise 0. The variable
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y iterates through all class labels. The key advantage of integrating SVM into the framework
is its ability to handle high-dimensional feature spaces effectively.

4. Experimental Results

The proposed Autism Spectrum Disorder diagnosis using the facial images scheme
was evaluated using Python, a widely used programming language known for its simplicity,
versatility, and extensive library support. Python is commonly applied in various fields, in-
cluding bioinformatics, machine learning, data science, and Al In our implementation, we
utilized several libraries, such as NumPy 2.2.4, Matplotlib 3.10.1, TensorFlow 2.18.0, scikit-
learn 1.6.1, Keras 3.0.0, and OpenCV 4.11.0, to develop and assess the models. The computer
specifications for the experiments are as follows: CPU — Intel(R) Core(TM) i7-9750H @
2.60 GHz (Lenovo, Beijing, China); Memory—16 GB RAM; Operating System—Microsoft
Windows 10 (Microsoft, Redmond, WA, USA); Programming Language—Python 3.10.5.
The following section discusses the performance evaluation metrics used in this study.

4.1. Dataset Description

One of the key challenges in our research was the lack of a large, publicly available
image dataset, which is crucial for developing ML-based image classification models.
To construct our proposed models, we leveraged the autistic children dataset from the
Kaggle repository [39], which, to our knowledge, is the first and only dataset of its kind.
This dataset comprises 2936 colored 2D facial images of children aged 2 to 14, mostly
between 2 and 8 years old. The gender ratio in the autistic class (male to female) was
approximately 3:1, while in the typically developing (TD) class, it was around 1:1.

The dataset lacks essential details, including clinical history, ASD severity score,
ethnicity, and socio-economic background. It is structured into three main folders: training,
validation, and test, each containing two subfolders—autistic and non-autistic. The training
set contains 2536 images, while the validation and test sets include 100 and 300 images
evenly distributed across the subfolders.

For optimal accuracy and consistency, an ML model should ideally be trained on a
diverse and extensive dataset representing the full spectrum of ASD. Machine learning-
based image classifiers typically require tens of thousands of images for effective training.
Compared to other image datasets, the current dataset is relatively small. Figure 6 indicates
some samples of the evaluated dataset. Also, Table 2 indicates the numerical attributes of
used dataset.

To ensure fairness and eliminate class-level bias, we examined the dataset distribu-
tion across training, validation, and test splits. The dataset was balanced in terms of
class representation and image quality, making it suitable for unbiased evaluation of the
proposed model.

(A) (B)

Figure 6. Samples of ASD images: (A) autistic and (B) not autistic.
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Table 2. The autistic children dataset details.

Attribute Value
Total Number of Images 2936
Number of Training Images 2536
Number of Validation Images 100
Number of Test Images 300
Age Range 2 to 14 years old (mostly 2 to 8 years old)

4.2. Evaluation Metrics

To assess how well the suggested technique for diagnosing ASD using face images
works, various performance metrics are utilized. This section presents the mathematical
formulations for calculating these metrics, including accuracy, precision, recall, specificity,
and F1-score. These metrics are derived from four key values: true positive (TP), false
positive (FP), true negative (TN), and false negative (FN), which are defined as follows: TP:
childrens with ASD correctly identified. TN: Neurotypical individuals correctly identified.
FP: Neurotypical individuals are incorrectly classified as having ASD. FN: Individuals with
ASD are incorrectly classified as neurotypical.

*  Accuracy (ACC): This metric has been used to measure the general percentage of
correct predictions of the system [61]. It is calculated by Equation (5).

TP+TN

A —
CUY = TP L TN+ FP+ FN

(5)

*  Precision (PREC): Quantifies the percentage of accurately classified positive samples of
individuals with ASD (TP) to the total predicted positive samples, including both cor-
rectly and incorrectly classified cases (TP + FP) [62]. It is computed by Equation (6).

TP

Precision = m

(6)

*  Sensitivity (Recall (REC)): Measures the percentage of correctly identified individuals
with ASD (TP) to the total number of individuals with ASD (TP + FN) [63]. It is
computed by Equation (7).

TP

Sensitivity - m

)
*  Dice Similarity Coeffient (F1-Score): Estimates the system quality [64]. It is the balance
between precision and recall. It is computed by Equation (8).
2% TP

F1— -
Se0re = 5 TP+ EN 1 EP ®)

¢ p-values: To quantify the probability that the observed improvement is due to chance.
A p-value < 0.05 indicates statistical significance.

*  Mann-Whitney U test: It is a non-parametric test to compare the distributions of
our model’s accuracy against the baseline, especially useful when data are not
normally distributed.



Electronics 2025, 14, 1822

14 of 25

5. Results and Discussion

This section aims to systematically validate the superiority of the proposed framework
at each stage, from feature extraction and fusion to feature selection and classification. It
discusses the experimental results and comparisons tested on the public dataset, categorized
into four main tracks: (1) Comparison of various ML classifiers applied to different DL
feature extraction methods. (2) Comparison of ML classifiers applied to fused features
from the DeiT transformer and various DL features. (3) Evaluation against state-of-the-art
research. A detailed analysis and discussion of these comparisons are provided below.

5.1. A Comparison of ML Classifiers to Pre-Trained DL Models

Transfer learning is a robust deep learning technique that allows pre-trained models
to function as feature extractors, eliminating the request for manual feature engineer-
ing [65]. Models such as NASNetMobile, DeiT, InceptionResNetV2, VGG16, EfficientNetB0,
and MobileNetV2 are widely used for extracting hierarchical features from raw images.
NASNetMobile is a lightweight neural architecture search-based model optimized for
mobile applications [49]. DeiT (Data-efficient Image Transformer) is a vision transformer
that efficiently processes image data without convolutional layers. InceptionResNetV2
integrates inception modules with residual connections to enhance feature learning [66].
VGGI16, a deep CNN with 16 layers, is known for its simple yet effective architecture [67].
EfficientNetBO0 optimizes accuracy and efficiency by scaling network depth, width, and res-
olution [68]. MobileNetV2 employs depthwise separable convolutions, making it suitable
for mobile and edge computing [69]. These models, pre-trained on large datasets such as
ImageNet, can extract robust features that improve classification accuracy.

Once features are extracted, ML classifiers, such as SVM, decision trees (DTs), random
forest (RF), and ensemble-based methods, are applied for classification [70]. SVM is effec-
tive in high-dimensional spaces and finds an optimal hyperplane for separation [71]. DTs
provide interpretable decision rules but are prone to overfitting [72]. RF, an ensemble of
decision trees, mitigates overfitting by aggregating multiple decision trees for robust classi-
fication [73]. Ensemble-based methods such as bagging and boosting enhance performance
by combining multiple weak learners [74,75]. While ML classifiers are computationally
efficient and perform well in small datasets, deep learning models offer superior feature
extraction capabilities, particularly in complex image classification tasks. However, DL
models require significant computational resources. This study compares these approaches
to assess their feature extraction and classification accuracy effectiveness.

Table 3 shows the experimental results of different ML classifiers, which have been
applied to the features extracted using various pre-trained models (i.e., NASNetMobile,
DeiT, InceptionResNetV2, VGG16, EfficientNetB0, and MobileNetV2). ML classifiers that
have been applied include SVM (linear), SVM (RBF), SVM (Poly), DT, RF, and bagging
classifiers based on SVM(RBF). This table shows the experimental results of precision, recall,
F1-Score, and accuracy for the seven classes in the ASD benchmark dataset. The results
presented in Table 3 indicate the superiority of the DeiT with the bagging based on the
SVM(poly) with an accuracy of 92.67% and also the NASNetMobile DL-based model with
the bagging based on the SVM(RBEF), achieving the highest results with 91.52% for the
overall accuracy against other combinations.
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Table 3. The experimental results of various pre-trained DL models with different ML classifiers.

Classes Name Overall Accuracy

Model Classifier Metric

Recall (%) Precision (%) F1-Score (%)  Accuracy (%) (%)
saeay  Npmw ww @ w .
g Nmpwse 2w % w7 g
NASNetMobile KNN Nozaﬁzfﬁc ?i gg ;z ’;? 78
Y A
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Non_Autistic 91 88 90 91

Bagging Autistic 87 91 89 87 89.33
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Table 3. Cont.

Classes Name Overall Accuracy

Model Classifier Metric

Recall (%) Precision (%) F1-Score (%)  Accuracy (%) (%)
SVM (Linear) Non_Autistic s o o . 89.33
sM(Poly) MR % o5 7 % 633
sMer)  NOR At ® ® % 23 .33
EfficientNetB0 KNN NOX;‘;;?CS&C gg gg Zé gg 7733
T N ntitie 55 y 35 35 467
RF N ntitie 56 38 7 3% 7.3
Bagging N st 5 35 &7 58 8633
SVM (Linear) Nogl—lﬁ;tiifﬁc Sg Sg gg gg 87.67
sM(Poly) N & o 5 o 8933
sM@er) R LAt 5% o o7 o 86.67
MobileNetV2 KNN N"Raﬁgiifﬁc ;1_) ;g gg gé 83.33
b N ntitie « a7 55 3% 633

RF N antitie o 85 58 ” 58
Bagging V. . 5 3 5 o 8933

5.2. A Comparison of ML Classifiers on Fusion Between DL Models with DeiT Transformer

The fusion of DeiT with other DL models, such as NASNetMobile, InceptionRes-
NetV2, VGG16, EfficientNetB0, and MobileNetV2, leverages the strengths of both convo-
lutional and transformer-based architectures for enhanced feature representation. DeiT,
as a transformer-based model, excels in capturing long-range dependencies and global
contextual information in images, making it highly effective for detailed feature extraction.
On the other hand, CNN-based models like NASNetMobile and EfficientNetB0 provide
efficient hierarchical feature learning, focusing on local spatial patterns. InceptionResNetV2
combines the power of Inception modules and residual connections, enhancing feature
diversity and reducing vanishing gradient issues. VGG16, known for its deep yet simple
architecture, extracts low- to high-level features through its sequential convolutional layers.
MobileNetV2, optimized for efficiency, is particularly useful in lightweight applications
while maintaining strong feature extraction capabilities. Applying feature fusion tech-
niques, such as Attentional Feature Fusion, the most discriminative features from DeiT
and CNN-based models are combined, ensuring a rich, multi-scale representation that
enhances classification performance. This hybrid approach improves model robustness,
leading to higher accuracy, better generalization, and superior adaptability in complex
computer vision tasks.

Table 4 shows the experimental results of different ML classifiers, which have been ap-
plied to the features extracted using various pre-trained models (i.e., NASNetMobile, DeiT,
InceptionResNetV2, VGGI16, EfficientNetB0, and MobileNetV2) fused with the DeiT model.
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ML classifiers that have been applied include SVM (linear), SVM (RBF), SVM (Poly), DT,
RF, and bagging classifiers based on SVM (RBF). This table shows the experimental results
of precision, recall, F1-Score, and accuracy for the seven classes in the ASD benchmark
dataset. The results presented in Table 3 indicate the superiority of the NASNetMobile
fused with DeiT using the bagging based on the SVM (Poly) with an accuracy of 92.67%
and also NASNetMobile DL-based model with the bagging based on the SVM (RBE),
achieving the highest results with 95.67% for the overall accuracy against other combina-
tions. The qualitative results shown in Figure 7 illustrate the visual impact of logarithmic
enhancement on facial images. For each pair, the left image represents the original input,
while the right image displays the result after applying the logarithmic transformation.
As observed, the enhanced images exhibit improved brightness and contrast, particularly
in low-intensity regions. This transformation helps to reveal subtle facial features that
may be suppressed in the original images, making them more prominent and visually
distinguishable. Such enhancement benefits downstream tasks such as facial recognition
and feature extraction, especially under varying lighting conditions.

The performance comparison Table 5 highlights the strong effectiveness of the pro-
posed model. It achieves high class-specific accuracies, with 0.9800 for the “Autistic” class
and 0.9300 for the “Non-Autistic” class, demonstrating its capability to distinguish between
the two categories. The model also exhibits impressive average metrics, with precision,
recall, and F1-score values near 95.7, indicating robust performance. Furthermore, the over-
all accuracy of 95.67 showcases its consistency across different data points. Statistical
significance is confirmed by a Mann-Whitney U p-value of less than 0.0001, suggesting
meaningful improvements over the baseline. The 95% confidence interval for accuracy,
ranging from 0.9300 to 0.9800, further assures the model’s reliability and stability in vari-
OusS scenarios.

Table 4. The experimental results of various pre-trained DL models with different ML classifiers.

Classes Name Overall Accuracy

Model Classifier Metric o
Recall (%)  Precision (%) F1-Score (%)  Accuracy (%) (%)
. Non_Autistic 93 920 91 93
SVM (Linear) Autistic 90 92 91 90 91.33
Non_Autistic 93 92 93 93
Q) Autistic 92 93 93 92 92.67
Non_Autistic 91 90 91 91
SVM (RBF) Autistic 90 91 91 90 9067
InceptionResNetV2 Non_Autistic 67 89 77 67 79.33
+ DeiT Autistic 91 74 82 91 ’
Non_Autistic 87 82 84 87 84
Autistic 81 86 84 81
Non_Autistic 94 90 92 94 91.67
Autistic 89 94 91 89 '
Non_Autistic 95 93 94 95 94
Autistic 93 95 94 93
. Non_Autistic 88 920 89 88
SVM (Linear) Autistic 90 88 89 90 89
Non_Autistic 87 92 90 87
SVM (Poly) Autistic 93 88 90 93 %0
VGG16 + DeiT Non_Autistic 88 91 89 88
SVM (RBF) Autistic 91 88 90 91 89.67
Non_Autistic 88 82 85 88
Autistic 81 87 84 81 84.33
Non_Autistic 87 87 87 87 87

Autistic 87 87 87 87
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Table 4. Cont.

Classes Name Overall Accuracy

Model Classifier Metric o
Recall (%) Precision (%) F1-Score (%)  Accuracy (%) (%)
Non_Autistic 96 91 94 96
RE Autistic 91 9% 93 91 9333
VGG16 + DeiT
Bagein Non_Autistic 90 95 92 90 92.67
£81N5 Autistic 95 91 93 95 :
. Non_Autistic 88 91 89 88
SVM (Linear) Autistic 91 88 90 91 89.67
Non_Autistic 91 90 90 91
SVM (Poly) Autistic 90 91 90 90 9033
Non_Autistic 93 91 92 93
SVM (RBF) Autistic 91 93 92 91 2
EfficientNetV2B0 + Non_Autistic 67 9% 79 67
DeiT KNN Autistic 97 75 85 97 8233
Non_Autistic 89 87 88 89
DT Autistic 87 88 88 87 87.67
Non_Autistic 96 20 93 96
RE Autistic 89 9% 92 89 92.67
Bagein Non_Autistic 93 93 93 93 93
£81N5 Autistic 93 93 93 93
. Non_Autistic 90 91 90 90
SVM (Linear) Autistic 91 90 90 91 9033
Non_Autistic 92 91 91 92
SVM (Poly) Autistic 91 92 91 91 91.33
Non_Autistic 92 92 92 92
SVM (RBF) Autistic 9 9 92 92 92
MobileNetV2 + Non_Autistic 72 91 80 72
DeiT KNN Autistic 93 77 84 93 8233
Non_Autistic 87 86 86 87
DT i 86 87 86 86 86.33
Non_Autistic 97 91 94 97
RE Autistic 90 9% 93 90 9333
Bagein Non_Autistic 95 93 94 95 o1
88105 Autistic 93 95 94 93
\ Non_Autistic 93 90 91 93
Y™ Autistic 90 92 91 90 9133
Non_Autistic 93 91 92 93
SVM (Poly) Autistic 91 93 92 91 92
Non_Autistic 91 90 920 91
SVM (RBF) Autistic 89 91 90 89 9033
NASNetMobile + Non_Autistic 82 91 86 82
DeiT KNN Autistic 92 84 88 92 87
Non_Autistic 87 87 87 87
o Autistic 87 87 87 87 8667
Non_Autistic 95 90 93 95
RE Autistic 90 94 92 90 9233

Non_Autistic 98 94 96 98

Bagging Autistic 93 98 9% 93 9567
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Figure 7. Some qualitative examples of applying logarithmic enhancement.

Table 5. The performance comparison between the proposed model and the baseline.

Metric Value
Class-Specific Accuracy
Autistic 0.9800
Non-Autistic 0.9300
Average Metrics
Precision 0.9577
Recall 0.9567
F1-Score 0.9566
Overall Accuracy 0.9567
Statistical Significance
Mann-Whitney U p-value <0.0001
95% CI for Accuracy [0.9300, 0.9800]

To further evaluate the performance of the proposed methodology, Figure 8 illustrates
several qualitative examples where the model produced misclassifications. These samples
highlight the model’s challenges in distinguishing between autistic and non-autistic facial
features. For instance, in the left panel of Figure 8, all images are of autistic individuals,
yet the model incorrectly predicted them as non-autistic. These cases may be attributed
to subtle facial expressions or lighting conditions that resemble those typically found in
non-autistic samples. Conversely, the right panel presents non-autistic individuals who
were misclassified as autistic. This confusion could stem from overlapping features such as
gaze direction, facial symmetry, or expression nuances that are not easily separable by the
model. These examples emphasize the importance of incorporating more robust feature
extraction techniques and possibly leveraging attention mechanisms or multimodal data to
improve classification in borderline or ambiguous cases.
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True Label: Autistic, True Label: Non_Autistic,
Predicted Label: Non_Autistic Predicted Label: Autistic

Figure 8. Some examples of misclassified images of the proposed methodology.

5.3. Comparison with the State-of-the-Art Techniques

The comparison of the proposed methodology with existing state-of-the-art methods
demonstrates its superior performance in ASD diagnosis using facial images. As shown
in Table 6, several previous studies, including those of Akter et al. [29], Li et al. [30],
Melinda et al. [31], Ahmed et al. [32], Fahaad et al. [33],'and Reddy et al. [34] achieved
accuracy values ranging between 85.9% and 92.1%. At the same time, some more recent
approaches, such as those by Mahmoud et al. [35], Mujeeb et al. [36], Alam et al. [37], and
Hossain et al. [38] reached higher accuracy levels of 94.7%, 90% and 90.33%, respectively.
However, the proposed methodology outperforms all prior methods, achieving the high-
est recall (95.77%), precision (95.67%), F1-score (95.66%), and accuracy (95.67%). These
results highlight the effectiveness of feature fusion between DeiT and deep learning models
(NASNetMobile, InceptionResNetV2, VGG16, EfficientNetB0, and MobileNetV2) combined
with bagging-based SVM classification, which enhances robustness and generalization.
The significant performance improvement underscores the potential of the proposed model
for more accurate and reliable ASD diagnosis, contributing to the advancement of auto-
mated and non-invasive screening methods. Figure 9 indicates the confusion matrix of the
proposed methodology for autistic and not autistic classes.

Table 6. The comparison of the proposed methodology with the state-of-the-art techniques.

Paper Date Iiecall I;recision Fol-Score éccuracy
(%) (%) (%) (%)
Akter et al. [29] 2021 — — — 92.10
Li et al. [30] 2023 92.33 — 90.67 90.5
Melinda et al. [31] 2024 90 85.9 87 85.9
Ahmed et al. [32] 2024 — — — 92
Fahaad et al. [33] 2024 — — — 77
reddy et al. [34] 2024 — — — 87.9
Mahmoud et al. [35] 2023 95.3 94 94.6 94.7
Mujeeb et al. [36] 2022 88.46 92 — 90
Alam et al. [37] 2025 91 91 91 91
Hossain et al. [38] 2025 92 92 90 90.33

Prposed Methodology 2025 95.77 95.67 95.66 95.67
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Figure 9. The autism confusion matrix for proposed methodology.

6. Conclusions

ASD is a complex neurodevelopmental condition that affects social interaction, com-
munication, and behavior. Early and accurate diagnosis plays an essential role in providing
timely intervention and support for individuals with ASD. Traditional diagnostic ap-
proaches typically depend on behavioral assessments, which can be time-consuming and
subjective. To address these challenges, this study proposed a deep learning-based ap-
proach for ASD diagnosis using facial images, leveraging advanced feature extraction and
machine learning techniques. The methodology involved logarithmic transformation for
image pre-processing, feature extraction using NasNetMobile and DeiT networks, and fea-
ture fusion with attentional feature fusion, followed by classification using bagging with an
SVM classifier (polynomial kernel). The experimental results demonstrate the effectiveness
of our approach, achieving 95.77% recall, 95.67% precision, 95.66% F1-score, and 95.67% ac-
curacy, highlighting the model’s robustness and potential in ASD diagnosis. These findings
indicate that facial image-based deep learning models can be a promising tool for early
and automated ASD detection, offering a non-invasive, objective, and scalable diagnostic
solution. Future advancements in deep learning and multi-modal data fusion may further
enhance the accuracy and applicability of such models, contributing to the development
of more efficient ASD screening systems. While the proposed model achieved high per-
formance, several directions can be explored to further enhance its effectiveness. One key
improvement is expanding the dataset by incorporating a larger and more diverse set of
facial images to improve generalization across different populations. Enhancing accuracy
by fine-tuning the model and applying advanced feature selection techniques can optimize
performance. Another potential advancement is integrating additional pre-trained models,
such as Vision Transformers (ViTs), EfficientNet, or Swin Transformer, to extract richer
and more diverse features. Beyond DL, exploring multi-modal data fusion by combining
facial image analysis with other diagnostic modalities, such as eye-tracking data, speech
analysis, or behavioral assessments, could provide a more comprehensive ASD diagnosis.
Moreover, improving explainability through attention maps or interpretability techniques
can help highlight the most critical facial regions influencing predictions, increasing trust
in the model.
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Abbreviations

The following abbreviations are used in this manuscript:

ASD Autism Spectrum Disorder NGS Next-generation sequencing
ID Intellectual disabilities ADHD Hyperactivity disorder
EEG Electroencephalogram SOR Sensory Over-Responsivity
AOs Anger outbursts DSM Diagnostic and Statistical Manual of Mental Disorders
GI Gastrointestinal Al Artificial intelligence
DL Deep learning EGs Experimental groups
CGs Control groups D Typically developing
LSTM  Long short-term memory DWT Discrete wavelet transform
KNN  k-nearest neighbors XGB Extreme gradient boosting
AUC Area under curve LST™M Long Short-Term Memory
NLP Natural language processing  Bi-LSTM . Bidirectional LSTM
ML Machine learning DeiT Data-efficient Image Transformer
NAS Neural architecture search ViT Vision transformer
ANNs  Artificial neural networks SVMs Support vector machines
DTs Decision trees RF Random forest
TP True positive FP False positive
N True negative FN False negative
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