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Abstract.

Purpose: The aim of this research is to analyze the use of an artificial intelligence (Al)-based leveling system to determine the severity
of autism spectrum disorders (ASD).

Methods: The research method is a systematic literature review. This study addresses three key questions: (i) What factors are used
to determine ASD severity? (ii) What algorithms or Al models are used in classifying ASD severity? (iii) What are the results of this
Al-based leveling system in terms of severity levels or categories?

Results: The study results identified several key factors that influence ASD severity, including age, 1Q, genetic and neurological
factors, co-occurring mental health conditions, and sociodemographic variables. Various Al algorithms, including machine learning
and deep learning techniques, are used to classify the severity of ASD. The results of this study highlight the effectiveness of Al in
providing objective, consistent, and measurable assessments of ASD severity, although challenges such as data quality and ethical
considerations remain. Al-based leveling systems show significant potential in improving assessment and intervention processes for
ASD.

Novelty: This research systematically synthesizes studies on Al-driven ASD severity assessment, providing insights into crucial
variables for Al-based evaluation tools. By analyzing the factors influencing severity and the effectiveness of Al models, this study
identifies promising approaches for classification. The findings offer valuable contributions to the development of Al-based tools in
clinical and educational applications. Further research is necessary to improve Al reliability, address biases, and maximize its potential
in ASD assessment and intervention.
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INTRODUCTION

Autism Spectrum Disorder (ASD) is a neurodevelopmental condition characterized by difficulties in social
interaction, communication, and repetitive behaviors. These symptoms vary widely in their severity and
manifestation, making ASD a spectrum disorder [1]. According to recent statistics, the prevalence of ASD
has been increasing, with the Centers for Disease Control and Prevention (CDC) estimating that
approximately 1 in 54 children in the United States is diagnosed with ASD [2]. Early diagnosis and
intervention are crucial as they can significantly improve the developmental trajectories and quality of life
for individuals with ASD. However, the heterogeneous nature of ASD presents challenges in accurately
assessing the severity of the condition, which is essential for tailoring interventions and support strategies
to individual needs [3].

Diagnosing ASD traditionally relies on a combination of behavioral assessments and clinical evaluations
based on criteria outlined in diagnostic manuals such as the Diagnostic and Statistical Manual of Mental
Disorders, Fifth Edition (DSM-5). These methods involve detailed observations of a child's behavior,
interviews with parents and caregivers, and standardized tests to assess various aspects of development [4],
[5], [6]. While these manual methods are thorough, they can be time-consuming and subject to subjective
interpretation, which may affect the consistency and accuracy of diagnoses [7].

Building on the diagnostic methods, a leveling system is a framework used to categorize and assess the
abilities or severity of a condition, such as ASD, across different domains [8]. The purpose of a leveling
system is to provide a structured approach to evaluate the capabilities and challenges faced by individuals,
enabling tailored interventions and support. Leveling systems are essential for understanding the specific
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needs of each individual and for monitoring progress over time [8], [9]. They help clinicians and caregivers
create more personalized and effective intervention plans.

Given the diverse ways in which ASD can manifest, assessing the severity of the disorder is essential for
providing tailored interventions and support [9]. Traditional assessment methods, such as the Autism
Diagnostic Observation Schedule (ADOS) [10] and the Autism Diagnostic Interview-Revised (ADI-R)
[11], are widely used in clinical settings. These tools involve structured observations and interviews to
gather information about an individual's behavior and development [10], [11]. However, these methods can
be time-consuming and resource-intensive, limiting their scalability in broader contexts. Therefore, there is
a pressing need for more objective, reliable, and scalable methods to assess ASD severity that can
complement traditional approaches.

Recent advancements in artificial intelligence (Al) and machine learning have opened new avenues for
improving the assessment and diagnosis of neurological disorders, including ASD. Al can analyze complex
data from various sources, such as video recordings, sensor data, and speech analysis, to assess non-verbal
communication skills objectively [12]. Al-based approaches can provide detailed insights into an
individual's abilities, helping to identify specific areas of need and track progress over time.

Integrating Al into leveling systems offers several benefits, such as handling large data volumes, ensuring
assessment consistency, and enabling real-time analysis [13]. These advantages can lead to more accurate
interventions and improved outcomes for individuals with ASD. However, Al adoption also poses
challenges related to data quality, ethical considerations, and potential algorithmic bias. Addressing these
obstacles is crucial to fully leverage Al’s transformative potential in leveling systems [13].

Despite advances in Al and diagnostic technology, there is still a significant research gap in the application
of Al-based leveling systems to determine the severity of ASD. Most existing research focuses on general
diagnostic tools or broader assessments. Research is needed to explore how Al can be used to develop
specialized leveling systems that address this important aspect of ASD. Therefore, the aim of this study
was to explore the current landscape of Al-based grading systems for determining ASD severity.
Specifically, this review aims to understand the factors and features that influence ASD severity, the
methods and Al algorithms used to classify and assess severity, and the results of these systems regarding
severity levels or categories.

This study answers several research questions, namely: (i) What factors or features are used to determine
the severity of ASD? (ii) what algorithms or Al models are used in classifying the severity of ASD? and
(iii) what are the results of the scoring system? Al-based in terms of levels or categories of severity?

This research will systematically analyze and synthesize existing research that utilizes Al for ASD severity
assessment to achieve and answer each research question. This research is expected to provide insight into
important variables that need to be considered in developing Al-based assessment tools by examining the
factors and features that influence ASD severity. Additionally, this study helps identify the most effective
and promising approaches for ASD severity classification by evaluating the Al methods and algorithms
used. Finally, this research highlights the practical implications and potential clinical use of Al systems.

METHODS

This study employs a systematic literature review to explore the use of artificial intelligence (Al)-based
leveling systems in determining the severity of autism spectrum disorders (ASD). The Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) framework was used to ensure transparency
and replicability in the literature selection process.

Search Strategy and Data Collection

An extensive search was carried out through academic databases, namely Scopus and Google Scholar, to
comprehensively explore existing literature regarding Artificial Intelligence (Al) based leveling systems in
determining the severity and ability of Autism Spectrum Disorder (ASD) in non-verbal communication.
The search strategy involved a combination of specific keywords to ensure a broad but relevant collection
of studies. Keywords used include combinations of "Autism Spectrum Disorder", "Level", "Severity",
"Criteria”, "Type", "Category"”, "Diagnosis”, "Severity Assessment”, "Assessment”, "Determining”, "
Identifying”, “Classifying”, “Evaluating”, “Machine Learning”, “Deep Learning”, and “AI”. Searches were
limited to studies published between 2010 to 2024 to capture recent advances in this field. and conference
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papers were considered, with a focus on journals and conference proceedings. The search was limited to
English language publications. Table 1 shows in more detail the search queries used in this research. Based
on the initial search results, 730 articles were found from the Scopus and Google Scholar databases.

In this study, the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) were
used as the minimum evidence-based set of items for systematic reviews and meta-analyses. Figure 1 shows
the PRISMA flow diagram used in this study. The PRISMA diagram outlines each step of the process, from
identification to final inclusion, ensuring transparency and replicability of the methodology [14]. The
PRISMA flow diagram depicts the search and selection process.

Table 1. Search keywords

Database Search String
Scopus ((“Autism Spectrum Disorder” OR autism OR ASD) AND (“Non-verbal Communication” OR
Google Scholar “Nonverbal Communication”) AND (“Level” OR “leveling” OR “Severity asd” OR “Severity level”

OR “Asd level” OR Criteria OR Type OR Category) AND (“Diagnosis” OR “diagnostic” OR “Severity
assessment” OR “Assessment” OR “assessing” OR “Determining” OR “Determine” OR “Identify” OR
“identifying” OR “Classifying” OR “classification” OR “Evaluating” OR “Evaluation”) AND
(“Machine learning” OR “deep learning” OR Al))

Records identified through
database searching (n = 730)

o
o
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@

2
=
=

=

a
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Records after duplicates
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Figure 1. the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) flow
diagram

Study selection process

The selection process for research documents is rigorous and systematic, involving several stages to ensure
that only the most relevant studies are included. This process includes the application of predetermined
inclusion and exclusion criteria in the context of title and abstract screening.

Title screening

The first stage of the selection process is title screening, which aims to identify potentially relevant articles
based on their titles. Articles were included if their titles contained key terms related to ASD and Al-based
leveling systems. Specifically, titles mentioning “Autism Spectrum Disorder,” “ASD,” “severity,”
“assessment,” and Al-related terms such as “machine learning” and “deep learning” were considered.

From a total of 730 initial articles with duplicates removed to 685 articles, approximately 222 articles were

selected based on their titles. Titles that did not explicitly refer to core aspects of our research focus, such
as those that only discussed verbal communication, and general autism therapy without mention of non-
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verbal communication or Al, were excluded. For example, articles with titles such as "Al in Autism
Diagnosis" were included, while titles such as "Speech Therapy for Autism" were excluded.

Abstract screening

After title screening, an abstract selection of 222 articles was selected for further list review. The abstract
screening process aims to ensure that the research not only mentions relevant keywords but also addresses
the research question and aims of this study.

Abstracts are included in this study when they have the following criteria:

(i) The abstract discusses methods for assessing or equalizing ASD severity or abilities.

(i) Abstract details the use of machine learning or Al technology in the assessment process.

Publication abstracts are excluded if they have the following criteria:
() Abstract does not involve Al in any form or manual scoring methods.
(if)  The abstract lacks sufficient detail to determine its relevance to our research focus.

Abstracts that explicitly address the use of Al in non-verbal communication skills in individuals with ASD
are prioritized. For example, abstracts such as “Using Deep Learning to Assess Severity Level in ASD”
were followed, while ones such as “Behavioral Therapies for ASD” were excluded.

Data extraction

Data extraction was carried out using standard forms to ensure consistency and completeness. The form
extracts various details from each published article, including study design and sample size, Al methods
and algorithms used, key findings regarding severity, features or parameters used in the leveling system,
and the number of levels or categories defined in the study.

Information was extracted by two independent reviewers to ensure accuracy. Any discrepancies are
discussed and resolved to maintain data integrity. The selected studies cover a wide range of approaches
and methodologies, reflecting the diversity of research in this area. While many studies focus on the severity
and general abilities of ASD.

RESULT AND DISCUSSION

We focused on identifying relevant studies that discuss Artificial intelligence (Al)-based leveling systems
to determine or classify the severity and abilities of Autism Spectrum Disorder (ASD). These studies were
selected based on their relevance to our research questions and their methodological quality. Table 2
summarizes 30 studies related to the assessment and classification of ASD severity. The studies cover a
wide range of topics, including traditional diagnostic approaches, DSM-5 criteria, and Al-based
classification techniques. Several studies focused on the impact of cognitive and neurological factors on
ASD severity, such as 1Q level, brain functional connectivity, and MRI features. Other studies explored the
use of machine learning and deep learning models to improve ASD diagnosis, leveraging behavioral,
neuroimaging, and sociodemographic data. Table 2 provides a comprehensive overview of the evolving
methodologies used in the assessment and classification of ASD severity.

Table 2. Summary of Reviewed Studies on ASD Severity Classification

No Author Topic

1 Burke et al. (2024) [4][4] DSM-5 assessment for impulse control and conduct disorders.

2 Mahjouri & Lord (2012) [5] Impact of DSM-5 on ASD research and diagnosis.

3 McPartland et al. (2012) [6] Sensitivity and specificity of DSM-5 diagnostic criteria for ASD.

4 [9] et al. (2020) Guidelines for ASD and ADHD diagnosis and treatment.

5 Lord et al. (2000) [10] Autism Diagnostic Observation Schedule (ADOS) as a diagnostic tool.
6 Rutter et al. (1994) [11] Autism Diagnostic Interview-Revised (ADI-R) for ASD diagnosis.

7 Kushwaha (2024) [12] Al for improving non-verbal communication in ASD.

8 Aldoseri et al. (2023) [13] Data integration challenges for Al in ASD assessment.

9 Zhan et al. (2021) [15] Machine learning for diagnosing ASD and OCD.

10  Rodrigues et al. (2022) [16] Machine learning and rs-fMRI for ASD severity classification.

11  Kwon et al. (2022) [17] Brain functional network patterns in ASD severity prediction.

12 Jainetal. (2024) [18] Deep learning models for ASD classification based on functional connectivity.

13 Alietal. (2023) [19] Machine learning framework using MRI and behavioral data for ASD
classification.

14  Cohen & Flory (2019) [20] Decision tree-based ASD subgroups for predicting severity trajectories.
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No Author Topic

15  Darmiyati et al. (2024) [21] Facial image detection for ASD severity classification.
16  Khanetal. (2023) [22] Machine learning prediction of ASD severity levels.
17 Alametal. (2023) [23] LSTM-CNN hybrid model for ASD severity classification.

Factors that influence the severity of ASD

One of the main factors that influence the severity of ASD is age and 1Q. Research shows that children with
ASD who are diagnosed at a younger age tend to show more severe symptoms compared to those diagnosed
at an older age [15], [24]. Additionally, lower 1Q was also associated with higher levels of severity. The
study by Mazurek et al. [25] found that lower IQ was associated with greater difficulties in social
communication and restricted/repetitive behavior.

Genetic and neurological factors also play a role in the severity of ASD. The study by Rodrigues et al. used
machine learning and fMRI techniques to identify potential brain areas associated with ASD severity and
found that abnormalities in certain brain areas were associated with more severe symptoms [16].
Additionally, Xu et al. found a correlation between physical fitness and brain gray matter volume with ASD
severity, indicating that physiological and neurological factors play an important role [25]. Similarly, Yildiz
et al. highlighted temperament differences, such as self-control and perceptual sensitivity, as significant
predictors of ASD severity and accompanying psychiatric symptoms [26]. Kwon et al. used functional brain
network data to predict ASD severity, showing that certain brain connectivity patterns were associated with
varying degrees of severity [17]. Jain et al. emphasized the importance of measures of age and functional
connectivity in their deep learning model, showing that age and neural connectivity significantly influence
ASD severity. In general, NFrC sizes yield better performance than FrC [18].

ASD is often accompanied by other mental health conditions, such as anxiety disorders, depression, and
obsessive-compulsive disorder (OCD). Research by Zhan et al. found that the presence of these conditions
can worsen the severity of ASD [15]. These mental health conditions not only add complexity to the
diagnosis and treatment of ASD but can also exacerbate core symptoms of ASD, such as difficulties in
social communication and repetitive behaviors.

Sociodemographic factors, such as family background and economic status, may also influence the severity
of ASD. The study by Alqgaysi et al. highlighted that children from families with lower socioeconomic
status tend to show more severe ASD symptoms [27]. In addition, this study also found that limited access
to health services and education can worsen ASD symptoms. Additionally, Ali et al. used behavioral data
from the Social Responsiveness Scale (SRS) and MRI features to classify ASD severity, demonstrating the
role of brain morphology and behavior in determining severity [19].

Stereotypic and repetitive behaviors also play an important role in determining the severity of ASD.
Research by Haweel et al.showed that repetitive motor behaviors, such as hand flapping or body rocking,
are often more severe in children with high-severity ASD [28]. Another study by Cohen and Flory found
that these behavioral traits, when combined with observational results from the Autism Diagnostic
Observation Schedule (ADOS), can be used to predict the trajectory of adaptive behavior and the severity
of ASD in children [20]. This research underscores the importance of identifying and treating stereotypic
behavior early to reduce the severity of ASD. Darmiyati et al. used facial image detection to predict ASD
severity based on facial expressions, demonstrating the importance of physical appearance and facial
features [21].

ASD severity level

We identified several ASD severity categories based on various clinical and behavioral parameters. The
reviewed studies classified the severity of ASD into various levels, often using standard scales. Xu et al.
and Ali et al. categorized severity into three levels: mild, moderate, and severe [19], [25]. Likewise,
Darmiyati et al. used a three-level classification system for ASD severity based on facial image analysis
[21]. Additionally, Mazurek et al. grouped ASD into three levels of severity based on DSM-5 criteria: mild,
moderate, and severe. These categories are based on how much support the individual needs to function in
daily life [29].

Several methods have been developed to determine the severity of ASD. The most commonly used methods
are clinical observation and standardized assessments such as the Autism Diagnostic Observation Schedule
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(ADOS) and Autism Diagnostic Interview-Revised (ADI-R). A study by Cohen and Flory used a Decision
Tree to group children with ASD based on ADOS results, which were then used to predict adaptive behavior
trajectories and severity [20]. Other studies, such as that by Jain et al., used ADOS scores to categorize
severity, indicating two levels: scores below or equal to 11, and scores above 11 [18].

The results of determining the severity of ASD can also be in the form of numbers or numerical scores.
Research by Khan et al. showed that machine learning models can be used to predict the severity of ASD
in the form of a numerical score that reflects the intensity of symptoms [22]. Kwon et al. used the numerical
values of the calibrated severity scores (CSS) from ADOS-G and ADQOS-2, providing a more detailed
assessment of severity [17]. Another study by Rodrigues et al. (2022) used rs-fMRI to identify brain areas
associated with ASD severity, resulting in severity categorization based on brain activity [16]. This
categorization helps in understanding the distribution of ASD symptoms and how they correlate with
neurological activity.

Al Method for Classifying ASD Severity

Al methods, especially machine learning and deep learning, have been widely used to classify ASD
severity. Xu et al. used machine learning models such as extreme gradient boosting (XGB), random forest
(RF), support vector machine (SVM), and decision tree (DT) with the accuracy of the XGB, RF, SVM, and
DT models being 77.9%, 72.4%, 71.9%, and 66.9%, respectively [25]. They used SHAP (Shapley Additive
Explanation) to identify influential factors in their model. SHAP allows for better interpretation of the
contribution of each feature in determining the severity of ASD, which is very important in clinical
applications.

Kwon et al. used the Graph Convolution Neural Network (GCNN) technique to analyze brain functional
network data to predict ASD severity. This study showed that brain network features had a strong
correlation with ASD severity, with a Mean Absolute Error (MAE) of 0.96. This confirms that brain
connectivity analysis can be a promising method for more objective and biomarker-based ASD assessment
[17]. Jain et al. compared the performance of three deep learning models, namely Convolutional Neural
Network (CNN), MobileNetV2, and DenseNet201 in classifying the severity of ASD. The best results were
obtained from the DenseNet201 model with an accuracy of 83.45% in the age group of 6-11 years who had
an ADOS score above 11. This model uses the NFrC (Non-Frontal Connectivity) feature, which highlights
the importance of brain connectivity patterns in the diagnosis of ASD [18]. Ali et al. developed a
comprehensive framework combining various machine learning algorithms such as SVM, Random Forest,
K-Nearest Neighbors (KNN), and Naive Bayes to classify ASD severity based on behavioral and MRI data.
This model integrates various behavioral and biometric features to produce a more personalized
classification. With an accuracy of 88%, this approach shows great potential in clinical applications,
especially in multimodal data-driven diagnosis [19]. Darmiyati et al. used the Decision Tree algorithm to
determine the severity of ASD based on facial expression analysis. This study showed that this technique
achieved an accuracy of 83.42%, outperforming other algorithms such as KNN and Random Forest. These
results highlight that facial expressions can be a useful indicator in assessing the severity of ASD, especially
for children who have difficulty with verbal communication [28].

Jain et al. developed an age- and severity-based deep learning model that uses brain functional connectivity
measurements to classify ASD. The combination of Convolutional Neural Networks (CNN) and Long
Short-Term Memory (LSTM) enabled the model to achieve 89% accuracy. The success of this model
demonstrates the effectiveness of brain connectivity-based analysis in more accurately assessing ASD
severity [18]. Likewise, research by Alam et al. used a hybrid approach by integrating LSTM into CNN to
classify ASD severity. This model was designed to perform multisite meltdown grading and achieved 90%
accuracy. This suggests that more complex and dynamic models can improve predictive accuracy in ASD
classification based on neurological and behavioral features. [23]. Algaysi et al. developed a hybrid
diagnostic model that combines medical and sociodemographic features with Multi-Criteria Decision
Making (MCDM) techniques. This approach showed that the hybrid model can classify ASD severity with
87% accuracy, and provide useful guidance for clinical applications. The combination of multiple data
sources allows for a more comprehensive evaluation and personalized diagnosis [27]. Research by Li and
Huang used the Multi-Modality Multi-Center Regression (M3CR) approach to predict ASD severity. This
model combines data from multiple sources, including MRI images and genetic data, to improve
classification accuracy and reliability. With 85% accuracy, this approach highlights the importance of
multimodal data in improving the precision of ASD diagnosis [30].
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This study has high relevance in clinical practice because it can improve the tools available to clinicians
and caregivers to assess and manage ASD more effectively. Accurate and objective assessment of ASD
severity is essential to determine interventions that are appropriate to an individual's needs. With an Al-
based system, the evaluation process can be carried out more quickly, consistently, and with minimal
subjective bias that often occurs in traditional methods. A more accurate diagnosis can help clinicians
develop more specific and effective treatment plans, thereby improving patient outcomes and accelerating
the rehabilitation process. In addition, the machine learning-based Al system allows for a more in-depth
analysis of the various factors that influence ASD severity, including neurological, behavioral, and genetic
aspects. This way, clinicians and therapists can gain greater insight into the characteristics of individuals
with ASD and determine a more appropriate intervention approach. Not only that, optimizing the use of
health resources is also one of the main benefits of using Al in ASD evaluation. With a more efficient
system, clinicians can allocate their time and energy to treat patients with more complex needs, while the
Al system helps in the initial screening process and long-term monitoring of patient conditions. In addition
to clinical relevance, the findings of this study also have significant implications for future research in the
field of ASD diagnosis and intervention. By identifying the strengths and limitations of existing Al-based
leveling systems, this study can provide a basis for the development of more innovative assessment tools.
Future studies can focus on improving the accuracy of Al models by utilizing larger and more diverse
datasets, so that the models can more comprehensively reflect the variation in ASD characteristics. In
addition, the integration of Al with other technologies, such as neuroimaging and biometric analysis, can
further enhance the system's ability to detect and evaluate ASD with greater precision.

The exploration of Al-based leveling systems in ASD severity assessment has shown promising progress
but also faces significant challenges that must be considered in its development. One of the main advantages
of Al technology in this field is its ability to analyze various data simultaneously, including behavioral,
neurological, and genetic data, to produce more accurate and personalized predictions in determining the
severity of ASD. Machine learning and deep learning-based models have shown quite good performance
in classifying ASD based on various parameters, with some studies achieving accuracy rates above 85%.
This shows that Al technology has great potential to improve the efficiency and reliability of ASD
diagnosis, which can be the basis for the development of more sophisticated clinical evaluation systems in
the future. However, behind the promising prospects, there are still several challenges that need to be
overcome so that Al systems can be widely applied in clinical practice. One of the main challenges is data
quality and availability. Al requires large, representative, and high-quality datasets to produce accurate and
reliable predictions. Unfortunately, many datasets currently available are still limited in terms of sample
size, population diversity, and data validity, which can affect the generalizability of the developed models.
In addition, the interpretability of Al models is also a challenge, especially in medical applications that
require transparency in diagnostic decision-making. Medical personnel and researchers need to understand
how an Al model makes decisions in order to ensure that the system works following applicable clinical
standards. In addition, ethical and privacy aspects are also concerns in implementing Al in ASD diagnosis.
The use of medical data and patient personal information must be done carefully so as not to violate the
individual's right to privacy. Therefore, clear regulations are needed regarding the use of Al in medical
assessments, as well as the development of systems that guarantee the security of patient data. By
addressing these challenges, Al can be optimally utilized to assist in the diagnosis and intervention of ASD,
as well as contribute to the development of a more personalized approach in treating individuals with ASD.

Potential and advancements

(i) Obijective and Consistent Assessments: Al systems offer the potential to provide more objective and
consistent assessments compared to traditional methods, which can be subjective and variable.
Machine learning algorithms can analyze vast amounts of data, including non-verbal communication
cues, which are crucial in evaluating ASD severity.

(i)  Real-Time Data Processing: Al's ability to process data in real-time can significantly reduce the time
required for assessments. This efficiency is particularly beneficial in clinical settings where timely
diagnosis and intervention are critical.

(iii)  Integration of Multimodal Data: Al systems can integrate various types of data such as video
recordings, sensor data, and speech analysis, providing a comprehensive evaluation of an
individual’s non-verbal communication abilities. This holistic approach can lead to more accurate
severity classifications and personalized intervention plans.
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(iv)  Scalability and Accessibility: Al-based assessments can be scaled to broader populations, making
diagnostic tools more accessible, especially in regions with limited access to clinical expertise. This
scalability can help bridge the gap in ASD diagnosis and intervention globally.

Challenges and considerations

(i) Data Quality and Quantity: The effectiveness of Al systems depends heavily on the quality and
quantity of data used for training. Inadequate or biased data can lead to inaccurate assessments.
Ensuring diverse and representative data sets is crucial for developing reliable Al models.

(i) Ethical and Privacy Concerns: The use of Al in medical assessments raises ethical and privacy
concerns. Safeguarding patient data and ensuring informed consent are paramount. Additionally, the
potential for algorithmic bias must be addressed to prevent disparities in diagnosis and treatment.

(iii)  Interpretability and Transparency: Al models, particularly deep learning algorithms, often operate
as "black boxes" with limited interpretability. Clinicians and caregivers need transparent and
interpretable models to trust and effectively use Al-based assessments. Efforts should be made to
enhance the explainability of these systems.

(iv)  Integration with Traditional Methods: While Al offers significant benefits, it should complement
rather than replace traditional assessment methods. Combining Al with clinical expertise can
provide a balanced approach, leveraging the strengths of both to improve diagnostic accuracy and
intervention outcomes.

Research Gaps and Future Directions: Despite the progress, there are gaps in research regarding the specific
application of Al in leveling systems for ASD. Future studies should focus on developing specialized Al
models tailored to different aspects of ASD severity. Longitudinal studies are also needed to evaluate the
effectiveness and reliability of Al-based assessments over time.

CONCLUSION

Artificial intelligence (Al)-based equalization systems have great potential to improve the assessment and
management of autism spectrum disorders (ASD). This offers the potential for a more objective, efficient,
and comprehensive evaluation, which may result in more appropriate interventions and support for
individuals with ASD. However, overcoming challenges related to data quality, ethical considerations,
model interpretation, and integration with traditional methods is critical to realizing the full potential of Al
in this field. Future research should continue to explore these areas, aiming to develop robust, transparent,
and fair Al-based assessment tools that can be widely adopted in clinical practice.
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