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Abstract: ASD is a neurodevelopmental disorder that affects how people communicate, interact, and behave. It is not a 
single condition, but a spectrum of different symptoms and challenges that can vary from person to person. To diagnose 
ASD, clinicians and experts use various tests and observations, but these methods can have some drawbacks. They can be 
subjective, expensive, and time-consuming, and they may not work well for different cultures and regions. There is also no 
clear biological or genetic marker for ASD. ML is a type of artificial intelligence that can learn from data and make 
predictions or decisions without being programmed. ML can help with ASD diagnosis in different ways, such as screening, 
feature extraction, classification, and outcome prediction. Screening is the process of finding out who may have ASD and 
need more tests. Feature extraction is the process of getting useful information from the data, such as brain scans, speech 
patterns, or eye movements. Classification is the process of putting people into different groups or categories, such as 
ASD or non-ASD. Outcome prediction is the process of estimating the future situation or performance of people, such as 
their thinking skills or well-being. In this paper, we review the latest ML methods for ASD diagnosis and the challenges and 
limitations of these methods. We also talk about the ethical and social issues of using ML for ASD diagnosis and suggest 
some ideas for future research. 
Keywords: Naive Bayes, Logistic Regression, Deep Learning, Random Forest, SGD, MLP, SMO, Autism Detection,  

 

I. INTRODUCTION 
Autism spectrum disorder (ASD) is a neurodevelopmental condition that affects the social, communication, and behavioral 
skills of individuals. ASD is characterized by a wide range of symptoms and severity, which makes it challenging to diagnose 
and treat. According to the World Health Organization, one in 160 children has ASD worldwide [1]. Early detection and 
intervention can improve the outcomes and quality of life of people with ASD and their families [2]. However, the current 
methods of diagnosing ASD are often subjective, time-consuming, and expensive. They rely on clinical interviews, 
standardized tests, and observations by trained professionals, which may not be accessible or affordable for many people. 
Moreover, these methods may not capture the complexity and diversity of ASD, which can vary across age, gender, 
culture, and context [3]. Machine learning (ML) is a branch of artificial intelligence that enables computers to learn from 
data and make predictions or decisions. ML has been applied to various domains, such as healthcare, education, and 
security, to solve complex problems and enhance human capabilities. ML can also be used to detect ASD using different 
types of data, such as behavioral, genetic, or neuroimaging data [4]. Reducing the time and cost of diagnosis by automating 
the process and providing accurate and objective results [5]. Enhancing the accuracy and reliability of diagnosis by using 
large and diverse datasets and advanced algorithms [6]. Providing personalized and tailored diagnosis by considering the 
individual characteristics and preferences of each person [7]. Supporting the early diagnosis and intervention of ASD by 
using data from the developmental stages and screening tools [8]. Machine learning-based models have the potential to 
overcome some of the limitations of traditional ASD screening tools. For example, machine learning models can be trained 
on large datasets of data, which can help to improve their accuracy. Additionally, machine learning models can be used to 
detect ASD in a variety of settings, including in low-resource or rural areas. 
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However, there are still some challenges that need to be addressed before machine learning-based models can be widely 
adopted for ASD detection. For example, machine learning models can be sensitive to the quality of the data they are 
trained on. Additionally, machine learning models can be complex and difficult to interpret, which can make it difficult to 
understand why they make certain predictions. Despite these challenges, machine learning-based models offer a promising 
solution for early detection of ASD. As research in this area continues, we can expect to see further improvements in the 
accuracy and performance of these models. This will make it possible to identify children with ASD earlier, which can lead 
to better outcomes for these children and their families [9]. some of the possible directions for future research on using 
machine learning for ASD detection are developing more advanced and sophisticated machine learning algorithms that can 
handle complex and heterogeneous data types, such as multimodal data (e.g., combining speech, facial expressions, eye 
movements, etc.), longitudinal data (e.g., tracking changes over time), or relational data (e.g., considering social context or 
interactions); validating and testing machine learning-based models in different settings and populations, such as low-
resource or rural areas, different cultures or languages, different age groups or developmental stages; and exploring the 
ethical and social implications of using machine learning for ASD detection, such as ensuring privacy and security of data, 
respecting user consent and autonomy, avoiding discrimination or stigma, ensuring fairness and equity of access. [10]. 
 

II. RELATED WORKS 
To increase awareness of the condition, as well as increased access to treatment and better diagnostic tools. This has led 
to a greater number of cases being identified, leading to an increase in the prevalence of ASD. Diagnosing autism through 
screening tests involves several steps that are both time-consuming and expensive. Screening tests are used to identify 
certain behaviors and developmental milestones that may be indicative of autism, and a professional must then assess 
whether or not the individual meets the criteria for an autism diagnosis. This process is complex and requires a great deal 
of expertise and accuracy to ensure an accurate diagnosis. ML algorithms can learn from data, allowing them to detect 
subtle patterns in the data that may be difficult for humans to detect. This makes ML algorithms well-suited for the task of 
accurately diagnosing a complex process, as they can identify patterns in the data that may not be visible to the human eye. 
This is partly because the data sets used in these studies were not large enough to capture the complexity of the 
conditions and the range of ages associated with autism. Additionally, the studies did not compare the results of the 
different machine-learning strategies, which would have allowed for a more comprehensive understanding of the 
effectiveness of each strategy. Accordingly, this paper plans to locate the best technique for ASD classification out of SVM, 
K-nearest neighbor (KNN), Random Forest (RF), Naïve Bayes (NB), Stochastic gradient descent (SGD), Adaptive boosting 
(AdaBoost), and CN2 Rule Induction using 4 ASD datasets taken from UCI ML repository. The classification accuracy 
(CA) we acquired after experimentation is as follows: in the case of the adult dataset, SGD gives 99.7%, in the adolescent 
dataset RF gives 97.2%, in the child dataset SGD gives 99.6%, and in the toddler dataset AdaBoost gives 99.8%. AQs 
measure a person's likelihood of being on the autism spectrum based on their answers to questions about social 
interaction, communication, and behavior. The results of the AQs are then used to determine whether someone should 
receive a clinical diagnosis of autism, as well as to help guide interventions and therapies. The AQs provide an objective 
measure of how an individual's behavior might align with the symptoms of autism. By measuring the degree of difficulty in 
completing certain tasks, as well as the individual's social communication and interaction skills, the AQs can provide a 
more accurate assessment of whether an individual should receive a clinical diagnosis of autism as in [11]. 
 

Autistic children often have difficulty understanding and responding to social cues, so they may not know how to start and 
maintain conversations. Additionally, they may have difficulty understanding abstract concepts and may be more 
comfortable with concrete concepts. They may also have trouble interpreting sensory information, such as touch or 
sound, which can lead to sensory overload. Finally, autistic children may be obsessed with certain topics or routines, due 
to their difficulty in processing changes in their environment. These difficulties have been attributed to the lack of reliable 
and valid screening instruments, the wide range of severity in ASD symptoms, and the overlap of symptoms with other 
disabilities. Additionally, early intervention can be expensive, and may not always be available, depending on the particular 
situation of the family. The goal of this study was to use machine learning to identify retinal features that can be used to 
accurately classify individuals with Autistic Spectrum Disorder (ASD). By leveraging these features, the study hoped to 
improve classification accuracy beyond that of traditional methods. Forty-six ASD participants were recruited from three 
special needs schools and 24 normal controls were recruited from the community. Among them, 23 age-gender-matched 
ASD and normal control participant pairs were constructed for the primary analysis. All retinal images were captured 
using a nonmydriatic fundus camera. Automatic retinal image analysis (ARIA) methodology applying machine-learning 
technology was used to optimize the information of the retina to develop a classification model for ASD. This approach 
measures the model's performance on different subsets of the data, which allows the model to be evaluated in different 
contexts. This is important because it allows the model to be tested on unseen data, which helps to ensure the accuracy 
of the model's predictions. The sensitivity and specificity were 95.7% (95% CI 76.0%, 99.8%) and 91.3% (95% CI 70.5%, 
98.5%) respectively. The area under the ROC curve was 0.974 (95% CI 0.934, 1.000); however, it was noted that the 
specificity for female participants might not be as high as that for male participants. Interpretation: ARIA is able to analyze 
retinal images quickly and accurately and predict the risk of ASD with a high degree of accuracy. This makes it an 
invaluable tool for detecting ASD in a wide range of populations, including those who may not otherwise have access to 
traditional ASD screening methods. By utilizing the sophisticated image recognition algorithms of ARIA, professionals can 
more accurately identify the signs of ASD in a shorter amount of time, and identify it in populations that may not have 
access to traditional screening methods.  
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This increases the chances of early diagnosis and treatment, which can significantly improve a person's long-term prognosis 
as in [12]. This is due to the increased awareness of the disorder, along with advances in research and diagnosis methods. 
There is also a greater acceptance of the disorder and the people who have it, which has led to more people seeking out 
diagnosis and treatment. ML algorithms can detect subtle changes in babies' facial expressions and behaviors, which are 
typically early indicators of autism. This allows for earlier diagnosis, which in turn allows for earlier intervention and 
improved outcomes. By testing the model on the AQ-10 dataset and real-world data, researchers can determine the 
accuracy of the model in predicting symptoms of autism. This will also give researchers insight into how well the model 
can be used to detect and diagnose autism in the real world. Autistic children often exhibit certain behaviors that are 
unique to those with autism. These behaviors are often the same from one person to another, and the parents will have 
noticed them over time. By answering questions about these behaviors, parents can help identify if their child is on the 
autism spectrum. Random Forest is an effective way to analyze large amounts of data, and it can help identify trends in the 
data that may not be apparent when looking at the raw data. By using this algorithm, the proposed system can analyze the 
data and make more accurate predictions. Support Vector Machines and Ada Boost are specifically designed to handle 
large datasets, which can be difficult to process using traditional methods. Both algorithms reduce the complexity of the 
data while still providing accurate results. The analysis of the datasets showed that the proposed prediction model was 
able to accurately identify patterns in the data and deliver results with high accuracy and low FPR as in [13]. People with 
ASD have difficulty understanding and responding to social cues, such as body language, facial expressions, and tone of 
voice. They may also have difficulty understanding other people's perspectives and expressing their thoughts and feelings. 
Additionally, they may have difficulty with motor coordination and sensory processing. Such difficulties are often caused by 
an underlying neurological disorder such as autism spectrum disorder or attention-deficit/hyperactivity disorder (ADHD). 
These conditions can interfere with a person's ability to process and interpret stimuli, leading to difficulties with social 
communication and understanding other people's perspectives. Additionally, motor coordination and sensory processing 
can be impaired, making it difficult for the individual to carry out everyday tasks. Finally, learning problems may arise due 
to difficulty in understanding and interpreting information. The practitioner will typically use various assessment tools, such 
as questionnaires and observation, to determine if a person has ASD. These assessment tools are designed to evaluate a 
person's behavior, communication, and social interactions to diagnose ASD. The intelligence quotient (IQ) test is designed 
to measure cognitive ability, while the ASD screening is designed to measure behaviors associated with autism spectrum 
disorder. The IQ test is completed by the individual and no observation is required, while the ASD screening requires 
observation from a caregiver or parent to assess behaviors and developmental milestones. Through the screening method, 
doctors can observe the child's behavior, such as how they interact with others, and ask questions that the parents can 
answer about the child's behavior. This helps the doctors to identify any potential signs of autism spectrum disorder. By 
observing the children's behavior and responses to stimuli, doctors can collect data that can be used to measure the 
severity of ASD. Machine learning algorithms then analyze this data to develop models that can accurately predict whether 
a child has ASD or not. These models can be used to diagnose ASD and provide more personalized treatments for the 
patient as in [14].  
 

This model takes into account various features of the children such as behavior, language, and sensory responses to 
accurately classify them. The model was trained using a dataset containing the features of thousands of healthy and 
potentially autistic children and was tested with an independent dataset to ensure its accuracy. By studying the behavioral 
characteristics and facial features of a patient, medical professionals can make an accurate diagnosis of autism. This is 
because autism is usually caused by genetic mutations that can be seen in the child's behavior and physical features. By 
combining facial analysis and autism classification, researchers can develop a model to identify the unique facial features 
associated with autism. This model can be used to diagnose autism quickly and accurately in children, eliminating the need 
for costly and time-consuming tests. This model can quickly and accurately identify the unique facial features associated 
with autism such as narrowed eyes, diminished facial expressions, and mouth shapes that are not typical of neurotypical 
children. By combining facial analysis and autism classification, the model can accurately and quickly diagnose autism, 
reducing the need for costly and time-consuming tests. The model is trained and tested using 3,014 images, evenly split 
between children with autism and children without it. 90% of the data is used for training and 10% is used for testing as in 
[15]. ASD is caused by a combination of genetic and environmental factors that affect the development of the brain. 
Different levels of severity can vary and many people with ASD have difficulty with social communication and interaction, 
as well as restricted and repetitive behaviours. The report states that the rising cost of health care is attributed to the 
increased number of diagnostic tools and treatments available, as well as the increased awareness of ASD and the need for 
early diagnosis and intervention. This suggests that the rising number of individuals with ASD is due to better diagnosis, 
rather than a true increase in prevalence. The app assesses social and communication skills, as well as repetitive behaviors, 
which are key indicators of ASD. By using this app, it is easier and quicker to detect the disorder and start assisting the 
child as soon as possible, which can greatly reduce the severity of the condition. The dataset was collected from a variety 
of sources such as medical records, clinical assessments, and interviews. It includes a variety of demographic and clinical 
information, such as age, gender, and symptom severity. The deep classifier uses this data to identify patterns that can be 
used to identify those with ASD. The deep classifier uses the data to build a model that can identify individuals with ASD 
by looking for patterns in the data that are associated with ASD. This model is then used to classify individuals as either 
having ASD or not. The feature analysis step looks at the patterns in the data and helps to improve the accuracy of the 
model by highlighting traits that have the highest predictive power. 
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The PCA algorithm is used to reduce the dimension of the input features, which helps to reduce the complexity of the 
DNN model and improve its accuracy. The DNN model then learns the important features from the reduced dataset and 
can accurately classify the ASD class type. By applying PCA to the data, we were able to reduce the dimension of the data, 
which allowed us to identify individuals more quickly and accurately with ASD. The combination of PCA and DNN 
allowed us to utilize the most relevant data points while still providing clinically acceptable output as in [16]. 
 

It is believed that these deficits arise from difficulties in the way the brain processes and integrates sensory and other 
information, leading to a disruption in normal development. Additionally, individuals with ASD may have difficulty with 
social communication, difficulty with social interactions, difficulty with imagination, difficulty with motor coordination, 
difficulty with flexibility in thought, and difficulty in understanding nonverbal communication. When autistic students attend 
school regularly, they are more likely to participate in activities that will help them develop social and communication skills 
and foster better relationships with peers. Regular school attendance also provides them with direct access to specialized 
instruction and therapies that are designed to address their specific needs. Early intervention could involve providing 
psychological and educational support to students who are at risk of SA. This can help to reduce the negative 
consequences and improve students' educational outcomes. This means that factors such as gender, age, and family income 
are not correlated with the level of self-advocacy of autistic students. This suggests that self-advocacy is more likely shaped 
by individual experiences and not necessarily by the demographics of the population. The deep learning model we 
employed was trained on data derived from the students' past attendance records, allowing us to accurately predict their 
future attendance. This model was able to predict both short- and long-term attendance, which was important for 
accurately predicting the students' academic success. This was because LSTM and MLP can capture the temporal 
dependencies in the data and identify patterns in the data that other algorithms may not be able to detect. This allowed 
for more accurate predictions of short-term and long-term sentiment analysis. LSTM increased the accuracy and recall of 
short-term SA prediction by 20% and 13%, while the same scores for long-term SA prediction increased by 5% using MLP 
as in [17]. 
 

However, when looking at images of people, their gaze patterns become more typical, similar to those of neurotypical 
individuals. This suggests that people with ASD may be more sensitive to social stimuli and better able to focus on them 
than on physical stimuli. We hypothesized that individuals with ASD would take more photos of people and indoors, 
whereas peers without ASD would take more photos of the outdoors. Our results showed that individuals with ASD did 
take more photos of people and indoors than peers without ASD. We found that our model was able to accurately 
predict the presence of ASD in participants based on the photos taken, which suggests that certain visual features can be 
used to identify ASD. Furthermore, our analysis showed that photos taken by individuals with ASD had fewer salient 
objects in the central visual field, which may explain why these individuals have difficulty focusing on certain important 
details. This suggests that our model is better able to identify certain behavioral patterns in photos taken by individuals 
with ASD, which can be used to better understand and diagnose the condition. Our method utilizes an unsupervised deep 
learning technique to extract features related to action execution from spatiotemporal information. These extracted 
features can then be used to compare individuals with ASD and those without, leading to a more objective measure of 
evaluation. GCN is a powerful tool for analyzing the temporal relationship between skeleton joints and provides a 
comprehensive description of the temporal dynamics of the action. The results of this study demonstrate that GCN can 
be used to accurately classify the video recordings as either from individuals with ASD or from peers without ASD. By 
introducing an adaptive graph mechanism, the classifier can effectively learn features that are specific to each layer, rather 
than relying on a single kernel for the entire model. This allows the model to learn more meaningful and robust features 
which increases the accuracy of the classifier to 80%. This makes it a promising tool for accurately evaluating individuals 
with ASD as in [18]. Researchers are using various techniques such as functional magnetic resonance imaging (fMRI) and 
electroencephalography (EEG) to map the brain's activity and analyze the connections between brain regions to gain a 
better understanding of the biological underpinnings of ASD. The model uses a Convolutional Neural Network (CNN) to 
extract discriminative features from the fMRI data and then feed them into a Long Short-Term Memory (LSTM) model for 
classification. The model was tested against a baseline model using a dataset of fMRI scans from both healthy subjects and 
subjects with Autism. Results show that the Auto-ASD-Network model performs significantly better than the baseline 
model in terms of accuracy and F1 score. SMOTE works by taking existing samples in the dataset and creating new, 
synthetic samples that are similar to them, but slightly different. This helps the MLP learn from more data points, which in 
turn helps it better identify patterns in the data and improves its classification accuracy. The SVM classifier can take the 
features created with the MLP, which may have more complex patterns than the original features, and use them to classify 
the data more accurately. By using more data points created by SMOTE, the MLP can learn more complex patterns and 
thus create more accurate features for the SVM classifier to use. This helps to improve the overall classification accuracy 
of the MLP and SVM combined. ATM starts by randomly sampling values from the hyperparameter space and then uses a 
search algorithm to optimize the hyperparameters. It uses an optimization metric to compare the different models and 
identify the best hyperparameter values. Our model achieves more than 70% classification accuracy for 4 fMRI datasets 
with the highest accuracy of 80%. It improves the performance of SVM by 26%, the stand-alone MLP by 16% and the stat 
state-of-the-arthood in ASD classification by 14% as in [19]. People with ASD may have difficulty with communication, 
finding it hard to understand others and express their thoughts and feelings. They may also have difficulty with social 
interaction, such as understanding social cues, and difficulties with flexibility and adapting to changes. They may also display 
repetitive behaviors and have difficulty with learning and academic tasks. 
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Machine learning is used to analyze data from a range of sources, such as medical records, interviews, and behavioral tests. 
This allows for a more detailed and accurate assessment of a person’s development and behavior, which can be used to 
diagnose autism spectrum disorder more quickly and accurately. Each of these algorithms has its strengths and weaknesses 
and is suitable for different types of problems. For example, SVM is best suited for classification problems, while Random 
Forest is better for regression problems. Decision tree and Naïve Bayes are used for both classification and regression 
problems. Logistic Regression is used for prediction problems, and K-nearest neighbor is used for clustering problems. By 
using algorithms based on Machine Learning and Deep Learning, it is possible to identify various patterns in a person's 
behavior that can help to diagnose ASD. These algorithms can also be used to detect potential signs of ASD in people who 
have not yet been diagnosed as in [20]. 
 

III. MACHINE LEARNING TECHNIQUES AND DATASETS IN ASD DETECTION 
 

A. Machine Learning Techniques with Autism Screening Dataset 
Dataset: The autism screening dataset was chosen by the author [21] because it contains data from a wide variety of 
sources, making it ideal for exploring machine learning algorithms and testing the performance of different models. 
Additionally, because it is open source, it is easily accessible and can be used by anyone. The "Autism Screening Data Set" 
was used to get an idea of the different characteristics of the autistic population, such as age, gender, family history, etc. 
The "Autism screening child Data Set" was then used to explore the correlation between these characteristics and the 
results of the screening test. 
ML Techniques: Naive Bayes is a probabilistic algorithm that assumes that the presence of a feature in a class is 
unrelated to the presence of any other feature as in [21]. Logistic Regression [21] is a linear classifier that models the 
relationship between the dependent variable and independent variables. K-Nearest Neighbours (KNN) is a non-parametric 
algorithm that classifies data points based on the average of their closest neighbours. All three algorithms can be used to 
classify data accurately. Different algorithms have different strengths and weaknesses, so by testing them against the same 
datasets, Authors [21] measured the accuracy of each algorithm and identified the one that produced the most 
dependable results. This will enable us to select the most accurate algorithm for our proposed system. Naive Bayesian 
considers the probability of each attribute within a class being related to the class itself. This allows it to perform the 
calculation of the probability of the entire class given the value of the attributes as in [21].  

 
Fig. 1. Basic Diagram of ML Techniques in ASD Detection 

This is why it is considered an observed learning algorithm, as it uses the data to calculate the probabilities. This means 
that the characteristics of a given category are assumed to be independent of each other and do not influence one another. 
This simplifies the calculations required and allows the algorithm to be applied to datasets with many features. The Naïve 
Bayes algorithm [21] works by making a particular assumption about the data, which is that all of the features are 
independent of each other. This means that the presence or absence of one feature does not affect the presence or 
absence of any other feature. This makes it a very efficient algorithm for classifying data since it requires less data to be 
able to accurately classify a given data set as in [21]. Fig. 1 shows a basic diagram of a system [21] that uses patient data to 
make predictions. The system [21] has four main components: input, decryption, prediction, and database. The input 
component allows the user to enter patient information and answer questionnaires. The data is then encrypted and sent 
to the server. The decryption component receives the encrypted data and decrypts it using the same algorithm. 
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The prediction component uses an ASD model to make predictions based on the decrypted data. The database 
component stores the information and predictions for future reference. 

Table 1: Performance results of (NB, LR, KNN) algorithms for children dataset. 
Measures Precision Recall F - Measure MAE RMSE 

NB 98.98% 98.97% 98.97% 0.044 0.109 
LR [30] 95.22% 95.21% 95.21% 0.047 0.217 

KNN [30] 88.82% 88.70% 88.68% 0.137 0.304 
 

Table 2 : Performance results of (NB, LR, KNN) algorithms for adolescents’ dataset. 
 

Measures Precision Recall F-Measure MAE RMSE 
NB 98.14% 98.08% 98.07% 0.044 0.126 

LR [30] 95.23% 95.19% 95.20% 0.048 0.219 
KNN [30] 94.41% 94.23% 94.17% 0.12 0.284 

 

The results of the tests showed that the system [21] was able to accurately classify data from both datasets with a high 
degree of accuracy. It was also able to identify patterns in the data that had not been identified before, which made it a 
useful tool for analyzing data from both datasets. From the results in the tables, Authors [21] observed that the Support 
Vector Machine algorithm has the highest precision, recall, and F-measure scores for both the children's and adolescents’ 
datasets. It also has the lowest MAE and RMSE scores, meaning it is the most accurate of the three algorithms. Table 2 and 
Table 3 Therefore, it is evident that the NB algorithm is a more effective choice for detecting ASD disease in children and 
adolescents than the other two models as in [21]. The NB classifier is known to have superior performance in 
classification problems with large datasets and a variety of features. It is also known to be resistant to overfitting, so it is 
well-suited for the proposed system which requires reliable and accurate predictions. 
 

B. Machine Learning Techniques with ASD Dataset 
Dataset: The dataset [22] contains 292 instances to analyze the Autistic Spectrum Disorder (ASD). The dataset [22] has 
20 attributes that describe various features of the individuals, such as their age, gender, ethnicity, and behavioral traits. The 
last attribute is the decision class, which indicates whether the individual has ASD or not. Out of the 292 instances, 107 
have the decision class value of 0, meaning they do not have ASD, and 185 have the value of 1, meaning they do have ASD 
as in [22]. 
ML Techniques: a) Logistic regression- Logistic regression [22] works by looking at the relationship between the 
dependent variable (the one we are trying to predict) and a set of independent variables (the ones we are using to make 
the prediction). It uses a mathematical function to calculate the probability of the dependent variable occurring based on 
the values of the independent variables as in [22]. With Logistic Regression, the output is not a single discrete value, but 
rather a probability that the example belongs to a certain class. This probability is a value between 0 and 1 and can be used 
to make predictions about new data. Logistic Regression effectively predicts which category a certain data point belongs to, 
while Direct Regression is used to predict “S” formed strategic capacity, a numerical outcome as in [22]. b) Random 
Forest- Random forests [22] are an ensemble learning method that creates multiple decision trees and merges them to 
make a more accurate and stable prediction. The hyperparameters for random forests are like those for decision trees 
and boosting classifiers, such as the number of trees, the maximum depth of each tree, and the minimum number of 
samples per leaf node as in [22]. Random forests [22] also use a technique called bagging, which randomly samples from 
the dataset to create different decision trees, which helps to reduce the variance in the model and make it more robust. 
To increase accuracy, the algorithm will also measure the mean squared error (MSE) for each branch in the tree, which 
helps determine the best model as in [22]. This will ensure the highest quality prediction is chosen from the voting process. 
c) Multilayer Perceptron (MLP)- The information layer takes in information from the outside world, which is then 
processed by the hidden layer. The hidden layer then sends signals to the output layer, which produces the desired output 
as in [22]. The MLP [22] is useful because it can learn to recognize patterns in the input data and make predictions based 
on those patterns. The output layer then takes this transformed information and produces the desired result, allowing the 
artificial neural network to learn and adjust its connections for optimal performance as in [22]. d) Stochastic Gradient 
Descent (SGD)- SGD [22] works by calculating the gradient of the loss function concerning each of the weights in the 
model. It then updates the weights in the opposite direction of the gradient, which is a method known as gradient descent 
as in [22]. This process is repeated until the weights converge to a minimum of the loss function. This is because when 
datasets become large, it is difficult to process all the data promptly. This is why it is important to use efficient algorithms 
and techniques such as gradient descent and stochastic gradient descent to process the data quickly and accurately. Yet, 
due to the sheer size of the dataset, this may prove to be computationally expensive, thus it is important to consider 
alternative optimization techniques that are more efficient as in [22]. 
e) SMO- SMO [22] is a very efficient algorithm because it works by breaking down a large problem into simpler 
subproblems. It then solves these subproblems one at a time, which reduces the complexity of the original problem and 
makes it easier to solve. This makes it difficult to use in many cases, as the LaGrange multipliers may not always lie in the 
same quadrant, and the piece capacities may not always be positive clear or positive semi-definite. As a result, the current 
algorithms may not be able to accurately calculate the optimal solution in some cases. Furthermore, the streamlined 
kernel achieves better classification performance than non-positive kernels, making it a valuable approach to machine 
learning.  
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Additionally, because of its simplicity, SMO has found numerous applications in machine learning and is widely used in 
many classification tasks as in [22]. According to Fig. 2, Input data is sent to the model for processing and then replaced if 
there is a missing value in a column that contains information about a customer's age, then the machine learning model 
won't be able to make accurate predictions about that customer's behaviour or preferences as in [22]. Replacing the 
missing values with meaningful data helps to ensure that the machine-learning model can make accurate predictions. A 
different approach is to use techniques such as imputation, which replaces the missing values with estimated values based 
on other data points. This way, the model still has all the data points, but with more accurate values that don't skew the 
results. By replacing the lost values with the mean of the existing values, the procedure of imputation can be used to 
improve the reliability of the data. This allows us to gain valuable insights from the data that would otherwise be 
impossible as in [22]. This process is beneficial because it ensures that the data set is not skewed by any outliers, as it only 
uses the mean of the non-missing values. Additionally, it is only applicable to numeric data since it requires the calculation 
of the mean. 

 
Fig. 2. Basic Diagram of ML Techniques with ASD Dataset 

 

Each classifier comes with its advantages and disadvantages, and it is important to choose the right one for the task at hand. 
For example, Random Forest is good for large datasets, while Naive Bayes is better suited for smaller datasets. Similarly, 
Stochastic Gradient Descent works well for classification tasks, while Logistic Regression is better suited for regression 
tasks as in [22]. This can be done by running the classifier on a test dataset and then comparing the performance metrics 
of each classifier. The one with the highest performance metric can then be chosen as the best classifier for the given task. 
Table 3 (a) shows the classifier's performance, showing the true positive and true negative rates for each class. It allows 
for a quick and easy visual comparison of different classifiers' performance.  
 

Table 3 (a) Evaluation matrices analysis of our user classifier 
 

Model Name SMO SGD RF 
Label No Yes No Yes No Yes 

TP Rate 94 95 94 91 98 100 
FP Rate 4 5 8 5 0 2 

Precision 96 93 93 93 100 97 
Recall 94 95 94 91 98 100 

F - Measure 95 93 94 92 99 98 
ROC 95 95 92 92 100 100 

 

A confusion matrix is a tool used to evaluate the accuracy of a classification model. It breaks down a model's predictions 
into four categories: true positives, true negatives, false positives, and false negatives. By assessing the confusion matrix, it's 
possible to gain insight into what kind of mistakes the model is likely to make and what kind of performance it is likely to 
achieve. It is essential to understand the performance of the classifier to apply it to further cases. These findings can 
provide useful insight into the topic at hand and act as a foundation for future studies. This is because the algorithms are 
designed to provide the most accurate results, with the least number of errors and inconsistencies.  
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They are also designed to be efficient and reliable so that they can be applied to a wide range of data sets and produce the 
same results every time as in [22]. 

Table 3 (b) Evaluation matrices analysis of our user classifier 
Model Name NB MLP Logistic 

Label No Yes No Yes No Yes 
TP Rate 98 100 100 100 91 95 
FP Rate 0 2 0 0 4 8 

Precision 100 97 100 100 96 89 
Recall 98 100 100 100 91 95 

F - Measure 99 98 100 100 93 92 
ROC 100 100 100 100 97 97 

 

Table 3 (a) and (b) represent the classification report for all applied classifiers. However, sequential minimal optimization 
(SMO), stochastic gradient descent (SGD), random forest (RF), multilayer perceptron (MLP), and logistic regression are 
analysis models and find out precision, recall, and accuracy as well as MLP classifier attains 100% accuracy, and the lowest 
accuracy is performed by SGD and logistic regression at about 93%. 
C. Machine Learning Techniques with UCI Dataset 
Dataset: The authors [23] used two datasets from the UCI Machine Learning Repository to compare different machine-
learning algorithms for classifying autism spectrum disorder (ASD) in children and adolescents. The datasets [23] 
contained 21 attributes that measured the behaviour and individual characteristics of the subjects based on the DSM-5 
criteria for ASD diagnosis. The child dataset had 292 subjects, aged 4 to 11 years, with 49 ASD and 243 normal cases, and 
208 males and 84 females12. The adolescent dataset had 104 subjects, aged 12 to 16 years, with 63 ASD and 41 normal 
cases, and 50 males and 54 females as in [23].  
ML Techniques: a) KNN- KNN [23] works by measuring the distance between a given data point and its neighbours, 
then assigning the data point to the class that most of its neighbours belong to. This makes it a very efficient and effective 
algorithm for classification tasks. Cross-validation is a method of testing a model's accuracy by running it on different 
subsets of data and then comparing the results. Heuristics is a rule-of-thumb method that uses experience and intuition to 
determine the best solution. In binary classification, it is important to choose an odd number of classes for the nearest 
neighbour so that the model is not biased toward one class or the other as in [23]. 
b) Support Vector Machine (SVM)- SVM [23] has the advantage of being able to classify nonlinear data and having a high 
accuracy rate. It can also be used for regression problems and can handle large amounts of data. Additionally, it is 
relatively easy to implement and has a low computational cost. The purpose of SVM is to find an optimal hyperplane that 
maximizes the margin between the two classes. This hyperplane is determined by support vectors, which are the points 
that are closest to the hyperplane. These support vectors help SVM to identify which points are parts of each class and to 
determine the optimal hyperplane that separates them as in [23]. 
c) Random Forest- Bootstrapping is a technique used to generate a sample dataset from a larger dataset. It is a way to 
create multiple subsets of a dataset that can be used for testing and training a machine-learning model. The bootstraps are 
created by randomly selecting data points from the training set and then combining them into a smaller dataset that can be 
used to train the model as in [23]. By aggregating the training set and the response, the training algorithm in random forest 
uses bootstrapping and bagging techniques to ensure votes are distributed most accurately. Bagging reduces the variance 
of the model by introducing randomness into the training process. This is done by randomly selecting samples from the 
training data with replacement, creating multiple training sets. Each of these sets is used to create a regression tree, and 
the average of the predictions from all the trees is used as the final prediction as in [23]. 
d) Deep Learning- It uses neural networks, which are networks of interconnected nodes that process large amounts of 
data. These networks learn from the data they process and make decisions autonomously, giving them the ability to solve 
complex problems quickly and accurately as in [23]. Deep learning algorithms can analyze large amounts of data and 
identify patterns and relationships that would be difficult for humans to detect. As a result, these algorithms can generate 
highly accurate models that can be used for a variety of tasks, such as forecasting, classification, and optimization as in [23]. 
The instance iterator reads the data from the ARFF file and passes it to the neural network configuration which then 
processes the data and passes it to the iterator listener. The iterator listener then evaluates the model after every epoch 
and sends the results back to the neural network configuration, which then updates the model accordingly. The Custom 
Net model is a convolutional neural network that is specifically tailored for image recognition tasks. The data sets cover a 
wide range of topics, from medical imaging to natural language processing, and provide a valuable resource for machine 
learning researchers. The datasets are also easy to access and can be used to create baseline models and develop 
algorithms to improve model performance. 
The dataset provides detailed information on both child and adolescent subjects, enabling researchers to draw more 
reliable and accurate conclusions about the differences between the two groups as in [23]. 
e) Backpropagation (BP)- This algorithm helps MLPs learn by adjusting weights to the input layers, allowing them to adjust 
the output of the network accordingly. Each time an input is fed into the network, weights are adjusted and the network is 
constantly adapting to its environment. BP is an effective method of training neural networks and is widely used in machine 
learning. By leveraging the weights of each layer, the backpropagation algorithm can minimize the output error and 
optimize the performance of the ANN as in [23]. 
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Table 4: The highest accuracy of each algorithm in the classification process in adolescents 
Model Parameters Accuracy 
KNN K=1 0.9308 
SVM C=5,Ԑ= 10E-6 0.8942 
RF F = 0 1 
DL E = 15 0.8846 
BP HL = 10 0.8942 

 

According to Table 4, The best algorithm is the random forest (RF), which has an accuracy of 1. It uses the F-statistic to 
select the most important features for ASD diagnosis. The second best is the k-nearest neighbours (KNN), which has an 
accuracy of 0.9308. It uses the Euclidean distance to measure the similarity between adolescents, and the optimal value of 
K is 1. The third best is the support vector machine (SVM), which has an accuracy of 0.8942. It uses the radial basis 
function (RBF) as the kernel function, and the optimal values of C and Ԑ are 5 and 10E-6, respectively. The fourth best is 
deep learning (DL), which has an accuracy of 0.8846. It uses a feed-forward neural network with three hidden layers and 
sigmoid activation functions. The optimal number of epochs is 15. The fifth best is the backpropagation (BP), which has an 
accuracy of 0.8942. It uses a feed-forward neural network with one hidden layer and sigmoid activation functions. The 
optimal number of hidden neurons is 10. These results show that machine learning techniques can diagnose ASD in 
adolescents well, but they may not work for other populations or settings. More research and validation are needed to 
confirm their applicability and reliability.  

Table 5: The highest accuracy of each algorithm in the classification process in children. 

Model Parameters Accuracy 
KNN K=5 0.8972 
SVM C=5,Ԑ= 10E-9 0.9965 
RF F = 0 1 
DL E = 15 0.9589 
BP HL = 10 0.9965 

According to Table 5, The Random Forest algorithm with full features achieved the highest performance in all the 
evaluation measures, indicating that it was the most accurate and reliable method for ASD classification1. The KNN 
algorithm with K=5 had the lowest performance in both datasets, suggesting that it was not suitable for this problem. The 
SVM algorithm with C=5 and ε=10-9 and the Backpropagation algorithm with 10 hidden layers had similar results in both 
datasets, but they were slightly better in the child dataset than in the adolescent dataset. The Deep Learning algorithm 
with E=15 had moderate performance in both datasets, but it was outperformed by the Random Forest algorithm. 
 

IV. DISCUSSION 
A. Discussion of Machine Learning Techniques with Autism Screening Dataset 
The authors [21] propose a machine learning-based system for ASD prediction. The system uses NB, LR, and KNN 
algorithms to classify patients into two groups: ASD or non-ASD. The system [21] is tested on Autism Screening Datasets. 
The authors [21] measure the performance of the system using precision, recall, F-measure, MAE, and RMSE. The authors 
[21] stated that NB is the best algorithm for both datasets, with the highest accuracy and the lowest error. The authors 
[21] also argue that the system can help doctors diagnose ASD with fewer features and save time and money. The authors 
[21] support their elaboration with tables and numbers but need to provide details about how the system is implemented 
or what tools are used.  
B. Discussion of Machine Learning Techniques with ASD Dataset 
The authors [22] present a comparative analysis of ASD diagnosis using six machine learning classifiers: sequential minimal 
optimization (SMO), stochastic gradient descent (SGD), random forest (RF), multilayer perceptron (MLP), and logistic 
regression. The authors [22] use a single dataset from the UCI Repository with 292 instances and 20 attributes. The 
authors [22] stated that MLP achieves 100% accuracy and that RF is the best model because it also achieves 100% accuracy 
and has the highest F1 score. This work [22] provides a confusion matrix for each classifier, showing the true positives, 
false positives, true negatives, and false negatives. However, this proposed work [22] requires more explanation about the 
training and testing of the models, or parameters or settings used. The proposed work [22] requires visualizations to 
illustrate the results as well as the limitations or challenges of the classifiers need to include.  
C. Discussion of Machine Learning Techniques with UCI Dataset 
The authors [23] compare the performance of six machine learning techniques for ASD diagnosis in children and 
adolescents: sequential minimal optimization (SMO), stochastic gradient descent (SGD), random forest (RF), multilayer 
perceptron (MLP), naive Bayes (NB), and logistic regression (LR).  
The paper uses two datasets from the UCI Repository: one for children and one for adolescents. The authors [23] stated 
that MLP is the best technique for both datasets, achieving an accuracy of 100% and a kappa statistic. The authors [23] 
stated that SGD and LR are the worst techniques for both datasets, achieving the lowest accuracy and kappa statistic. The 
authors [23] use a more diverse set of machine learning techniques than the previous research work, including deep 
learning and backpropagation. The authors [23] also provide visualizations and graphs to illustrate the results, such as box 
plots, ROC curves, and AUC values.  
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D. Overall Discussion  
All the proposed systems aim to apply machine learning techniques to diagnose ASD in children and adolescents using 
datasets. However, the papers differ in the number and type of techniques, the metrics and evaluation methods, and the 
presentation and discussion of the results. All the proposed systems also have some common advantages, such as assisting 
physicians in diagnosing ASD with a smaller number of features. ASD is a disorder that affects children’s interaction, 
communication, and learning skills with the help of an autism detection system, a person could be diagnosed at an earlier 
stage, which could prevent the deterioration of the condition and reduce the costs due to delayed diagnosis. However, the 
proposed systems also have some common disadvantages, such as the lack of explanation of the implementation details 
and the social factors, such as: 
Data quality and availability: Machine learning algorithms rely on large and diverse datasets to train and test their 
models. However, ASD data may be limited, biased, or incomplete due to various factors such as privacy, ethical, and 
diagnostic issues. This may affect the accuracy, generalizability, and validity of the machine learning models. 
Interpretability and explain ability: Machine learning algorithms, especially complex ones such as deep learning, may 
produce results that are difficult to understand or explain by human experts. This may raise challenges in verifying, 
validating, and communicating the machine learning models and their outcomes. 
Ethical and social implications: Machine learning algorithms may have unintended or harmful consequences for 
individuals and society, such as discrimination, stigmatization, or loss of autonomy. For example, machine learning models 
may reinforce existing biases or stereotypes in ASD diagnosis or treatment or may influence the decisions and behaviours 
of people with ASD and their families. 
Lack of access and awareness: Rural people may face barriers in accessing and using machine learning techniques for 
ASD diagnosis, such as lack of internet connectivity, infrastructure, equipment, or trained personnel. Rural people may 
also have low awareness or knowledge of ASD and machine learning or may face cultural or social stigma in seeking help 
or diagnosis. 
Cost and affordability: Machine learning techniques for ASD diagnosis may be expensive or unaffordable for rural 
people, especially if they require specialized hardware, software, or data. Rural people may also have limited financial 
resources or insurance coverage to pay for the diagnosis or treatment of ASD. 
Adaptability and suitability: Machine learning techniques for ASD diagnosis may not be adaptable or suitable for rural 
people, as they may not account for the diversity, variability, or complexity of ASD symptoms and behaviours in different 
contexts, environments, or populations. Rural people may also have different needs, preferences, or expectations for ASD 
diagnosis or treatment than urban people. 

V. CONCLUSION 
The study has elaborated on the applications of machine learning techniques to detect autism spectrum disorder in 
children and adolescents. Various datasets have been applied to train the machine learning models. The advantages of 
these models are related to fast ASD detection, early ASD detection, and cost reduction due to delayed ASD   diagnosis. 
However, many challenges are related to data quality and availability, interpretability, and explainability of machine learning 
algorithms. The ethical and social implications, lack of access and awareness, and cost and affordability issues are also 
present as requirements for the adaptability and suitability of these techniques for diverse populations.  The conclusion 
indicates that more research and validation of these machine-learning techniques are needed according to different 
settings. The hybrid approaches can be applied with more deep learning models for good accuracy and smooth application. 
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