
 

International Journal of Advanced Trends in Engineering and Management  

(ISSN 2583-7052) 

Vol. V, No. 01, pp. 14-22, January 
 

Page | 14  

Machine Learning model for Autism Spectrum Disorder Detection using 

EEG signal  

A. Arockia Helen sushma1*, S. PriyaDharshini2, S. Nagakumar raj3, A. Kayalvizhi4  

1,2,3,4 Assistant professor, Department of CSE (Cyber Security), SSM Institute of Engineering & Technology, Tamil Nadu, 

India. 

1*Corresponding Author E-mail: helensushma@gmail.com 

ABSTRACT: Diagnosing autism spectrum disorder (ASD) in youngsters presents considerable difficulties 

owing to the disorder's intricacy and unpredictability. Conventional diagnostic methods frequently depend 

on single-modal data, which can be restrictive and may not produce optimal outcomes. To address these 

limitations, we present a novel diagnostic methodology that utilizes the integration of 

electroencephalogram (EEG) data for enhanced ASD detection. The proposed study uses machine learning 

algorithms, mainly logistic regression (LRC) and extra tree classifier (ETC), to find correlations and new 

insights from data that is hidden in a latent feature space. Machine learning classifier methods generate 

optimal feature representations that enhance discriminability and generalization, ultimately improving 

diagnostic accuracy. The EEG dataset evaluated with ASD indicates that our approach markedly surpasses 

current methodologies. This innovation has significant potential for equipping physicians with a more 

objective and dependable tool for diagnosing autism spectrum disorder in children. 
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1. Introduction 

Many symptoms are associated with ASD, the 

most common of which are impairments in 

interpersonal interaction and communication.  and 

behaviors that are repetitive or very focused. The 

idea of a "spectrum" highlights the wide variation 

in symptoms and how severe they are from one 

individual to another [1] In order to make an 

accurate diagnosis of ASD, there are several 

important steps to take, including developmental 

monitoring, screening, and thorough 

examinations. Rendering to the Centers for 

Disease Control (CDC), ASD is noticed in 

approximately one child out of every 54 children 

currently living in the United States. This 

highlights the essential for early detection and 

individualized therapies to help individuals 

impacted [2].    

The analysis of ASD relies on the occurrence or 

lack of specific behaviors, recognizable signs, and 

growing interruptions. No biological marker or 

laboratory test is available for the analysis of ASD. 

The Diagnostic and Statistical Manual (DSM-IV-

TR) categorizes ASD as part of the broader 

classification of Pervasive Developmental 

Disorders (PDD). 

PDD is a diseases marked by deficits in shared 

social collaboration and statement abilities, 

alongside the manifestation of stereotyped 

behaviors, interests, and activities. Pervasive 

developmental disorders encompass: 

• Autism  

•Childhood disintegrative disorder (CDD) 

• Rett's Syndrome 

• PDD-NOS  

• Asperger's Disorder   
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Researchers are closely examining automated 

algorithms to detect diseases for use in healthcare.  

1.1 Literature Survey 

Research into and approaches to treating Autism 

Spectrum Disorder (ASD) have so garnered a 

great deal of interest from scientists and medical 

experts around the world. The root cause of autism 

spectrum disorder (ASD) is still not well 

understood, which makes it difficult to create 

more specific treatments, despite the widespread 

interest in this illness. While behavioral 

evaluations and standardized diagnostic scales are 

helpful in making a clinical diagnosis of ASD, 

they do nothing to take into account the disorder's 

molecular complexity [3]. The increasing interest 

in medical informatics among the data science 

research community has prominently emphasized 

disease prediction as a crucial topic of study [4]. 

As illness prediction leads modern healthcare 

developments, early intervention becomes 

feasible, significantly enhancing patient 

outcomes.  

Machine learning (ML) methodologies have 

arisen as a revolutionary strategy, utilizing 

complex health data to accurately forecast disease 

risks. By leveraging historical health records, 

these machine learning models can predict future 

outcomes, facilitating more preventive and 

tailored patient care. Current research is 

systematically evaluating the influence of 

supervised machine learning methods on 

enhancing the precision and dependability of 

illness prediction models [5–9].  

2.  System Model 

2.1 ML Algorithm 

 ML is integral to the extensive domain of 

artificial intelligence (AI), concentrating on the 

creation of structures which increase their 

performance via involvement or data acquisition. 

Artificial intelligence (AI) generally denotes the 

development of technology that replicates human 

cognitive functions, including learning, thinking, 

and decision-making. Machine learning 

distinguishes itself by allowing machines to 

independently identify and adjust to patterns in 

data, thus executing tasks without explicit human 

programming for each function. This capability 

positions machine learning as a crucial catalyst for 

numerous contemporary AI applications [10].  

2.2 Supervised Learning Algorithm 

In supervised learning, we train models using 

input-output pairs, relying on labeled data to guide 

the prediction of precise outcomes. 

To facilitate the algorithm's learning of a mapping 

function for use in predicting tests, the dataset 

contains input structures and their matching output 

labels [11].  

In supervised learning, we instruct algorithms to 

correlate inputs with their corresponding outputs. 

We annotate both the training and validation 

datasets. Figure 1 shows the process of Supervised 

Learning. 

 

Figure 1: System Model for Working Flow of Supervised 

Learning Algorithm 

Step 1: Begin by identifying the necessary type of 

training dataset. 

Step 2:  Obtain the annotated training data. 

Step 3:  Partition the dataset into three subsets.  

Identify the input features in the training dataset 

that provide adequate information for the model to 

accurately predict the output. Select an appropriate 

algorithm for the model, such as a support vector 

machine or a decision tree.  

Step 4: Implement the method on the training 

dataset, employing validation sets as control 

parameters as necessary, as they represent subsets 

of the training data.  
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Step 5: Assess the accurateness by implementing 

it on the test dataset. If the model precisely 

forecasts the result, it is accurate. Several methods 

are part of supervised learning classification, 

including logistic regression and extra trees. 

2.3 ASD Data set  

This study utilized screening data for autism 

spectrum disorders in teenagers. The dataset 

comprises 104 observations and 21 variables. The 

data was gathered by a questionnaire administered 

via a mobile application, soliciting participants' 

details, including age, gender, ethnicity, country 

of residency, presence of jaundice, diagnosis of 

autism, and ten standardized questions designed to 

assess the likelihood of ASD. 

The list and type of 21 classes in this dataset are 

shown in Table 1. 

Table 1: Type of 21 classes 

S.No Input data sets 

1 A1_Score 

2 A2_Score 

3 A3_Score 

4 A4_Score 

5 A5_Score 

6 A6_Score 

7 A7_Score 

8 A8_Score 

9 A9_Score 

10 A10_Score 

11 Age 

12 Gender 

13 Ethnicity 

14 Jaundice 

15 Autism 

16 Country_of_res 

17 Used_app_before 

18 Result 

19 Age_desc 

20 Relation 

21 Class/ASD 

A1-A10 Score: We report the results for attributes 

A1_Score to A10_Score in binary format, either 0 

or 1, based on the respondents' answers to the 

questions. We examined the data frequency for 

each attribute to determine the presence of any 

sparse classes. We observed a normal distribution 

of all responses of 0 and 1, with no exceptional 

question score. 

3. Proposed Methodology 

3.1 Logistic Regression Classifier 

For classification tasks, supervised machine 

learning techniques like logistic regression predict 

the likelihood of an instance falling into a specific 

category. It is a statistical technique used to 

determine the relationship between two variables. 

3.1.1 A machine learning classification system 

comprises four components: 

1. The patterns of inputs are illustrated. The 

actual input is represented by the value of 

a feature vector [x1, x2... xn] for each 

observation x (i). For this discussions, it 

refer the value of feature i for input x (j) as 

x (j) i, or simply xi; it also notated as fi, 

fi(x), or fi (c, x) in the case of multiclass 

classification problems.  

2. The classification function returns some y's 

expected class, given p (y|x). In the 

following sections, it present the sigmoid 

function and the softmax function which is 

used to classify data.  

3. The objective function is defined for 

purposes of optimizing learning via the 

reduction of a loss function that represents 

errors made while processing training 

samples. The cross-entropy loss function is 

defined in this section.  

4. Describe an algorithm that is capable of 

optimizing the objective function. Hence 

provide an example of the stochastic 

gradient descent algorithm.  

3.1.2 The Logistic regression follows a two-step 

process which includes: 

• Training: Stochastic gradient descent is 

used to optimize the parameters w and b 

for the Logistic regression function, which 

provides the probability of the event 

occurring.  
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• Testing: Produce the results of the model. 

By computing p (y|x) for a given test input 

x, and return as the output the label of 

response y. 

3.1.3 The Significance of the Sigmoid Function 

The primary objective of Binary Logistic 

Regression is to create a classification model that 

classify a new observation as either a class or not 

a class. Hence utilize the sigmoid function to reach 

this classification model. Analyze a single 

observation or feature vector (x1, x2, ... xn) which 

produce one output response y that either fits in or 

does not fit. The classification use features which 

indicate about autism, and P(y=1|x) is a 

probability that the given document relates to 

autism and P(y=0|x) is the probability that it does 

not relate to autism.  

To make predictions using logistic regression, a 

weight vector and a bias (intercept) term are 

calculated based on a training set of observations. 

Each weight (wi) is a real number representing the 

contribution, or importance of each input feature, 

(xi) to the classification decision as to whether or 

not the instance belongs to the positive class. The 

bias term (b) is used to represent the contribution 

of all weighted input features. 

Once the weights are learned from the training 

data, the classification algorithm compute the total 

evidence (z) for classifying a test case using the 

following process: for each input feature value 

(xi), multiply it by the corresponding weight (wi); 

then add all of the products to produce a weighted 

sum (z) of the input feature contributions.  

  (1) 

The dot product of two vectors (a • b) is defined as 

the sum of the products of their corresponding 

components. Boldface notation (b) represents 

vectors. Consequently, the ensuing expression 

constitutes an equivalent version of  

   (2) 

Equation 2 requires z to have a valid probability, 

specifically within the range of 0 to 1. The weights 

in the network are real-valued, however, there is 

no restriction on the output; z range from negative 

infinity to positive infinity. 

In training of a neural network the optimize 

weights w and b using stochastic gradient descent 

and the cross-entropy loss function 

In test, p (y|x) and compare the results from two 

outputs (y=0, or 1). The output with the highest 

probability is the correct label.  

 

Figure 2: Sigmoid function 

The sigmoid function, named for its S-shaped 

curve, is sometimes referred to as the logistic 

function, which is the origin of the term logistic 

regression. Figure 2 visually illustrates the 

equation of the logistic function, which represents 

the sigmoid. 

                (3) 

Among its many benefits is the fact that the 

sigmoid function may convert any real number to 

the interval (0,1), the exact range needed for a 

probability. As a result of its flattening at the 

extremes and near-linear behavior at 0, it 

successfully compresses outlier values toward 0 or 

1.  

The total of the weighted attributes, when applied 

to the sigmoid function, provides a quantity 

amongst 0 and 1. To calculate the probability of 

y=1, start with the two probabilities, p(y = 1) and 
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p(y = 0), and check for the correct probabilities. 

Here's how to accomplish this goal: 

(4)  

The sigmoid function possesses the characteristic  

  (5) 

On the other hand, we might have represented the 

probability of y equaling zero as σ (−(w•x+b)).  

Usually, we refer to the score logit z = w • x + b 

from equation (2) as the logit. It is the inverse of 

sigmoid function thus p/(1 − p) is the log function 

of odds.  

  (6) 

Classification Utilizing Logistic Regression  

The previous section's sigmoid function provides 

a method for calculating the probability P(y = 1|x) 

for a given instance x. The decision boundary is as 

follows, 

 (7) 

3.2 Extra Trees Classifier 

One ensemble learning technique that produces 

classification results by combining the outputs of 

numerous independent decision trees into a single 

"forest" is the Extremely Randomized Tree 

Classifier, also recognized as the Extra Trees 

Classifier. Although it constructs decision trees in 

a distinct manner, it resembles the Random Forest 

Classifier significantly. At each split node, Extra 

Trees casually picks a division of k structures after 

the complete feature set, utilizing the original 

training data to construct each decision tree. We 

select the optimal feature from this subset using a 

mathematical metric, usually the Gini Index, to 

divide the data. This random selection process 

resulted in the creation of uncorrelated decision 

trees is the result of this random selection process.  

We calculate the total decrease in the 

mathematical criterion (Gini Index or entropy) for 

each feature while building the tree to select the 

best features. To help users choose the best k 

features for their purposes, this score—also known 

as the feature's Gini or entropy value—ranks the 

attributes from most to least important. When 

compared to other methods, Extra Trees' 

computational efficiency typically yields faster 

results [11].  

For feature selection, the Extra Trees Classifier 

has multiple significant benefits: 

1. Resilience to noise and extraneous features: 

By utilizing several trees and prioritizing 

features based on significance, Extra Trees 

adeptly handles datasets characterized by 

numerous characteristics and noise.  

2. Computational efficiency: The concurrent 

creation of decision trees expedites the 

training process, particularly advantageous 

for high-dimensional data. 

3. Reducing bias: Choosing feature subsets 

and split points at random reduces the bias 

that comes with using a single decision 

tree, making the evaluation of feature 

importance fair. 

4. Feature ranking: Users can prioritize 

features and understand their impact on the 

target variable by evaluating them based 

on their significance. 
5. Dealing with multicollinearity: Extra Trees 

reduce the impact of feature correlations 

by picking feature subsets and splits at 

random, which is different from methods 

that depend on clear feature relationships. 

6. Adaptability in feature selection: Users can 

modify the threshold for feature inclusion 

according to feature significance, opting 
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for either a minimal set or a more extensive 

group to reconcile model complexity and 

performance.  

7. Enhanced generalization and 

interpretability: By picking only the most 

pertinent characteristics, Extra Trees 

mitigates overfitting and improves the 

model's interpretability by emphasizing 

the most significant aspects.  

The advantages include an active instrument for 

feature collection, particularly in complicated 

datasets where speed and efficiency are 

paramount. 

4. Results and Discussion 

The input EEG data set have 800 sample details in 

the training and  200 test  samples are tested with 

A1 score to A10 score and detected autism 

4.1 Target class output 

 

This figure shows 23.12% of ASD positive results 

and 76.88% negative results. 

4.2 Gender of patient result 

 
This bar chart describes patient result of male 

which has 62% of ASD positive and 50% ASD 

negative. The female result has 38% of ASD 

positive and 52% ASD neagative. 

4.3 Distribution of input data set: A1-A10 

score plot 

 

Table 2: Logistic regression classifier -ROC-AUC curve output 

INDEX 0 1 2 3 4 MEAN STD 

Fit_time 1.293571949 1.553783 1.325692 1.37479 1.539857 1.417539 0.108771 

Score_time 0.015843868 0.005867 0.004108 0.003963 0.003908 0.006738 0.004611 

Test_roc_auc 0.919797847 0.863107 0.900022 0.954296 0.939134 0.915271 0.031832 

Train_roc_auc 0.924165019 0.935825 0.92812 0.915403 0.916392 0.923981 0.007597 

Table 3: Extra tree classifier- ROC-AUC curve output 

INDEX 0 1 2 3 4 MEAN STD 

Fit_time 1.049814 1.027649 1.014085 1.64289 1.635304 1.273949 0.29837 

Score_time 0.083253 0.067348 0.076027 0.103637 0.106161 0.087285 0.015259 

Test_roc_auc 0.907273 0.875192 0.892112 0.946825 0.95935 0.91615 0.032067 

Train_roc_auc 0.923094 0.932831 0.926211 0.912959 0.911482 0.921315 0.008078 

The above table 2 and table 3 provide ROC-AUC 

output of mean and standard deviation values of 

both logistic regression and extra tree classifier for 

both training and test case. 

The ROC-AUC curve is a critical tool in medicine 

for disease prediction and determining the optimal 

system model. ROC curves in logistic regression 

aid in determining the suitable threshold to 
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classify a new observation as a "failure" (0) or a 

"success" (1). 

1) Optimal ROC curve: 

An optimal ROC curve resembles a right angle. 

When this transpires, the differentiation between 0 

and 1 becomes so pronounced that statistical 

analysis is nearly superfluous. At each point along 

the curve, either sensitivity or specificity is at 

100%, indicating a complete absence of overlap 

between the two. In this case, both sensitivity and 

specificity may attain 100%, through the AUC for 

this curve equaling 1.  

2) ROC Curve with No Predictive Power:  

Conversely, the least favorable ROC curve 

manifests as a straight line at a 45-degree angle, 

signifying a lack of predictive capability. This 

indicates that the model forecasts results no more 

accurately than random chance, similar to the act 

of flipping a coin. In this case, increasing the true 

positive rate (sensitivity) results in increase, 

thereby undermining the model's effectiveness.  

The AUC for this particular kind is 0.5. The 

test_ROC_AUC has a mean of 91.6%, and the 

train_ROC_AUC has a mean of 92.1%, signifying 

a highly effective predictive model exposed in 

table 4. 

Table 4. Comparative analysis of ROC-AUC 

curve 

Sl. 

No 

ROC_AUC score 

(For machine learning 

model performance 

analysis) 

Average 

(Should be greater 

than 50%) 

1 

Train_ROC_AUC 

( in both logistic 

regression and Extra tree 

classifier) 

91.61 

(Best model) 

2 

Test_ROC_AUC 

( in both logistic 

regression and Extra tree 

classifier) 

92.13 

(Best model) 

5. Conclusion 

 This research presents a method for detecting 

autism spectrum disorder with an enhanced and 

more accurate machine learning model. Both 

classifiers utilize the ROC curve, which exceeds 

conventional prediction techniques. The ROC 

curve visually evaluates model performance 

across different thresholds, with the AUC 

signifying the probability that the method would 

accurately rank a randomly chosen positive 

example above a negative one. These classifier 

algorithms yielded superior results compared to 

conventional machine learning methods, with an 

accuracy of 91.6%.   
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