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Abstract — Autism Spectrum Disorder (ASD) is 

neurodevelopmental anarchy typified through range of 

challenges at social interaction, communication, monotonous 

behaviors affecting individuals across different age groups, 

comprising toddlers, and so on. Efficiency and accuracy of ASD 

prediction are improved by using Machine Learning (ML) 

algorithms. Early detection of ASD poses additional challenges 

due to its complexities. To address this issue, the Laplace Kernel 

Quadratic Segmented Regressive Federated Learning 

(LKQSRFL) technique is proposed to enhance the accuracy of 

ASD detection while minimizing time consumption. 

Furthermore, the proposed LKQSRFL technique encompasses 

key processes, including data acquisition, preprocessing, and 

ASD prediction. Moreover, the data obtained from the dataset 

comprises four distinct datasets related to individuals from 

different age groups. Additionally, the data can be preprocessed 

by removing redundant data from the dataset and converting 

the raw data into a suitable format. After that, by analyzing and 

testing the training and data models, the segmented regression 

gradient federated learning (RGFL) approach can be used to 

detect individuals with ASD characteristics or without ASD. 

Furthermore, the ASD prediction accuracy, prediction time, 

precision, recall, sensitivity, and F1 score are considered to 

determine the test score. The results show that the proposed 

LKQSRFL method achieves effective performance results with 

the best accuracy increasing to 98.05% through reduced 

prediction time. 

Keywords— autism spectrum disorder (ASD) detection, 

Weighted Proximal multivariate imputation, Lexis ratio statistical 

method, Peirce's criterion-based outlier detection, Laplace 

kernelized quadratic multivariate discriminant method, 

segmented regressive gradient Federated Learning  

I. INTRODUCTION 

ASD represents multifaceted and diverse range of 

neurodevelopmental conditions that impact individuals 

across various age groups. Due to the unique characteristics 

and challenges, ASD poses a significant concern. Premature 

recognition as well as accurate diagnosis of ASD are pivotal 

for implementing timely interventions and support. 

Numerous ML methods have designed at autism spectrum 

disorder detection. Artificial Neural Network (ANN) model 

was introduced in [1] with aim of attaining enhanced 

accuracy in ASD detection. But, the simultaneous learning of 

features and accurate classification were difficult particularly 

when applying larger datasets. A Random Forest (RF) 

classifier was developed [2] to analyze and predict ASD in 

toddlers as well as adolescents, utilizing non-clinical ASD 

datasets. However, the issue of time consumption in ASD 

prediction remained unresolved. 

 Clinical gait analysis was conducted in [3] for 

children through ASD. However, ML techniques were not 

employed to enhance performance. A Multilayer Perceptron 

(MLP) classifier was developed in [4] to automate the 

diagnosis process using ASD database for toddlers, and so 

on. However, it faced limitations in collecting extensive 

database as well as working by DL techniques which 

incorporate feature evaluation and classification to enhance 

accuracy of ASD prediction. Early recognition of ASD 

Strategy was introduced [5]. However, it faced challenges in 

utilizing techniques such as machine learning for accurate 

predictions of ASD traits. A ML models were designed [6] 

for ASD classification.  

The World Health Organization estimates that one 

in 160 children has ASD. Some individuals with autism 

require support and care to live independently. These 

symptoms appear in childhood and persist into adulthood. 

The exact cause of ASD is still under investigation, although 

a combination of genetic factors and environmental 

influences may activate those genes [7-8]. Early detection of 

disability is an essential step in addressing the problem and 

enables preventive measures. However, these studies failed 

to establish a connection between the underlying practices 

and such tools [9-10]. A lack of qualified personnel and 

insufficient resources creates logistical challenges to access. 

A. The Contribution of The Research 

• To improve the accuracy of forecasting ASD across 

all age groups, the LKQSRFL method is 

developed, incorporating both preprocessing and 

prediction. 

• To minimize ASD forecast time, the LKQSRFL 

technique addresses missing data imputation by 

employing weighted proximal multivariate 

imputation.  

• After data acquisition, the next step involves 

preprocessing, which includes cleaning and 

transforming the raw data into an appropriate 

format. This essential stage ensures that the data is 

organized and ready for analysis, enhancing the 

quality and reliability of the dataset.  
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• The Lexis ratio statistical method is used to 

eliminate noisy data from the dataset effectively. 

Additionally, the LKQSRFL method is utilized to 

obtain dimensionality-reduced features for 

accurate ASD prediction. 

• The LKQSRFL technique employs segmented 

regressive gradient Federated Learning to enhance 

accuracy and precision in ASD prediction. The 

Levenberg–Marquardt algorithm is applied to 

minimize squared loss in ASD prediction. 

• Lastly, extensive experiments were conducted to 

evaluate the results of the LKQSRFL method in 

comparison to other relevant works. 

 

B. Structure of paper  

 Manuscript is organized as follows: Section 2 

appraisal literature review. In Section 3, the LKQSRFL 

method is explained through comprehensible diagram. 

Section 4 provides experimental settings as well as gives 

dataset explanation. A comparative analysis of dissimilar 

methods is presented in Section 5. Lastly, Section 6 

summarizes the manuscript. 

 

II. LITERATURE REVIEW 

 Several ML techniques were designed for 

recognition of ASD in [11]. However, these techniques failed 

to achieve higher accuracy in ASD detection. A ML model 

was presented [12] through aspire of enhancing accuracy of 

ASD identification across various age levels. The model 

incorporated several feature selection techniques but more 

efficient ASD diagnosis system was not developed. 

Ensemble comprising RF and XGBoost classifiers was 

developed [13] for precise detection of ASD. 

 ML techniques and trained RF methods were 

developed in [14] to predict ASD diagnoses. However, these 

models proved inefficient when dealing with large databases. 

A set of ensemble techniques was developed in [15] to 

enhance ASD prediction performance. However, the 

designed technique failed to provide the best results in 

predicting ASD. AI and the IoT were introduced [16] for 

recognition of ASD. A modified bat method depend on ANN 

was developed in [17] to enhance ASD detection. However, 

the assessment of the severity of ASD was not conducted. 

 

A support vector machine was developed in [18] for 

automated autism spectrum disorder detection. A at 

Federated Learning method was developed in [19] for 

premature diagnosis of ASD through enhanced accuracy. 

However, severity of ASD remained unaddressed through 

deep learning methods.  A hybrid classifier, combining SMO 

with SVM, was developed [20] to improve accuracy of ASD 

recognition. However, classifier faced limitations as it did not 

incorporate dimension reduction methods to reduce the time 

required for ASD detection. 

 

 

  

III. PROPOSAL METHODOLOGY 

 

 Autism is neurological as well as developmental 

anarchy that impacts neural function at brain. It is a complex 

condition characterized by different neural functioning. 

Individuals with autism often display variations in social 

interaction and so on. Detection of ASD presents a range of 

challenges.  

 

Fig 1. structural design of LKQSRFL technique 

The LKQSRFL technique is employed for detection 

of ASD. Various processes involved in ASD detection, 

depicted with a clear architecture, as illustrated in Figure 1. 

Furthermore, depicts overall structural design of LKQSRFL 

technique that includes three stages such as data collection, 

preprocessing and ASD detection.  

A. Data collection  

It is fundamental process of collecting information 

and raw information as of database related to different age 

group individuals for ASD detection analysis. In the 

proposed LKQSRFL technique, data related to different age 

groups namely Toddler, and so on are collected from the four 

publicly available ASD screening dataset. 

B. Data Preprocessing 

It is fundamental step at data analysis which 

includes cleaning as well as transforming raw dataset to 

format for analysis or modeling to improve quality, accuracy, 

effectiveness of information for ASD detection study.  There 

is different key steps involved in data preprocessing such as 

missing data handling, noisy data removal and outlier data 

detection.  

a. Missing data handling  

ASD Dataset 

Collection 

of data 

Data Pre-Processing 

Pre-Processed 

data  

Segmented using 

RGFL 

Accurate ASD Prediction 
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Handling missing data is basic step in data 

preprocessing step. It occurs when there are no data values 

for certain variables or features in a dataset. Therefore, the 

missing data handling is used to address accurate analyses of 

ASD detection. Weighted Proximal multivariate imputation 

method is applied in the proposed LKQSRFL method for 

estimating missing values based on the values of nearest 

neighbors in dataset.   

Let us consider the input dataset ‘𝐷𝑆’ in form of 

matrix as given below equation 1.  

[
 
 
 
 
𝐹1 𝐹2

𝑆11 𝑆12

𝑆21

⋮
𝑆𝑚1

𝑆22

⋮
𝑆𝑚2

   

… 𝐹𝑚

… 𝑆1𝑛

……
…

𝑆2𝑛

⋮
𝑆𝑚𝑛]

 
 
 
 

        (1) 

Where, ‘𝐼’ indicates a input matrix, the data samples ‘𝑆’ are 

presented in the row and the features or attributes𝐹1 , 𝐹2, … 𝐹𝑚  

are organized in the column of the dataset respectively.   

Formula for calculating the missing value is given below 

equation 2, 

                𝑆𝑀 =
∑ 𝜗𝑚𝑆𝑚𝑛

𝐾
𝑚=1

∑ 𝜗𝑚
𝑘
𝑚=1

       (2) 

Where, 𝑆𝑀 denotes an imputed value,  𝑆𝑚𝑛 denotes 

a value of the  𝑚𝑡ℎ nearest neighbor data samples, 𝜗𝑚 denotes 

a weight assigned to the nearest neighbor. Replace the 

missing value with the computed value. This process is 

repeated for each missing value in the dataset.   

C. Noise data removal  

Removing the noise data from dataset is a common 

preprocessing step to improve the overall accuracy of a 

model. Noise in the data direct to inaccurate ASD predictions 

and removing of these data helps in obtaining more reliable 

results. It is identified that data that contains random 

variations from the overall data samples.  The proposed 

LKQSRFL technique utilizes the Lexis ratio statistical 

method to measure variance of the sample proportion.  The 

ratio is defined as follows, as below equations 3 and 4. 

𝐿𝑅 = (
𝑉𝑎𝑟2

𝑑2 )      (3) 

𝑉𝑎𝑟 = ∑ |𝑆𝑖 − 𝑆𝑗|
𝑚
𝑗=1    (4) 

 Where,   𝐿𝑅 denotes a Lexis ratio statistical 

method, 𝑆𝑖  denotes a current data point, 𝑆𝑗  denotes another 

data points in the particular feature,  𝑚 indicates a number of 

data points in the specific aspect, 𝑉𝑎𝑟 denotes a variance the 

data points, 𝑑 indicates a deviation from the expected value. 

From the analysis, the Lexis ratio provides the output ranges 

from the 0 to 1. If the Lexis ratio is greater than maximum 

allowable deviation, afterward data point is normal. Or else, 

data point is called as noisy information points. These data 

points are detached as of database.   

D. Outlier data handling  

Outlier recognition is process of recognizing data 

point at database which diverge considerably as of overall 

distribution of other information points. Peirce's criterion is 

used for finding the outlier to improve the quality and robust 

modeling.  

The formula for calculating the Peirce's criterion is give 

below equations 5 and 6. 

𝐷 = |𝑆𝑖 − 𝑆𝑚|       (5) 

𝑆𝑚 =
∑ 𝑆𝑖

𝑛
𝑖=1

𝑛
       (6) 

 Where,  𝑆𝑖    denotes a data sample, 𝑆𝑚  denotes a 

mean of the data samples, 𝑂𝐷  indicates an Outlier detection, 

𝐷 indicates a deviation. The following criterion is used to 

detect the outlier in the distribution of the data samples, as 

below equation 7. 

𝑦 = {
𝑚𝑎𝑥 𝐷 < 𝐷, 𝑂𝐷
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, 𝑁𝐷

              (7) 

Where, 𝑦 denotes a outcome, max𝐷 denotes 

maximum allowable deviation. If deviation for information 

point is superior than maximum allowable deviation, 

afterward it considered outlier data. Or else, data point is 

normal. Based on this analysis, outlier information points are 

detached for further processing. 

E. Dimensionality reduction  

It is method employed in data analysis to minimize 

number of input features at database. The main aim is to 

simplify the dataset while retaining its essential information. 

The dataset has a large number of features, poses a challenges 

in terms of computational efficiency. The relevant feature 

selection procedure involves selecting subset of pertinent 

aspect while discarding others as of dataset.  

 Therefore, Laplace kernelized quadratic multivariate 

discriminant method is applied in the proposed LKQSRFL 

technique for dimensionality reduction by selecting the 

relevant attributes. A Laplace kernelized quadratic 

multivariate discriminant is ML method that divides input 

into two classes based on ‘m’ features (i.e. multivariate).  

   Let us consider number of input independent variables 

i.e. features   𝐹1 , 𝐹2, … 𝐹𝑚 taken as of database.  

 First define the two types of class’s i.e. relevant or 

irrelevant classes. After defining the class, the mean is 

computed.  
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The mean vector for each class ‘Mk’ is computed as given 

below equation 8, 

 

 

 

𝑀𝑘 =
1

𝑚
∑ 𝐹𝑗

𝑚
𝑗=1       (8) 

 Where, Mk  denotes a mean vector, 𝑚  is number of 

features in class as well as 𝐹𝑗is feature vector in class. Then 

apply the Laplace kernel function to measure the likelihood 

or covariance between the features and mean vector. As 

shown in equation 9.   

𝑉𝑘 = 𝑒𝑥𝑝 [−∑ (
𝐹𝑗−𝑀𝑘

𝜎
)𝑛

𝑖=1 ]      (9) 

 Where, 𝑉𝑘 indicates the covariance between the 

features (𝐹1 , 𝐹2, … 𝐹𝑚 ) and mean vector Mk,   𝜎 indicates a 

standard deviation.    

After that, the discriminant score is computed as follows, as 

below equation 10.  

𝛿𝑐 = −
1

2
log|𝑉𝑘| −

1

2
(𝐹𝑗 − 𝑀𝑘)

𝑇 1

|𝑉𝑘|
(𝐹𝑗 − 𝑀𝑘) + 𝑙𝑜𝑔(𝑝𝑘)  (10) 

Where, 𝛿𝑐 denotes an estimated discriminant score,  |𝑉𝑘| 
indicates a determinant of the covariance matrix, 𝑝𝑘 denotes 

a prior probability that an observation belongs to 𝑘𝑡ℎ class. 

As a result, the features are separated into 𝑘𝑡ℎ class for 

which discriminant score is largest, as below equation 11. 

𝑍 = 𝑎𝑟𝑔𝑚𝑎𝑥𝛿𝑐       (11) 

  Where, 𝑍 indicates an output function, arg 𝑚𝑎𝑥 

represent argument of maximum function, 𝛿𝑐 denotes a 

discriminant score.   

               
Algorithm 1 sketch data preprocessing steps aimed 

at improving the autism prediction while minimizing time 

consumption. Procedure begins through gathering input 

aspect and sample instances as of database containing 

individuals across various age groups. Subsequently, missing 

data is imputed using the Weighted Proximal Multivariate 

Imputation method. Following imputation, a Lexis ratio 

statistical method is applied to identify noisy data, assessing 

the variance within the samples. Next, Peirce's criterion is 

employed to detect outlier data points. This step aids in 

recognizing examination which diverge considerably as of 

entire database. Lastly, dimensionality reduction is carried 

out using the Laplace Kernelized Quadratic Multivariate 

Discriminant method. This technique is utilized to 

distinguish pertinent as well as immaterial features in 

database, enhancing efficiency of subsequent autism 

prediction models. 

F. segmented regressive gradient Federated Learning 

 Finally, the autism prediction is performed with the 

selected relevant features using FL.  It is decentralized ML 

method which permits method training across multiple 

sample instances. This decentralized approach involves local 

training as well as global aggregation methods. In the local 

training model, Sokal–Sneath indexive segmented regression 

is used for analyzing the sample instances and classifying the 

ASD presence and absence of individual. Locally updated 

methods are after that integrated as well as fed to global 

aggregation method to obtain accurate ASD prediction.  

 

Fig. 2. Segmented using RGFL 

Figure 2 depicts the procedure of the Sokal-Sneath 

indexive segmented regressive FL. This learning method 

considers input, specifically the number of data sample 

instances. Method initialises 'b' number of local training 

techniques, namely Sokal–Sneath indexive segmented 

regression (SSISR). SSISR is a machine learning algorithm 

in which the dependent variable, i.e., sample instances, is 

segmented into two categories, namely the presence of ASD 

and the absence of ASD.  

Let us consider the number of sample instances  S =
{𝑆1, 𝑆2, … , 𝑆𝑛} taken from the dataset related to four age 

groups of peoples. Then the Sokal–Sneath index function is 

utilized for measuring association among testing and training 

sample instances.  Relationship between the  sample’s 

instances are estimated as follows, as equation 12. 

Relevant features 
with sample 

instances 

SSISR ‘1’ 

SSISR ‘2’ 

SSISR ‘b’ 

Logical Training model 

Global 
aggregation 

Model 
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Q =
|𝑆𝑡𝑠∩𝑆𝑡𝑟|

(𝑆𝑡𝑠∪𝑆𝑡𝑟)+(𝑆𝑡𝑠∆𝑆𝑡𝑟)
     (12) 

 Where, 𝑄 indicates a Sokal–Sneath 

similarity coefficient,  𝑆𝑡𝑠 denotes the testing sample 

instances , 𝑆𝑡𝑟  shows the training sample instances, 𝑆𝑡𝑠  ∩
 𝑆𝑡𝑟indicates a mutual dependence between the two sample 

instances, 𝑆𝑡𝑠  ∪  𝑆𝑡𝑟 denotes a mutual independence between 

the two sample instances, 𝑆𝑡𝑠 ∆ 𝑆𝑡𝑟 indicates a variance 

between the two sample instances . The similarity coefficient 

(𝑄) provides the output value between [0, 1].  Based on the 

similarity value, the regression function partitions the sample 

instances into two classes namly presence of ASD and 

absence of ASD.  

Then locally trained classification outcomes are 

integrated in global aggregation method. So, weighted 

averages of local trained methods are computed as below 

equation 13. 

𝑊 =
1

𝑏
∑ 𝑟𝑗𝐿𝑗

𝑏
𝑗=1       (13) 

 Where,  𝑊 indicates global aggregator model, 𝑟𝑗 

denotes weight of local trained method ‘𝐿𝑗’, 𝑏 represents 

number of local models.    

Global aggregation model utilizes the Levenberg–Marquardt 

algorithm is to reduce the squared loss of local training model 

as follows, as equations 14 and 15. 

𝑓 = 𝑎𝑟𝑔𝑚𝑖𝑛[𝑙𝑜𝑠𝑠(𝐿𝑗)]        (14) 

 𝑙𝑜𝑠𝑠 (𝐿𝑗) = [𝐴 − 𝑂𝑟]
2      (15) 

 Where, 𝑓  denotes an objective function of 

aggregation model, 𝑎𝑟𝑔 𝑚𝑖𝑛 denotes an argument of 

minimum function,  𝑙𝑜𝑠𝑠 (𝐿𝑗)  denotes a loss of local training 

model, 𝐴 dentoes an actual classification results, 𝑂𝑟 denotes 

an observed classification result. In order to minimize the 

error, the proposed federated learning model utilizes the 

gradient function for updating the weights, as shown in 

equation 16. 

𝑟𝑗+1 = 𝑟𝑗 −  𝜂 [
𝜕  𝑙𝑜𝑠𝑠 (𝐿𝑗)

𝜕𝑟𝑗
]     (16) 

Where,  𝑟𝑗+1  represents updated weight, 𝑟𝑗  denotes 

current weight,𝜂  indicates a learning rate , 
𝜕  𝑙𝑜𝑠𝑠 (𝐿𝑗) 

𝜕𝑟𝑗
’ 

symbolize partial derivative of loss ‘ 𝑙𝑜𝑠𝑠 (𝐿𝑗)’ with current 

weight ‘ 𝑟𝑗’.  The procedure is iterated until it attains 

minimum loss. Lastly, global aggregation method gives last 

classification results with minimal loss.  The algorithm of 

segmented regressive gradient Federated Learning is given 

below, 

 

 Algorithm 2 illustrates the various steps involved in 

predicting autism spectrum disorder with higher accuracy 

using Federated Learning. FL procedure is initiated through 

constructing set of local training methods. In these models, 

the similarity between testing and training data is analyzed. 

Afterward, global aggregation method combines outcomes 

attained as of local methods and assigns weights. Subsequent 

this, method assigns objective function to every local training 

method. To reduce loss of classification, initially assigned 

weights are updated with gradient function. This procedure is 

iterated till it attains maximum iteration. Lastly, accurate 

prediction outcomes are obtained 

IV. EXPERIMENTAL SETUP    

 Experimental evaluation of LKQSRFL and 

conventional ANN model [1], as well as the RF classifier [2], 

is executed by Python. To perform experiment, datasets from 

four different age groups have been collected from Kaggle 

and the UCI Machine Learning Repository. The ASD 

screening database are obtained from sources [21], [22], [23], 

and [24] for experimental analysis. The combination of these 

four datasets is utilized as input for ASD prediction.  

 
TABLE I. DATA DESCRIPTION 

S. No Dataset Number of 

Features 

Number of 

sample 

instances 

1 Toddler’s 19 1054 

2 Child 21 292 

3 Adolescent 21 104 

4 Adult 21 704 

 

 Table 1 reveals that a total of 2154 combined 

sample instances were employed for conducting the 

simulation. To evaluate performance, sample instances 

ranging from 200 to 2000 were chosen as of database.  

 

A. Results 

Experimental assessment of LKQSRFL as well as 

conventional mordels are estimated through different 

performance parameters across dissimilar sample instances. 

Discussion 
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The experimental results are clearly shown in 

comparison with the previous RF and ANN techniques to 

highlight the improvements in the proposed LKQSRFL 

technique for detecting ASD. 
TABLE II. SIMULATION PARAMETER 

Simulation Variable 

Dataset Name ASD Dataset 

Number of sample instances 2000 

Training  1,357 

Testing  643 

Language Python 

Tool Jupyter 

 

 The dataset, known as the "ASD Dataset," 

comprises 2000 samples, with 1,357 allocated for training 

and 643 for testing. Implemented via Python in Jupyter, these 

parameters outline the dataset's scope and tools used, as 

shown in Table 2. 

 

ASD prediction accuracy:  It is defined ratio of 

number of samples instances correctly predicted as an ASD 

or not as of total number of samples. So, it is expressed as 

below, equation 17. 

𝑨𝑺𝑫𝑨𝑪𝑪 = ∑
𝑺𝑨𝑫

𝑺𝒊
∗ 𝟏𝟎𝟎𝒏

𝒊=𝟏    

  (17) 

 

Where, 𝑨𝑺𝑫𝒂𝒄𝒄 denotes an ASD prediction 

accuracy, 𝑺𝑨𝑫 samples precisely forecast with ASD traits, 𝑺𝒊  

denotes a total number of samples. It is calculated in 

percentage (%). 

 

Fig. 3. Evaluation Results of ASD Accuracy 

 As illustrated in Figure 3, the accuracy analysis 

reveals that the proposed LKQSRFL method outperforms the 

previous RF and ANN methods. The LKQSRFL method 

achieves an accuracy of 98.05% in detecting ASD. In 

comparison, the accuracy rates for the previous RF and ANN 

methods are 93% and 91.5%, respectively.  

 Precision:   It is the classification metrics that 

measures the performance of true positives and false 

positives through ASD prediction. It is formulated below 

equation 18. 

𝑃𝑅 = (
𝑇𝑃

𝑇𝑃+𝐹𝑃
)      (18) 

Where, 𝑃𝑅 represents a Precision, 𝑇𝑃 symbolizes 

true positive,   𝐹𝑃 represents false positive.   

 

Fig. 4. Analysis of Precision 

 As shown in Figure 4, the precision analysis of the 

proposed LKQSRFL method and the previous RF and ANN 

methods indicate that the experimental results are better. 

Furthermore, the precision performance ratio of the proposed 

LKQSRFL method is shown to be 95.11% and it detects 

ASD. Similarly, the precision performance ratio of the 

proposed method and the previous RF and ANN methods are 

described as 89.14% and 92.15% respectively. 

Sensitivity:  The Sensitivity also known as Recall which is 

measured based on number of true positives and false 

negatives through ASD prediction.  It calculated below 

equation 19,  

𝑆𝑒𝑛 = (
𝑇𝑃

𝑇𝑃−𝐹𝑁
)      (19) 

Where ‘𝑆𝑒𝑛‘indicates a sensitivity, 𝑇𝑟𝑝 represents 

true positive,  𝐹𝑙𝑛 symbolize false negative.    

 

Fig. 5. Analysis of Sensitivity 
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The sensitivity comparison between the suggested 

LKQSRFL approach and the earlier RF and ANN methods 

shows that the experimental results are superior, as shown in 

Figure 5. Additionally, it is demonstrated that the suggested 

LKQSRFL method detects ASD with a sensitivity 

performance ratio of 0.988%. Comparably, the proposed 

method's sensitivity performance ratio and that of the earlier 

RF and ANN approaches are 0.934% and 0952%, 

respectively. 

F1- score:  it is a metric that combines performance 

of both 𝑃𝑅 and recall. It is expressed as below equation 20. 

 

  𝑭𝟏 − 𝒔𝒄𝒐𝒓𝒆 = 𝟐 ∗ [
𝑷𝑹∗𝑺𝒆𝒏

𝑷𝑹+𝑺𝒆𝒏
]    (20) 

Where, 𝑷𝑹 indicates precision,  𝑺𝒆𝒏 represents a 

sensitivity or recall.  

 

Fig 6.  Analysis of F1-Score 

 

 As shown in Figure 6, the F1-score analysis 

comparing the proposed LKQSRFL method with previous 

RF and ANN methods demonstrates superior results. The 

LKQSRFL method achieves an F1-score of 96.12%, 

indicating its effectiveness in ASD detection. Additionally, 

the F1-scores for the proposed method and the earlier RF and 

ANN methods are reported as 90.14% and 93.06%, 

respectively. 

 

ASD prediction time: it is computed as amount of time 

utilized through method for ASD prediction. It is expressed 

as below equation 21. 

𝐴𝑆𝐷𝑡𝑖𝑚𝑒 = ∑ 𝑆𝑖 ∗ 𝑇𝑖𝑚𝑒(𝐴𝑆𝐷 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)𝑛
𝑖=1   (21) 

Where,  𝐴𝑆𝐷𝑡𝑖𝑚𝑒  denotes an ASD prediction time 

based on the sample instances ‘𝑆𝑖’ and actual time utilized in 

ASD prediction ‘𝑇𝑖𝑚𝑒 (𝐴𝑆𝐷 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛)’. It is computed in 

milliseconds (ms). 

 

Fig. 7. Analysis of Time Complexity 

The time complexity analysis comparing the 

suggested LKQSRFL method with earlier RF and ANN 

methods shows better results, as seen in Figure 7. With a 

time-complexity of 4.8 ms, the LKQSRFL approach 

demonstrates its efficacy in detecting ASD. Furthermore, the 

suggested method's time complexity is 8.4 ms, whereas the 

preceding RF and ANN approaches have a time complexity 

of 7.5 ms. 

V. CONCLUSION 

In conclusion, the LKQSRFL technique has been 

proposed to significantly enhance the accuracy of ASD 

detection while minimising the time consumption associated 

with predictions. The key advantage of the LKQSRFL 

approach lies in its ability to provide high-accuracy results 

while reducing the computational time, making it both 

practical and efficient for real-world applications. The 

dataset used in this paper comprises four distinct sub-

datasets, each representing individuals from a different age 

group. This method analyses both the training and testing 

data models, allowing for a reliable classification of ASD 

cases. Key performance metrics, including accuracy, 

prediction time, precision, recall, sensitivity, and F1 score, 

are used to evaluate the model's effectiveness. The results 

demonstrate that the LKQSRFL method outperforms 

traditional machine learning models such as RF and ANN in 

ASD detection. The LKQSRFL technique achieved an 

impressive accuracy rate of 98.05%, a significant 

improvement over the RF model (93%) and the ANN model 

(91.5%). Moreover, this accuracy is achieved with reduced 

prediction time, enhancing the overall efficiency of the 

detection process. 

A. Future Research 

• Future research may aim to incorporate real-world 

data from various sources to improve the 

generalisation of ASD detection models. 

• The ability to consider data from diverse areas, 

demographics, and clinical conditions enables 
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researchers to ensure that the model will be effective 

in various settings and conditions. 
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