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Abstract

Autism Spectrum Disorder (ASD) is a developmental condition impacting communication and socialization, often manifesting in distinct
behaviors. Early detection and timely intervention are crucial for improving the quality of life for individuals with ASD. This research
aims to develop an ASD risk classification model using the Support Vector Machine (SVM) algorithm across three age groups: children,
adolescents, and adults. To optimize model performance, Principal Component Analysis (PCA) was used for dimensionality reduction,
while Particle Swarm Optimization (PSO) and Grid Search were employed for parameter tuning. The study sought to identify the most
effective combination of these techniques for autism prediction. Evaluation results indicated that SVM with Grid Search optimization,
without PCA, yielded the best performance, achieving 98.2% accuracy and an AUC of 0.997 at an 80:20 data split. Furthermore, Grid
Search demonstrated greater computational efficiency compared to PSO. The findings suggest that the integration of SVM and Grid
Search offers a promising, accurate, and efficient approach for the early detection of autism.
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1. Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder that causes difficulties in communication, behavior, language, and
social interaction. Individuals with autism often exhibit distinct behaviors, such as repetitive tendencies in specific activities, and present
a highly diverse spectrum of symptoms [1]. Research on autism, such as that conducted by Apeksha [2] and Patel [3], focuses on
identifying language patterns in individuals with autism to improve early diagnosis and understanding of its symptoms. Autism
symptoms in children typically emerge between the ages of 2 and 3 years, such as difficulties in communication and social interaction
[4]. In adolescents and adults, symptoms are often more challenging to recognize as they have developed coping strategies. However,
they struggle to build social relationships like neurotypical individuals and also display repetitive behaviors, making them appear
different from individuals without autism [5].

Bawa's research [6]details efforts to build a classification system using machine learning techniques to differentiate children, adolescents,
and adults with Autism. The research results indicate that the application of machine learning methods, with the Support Vector Machine
(SVM) being the best model optimized with Grid Search for hyper-parameters, can improve model accuracy up to 99.55%. Nevertheless,
the uneven distribution of labels can still introduce bias into the model.

Based on the research in the preceding paragraphs, SVM is a classifier model that can be effectively used to classify autism. SVM is a
supervised learning algorithm, frequently employed in pattern recognition and data analysis, with the ability to separate data into distinct
categories with high accuracy [7]. SVM is generally used to classify both linear and non-linear data by utilizing kernel functions to
transform low-dimensional data into higher dimensions, enabling linear separation between two classes using a hyperplane. Kernel
functions allow SVM to handle more complex data, such as in real-world applications, with hyperplanes varying according to the number
of data dimensions [8]. Furthermore, SVM has proven effective in the early detection and diagnosis of various health conditions,
including issues related to drug abuse, liver disorders, respiratory problems, hepatitis, and autism spectrum disorder [9].

One technique that can be used to optimize SVM is Principal Component Analysis (PCA) for reducing data dimensionality. Additionally,
parameter optimization techniques such as Grid Search are employed. This technique has the advantage of simplicity for hyperparameter
optimization by evaluating every possible combination and selecting the best one. For example, in research classifying Arabic sentiment
data, Grid Search successfully optimized model parameters and improved performance in handling various classification cases [10].
Moreover, recent research on handling high-dimensional data in stunting cases in Samarinda City also shows that Grid Search is effective
for parameter optimization in SVM models with various kernels. This method can find the best parameter combination, improve SVM
model performance, and produce more accurate predictions [11].

Other parameter optimization techniques, such as Particle Swarm Optimization (PSO), can also be considered. PSO is an optimization
algorithm introduced by Kennedy and Eberhart in 1995 [12], inspired by the social behavior of animal groups, where particles move
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within the search space to find the optimal solution by updating their position and velocity through iterations until the desired solution or
iteration limit is reached [13][14]. Both Grid Search and PSO can enhance model accuracy. Previous research indicates that the use of
PSO can be more efficient in exploring large parameter spaces, making it a faster and more effective alternative in the search for optimal
solutions [15][16].

This research aims to compare the performance of SVM in classifying ASD using three optimization techniques: PCA, PSO, and Grid
Search. The data used includes autism screening data for various age groups. The performance comparison will be based on metrics such
as accuracy, precision, recall, F1-Score, and AUC, with the goal of finding the most effective optimization method for improving SVM
model performance.

2. Research Method

The research methods used in this study are data collection, data preprocessing, data dimension reduction to two types of ratios, namely
80:20 and 70:30, followed by model implementation and model testing, and ended by model evaluation to analysis to draw final
conclusions. The model is built in the Gcolab environment. The following on Fig. 1 is an overview of the research flow

Data retrieving

Data Dimension Reduction Test Data
Using PCA
Data Pre Processing Data Suﬂg ?g};;g)(so:zo Train Model SVM
Without Data Dimension Train Model

Reduction Train Data SVM + Gridsearch Test/Evaluate each Model
Train Model Comparative Analysis and
SVM + PSO Evaluation of Results

Conclusion

Fig. 1: Research Workflow

2.1. Datasets

The data used in this study was obtained from the autism screening dataset, which is available at the UCI Machine Learning Repository. This dataset
consists of three files, each based on a specific age group (children, adolescents, and adults), and each file is in CSV format. The details of the datasets
utilised are delineated in Table 1.

Table 1: Datasets Overview

Characteristic | Children | Adolescents Adults
Number of Data 292 104 704
Number of Atributes 20 20 20
Missing Value 4 0 2
Age Ranges 4-11 Years 12-17 Years 18-65 Years

The total amount of data utilised in the study was approximately 1100 entries. The dataset itself includes attributes as outlined in table 2, such as :
Table 2: Datasets Atributes

ID Atribut | Atribut | Tipe
1 Age Number
2 Gender String
3 Ethnicity String
4 Jaundice Boolean (yes or no)
5 Family Members with PDD Boolean (yes or no)
6 Who Completed the Test String
7 Country of Residence String
8 Have Used Screening Application Before Boolean (yes or no)
9 Type of screening test Integer (0,1,2,3)
10-19 Answers to 10 Screening Questions Binary (0, 1)
20 Screening Score Integer

The screening question is the AQ-10, otherwise known as the Autism Spectrum Quotient -10. The AQ-10 is a screening tool that was developed by
researchers in Cambridge in 2001 for the purpose of detecting early indications of autism in children, adolescents, or adults. The 10 questions evaluate
aspects of an individual's social behaviour associated with autism [17].
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2.2. Data Preprocessing and Data Dimension Reduction

The preprocessing stage in this study consists of handling missing values using standard deviation, encoding non-numeric data to numeric, and rectifying
the labels of age ranges or categories that are not yet neat. This is to ensure that the data can be processed by the classification model at a later stage. The
data was then reduced using PCA with a 95% threshold, resulting in 17 attributes from the initial 20 attributes. This process guarantees that the projected
data form retains the majority of the information from the original dataset in a lower dimension [18]. The two forms of data were then separated into two
ratios, 70:30 and 80:20 for training and test data, resulting in four types of data that could be utilised.

2.3. Model Implementation and Scenario Testing

Three model scenarios are employed, firstly, standard SVM without parameter optimisation, secondly, SVM with parameter optimisation using
Gridsearch, and thirdly, SVM with parameter optimisation using PSO. Following the completion of the model, a total of 12 test scenarios are conducted.
This scenario is obtained from training and testing each type of model on the four types of data utilised. Subsequently, an analysis will be conducted of the
evaluation results of the scenario, which will then be compared with the effect of each optimisation. This will be undertaken in order to ascertain the most
optimal combination from several perspectives, including accuracy and computation time.

3. Result and Discussion

Tests have been conducted using a total of three scenario models: namely, standard Support VVector Machine, Support Vector Machine with Gridsearch,
and Support Vector Machine with PSO.

Tests conducted on the Multi-Class Classification, where labels are separated into child_yes and child_no categories, as well as adolescent_yes and
adolescent_no categories, and adult_yes and adult_no categories, allow for a more in-depth and thorough investigation of whether or not a person has
ASD. The overall analysis of each model was conducted based on the following metrics: accuracy (Acc), recall (Rec), precision (Prec) and f1-score (F1
Score). The relevant equations are given below:

N¢ @

Acc = —
P

where N and Np are the number of correct predictions and the total number of predictions or total data, respectively.

T

Rec=—>
ec (T,7 F) )
T (©)
Prec= P
(T, +Fp)
2* Prec*Rec @
F1- -——
Score PrectRec

where T,,, F, and Fyy represent the number of positive data that are correctly predicted positive, the number of negative data that are incorrectly predicted

positive, and positive data that are incorrectly predicted negative, respectively. These figures are derived from the prediction outcomes of the modelling
technique employed.

Furthermore, additional metrics such as the Area Under the Curve (AUC) are utilised to evaluate the model's capacity to differentiate between classes.
Avrea under the curve (AUC) is obtained from the ROC (Receiver Operating Characteristic) curve, which is formed from the true positive rate (recall)
against the false positive rate at various probability threshold values. The probability values in question are derived from the model's prediction output,
rather than the final label (0 or 1), and consequently, the ROC and AUC assess the model's performance in all possible decisions. The closer the AUC
value is to 1, the greater the model's capacity to differentiate between positive and negative classes.

3.1. Classification Model Evaluation Results
The following in table 3 is the evaluation data of model testing results for the use of data divided by a ratio of 70:30 training and test data.

Table 3: Evaluation Results for Model using 70:30 Rasio Data

Model Combination threiﬁcﬁd% Data Rasio Accuracy Precision Recall F1 Score AUC
SVM Non PCA 70:30 0,979 0,981 0,979 0,979 0,985
SVM+GridSearch Non PCA 70:30 0,979 0,981 0,979 0,979 0,993
SVM+PSO Non PCA 70:30 0,979 0,981 0,979 0,979 0,995
SVM 95 70:30 0,904 0,907 0,904 0,903 0,965
SVM+GridSearch 95 70:30 0,904 0,909 0,904 0,904 0,965

SVM+PSO 95 70:30 0,907 0,908 0,907 0,906 0,967
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The results of the evaluation matrix demonstrate that the accuracy of models utilising unreduced data or PCA produces equivalent evaluation metrics.
This is due to the fact that the parameters utilised in the training of the three models are identical. It is notable that the parameters obtained by the
evaluation results are consistent. In the case of models that utilise reduced data via PCA, a substantial decline is observed in comparison to the preceding
three models. Nevertheless, the implementation of SVM + PSO with PCA data yields superior outcomes in terms of evaluation metrics when compared
to alternative model types. This finding is consistent with the research conducted by Raghunath, which demonstrates that the integration of PCA and PSO
in SVM can enhance the classification accuracy of intrusion detection systems when compared to conventional methods [19]. In a similar vein, a study by
Atteia revealed that the PCA-PSO-SVM approach yielded higher diagnostic accuracy for blood cancer compared to the use of PCA or PSO methods in
isolation [20].

Furthermore, when evaluated from the AUC value of each model, all models utilising non-PCA data exhibited elevated AUC, with SVM+PSO
demonstrating the highest performance, followed by SVM+GridSearch and standard SVM. Conversely, when the data is reduced using PCA, the AUC
exhibits a marginal decline; nevertheless, the SVM+PSO model continues to demonstrate superior performance, attaining an elevated AUC value in
comparison to the other two models. This finding indicates that the combination of PCA and PSO can potentially maintain overall classification
performance, particularly in terms of the trade-off between data dimensionality and model predictive ability.

The subsequent section of Table 4 presents the evaluation data pertaining to the model test results, wherein the utilisation of data has been divided into a
ratio of 80:20, encompassing training and test data, respectively.

Table 4: Evaluation Results for Model using 80:20 Rasio Data

PCA

Model Combination Data Rasio Accuracy Precision Recall F1 Score AUC
threshold%
SVM Non PCA 80:20 0,982 0,983 0,982 0,982 0,996
SVM+GridSearch Non PCA 80:20 0,982 0,983 0,982 0,982 0,997
SVM+PSO Non PCA 80:20 0,982 0,983 0,982 0,982 0,997
SVM 95 80:20 0,900 0,905 0,900 0,900 0,965
SVM+GridSearch 95 80:20 0,878 0,887 0,878 0,880 0,960
SVM+PSO 95 80:20 0,901 0,874 0,900 0,875 0,928

Based on the test results in the above table, the results are broadly similar to those in the model using 70:30 data. For the model using 80:20 data without
dimensionality reduction via PCA, accuracy increases, whereas for the model using PCA, accuracy decreases compared to the previous 70:30 ratio. This
demonstrates that the impact of PCA on model performance can vary depending on the data sharing ratio. This finding is consistent with research by
Shaufee, which showed decreased accuracy at an 80:20 ratio compared to a 70:30 ratio. Even when different parameters were used, the accuracy
decreased, indicating that the data sharing ratio affects model performance, particularly when PCA is used [21].

Additionally, examining the AUC value of each model reveals that all models using non-PCA data exhibit high AUC values. SVM+PSO and
SVM+GridSearch exhibit similar values, followed by standard SVM. These higher AUC values are consistent with the results of the study by Saputra et
al., which showed that the SVM-PSO model performed better than ordinary SVM, particularly in terms of AUC, after parameter optimisation [22].
Meanwhile, in data reduced by PCA, the AUC decreased significantly in all SVM + PSO models. A decrease in the AUC of the SVM+PSO model of
about 39% between the 70:30 and 80:20 ratios indicates that a larger data ratio can reduce predictive ability. However, SVM and SVM+GridSearch did
not experience a decrease in the AUC. This suggests a trade-off between dimensionality reduction and model predictability: SVM+PSO performance
degrades.

3.2. Performance Comparison of Each Type of Model

For further comparison, the accuracy results obtained previously are compared with those of the model using PCA-reduced data with
different thresholds (90 and 99) to gain more insight into the effect of the PCA dimension reduction threshold on the model's
performance. The following line diagram is based on the split ratio and type of data used. The diagrams are grouped based on the model
used.
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Fig. 2: Accuracy performance line diagram of the SVM model

Figure 2 shows similar results for the two lines. The model's accuracy is shown using standard data without dimensionality reduction. At
certain points, the 70:30 data ratio is more accurate than the 80:20 ratio, particularly when the data is reduced using PCA with a threshold
of 90. The model without PCA achieves the highest accuracy, at 0.979 for the 70:30 ratio and 0.982 for the 80:20 ratio. Using PCA with
a threshold of 99% reduced the accuracy to 0.946 for both ratios. Further reductions in the threshold to 95% and 90% resulted in a
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further decrease in performance, reaching 0.904 and 0.889 for the 70:30 ratio and 0.900 and 0.896 for the 80:20 ratio, respectively. This
demonstrates that the lower the PCA threshold, the more information is lost, resulting in decreased accuracy.

SVM GRIDSEARCH (data 70:30 dan data 80:20)
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Fig. 3: curacy performance line diagram of the SVM Gridsearch model

A similar pattern of performance degradation is also shown in the accuracy results of the SVM model with Gridsearch in Figure 3. The
highest accuracy is still found in the model without PCA (0.979 and 0.982), whereas the accuracy with the 99% PCA threshold decreases
to 0.946. The 95% and 90% thresholds resulted in a more significant drop: even with an 80:20 data ratio, the accuracy only reached
0.882 and 0.878 respectively. This reinforces the conclusion that Gridsearch works optimally with non-PCA data, while using PCA
considerably impacts accuracy despite more efficient computing time. Research by Alaika and Alamsyah also supports these findings:
the combination of SVM and correlation-based feature selection improves accuracy [23]. However, based on the results obtained, the use
of dimension reduction techniques such as PCA needs to be carefully reconsidered.

SVM PSO (data 70:30 dan data 80:20)
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Fig. 4: curacy performance line diagram of the SVM PSO model

Figure 4 also shows the previous pattern, where the highest accuracy is achieved by not using PCA (0.979 and 0.982). Using a 99% PCA
threshold resulted in a slight decrease (0.940 and 0.941), whereas using a 95% threshold resulted in a more pronounced decrease (0.907
and 0.901), as did using a 90% threshold (0.895 and 0.891). However, compared to previous GridSearch models, accuracy increased by
about 6-9% at the 95% threshold and 14-18% at the 90% threshold for the 70:30 ratio, and by about 6-9% at the 95% threshold and 14—
18% at the 90% threshold for the 80:20 ratio. This demonstrates that the ratio significantly impacts the application of PSO in determining
SVM classification parameters.

Judging from the accuracy results obtained by using either PCA with different thresholds or no PCA in the previous description, the best
order of models for classification is Standard SVM, followed by SVM + PSO and finally SVM + GridSearch. Standard SVM
demonstrates stable and accurate performance in various conditions, whereas SVM + PSO improves accuracy at several thresholds.
Meanwhile, SVM + GridSearch did not significantly increase accuracy, especially at the 95% and 90% thresholds, thus occupying last
place. Despite the variation in accuracy among the models, other evaluation metrics must be considered to make a final decision.

3.3. Comparison of Model Computational Time

In addition to the previously analysed performance metrics, other metrics such as computation time are also important considerations in determining the
best model combination. For this reason, the line chart below is presented to compare the computational time of each tested model, whether using PCA or
not.
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Waktu Komputasi Model (data 70:30 dan data 80:20)
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Fig. 5: Model computation timeline diagram

As can be seen from the graphs in Figure 5 above, the SVM model without PCA achieves the fastest computation times: 0.92 seconds for the 70:30 ratio
and 0.61 seconds for the 80:20 ratio. Using PCA with SVM reduces the computation time further to 0.22 seconds for the 70:30 ratio and 0.20 seconds for
the 80:20 ratio, demonstrating the efficiency of dimensionality reduction. However, combining SVM with optimisation techniques such as GridSearch
and PSO significantly increases the computation time. The SVM + GridSearch model without PCA takes 11.21 seconds for the 70:30 ratio and 16.43
seconds for the 80:20 ratio, whereas the computation time is slightly reduced to 9.40 seconds and 14.50 seconds, respectively, when PCA is used. The
computation time in the SVM + PSO model shows an even more drastic increase. Without PCA, it reached 67.69 seconds (70:30) and 92.92 seconds
(80:20). With PCA, it increased to 177.85 seconds (70:30) and 103.10 seconds (80:20). This demonstrates that combining PSO and PCA can result in
substantial computational overhead.

Overall, the standard SVM model offers the best balance of accuracy and time efficiency. While the SVM + PSO model improved accuracy in certain
PCA scenarios compared to GridSearch, it came with significantly higher computation time. Conversely, SVM + GridSearch tends to produce lower
accuracy than PSO at low thresholds and is not as computationally efficient as standard SVM or PCA. PCA has been proven to accelerate the
computational process by reducing dimensionality, which aligns with Jumato's findings that high dimensional complexity affects the efficiency and
accuracy of the model used [24]. Additionally, Manik's study found that, while the combination of SVM and PSO can improve accuracy, it requires more
computational time than other optimisation methods [25].

4. Conclusion

Based on the research conducted on Support Vector Machine (SVM) optimisation for autism spectrum disorder (ASD) classification
using principal component analysis (PCA), particle swarm optimisation (PSO) and grid search, several conclusions were obtained.
Firstly, the application of PCA with a 95% threshold was proven to significantly reduce the number of features and speed up the
computational process, albeit with a slight decrease in model performance compared to using the original data without reduction.
GridSearch was found to be more efficient than PSO in terms of both computation time and accuracy stability. The best configuration
was obtained for SVM without PCA, optimised using GridSearch, achieving an accuracy of 98.2% and an AUC of 0.997 at a data ratio
of 80:20. PSO produced almost equivalent accuracy but required much longer computation time, rendering it less efficient. Overall,
Gridsearch is recommended as the most effective parameter optimisation method for ASD classification using SVM, particularly when
time efficiency is a primary concern.
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