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Abstract

This paper addresses the critical challenges of managing stress in autistic children by introducing an innovative deployable system
designed to detect signs of stress through continuous monitoring of physiological and environmental indicators. The system,
implemented as a convenient portable detection system, measures key parameters such as heart rate, body temperature and skin
conductance. The data is accessed in real-time and displayed on the Blynk application with an IoT system and viewed remotely via an
Android device, allowing caregivers to receive instant notifications upon detection of potential stress symptoms. This timely alert system
enables rapid intervention, potentially reducing stress intensity and providing peace of mind to caregivers. The study further compares
three powerful data analysis methods namely Support Vector Machine (SVM), K-nearest neighbors (KNN) and Random Forest (RF) in
interpreting the collected sensor data. The SVM-based system achieved a fairly good detection accuracy of 90%, KNN also showed
excellent results of 92% while the Random Forest-based system showed superior performance with an impressive accuracy of 95%.
These findings suggest that the Random Forest method exhibits a superior level of effectiveness in accurately predicting the onset of
stress conditions., providing the importance for technological advancements that can be applied in supporting better management of
autism-related behavioral defenses.
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1. Introduction

Stress can easily arise during childhood and adolescence. Young people facing tough situations, like losing a parent, experiencing family
divorce, or dealing with bullying, often struggle with their mental health [1]. The impact of stress can extend beyond emotions,
influencing both psychological and physical well-being [2]. It may interfere with growth, metabolism, reproductive health, and immune
function. Moreover, stress can lead to changes in behavior. Children with autism, for instance, can also feel the effects of stress in their
daily lives [3]. Autism is marked by challenges in verbal and non-verbal communication, along with repeated movements [4]. This study
revealed that autism tends to be diagnosed more often in male individuals than female individuals [5].

Recent developments have resulted in systems designed to detect early signs of stress through the monitoring of physiological responses
and environmental sound analysis [5]. For example, stress detection systems that include factors such as blood pressure, heart rate, and
body temperature have shown potential [6]. This paper presents an innovative portable system detection created to identify preliminary
stress indicators in children with autism by integrating sensors that track heart rate, body temperature, skin conductance, and surrounding
noise levels [7]. The system utilizes Internet of Things (IoT) technology to offer real-time data accessibility through a smartphone app,
which enhances the ability of caregivers to respond quickly [8]. Machine Learning (ML), a branch of artificial intelligence, enables a
system to learn patterns from data and gradually improve its performance over time without requiring explicit programming [9-10]. This
capability is especially useful in classifying and predicting complex patterns, such as those associated with Autism Spectrum Disorder
(ASD) [11]. Recent studies have investigated various ML methodologies to enhance the precision and effectiveness of ASD diagnostics.
For example, Alfita Khairah et al. [12] employed a diverse range of ML algorithms, achieving prediction accuracies of 94% with
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Logistic Regression (LR) . Likewise, Stewart et al. [13] devised an algorithm to assess the urgency of mental health services for children
with ASD, using decision tree models to effectively recognize and prioritize service requirements.
In a separate study [14] The results of this study also indicate that the use of wearable technology has proven to be feasible and effective
in detecting stress. The developed stress classification model achieved an accuracy rate of 92% and demonstrated a significant correlation
between physiological parameters and directly observable symptoms. Responses from caregivers reinforced these findings, with 85% of
respondents stating that the device helped them manage stress-causing stimuli and tantrum behavior. However, several challenges
remained, particularly regarding the device's adhesion and comfort when used by younger children, necessitating further development to
improve the device's durability and comfort, Pergantis et al. [15] Applying nested cross-validation to 76 sample periods (consisting of 38
rest periods and 38 stress periods), LR and SVM algorithms were trained and evaluated to classify each validation sample into the rest or
stress category. The evaluation results showed that the SVM model achieved 93% accuracy, while the LR model achieved 87% accuracy.
While the system effectively showcased its capabilities in a controlled setting, the testing was restricted to neurotypical children and did
not involve classification or comparative analysis [16]. The employment of fuzzy logic in this research presents various limitations that
warrant consideration. Firstly, the complexity of design poses a challenge, as the formulation of suitable fuzzy rules and membership
functions necessitates comprehensive knowledge of the analyzed system. Moreover, the accuracy of outcomes is heavily influenced by
the quality and selection of input parameters; inaccuracies in the input data will also compromise the results obtained [16]. Conversely,
the current research expands upon this foundation by applying the identical sensor-based system to children with ASD and integrating
machine learning classifiers such as SVM, KNN ,and RF to identify early stress signals in children with ASD. This study presents an
innovative method by specifically targeting tantrum behavior, a prevalent but often overlooked facet of ASD.
The objectives of this study are as follows:
1. To develop a comprehensive classification system for detecting stress conditions in autistic children using physiological data such as
heart rate, body temperature, and skin conductance.
2. To improve the classification performance by comparing and evaluating the effectiveness of SVM, KNN, and RF algorithms in
accurately identifying early signs of stress or normal conditions.

This study utilized learning algorithms, including SVM, KNN, and RF, to maximize the effectiveness of each approach in classifying
tantrums. In this study, the performance of the three methods was analyzed using evaluation metrics, including precision, recall, F1-
score, and accuracy, to identify the most optimal algorithm for detecting tantrums. Furthermore, this study also discussed the potential of
real-time physiological monitoring to support rapid and appropriate interventions, which in turn could improve the quality of life for
children with ASD and their families..

2. Literature Review

Literature that describes the main stages in Stress, SVM Classification, KNN, Random Forest and Confusion Matrix as explained below:

2.1. Stress

According to the American Psychological Association, stress can be classified into three main categories, namely acute stress, acute
episodic stress, and chronic stress. [16]. Stress can lead to a range of health problems, such as hypertension and headaches [13]. During
pregnancy, stress may affect fetal brain development and elevate the risk of autism [17]. Children diagnosed with autism may experience
seizures and have self-harming behaviors due to increased anxiety [18]. Stress causes physiological changes, including variations in heart
rate, body temperature, and skin conductance [8], [11]. Tables 1 and 2 illustrate the distinctions between typical children and those with
autism. Typical children generally maintain a heart rate between 60-100 BPM, a body temperature of 36-37°C, and a skin conductance of
2-4 uS, whereas children with autism frequently display a heart rate of 70-110 BPM, a body temperature of 37-38°C, and a skin
conductance of 1-3 [18].

Table 1. Changes Parameters in Normal Children
Condition Heart Rate (BPM) Body temperature (°C)  Skin Conductance (uS)

Normal 60-100 36-37 2-4
Stress 100-120 32-36 4-6

Table 2. Changes Parameters in Children with Autism
Condition Heart Rate (BPM) Body temperature (°C)  Skin Conductance (uS)

Normal 70-110 37-38 1-3
Stress 110-130 33-37 3-5

2.2. Support Vector Machine (SVM)

SVM is a supervised machine learning technique widely used in various classification and regression problems [19]. In the context of
classification, SVM work by finding an optimal separating hyperplane that can distinguish data into two different classes with the
maximum separation distance or margin. This margin is defined as the shortest distance between the hyperplane and data points from
each class, known as support vectors. By maximizing the interclass margin, SVM aims to improve the model's ability to generalize to
new, previously unseen data, thereby minimizing the risk of overfitting [19]. SVMs work by finding the optimal hyperplane that
maximizes the separation margin between classes, thereby improving generalization and reducing the risk of overfitting. Kernel functions
enable SVMs to handle non-linearly distributed data by transforming it into higher-dimensional spaces. Previous literature has
extensively discussed the theoretical power and applications of SVMs in areas such as EEG signal processing and medical diagnosis.
However, there is limited research directly applying SVMs to detect real-time stress in autistic children, particularly by incorporating
multiple physiological parameters. This study extends this approach with a practical implementation and performance evaluation of
SVMs in this context. One of the main advantages of SVM is its ability to efficiently solve binary subscripts, especially when the data is
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not linearly separable. In such situations, SVM uses a kernel function to transform the original feature space into a higher-dimensional
space, thus enabling the search for an optimal separating hyperplane. This kernel function has various variants, including linear,
polynomial, radial basis function (RBF), and sigmoid kernels, the selection of which is adjusted to the data distribution pattern being
analyzed. Although SVM is primarily designed for two-class classification, this algorithm can be adapted to handle multiclass
classification problems through strategies such as one-vs-one or one-vs-all. This makes SVM a flexible method and is widely applied in
various fields, including pattern recognition, bioinformatics, EEG signal processing, and data-driven diagnostic systems. With a robust
mathematical approach and good performance on high-dimensional data and a limited number of samples, SVM remains one of the
popular algorithms in the development of modern classification systems [20].

2.3. K-nearest neighbors (KNN)

KNN is one of the most frequently used supervised machine learning algorithms in classification tasks, although it also has applications
in regression problems [21]. KNN works by measuring the distance between test data and a number of its nearest neighbors in the
training dataset. Despite its simplicity and non-parametric nature, selecting the right k value significantly determines model performance.
The literature often cites KNN's advantages in terms of interpretability and flexibility to complex data distributions. However, limitations
such as computational inefficiency on large datasets and sensitivity to irrelevant features remain challenges. This study re-evaluates the
effectiveness of KNN in a controlled scenario with limited but structured physiological data, providing new insights into its application
in wearable-based stress detection systems. In the context of classification, this algorithm determines the class of a test dataset based on
the majority class of its k nearest neighbors. In regression, predictions are made by calculating the average value of these neighbors.
Therefore, selecting the correct k value has a significant impact on model performance and accuracy. KNN advantages lies in its non-
parametric nature it does not assume a specific distribution for the data being analyzed. This makes KNN highly flexible for use on data
with complex or previously unknown distribution characteristics. Furthermore, KNN is also categorized as an instance-based learning
method because the prediction process is performed by directly referring to stored data instances, rather than through a parameter
learning process, as in other predictive models. KNN is often categorized as a lazy learner or passive learner algorithm because it does
not carry out an explicit training process during the training phase. Instead of actively building a predictive model, KNN stores all
training data and only performs distance calculations and decision-making during the classification process [22]. This approach has the
advantages of simplicity and interpretability. Still, it can also be computationally inefficient, especially when faced with large datasets,
because the entire training data must be accessed each time a prediction is made.

2.4. Random Forest (RF)

RF is an ensemble learning technique widely used in classification and regression tasks. This algorithm works by simultaneously
building multiple decision trees during the training process. This method improves accuracy and generalizability by reducing variance
through random feature selection and a voting mechanism. The literature confirms RF robustness to noise and data continuity, making it
a popular method in biomedical applications. Despite its frequent use, there are few studies comprehensively comparing RF with other
models in real-time stress classification in children with ASD. This study fills this gap by providing empirical evidence of RF superior
performance in this setting [23]. The final prediction is then determined based on the mode (majority class) of all trees for classification
tasks, or the mean value for regression tasks [23][24]. This approach aims to improve prediction accuracy and stability by combining the
strengths of many weak learners into a single, stronger model (strong learner). The process of building a Random Forest begins with the
creation of several bootstrap samples from the original dataset. This bootstrap technique involves random sampling with replacement
until a new dataset is formed. Typically, the RF algorithm generates hundreds of trees, and in everyday practice, around 500 trees are
used to achieve stable results [25]. Interestingly, because the sampling technique uses replacement, approximately 63% of the original
data will appear at least once in each bootstrap sample. In contrast, the remaining unsampled data is referred to as out-of-bag (OOB) data
[26]. This OOB data is beneficial because it can be used to evaluate model performance without requiring separate validation data. Each
bootstrap sample is used to build a single decision tree, and during the tree formation process, only a small subset of features is randomly
selected for each split at the tree node. This strategy helps reduce correlation between trees and promotes diversity within the ensemble,
ultimately improving the model's generalizability to new data [27].

2.5. Confusion Matrix

The confusion matrix is a standard evaluation tool in classification models are evaluated by constructing the confusion matrix for test
data [28]. In addition, accuracy, sensitivity, and specificity are also measured for each model. The definitions for these matrices are as
follows :

TP
recall = (H
TP+FN
I TP
precision = (2)
accuracy = LS - 3
Y = TPAFN+EP4TN
Precision x Recall
F1=2= —/—— (4

Precision+ Recall

TP, TN, FP, and FN are True Positive (correctly predicted positive), True Negative (correctly predicted negative), False Positive
(incorrectly predicted positive), and False Negative (incorrectly predicted negative) [29].

3. Methods

The collected data was then classified using SVM, KNN, and RF algorithms. The performance of these models was evaluated using a
confusion matrix, with key metrics including precision, recall, accuracy, and Fl-score to determine the effectiveness of the system in
accurately identifying tantrum signals.
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3.1. Dataset

This study uses a dataset taken from a previous study conducted by Melinda et al. [16]. In this study, researchers designed and
implemented a fuzzy logic and Internet of Things (IoT)-based stress detection system specifically for children with autism spectrum
disorder. This system utilizes three primary physiological parameters: heart rate, body temperature, and skin conductance, which are
measured using the MAX30100, DS18B20, and GSR sensors, respectively. Data collection was carried out at the My Hope Special
Needs Center Foundation in Banda Aceh, involving five children with autism, consisting of three boys and two girls aged between 5 and
9 years. Each subject was tested 20 times at varying times between 15 and 30 minutes, resulting in a total of 100 physiological data
samples collected. Each sample contained information on heart rate measurements, body temperature, and skin conductance.

Through the fuzzy logic system designed in this study, each data set was classified into two conditions: normal and stressed, based on 64
fuzzy rules that combined the values of the three physiological parameters. Based on the classification results, 54 data sets were
categorized as stressed, while the remaining 46 were classified as normal. The range of values for stressed conditions, based on fuzzy
calculations, ranged from 52.99% to 75%, while the range for normal conditions ranged from 25% to 46.89% of the total detection scale.
This classified dataset was then utilized in our current study to conduct further analysis using machine learning-based classification
methods, including SVM, KNN and RF. The goal was to illuminate and compare the performance of these three methods in classifying
stressed and normal conditions in autistic children based on the same physiological parameters [16].

3.2. Support Vector Machine (SVM)

The workflow of a child stress detection system using the SVM method is presented in a flowchart that depicts the main stages of the
classification process based on children's physiological data. This diagram serves as a conceptual framework for explaining how
physiological data, such as heart rate, body temperature, and skin conductance[16] are processed to identify stress conditions early. For
more details, see Figure 1 below.
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Fig 1. Classification Process Using SVM Method

Based on Figure 1, the process begins with the collection of the child's physiological data, which is then divided into two parts 70% is
used as training data, and 30% as testing data. Training data is used to train the model using the SVM method for classification. After the
SVM model is trained, testing is performed on 30% of the unknown data to evaluate the model's performance. The SVM model is then
applied to detect stress based on the initial symptoms that appear in the child's physiological data. The classification results will indicate
whether the child's condition falls into the stress or calm category. After that, a system analysis and evaluation of the classification results
are carried out to ensure the accuracy and effectiveness of the model built.

3.3. K-nearest neighbors (KNN)

The following stages systematically describe the process of classifying stress conditions in children based on physiological data, using
the KNN method as the main algorithm. The following figure presents a flowchart that summarizes the workflow of a stress detection
system using this approach. The process begins with collecting the child's physiological data, which includes various parameters, the data
of which are taken based on research [16]. The following flowchart of the KNN classification is shown in Figure 2.
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The Figure 2 above illustrates the process flow for classifying stress in children based on physiological data using the KNN method. The
process begins with collecting the child's physiological data, which is then divided into two parts: training data and testing data, with
30% of the data used for testing. During the training phase, entropy and information gain calculations are performed to evaluate the level
of uncertainty and attribute contribution to the classification. Next, the data is processed using the KNN method, which calculates the
proximity between the test data and several nearest neighbors in the training data. The KNN model is then applied to detect stress based
on initial symptoms identified from the input data. The final result of this process is the classification of the child's condition into two
categories: stressed or calm. This flow demonstrates a systematic approach to analyzing physiological data to detect potential stress in
children more accurately and earlier.

3.4. Random Forest (RF)

The following figure shows a flowchart of the process of classifying stress conditions in children using the RF method. This diagram is
designed to comprehensively illustrate the systematic steps implemented in the study. It begins with initial data in the form of the child's
physiological information, such as heart rate, body temperature, and skin conductance, based on research [16]. The data is then processed
and divided into two parts: training data and testing data. For more details, see Figure 3.
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Fig. 3 Classification Process Using RF Method

In Figure 3, data is categorized using the Random Forest (RF) approach. RF creates a diagram resembling a tree structure with roots,
branches, and leaves. The root features a set of data attributes, branches contain decision-making rules and outputs from the results of the
splitting tests, while leaves represent class labels or final decisions. The classification process utilizes physiological data from the child's
test results with the system. The outcome of the RF classification process separates the data into two categories: tantrum and calm.
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4. Result and Discussion

4.1. Classification using SVM

At this stage, the data classification of stress detector measurement results in autistic children is carried out from the aspects of Heart
Rate (BPM), Body Temperature (°C) and Skin Conductance (uS) using the SVM classification method. Testing was carried out on 5
autistic children, each child was measured 20 times, so a total of 100 sets of physiological data were used in the analysis and testing of
the stress detection system. Data classification using this method is carried out based on the stages described in Figure 3, so that by using
the confusion matrix, the accuracy of the classification test obtained using the SVM method can be measured. The results of the
performance accuracy analysis can be seen in Figure 4.

Confusion Matrix

18

16

No Stress

14

12

True Label

Stress

No Stress Strless
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Fig 4. SVM accuracy results using the confusion matrix

Based on Figure 4, it can be seen that there are 17 data categorized as False Negative (FN), 1 data categorized as False Positive (FP),
19 data categorized as True Positive (TP), and 3 data categorized as True Negative (TN). From the 4 quadrant data, the accuracy value
of the SVM method is obtained as in Table 3.

Table 3. SVM Method Classification Accuracy Results
Precision Recall ~ F1-Score Accuracy

95% 86.36%  90.48% 90%

Based on Table 3, the classification performance using the SVM method showed very satisfactory results in detecting stress in children.
This model achieved an accuracy rate of 90.00%, meaning that out of every 100 cases, 90 were correctly classified. The high precision
value of 95.00% indicates that most optimistic predictions (children experiencing stress) were indeed accurate, making the possibility of
false positive prediction errors minimal. Meanwhile, the recall value of 86.36% indicates that the model is quite effective in recognizing
most stress cases, although some cases are still not detected (false negatives). With an Fl-score of 90.48%, the SVM model strikes a
good balance between accurately and comprehensively identifying stress cases. Overall, these results confirm that SVM is an effective
and reliable method for stress classification systems based on children's physiological data.

4.2. Classification using KNN

At this stage, the classification process of the stress detection data collected from autistic children is performed by analyzing three
physiological parameters: Heart Rate (BPM), Body Temperature (°C), and Skin Conductance (uS). The classification employs the KNN
algorithm to determine the stress levels. Measurements were conducted on 5 autistic children, with each child undergoing 20 sessions,
resulting in a total of 100 physiological data samples. The classification workflow adheres to the procedure outlined in Figure 2, which
includes preprocessing, feature analysis, and application of the KNN method. To evaluate the system's performance, a confusion matrix
was used, allowing for a detailed assessment of classification results. To assess system performance, a confusion matrix is used to
provide a detailed overview of the classification results. A visualization of the performance evaluation results using the KNN
classification algorithm is shown in Figure 5.
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Fig 5. KNN accuracy results using the confusion matrix
Based on Figure 5, it can be seen that there are 17 data categorized as False Negative (FN), 1 data categorized as False Positive (FP),

18 data categorized as True Positive (TP), and 4 data categorized as True Negative (TN). From the 4 quadrant data, the accuracy value
of the KNN method is obtained as in Table 4.

Table 4. KNN Method Classification Accuracy Results
Precision Recall ~ F1-Score Accuracy

95% 95.45%  93.33% 92.50%

Can be seen in Table 4, the classification results using the KNN method showed excellent performance in detecting stress in autistic
children. A precision of 95% and a recall of 95.45% indicate that the model accurately and comprehensively identifies stress conditions.
The Fl-score of 93.33% reflects the balance between precision and sensitivity, while the overall accuracy reaches 92.50%. With these
results, KNN is proven to be effective for stress classification based on children's physiological data.

4.3. Classification using RF

The classification process using RF begins with dividing the physiological data, with 70% used for training and the remaining 30% for
testing. During the training phase, several decision trees are generated, each of which is drilled using a random subset of the training data
through bootstrap sampling. During the branch formation process within each tree, features are randomly selected to ensure diversity
between trees and minimize the potential for overfitting. Each tree classifies the testing data on its own, and the overall classification is
decided by majority voting from all the trees. In contrast to a single decision tree, which uses all features and training data to create one
tree, the random forest's approach of employing multiple trees with random feature selection enhances its robustness and diminishes the
likelihood of overfitting, leading to more precise predictions. At this point, the classification of the measurement results from the early
tantrum symptom detector is performed using the random forest classification technique. The classification utilizes 100 data points from
5 children, consisting of 54 data points under stress conditions and 46 data points in normal conditions. The outcome of the performance
analysis using the RF classifier is presented in Figure 6.
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Fig 6. RF accuracy results using the confusion matrix
Based on Figure 6, it can be seen that there are 1 data categorized as False Negative (FN), 1 data categorized as False Positive (FP),

21 data categorized as True Positive (TP), and 17 data categorized as True Negative (TN). From the 4 quadrant data, the accuracy
value of the RF method is obtained as in Table 5.
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Table 5. RF Method Classification Accuracy Results
Precision Recall FI1-Score Accuracy

96% 96% 98% 95%

Based on Table 5, the classification results using the Random Forest (RF) method show very good performance. Precision and recall of
96% each indicate that the model is very accurate and reliable in detecting stress conditions. The high F1-score of 98% reflects the
optimal balance between precision and sensitivity. With an overall accuracy of 95%, the RF method has proven effective for stress
classification based on physiological data of autistic children.

4.4. Comparison Classification SVM,KNN and RF

In this study, three classification methods SVM, KNN, and RF were compared to detect stress in children with ASD based on
physiological data, including heart rate, body temperature, and skin conductance. The evaluation results showed that all three methods
performed well, although with varying degrees of effectiveness. The SVM method achieved 90% accuracy, indicating that the model is
quite reliable in classification. However, despite its high precision, the lower recall rate demonstrates that the SVM still misses some
stress cases that should have been detected. The KNN method achieved 92.5% accuracy, striking a balance between precision and
sensitivity in identifying stress conditions. This indicates improved performance in terms of correct case detection compared to the SVM.
The most significant improvement was achieved by the Random Forest method, which achieved the highest accuracy of 95%. The main
advantage of the RF method lies in its ability to combine multiple decision trees through an ensemble learning approach, thus
recognizing complex patterns in the data and effectively minimizing classification errors. Furthermore, RF is known to be more robust to
data noise and imbalanced data distribution, making it the most reliable method in this stress detection system.

This study successfully demonstrated a significant improvement in classification performance when using the Random Forest approach
compared to the SVM and KNN methods. The application of RF not only provided the highest accuracy but also provided greater
stability and efficiency in distinguishing between stress and normal conditions in autistic children. These results indicate that developing
and improving machine learning-based classification models, particularly through the integration of the Random Forest method, can
significantly enhance the accuracy of real-time physiological data-based stress detection systems..

Comparison of various studies related to this study, each using different models and techniques. Based on study [16] Previous
study using Fuzzy Logic successfully detected stress and normal conditions in 5 autistic children, utilizing 100 measurement data points
and 64 rules based on three physiological parameters. Although this system was able to distinguish between body conditions with a stress
percentage range of 52.99%—75% and normal conditions with a range of 25%-46.89%, quantitative evaluations such as accuracy or F1-
score were not provided, making its performance difficult to measure objectively. For comparison, this study employed SVM, KNN, and
Random Forest algorithms, evaluated using a confusion matrix, with results indicating superior statistical performance. Among the three,
Random Forest showed the most optimal results with an accuracy of 95% and an F1-score of 98%, making it the most effective method
for stress classification based on physiological data. Meanwhile, another study [30] divided stress levels into three categories—highly
stressed, moderately stressed, and not stressed—by first preprocessing the survey data. Various algorithms, including decision trees,
random forests, AdaBoost, gradient boosting, and other ensemble approaches, were employed to handle the minority class. An
oversampling technique was employed to address the dataset's imbalance. Model evaluation was conducted using several metrics,
including the confusion matrix, accuracy, precision, recall, and Fl-score. The results of this study demonstrated that an effective
ensemble learning model for academic stress classification achieved an F1-score of 93.14% and an accuracy of 93.48%. Five-fold cross-
validation also showed consistent performance with an accuracy of 93.45%. Based on several comparisons in previous studies, it can be
stated that the random forest method's accuracy in predicting stress in autistic children is very high, at 95%. This indicates that the study
is highly promising compared to previous studies, as its accuracy level is exceptionally high. Although the developed device
demonstrates accurate and accessible results in real-time, the sample size used in the testing remains limited, comprising only five
autistic children and a total of 100 measurement data points. This limitation can increase the risk of overfitting if the data is used to train
further machine learning models. Therefore, additional research is recommended, covering a wider range of subjects and with a larger
dataset, to ensure the model's generalizability and system specifications across a more representative population. Considering the
evaluation results outlined above, the objectives of this research were clearly and measurably formulated from the outset and consistently
addressed through the discussion of the classification results. This reflects a strong coherence between the formulation of objectives,
methods, and analysis of findings within the overall study structure.

5. Conclusion

This study demonstrates a strong coherence between the stated objectives and the achieved results. The objectives have been explicitly
formulated and are measurable, and they have been consistently analyzed throughout the discussion, thereby strengthening the logical
structure and scientific integrity of the entire study. This study shows the effectiveness of the SVM, KNN, and RF machine learning
methods in classifying stress conditions in autistic children based on physiological parameters, including heart rate, body temperature,
and skin conductance. The data used consisted of 100 measurement samples obtained from 5 autistic children, each of whom was
measured 20 times. Of the total data, 54 showed stress conditions, and 46 showed normal conditions. Among the three methods tested,
Random Forest showed the best performance with an accuracy of 95%, precision and recall of 96%, and an F1-score of 98%. These
results show the reliability and accuracy of RF in detecting stress. The KNN method followed with an accuracy of 92.5%, while SVM
had the lowest accuracy of 90%. When compared to the previous approach using Fuzzy Logic, which relies on 64 manual rules and does
not have a quantitative evaluation, the machine learning method, especially RF, proved to be more accurate, adaptive, and scalable.
Therefore, Random Forest is the most appropriate method for an intelligent and real-time stress detection system for children with
autism. Although the results are promising, several significant limitations should be noted. First, the data used is still limited, with only
100 samples from five participants, so the model's generalizability to the broader population cannot be guaranteed. Second, the
physiological parameters used are limited to three types, which may not fully represent the complexity of the stress response of autistic
children. Third, testing was conducted in limited laboratory conditions, so the system's effectiveness under real-world or dynamic
conditions has not been thoroughly tested. For future development, it is recommended to increase the number and diversity of subjects to
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strengthen the model's external validity. The addition of parameters such as respiratory rate, facial expression, or heart rate variability
could provide a more comprehensive picture of stress conditions. Furthermore, the real-time implementation of the system through edge
computing-based wearable devices, combined with the integration of adaptive learning to adjust to individual stress thresholds, could
enhance the accuracy and personalization of continuous stress monitoring. Further longitudinal research is also needed to test the
system's long-term robustness and reliability.
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