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 Stress identification based on electroencephalogram (EEG) signals has 

become a rapidly growing research topic, with the main approaches utilizing 

features from the frequency domain and time-frequency domain. This 

research aims to combine principal component analysis (PCA) and 

independent component analysis (ICA) for feature extraction to improve the 

accuracy of stress identification. Additionally, PCA+ICA features are 

reduced from 64 to 32 columns to optimize computational efficiency without 

losing important information from the EEG signal. The stress identification 

models used in this research include Ensemble, naive Bayes, and support 

vector machine (SVM). The data used are from the SAM-40 task Stroop 

color trials 1, 2, and 3. Experimental results indicate that the combination of 

PCA+ICA features improves accuracy only in the ensemble method. 

Reducing PCA+ICA features from 64 to 32 columns led to an improvement 

in accuracy only for Stroop trial 2 data with the naive Bayes method. 
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1. INTRODUCTION 

The electrical activity of the brain is commonly observed, measured, and recorded as voltage using 

electroencephalogram (EEG) signals [1], [2]. Stress has emerged as a major health concern in many 

developed countries, exerting a significant impact on both physical and mental well-being. It affects 

individuals across diverse professions and can contribute to or exacerbate disorders related to the brain, 

immune system, and endocrine system. Negative stress, in particular, triggers the release of triglycerides and 

cholesterol into the bloodstream, increasing blood flow and heart rate. Early-life stress has been linked to 

migraines and reduced physical activity, while long-term stressors are associated with cardiac dysfunction. 

Because stress is a key determinant of both physical and mental health, accurately identifying stress levels is 

critical in fields such as healthcare, psychology, and occupational performance [3]–[5]. EEG has proven to be 

an effective method for detecting stress [6]–[8]. By recording the brain’s electrical activity, EEG provides 

valuable insights into an individual’s physiological condition. However, EEG signals are inherently high-

dimensional, often containing redundant information, which increases computational complexity and may 

reduce classification performance [9]–[11]. To address this challenge, feature reduction plays a vital role in 

improving both the efficiency and accuracy of EEG-based stress analysis. 

Principal component analysis (PCA) and independent component analysis (ICA) are two widely 

used methods for EEG feature reduction and extraction [12]. PCA reduces data dimensionality by retaining 

components that account for the greatest variance, thereby minimizing redundancy and noise. ICA, on the 

https://creativecommons.org/licenses/by-sa/4.0/
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other hand, extracts statistically independent components, which can improve data quality by isolating 

meaningful signal sources [12], [13]. Both methods have shown effectiveness in enhancing EEG analysis for 

stress classification, yet their combined potential remains underexplored. Previous research has employed a 

variety of EEG feature extraction methods, including statistical measures from the time domain, wavelet-

based features from the time-frequency domain [14], frequency domain features extracted from five-channel 

EEG signals, and hybrid deep learning approaches utilizing the discrete wavelet transform (DWT) [15]–[17]. 

EEG has also been extensively applied in related domains such as epilepsy detection, sleep stage 

classification, emotion recognition, and stroke diagnosis [18]–[20]. These works highlight the versatility of 

EEG in biomedical and computational applications [21]–[24]. Despite these advances, EEG data processing 

continues to face major challenges, including signal noise, inter-individual variability, and the complexity of 

brain wave patterns [25]–[29]. To mitigate these issues, researchers have applied preprocessing techniques to 

remove noise and artifacts [30]–[33]. While many researchers have relied on frequency and time-frequency 

domain features to identify stress, these methods often struggle with high-dimensional complexity, limiting 

their accuracy and efficiency [34], [35]. 

This research addresses these limitations by proposing a hybrid feature extraction framework that 

integrates PCA and ICA for EEG-based stress classification. PCA reduces dimensionality by capturing global 

variance patterns, while ICA complements this by isolating independent signal sources. The integration of 

both methods is expected to produce a more compact, informative, and robust representation of EEG signals, 

preserving critical features while minimizing redundancy. This, in turn, can improve the performance of 

machine learning classifiers, particularly algorithms such as naive Bayes, which are sensitive to high-

dimensional data. 

While both PCA and ICA have been extensively researched in isolation for EEG-based stress 

analysis, there is a notable lack of systematic research exploring their combined use for multi-level stress 

classification. Addressing this gap, the present research introduces a PCA+ICA hybrid approach to 

simultaneously enhance classification accuracy and computational efficiency. Prior work has shown that 

combining PCA and ICA can yield richer feature representations and improved classification performance in 

EEG-related tasks such as emotion recognition [34], [35]. However, their application in multi-level stress 

classification remains largely unexamined. 

Therefore, this research contributes to the field by systematically evaluating a hybrid PCA+ICA 

framework for feature reduction in EEG-based stress detection. The proposed method aims to minimize 

redundancy and dimensionality while preserving critical information, thereby improving both computational 

efficiency and classification accuracy. Table 1 summarizes the methodological differences between previous 

research and our approach, highlighting how the integration of PCA and ICA advances the current state of 

EEG-based stress classification research. 

 

 

Table 1. Comparison of previous research and the proposed research 
Aspect Previous researches This research (proposed) 

Feature extraction technique PCA only [12], ICA only [35], wavelet 

transform [16] 
Combined PCA+ICA 

Use of PCA Applied for dimensionality reduction to 

preserve variance [12] 
Used to reduce dimensionality and 

integrated with ICA for enriched feature 
representation 

Use of ICA Mainly used for artifact removal or signal 

separation [35] 
Used as a parallel feature extractor, 

merged with PCA before classification 
Stress classification level Primarily binary classification tasks (stress vs. 

no stress) [13], [23] 
Multi-level stress classification across 

three Stroop trials 
Dimensionality reduction 

strategy 
Fixed feature sets or PCA-only reduction [12]; 

no integration or correlation-based selection 
Correlation-based selection from merged 

PCA+ICA features (reduced from 64 to 

32 columns) 
Evaluation dataset DEAP, arithmetic EEG tasks [25]; other non-

Stroop datasets 
SAM-40 dataset using Stroop color-word 

task [36] 
Classification models Support vector machine (SVM) [13], k-nearest 

neighbor (KNN) [30], deep learning 

(multilayer perceptron, convolutional neural 

network, long short-term memory) [16] 

Ensemble, naive Bayes, and SVM applied 

on PCA, ICA, and combined PCA+ICA 

feature sets 

Novelty Focus on single-method feature extraction; no 
systematic integration of PCA and ICA 

First to systematically evaluate the 
PCA+ICA combination for EEG-based 

multi-level stress classification 

 

 

However, there is a lack of systematic researches that integrate PCA and ICA for multi-level stress 

classification using EEG signals, particularly focusing on both dimensionality reduction and independent 



Int J Adv Appl Sci  ISSN: 2252-8814  

 

Analysis of feature reduction for identifying stress levels electroencephalogram (EEG) signal … (Setyorini) 

1139 

feature extraction to enhance classification accuracy and computational efficiency. To address these 

limitations, this research contributes by: 

– Combining PCA and ICA for feature extraction aims to obtain a more optimal and informative 

representation of EEG features. Although both are widely used, PCA may fail to capture non-linear or 

class-specific features [1], while ICA assumes statistical independence among sources and does not 

provide an inherent ranking of components [3], [4]. Therefore, this research integrates PCA and ICA to 

leverage their complementary strengths and enhance EEG-based stress classification. 

– Reducing the number of features generated by PCA and ICA from 64 to 32 columns, enhancing 

computational efficiency while preserving critical information from the EEG signal. The combination of 

PCA and ICA leverages the strengths of both techniques, dimensionality reduction through principal 

components and separation of statistically independent sources, resulting in more informative and 

discriminative EEG features for stress classification tasks. 

 

 

2. METHOD 

This subsection describes the research method and dataset employed in this research.  

The methodology is designed to ensure that the proposed hybrid extraction feature PCA+ICA framework for 

EEG feature reduction can be systematically implemented and evaluated. It outlines the stages of data 

acquisition, feature extraction, and classification, providing a clear overview of how the research objectives 

are addressed. 

 

2.1.  Dataset 

This research utilizes EEG data from the publicly available SAM-40 dataset [36], which includes 

recordings from 40 participants. Each participant completed a series of cognitive tasks, including the Stroop 

color-word test, which is specifically used in this research to induce varying levels of mental stress.  

The Stroop task is divided into three trials, each lasting 25 seconds, where participants are required to 

identify the color of words that may or may not match their semantic meaning, a task known to elicit 

cognitive interference and stress. EEG signals were recorded using a 32-channel Emotiv Epoc Flex gel kit 

with a sampling rate of 128 Hz. The electrode placement follows the international 10-20 system, and the 

recorded channels include: Cz, Fz, Fp1, F7, F3, FC1, C3, FC5, FT9, T7, CP5, CP1, P3, P7, PO9, O1, Pz, Oz, 

O2, PO10, P8, P4, CP2, CP6, T8, FT10, FC6, C4, FC2, F4, F8, and Fp2 as shown in Figure 1. 

 

 

 
 

Figure 1. Electrode positioning with 32 electrodes 

 

 

During data acquisition, participants were seated in a quiet room and instructed to minimize 

movement to reduce artifacts. Prior to the experiment, all subjects provided informed consent, and the 

research protocols were approved by the respective institutional ethical review board. EEG signals were 

recorded continuously while the participants performed each Stroop trial, and the corresponding stress levels 

were labeled based on task type and difficulty. The resulting dataset consists of a total of 120 EEG recordings 

(40 subjects×3 Stroop trials), each with 32-channel time-series data and a corresponding stress level 

classification (low, moderate, and high), which are used as ground truth labels for supervised learning. 
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2.2.  Proposed method 

Explanation of Figure 2 is the stages of this research proposal: 

– EEG data acquisition: EEG data is obtained from a publicly available dataset. This research specifically 

utilizes Stroop color-word EEG data from trials 1, 2, and 3. 

– Feature extraction: methods such as ICA and PCA. The EEG data, recorded from 32 channels, results in 

32 columns per feature extraction method (PCA and ICA). When combined, the PCA+ICA feature set 

consists of 64 columns. 

– Feature reduction to enhance computational efficiency: feature reduction is conducted using the 

correlation method in (1). The 64 extracted feature columns are reduced to 32 columns by selecting 

those with the highest correlation values. 

– Stress classification: stress levels are classified into high and low categories as defined in Table 1.  

The classification process employs Ensemble [37], naive Bayes [38], [39], and SVM algorithms. 

 

 

 
 

Figure 2. Stages of research 

 

 

𝑟𝑥,𝑦 =
𝑛∑𝑥𝑦−(∑𝑥∑𝑦)

√((𝑛∑𝑥2)−(∑𝑥)2)((𝑛∑𝑦2)−(∑𝑦)2)
 (1) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝑇𝑁+𝐹𝑁
 (2) 

 

Each column of the PCA+ICA feature 𝑥 is calculated for correlation with stress levels (𝑦)  
(high and low). This research uses a combination of PCA and ICA features to optimize data representation by 

reducing dimensions while extracting more informative features. Most previous researches on the feature 

extraction process use PCA [12], multi-domain in the time domain, frequency domain, time-frequency 

domain [40], and wavelet [15], [16]. The difference between this research and the previous ones is combining 

PCA features with ICA, with a total of 64 columns, reducing the columns to 32 to increase accuracy in 

identifying stress. PCA performs feature extraction based on eigenvalues and eigenvectors of the covariance 

matrix. ICA is used to decompose mixed signals into more independent components by finding non-Gaussian 

transformations that maximize statistical independence between features, and more independent components 

can be used as the main features. Several previous studies of stress identification used the KNN method [31], 

SVM [30], and naive Bayes [13]. Based on previous research, the method that has high accuracy to determine 

stress is SVM, so this research uses SVM, naive Bayes, and Ensemble methods. Statistical learning theory, 

founded on the principle of structural risk minimization, is applied in SVM. Based on given labels, an SVM 

selects a hyperplane that divides the feature space into a control group and a stress group. SVMs offer strong 

generalization performance and reduce the risk of data overfitting. Based on Bayes' theorem, naive Bayes is a 

probabilistic classifier. It utilizes the maximum posterior hypothesis from statistics and performs well with 

high-dimensional input data. As a nonlinear classifier, it is effective in practical applications. Furthermore, 

the naive Bayes classifier requires only a small amount of training data to approximate the statistical 

parameters. This research uses accuracy in (2) to evaluate the stress identification method [23]. 
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3. RESULTS AND DISCUSSION 

This research classifies stress using feature reduction from PCA and ICA. The data of this research 

are task Stroop trials 2, 3, and 4 from SAM-40 [36]. The data is divided into training data to create a model 

and testing data to test the model. The process of dividing training and testing data is random, so that each 

training and testing process is carried out three times. Table 2 shows the average accuracy of the 

classification model from the PCA feature. Table 3 shows the average accuracy of the classification model 

from the ICA feature. Based on Tables 2 and 3, the feature that has accuracy in identifying stress is ICA. 

This research combines PCA+ICA features, and the total feature columns is 64. The average 

accuracy results of the combined PCA+ICA features are in Table 4. Table 5 shows the average accuracy of 

the PCA+ICA feature reduction to 16 columns. Table 6 shows the average accuracy of the PCA+ICA feature 

reduction to 32 columns. Based on the average model accuracy in Table 5, the results of the PCA+ICA 

feature combination did not experience an increase in accuracy compared to Table 3. The SVM method 

showed the best accuracy in all Stroop tasks, with the highest accuracy in trial 1 (0.772), trial 2 (0.898), and 

trial 3 (0.753). The naive Bayes method has lower accuracy than SVM, but better than ensemble.  

The SAM-40 data on the Stroop trial 3 task always had high accuracy, as in Tables 2-6. 

 

 

Table 2. Model accuracy of PCA features 
Methods Trial 1 Trial 2 Trial 3 

Ensemble 0.684 0.883 0.641 

Naive Bayes 0.751 0.893 0.730 

SVM 0.753 0.896 0.730 

 

 

Table 3. Model accuracy of ICA features 
Methods Trial 1 Trial 2 Trial 3 

Ensemble 0.704 0.891 0.667 

Naive Bayes 0.764 0.892 0.732 

SVM 0.772 0.898 0.753 

 

 

Table 4. Model accuracy of PCA+ICA 
Methods Trial 1 Trial 2 Trial 3 

Ensemble 0.706 0.892 0.678 
Naive Bayes 0.728 0.891 0.702 

SVM 0.772 0.898 0.753 

 

 

Table 5. Model accuracy from PCA+ICA feature reduction (16 columns) 
Methods Trial 1 Trial 2 Trial 3 

Ensemble 0.665 0.883 0.655 

Naive Bayes 0.732 0.865 0.742 
SVM 0.724 0.893 0.743 

 

 

Table 6. Model accuracy of PCA+ICA feature reduction (32 columns) 
Methods Trial 1 Trial 2 Trial 3 

Ensemble 0.684 0.900 0.639 

Naive Bayes 0.741 0.908 0.723 

SVM 0.753 0.908 0.729 

 

 

Based on Tables 4 and 5, the PCA+ICA feature reduction process 64 to 16 columns, has an average 

accuracy decrease. This means that reducing to 16 columns cannot increase the accuracy in stress 

identification, only in trial 1 (0.4%) and trial 3 (4%); the naive Bayes method increased its accuracy. The 

decrease in accuracy in Table 4 is due to changes in the distribution of test data that make it difficult for the 

model to classify. There are adjustments to the parameters/attribute columns that make it difficult for the 

model to adjust. 

Based on Tables 4 and 6, the process of reducing PCA+ICA features from 64 to 32 columns 

experienced an increase in accuracy. Stroop trial 2 data in all models experienced an increase in accuracy: 

ensemble (0.8%), naive Bayes (1.7%), and SVM (1%). And the naive Bayes method always experienced an 

increase in accuracy, Stroop trial 1 data (1.3%), trial 2 (1.7%), and trial 3 (2.1%). It was concluded that by 
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reducing the PCA+ICA features from 64 to 32 columns, there was an increase only in the Stroop trial 2 data, 

and the method that experienced an increase was naive Bayes. 

Among all tested configurations, the highest accuracy was achieved in trial 2 using the PCA+ICA 

feature extraction method with 32 features, reaching 90.8%. This indicates that 32 features provide an 

optimal balance between information richness and dimensionality reduction for EEG-based stress 

classification. Comparison of model accuracy on SAM-40 data in previous research is the accuracy of the 

SVM model of PCA features on the arithmetic task trial 3 data is 58% [12]. Table 7 shows the accuracy of 

the SVM and deep learning models on the SAM-40 Stroop task data [23]. Table 7 shows the results of the 

model accuracy on the SAM-40 dataset, but it should be noted that the dataset, preprocessing, and data 

division in this research are not the same as previous research. This research uses the SAM-40 dataset with 

the Stroop color word task, while previous research used the arithmetic task. In addition, the feature 

extraction method applied is a combination of PCA and ICA, different from other methods that may have 

been used previously, such as PCA or wavelets. The data division in this research was done randomly, while 

previous research may have used the k-fold cross-validation method. Therefore, the accuracy results shown 

in Table 7 are only a general overview and cannot be used as a direct comparison with the results of this 

research. To further assess the competitiveness of this method, Table 7 compares the accuracy obtained in 

this research with several related works. 

 

 

Table 7. Model accuracy in research [23] 
Feature Classification methods Accuracy 

Frequency domain (BP) SVM 87.667 

Time domain (HP) SVM 86.500 

Non-linear features (HFD) SVM 89.830 

EEGNet EEGNet 92.500 
Shallow ConvNet Shallow ConvNet 90.440 

Deep ConvNet Deep ConvNet 75.750 

 

 

The results of column reduction from PCA+ICA features from 64 to 32 columns from each of the 

Stroop trial 1, 2 and 3 task data are columns from Stroop trial 1: 35, 50, 34, 38, 51, 52, 39, 63, 1, 54, 58, 59, 

3, 5, 55, 47, 10, 46, 62, 45, 60, 48, 6, 7, 19, 13, 18, 24, 14, 36, 15, 30; Stroop trial 2: 52, 36, 57, 62, 59, 46, 

45, 60, 50, 61, 58, 38, 51, 49, 41, 33, 1, 8, 34, 42, 18, 13, 3, 11, 21, 35, 29, 23, 24, 12, 7, 30; Stroop trial 3: 

40, 60, 58, 55, 36, 41, 59, 38, 45, 62, 3, 1, 6, 63, 42, 7, 48, 52, 35, 53, 17, 18, 46, 16, 14, 51, 26, 29, 30, 10, 2, 

32. Figure 3 presents a comparison of the accuracy of the stress classification process using the combined 

PCA+ICA features and the reduced PCA+ICA features. Stroop 1 data, the accuracy of the naive Bayes and 

SVM methods remains relatively stable before and after feature reduction, while the ensemble method 

experiences a slight increase in accuracy after feature reduction. Stroop 2 data, the naive Bayes method 

shows an increase in accuracy after feature reduction, indicating that feature reduction is beneficial for 

improving the accuracy of stress classification using naive Bayes. Additionally, all classification methods 

show improved accuracy after feature reduction in Stroop 2 data. 

Table 8 presents the classification accuracy results of the best SVM model using different feature 

extraction and reduction methods across three trials. The methods compared include PCA, ICA, a hybrid 

PCA+ICA approach, and dimensionality reduction with 16 and 32 columns based on PCA+ICA. In trial 1, 

the accuracy values obtained with PCA (0.753), ICA (0.772), and PCA+ICA (0.772) are relatively close, 

while the 16-column reduction yields a slightly lower accuracy (0.724). However, reducing to 32 columns 

provides a comparable accuracy (0.753) to PCA alone. In trial 2, the results are consistently higher across all 

methods, with PCA+ICA (0.898) slightly outperforming PCA (0.896) and ICA (0.898). The 16-column 

reduction achieves 0.893, while the 32-column reduction yields the highest performance (0.908). This 

indicates that moderate dimensionality reduction (32 columns) can preserve or even enhance classification 

performance. In trial 3, ICA and PCA+ICA again provide the same accuracy (0.753), slightly higher than 

PCA alone (0.730). The 16-column reduction gives 0.743, while the 32-column reduction decreases slightly 

to 0.729. Overall, the results suggest that the PCA+ICA hybrid approach consistently achieves equal or better 

performance compared to PCA or ICA individually. Furthermore, dimensionality reduction to 32 columns 

shows potential for improving classification accuracy in trial 2, although results vary across trials. This 

highlights that the choice of feature reduction dimension plays an important role in balancing accuracy and 

efficiency in EEG-based stress classification. 

Compared to previous research presented in Table 7, the proposed method combining PCA and ICA 

with 32 features achieves a competitive classification accuracy of 90.8% using the naive Bayes and SVM 

classifiers. While EEGNet reported the highest accuracy (92.5%) in [23], it relies on deep convolutional 
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neural networks, which are more computationally intensive and less interpretable. In contrast, our approach 

maintains a relatively simple architecture with lower complexity while still achieving comparable 

performance. Furthermore, traditional feature-based methods in [23] using band power (BP), Hjorth 

parameters (HP), or Higuchi fractal dimension (HFD) yielded lower accuracies ranging from 86.5 to 89.8%. 

This demonstrates that the hybrid PCA+ICA feature representation offers a more compact yet discriminative 

structure for stress classification, especially when combined with lightweight classifiers such as naive Bayes. 

To evaluate the relative performance of the proposed method, Table 8 presents a comparison of classification 

accuracy against selected previous research that utilized various feature extraction and classification 

techniques in EEG-based stress detection. 

 

 

Table 8. Comparison of the accuracy of research proposals 
Method Feature PCA ICA PCA+ICA 16 column reduction (PCA+ICA) 32 column reduction (PCA+ICA) 

SVM Trial 1 0.753 0.772 0.772 0.724 0.753 

Trial 2 0.896 0.898 0.898 0.893 0.908 

Trial 3 0.730 0.753 0.753 0.743 0.729 

 

 

4. CONCLUSION 

This research identifies stress EEG data using feature extraction from combined PCA+ICA 

reduction with Ensemble, naive Bayes, and SVM methods. The experimental results can be concluded that 

feature reduction using PCA+ICA from 64 to 32 columns only results in increased accuracy in Stroop trial 2. 

In addition, the method that experienced increased performance due to this feature reduction was naive 

Bayes, while other methods did not show significant improvements. This shows that dimensionality 

reduction does not always improve overall performance, but in certain conditions, it can provide benefits for 

certain methods, such as naive Bayes. Future research could expand this research in several directions. One 

approach is the integration of multimodal data sources, such as combining EEG with physiological signals 

like heart rate variability (HRV), to achieve a more comprehensive understanding of stress responses. 

Another important direction is the application of artificial intelligence techniques to mobile platforms to 

improve the transparency and interpretability of stress prediction models, which are invaluable for healthcare 

and clinical decision-making. 
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