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Stress is considered one of the major global health issues contributing to 
cardiovascular disease and depression among other disorders. This study 
examines the amounts of stress and performance on tasks using 
electroencephalogram (EEG) data and machine learning. Raw EEG data is 
preprocessed to remove noise and segment epochs. Empirical Mode 
Decomposition (EMD) is followed by Butterfly Optimization Algorithm 
(BOA) for feature extraction and dimensionality reduction. Five machine 
learning classifiers (SVM, Naive Bayes, Random Forest, KNN, Decision Tree) 
classify four levels of stress (neutral, low, medium, and high) based on 
cognitive load during two tasks: the Stroop color-word task and an 
arithmetic task. Results indicate the Naive Bayes classifiers for the Stroop 
and arithmetic tasks had accuracies of 98.82% and 98.87% respectively, 
while the SVM classifier achieved 99.02% accuracy for both tasks combined. 
Such results attest to the growing interest and application of machine 
learning on EEG data for mental health monitoring and the possible 
enhancement of task performance. 
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A. Introduction 

Stress is psychological and physiological response to challenging or 
threatening situations. It is a typical human reaction that enables individuals to 
confront challenges and dangers in daily life[1]. However, a prolonged or excessive 
stress can adversely affect health, leading to elevated blood pressure sleep 
disturbances, an increased risk of heart attacks, and other cardiovascular disorders 
[2]. Furthermore, research has shown that mental stress affects particular 
cognitive functions like working memory, attention, and decision-making. 
Cognitive deficiencies are greatly exacerbated by scholastic pressure and 
workplace stress, underscoring the necessity of specialized therapies in these 
types of environments. The effects of this stress manifest in a range of behavioral 
symptoms, such as a diminished capacity for adaptation and a slowed rate of 
information processing[3].  

In terms of biology, stress involves intricate interactions between the brain, 
nervous system, and several hormones. Stress is the body's physiological and 
psychological reaction to mental, emotional, or physical stress. Such a shift in the 
surroundings triggers a series of physiological reactions (stress response) in the 
body and brain[4], [5]. This reaction, sometimes known as the "fight-or-flight" 
response, is a component of the body's innate adaptation mechanism, which 
enables individuals to handle potentially hazardous situations[6]. 

Stress comes in two primary forms: acute stress and chronic stress. Acute 
stress is defined as temporary tension that passes rapidly. Long-term, persistent 
stress is referred to as chronic stress. Chronic stress can become so commonplace 
that people fail to recognise its negative effects, which might result in further 
health issues[7]. 

There are several ways to determine someone's mental stress level. Self-report 
measures are among the most widely used techniques, in which participants use 
standardized questionnaires to indicate their level of stress. However, self-report 
measures may not accurately reflect the true amount of stress because they are 
subjective[8]. Physiological measures are an additional method of measuring 
mental stress. Through a variety of physiological markers, including Galvanic Skin 
Responses (GSR), Heart Rate Variability (HRV), Electroencephalography (EEG), 
Photoplethysmography (PPG), Electrocardiograms (ECG), and others, this entails 
tracking the body's reaction to stress[9]. 

Artificial intelligence and machine learning methods have also been used in 
recent years to identify and quantify mental stress. In order to detect indicators of 
stress, these methods use algorithms to examine behavioral patterns and 
physiological markers. In general, assessing mental stress can be a 
multidimensional and complex process, and the most accurate way to determine a 
person's stress level may include combining many techniques[10]. Our study will 
use electroencephalograms (EEGs), one of the most widely used methods for 
assessing stress. With a high temporal resolution, they provide an instantaneous 
millisecond reflection of the brain's electrical activity. Moreover, a significant 
amount of emotional processing is controlled by the prefrontal cortex. Anxiety and 
sadness are common bad moods brought on by stress, which lowers right 
prefrontal activity[11]. 

https://doi.org/10.33022/ijcs.v14i5.5022


  The Indonesian Journal of Computer Science 

 

https://doi.org/10.33022/ijcs.v14i5.5022  8180   

In this study, the effectiveness of machine learning models in classifying EEG 
data under various stress-inducing circumstances is assessed. In particular, the 
effectiveness of these models is examined when they are trained and evaluated 
using data gathered during a variety of cognitive tasks that cause stress, such as 
the Stroop color-word test and arithmetic problem-solving tasks, in situations that 
involve both classifying stress levels within a task and classifying stress levels 
across multiple tasks. 

The novelty and contributions of this study can be summarized as follows: 
1. This study investigates the capacity of machine learning models to classify stress 

levels across a range of stressful multi-task. 
2. Combining EEG data from different cognitive tasks to provide more accurate 

data that represents a variety of stress levels. 
3. The classification abilities of five traditional machine learning models support 

vector machines (SVM), K-nearest neighbors (KNN), and others, are 
methodically evaluated for various stress conditions, offering a comparative 
performance study. 

4. Analyzing and accurately extracting information from EEG data using the 
empirical mode decomposition transform, which takes into account the 
nonlinear nature of neural signals. 

5. Utilizing the Butterfly Optimizer technique to increase model efficiency and 
decrease dimensionality. 
The following is the order of the article's following sections: The literature on 

stress detection using EEG signals is reviewed in Section 2, while the suggested 
model and its framework are covered in Section 3. The experimental results and 
discussion are presented in Section 4, and Section 5 concludes the study and 
outlines its future directions. 
 
B. Related Work 

Several previous studies have used machine and deep learning to classify 
stress levels, such as: Kumar et al.[12] propose an end-to-end multilevel 
classification of mental stress utilising 64-channel EEG sensors through the 
integration of extreme gradient boosting (XGBoost), a squeeze excitation (SE) 
block-enhanced convolutional neural network (CNN), and a long short-term 
memory (LSTM) model augmented with self-attention, known as StreXNet. The 
findings exhibit a classification accuracy of 91.81 ± 4.26% for four-class 
classification, only one session for each level was conducted in this study. There 
are a number of drawbacks to this study, even though it achieved classification 
results. the study involved university-educated adults with identical MMSE scores, 
it only used male volunteers to eliminate the possibility that hormone cycles could 
affect the stress induction process, and it only had one session for each level. 

BADR et al.[13]  developed a method to distinguish various mental states 
across diverse population samples with differing stress baselines. Employing EEG 
signals, graph convolutional neural networks (GCNs), and binaural beat 
stimulation (BBs). The research examines stress detection and relief in two 
population sample groups with differing baselines (group 1: low daily baseline, 
and group 2: high daily stress baseline). The experiment consists of four phases: 
resting state, control alertness, stress induction, and stress mitigation. The PDC-
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GCN method attained average classification accuracies of 76.43% and 76.32% for 
Groups 1 and 2, respectively, and 76.37 ± 8.40% overall. These results may be 
prone to mistakes or personal bias due to the utilisation of a self-report scale, 
specifically the PSS-10 questionnaire, to assess perceived stress levels. The PSS-10 
results did not consistently align with the behavioural assessments. This may be 
attributed to individuals' inability to appropriately assess their mental state by 
subjective methods, or due to certain participants expressing discomfort with the 
BBs post-experiment, rendering the results susceptible to inaccuracies. 

KHAN et al. [14] presented the classification of perceived mental stress by EEG 
data. involves transforming EEG signals into spectrograms by the Short-Time 
Fourier Transform and optimising three pre-trained deep neural networks, namely 
ResNet50, EfficientNetB0, and DenseNet121. The classification was conducted for 
both two-level (non-stressed and stressed) and three-level (non-stressed, mildly 
stressed, and stressed) stress categories. Research findings demonstrate that the 
ResNet50 model attained accuracy 95.80% for binary classification and 86.02% for 
ternary classification, utilising a 90:10 train-test split ratio. Vazquez et al.[15] 
employed a recurrent neural network (RNN) utilising a structure based on gated 
recurrent units (GRU) to evaluate the feasibility of estimating the user's perceived 
stress level associated with a specific task through an EEG system integrated with 
a Serious Game featuring a multi-level stress driving tool. The RNN model achieves 
prediction and classification accuracy for stress levels of up to 94%. The 
integration of an EEG system with a serious game can quantify stress responses; 
however, the game design may not encompass all types of real-life or 
environmental stress, potentially constraining the model's practical applicability in 
diverse everyday scenarios. 

Hemakom et al.[16] employed machine learning models that were based using 
ECG and EEG signals to classify stress at multiple levels and to differentiate 
between mental exertion and stress in mixed sexes, males, and females during 
various phases of the menstrual cycle.  Combinations of binary classifiers (MLP, 
AdaBoost, kNN, LR, NB, Max-RF, Log2-Rf, Sqrt-RF, SVM, and RBF-SVM), as well as 
combinations of classification and voting schemes, were employed in this study. 
The classification accuracies attained through the utilisation of combinations of 
binary classifiers are 76.55% for Mixed, 73.33% for Female in the follicular phase, 
81.43% for Female in the luteal phase, and 87.14% for Male.     

Yang et al.[17] introduced a paradigm for recognising driving stress aimed at 
quantifying stress through EEG and behavioural data. Utilising the extraction of 
essential EEG and behavioural features alongside feature selection, low, medium, 
and high levels of driving stress were discerned through the SHapley Additive 
exPlanation (SHAP) approach, and fuzzy rules were constructed utilising the 
decision tree method. The results demonstrated that following feature selection, an 
accuracy rate of 84.93% was attained. The use of a driving simulator instead of 
actual driving to collect EEG signals is one limitation of the study. The 
psychological response of drivers may not be accurately represented in virtual 
environments. Also, there are a lot of variables that might affect how people rate 
their own stress levels, so using a self-report measure isn't the most trustworthy 
option. The stress level classification using this data becomes less accurate as a 
result. Hafeez et al. [18]sought to investigate the correlation between students' 
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stress levels and the decline in their following examination performance. 
Additionally, investigated whether certain EEG frequency bands can serve as 
indicators for stress levels. Utilized two distinct deep learning frameworks to 
categorize the data, achieving an accuracy of 70.67% with Long Short-Term 
Memory (LSTM) and 90.46% with Convolutional Neural Networks (CNN). 
The study had some drawbacks, including a limited sample size of just 14 people 
and difficulties handling noise and artefacts when gathering data. As a result, 
certain data were excluded. 
 
C. Research Method 

In this section the research methodlogy is presented. Figure 1 shows the block 
diagram of the propsed method. 

 

Figure 1. Proposal Method for Classification of Multi-Level Stress. 
 
 

Dataset Description 
An electroencephalography (EEG) dataset was used to analyze cognitive 

load patterns. This publicly available dataset contains EEG signals from a group of 
15 of graduated students including eight females and seven males with an average 
age of 21.5 years [19].  Rerecording was collected while participants performed 
various task including the Stroop Color Work task (SEWT) and arithmetic 
problem-solving exercises. Participants were selected based on their health 
ensuring that no neurological or psychological abnormalities were detectable. This 
facilitated the reproduction of EEG recordings associated with cognitive stress. 
Every training session was conducted for all participants before data collection to 
ensure stability of task performance [20].  Figure 2 shows three levels of mental 
stress state is collected using the SEWT and math problems. The study resulting 
indicated better generalizability due to the diverse ethnic backgrounds of 
participants. To understand EEG data related to stress and cognitive load, 
population profile is crucial. This provides a diverse and controlled set of cognitive 
responses during the scan recordings for each recording were divided into four 
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levels of induced mental stress normal law and high. Three trials were conducted 
to collect comprehensive data, with each task lasting between 10 and 20 seconds. 
The Opanci device, when used with an 8-channel Cyton board, records complex 
frontal brain responses to cognitive tests, such as the Stroop and Arithmetic Tests, 
at a rate of 250 Hz. The channels that were used include Fp1, Fp2, F7, F3, Fz, F4, F8, 
and C4. Figure 2 shows how the eight channels are set up, Figure 3 illustrate 
Placement of 8-Electrode Channels. 

  

Figure 2. A- SCWT B- The Arithmetic Stimuli Used in the Proposed Study at 
Stress Levels at Low, Mid, and High Levels. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. The Placement of 8-Electrode Channels[21]. 
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Preprocessing 

Artifacts present during EEG signal capture and transmission can lead to 
inaccurate interpretations among participants. To reduce artifacts, EEG signals 
should be filtered appropriately[22]. This study filters signals using a Butterworth 
fifth-order low-pass filter with a cutoff frequency of 45 Hz as shown in Figure 4. 

To deal with the non-linear and non-stationary character of extended EEG 
signals, they must be split into short parts. Short-term segment statistics are 
expected to be identical[23]. After filtering, signals are divided into 2.5 seconds 
non-overlapping time windows (625 samples each). 

 Figure 4. Signal Processing Using a Butterworth Filter(Low-Pass-Filter) 
 

Empirical Mode Decomposition 
The signal decomposition step is essential to conventional machine learning 

techniques because it facilitates the extraction of features required for the 
classification procedure. Empirical Mode Decomposition is a popular method for 
stress level categorization feature extraction from nonstationary signals, such 
EEG[24]. EMD is an adaptive technique that can be used to analyze time series 
signals that are nonlinear and non-stationary. The complex signal can be broken 
down using this method into a number of physically meaningful Intrinsic Mode 
Functions (IMF) and a residual component that represents the signal trend[25]. 

The time-frequency domain data of the signal is contained in the IMFs, which  
           also have the following characteristics[26]: 

1. There are either the same number of zero crossings of the IMFs or a          
difference of one between the number of extremes (maximum and           
minimum   values).  

2. The top and bottom envelope means of each IMF are zero, and the IMFs are 
locally symmetric.  

3. IMFs have at least one maximum and one minimum value. 
The following is the mathematical definition of EMD decomposition for raw 

signals x(t): 
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Where MiFi(t) is the component of IMF and r(t) is the residual term of 

decomposition. The inherent mode function definition states that the signal can be 
repeatedly screened to separate it into a residual and a finite number of IMF 
components. The following is the precise screening procedure for the breakdown 
of the EMD algorithm[27]: 

 
Step 1: Determine the signal's maximum and minimum values x(t); 
Step 2: Using curves, the upper and lower envelope lines are connected to the         
           maximum and minimum values of the signal x(t). All of the x(t) sampling       
           points are contained in the two envelope lines. The average value m(t) is       
          made up of the upper envelope Emax(t) and the lower envelope Emin(t). The      
          formula for calculating m(t) is as follows: 

                                   
Step 3: To obtain the middle signal, F(t), subtract the signal x(t) from the mean        

            m(t). The following is the calculating formula: 
                        F(t) = x(t) + m(t) 
 

Step 4: Assess if the signal F(t) satisfies the IMF's requirements. If not, step (2) is 
carried out again until the F(t) satisfies the component criterion, obtaining 
the signal x(t)'s first IMF component Fi(t) and residual component r(t). The 
aforementioned procedures can be repeated with i = 1, 2, n to produce the 
remaining IMF component Fi(t). 

Step 5: Keep the residual component rig(t) when the signal has less than two           
            extreme points. At that time, the decomposition process is complete. After    
            the signal x(t) is divided into i IMF components and i residual components,   
           it can be rebuilt using Eq. (4): 

   
where p is the number of IMF. The EEG eigenmatrix is then rebuilt after each 

IMF component is positioned in each channel in accordance with the frequency 
scale to create multiple channels of signal. 

After segmenting the EEG signal into 2.5-second segments, each segment 
from each channel was passed through the EMD algorithm for analysis. Four IMF 
components were taken from each segment, in addition to a residue  as shown in 
Figure 5. which were then utilized for calculating statistical features.  Figure 5 
shows the analysis of each stress level using EMD analysis. 

 
 
 
 
 
 
Feature extraction 
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The feature extraction stage is one of the most crucial steps in classification 
because it considerably improves the model's performance and accuracy. In order  

Figure 5.  Analysis Using EMD For: A- Natural Level And B- for Each Stress 
Level(Low, Mid And High) in One-Channel. 

 
to properly classify various categories, it is crucial to choose features that 

accurately reflect the nature of the data. However, reducing the number of 
extracted features is required to avoid issues like overfitting, decrease training and 
classification time, and simplify computations. This study aimed to extract a set of 
fundamental statistical features that assist create a clear and meaningful 
representation of the data, which facilitates faster and more accurate learning and 
decision-making by the classification model. These features consist of five primary 
features: mean, median, standard deviation, maximum, and minimum, which are 
extracted from each IMF and residue component. 

 
• Minimum value 

The smallest value of a given signal is represented by the minimum value. 
• Maximum value 
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A signal's peak value is referred to as its maximum value. 
• Mean 

For a given signal, the mean is the average. The mean is given by the 
following equation: 

 

 
where, X refers for the signal, N for the total number of samples, and Y is the 

mean. 
 

• Median 
The median is the value that lies in the middle of all the values.  
 
• Standard Deviation   

The standard deviation is the variance squared. The standard deviation can be 
found using the following formula[28]: 

 
where standard deviation is referred by σ. 
 

Butterfly Optimization Algorithm  
The BOA is a strong swarm-based metaheuristic that imitates the way 

butterflies forage for food[29]. BOA is an innovative feature selection technique 
that looks for and uses the most pertinent characteristics from a dataset in order to 
optimize the performance of machine learning models. The way that butterflies 
forage and mate is an inspiration for BOA, which uses chemoreceptors to detect 
scent and direct movement. As a function of stimulus intensity, smell is essential to 
BOA, helping butterflies with both local and global search operations[30]. It is 
possible to formulate the inspiration and movement behavior of butterflies as an 
optimization method in which the created fragrances indicate the fitness values 
and the butterflies represent the search agents. The butterflies (search agents) in 
BOA have the ability to produce fragrance (fitness value) that sets them apart from 
other scents. Other search agents may be able to adjust their location in the search 
space with the aid of such behavior[29]. 

 
The following is a mathematical model of the fragrance intensity: 

                                                   ---------  (1) 

where fi refers for the butterfly's fragrance strength, I for stimulus intensity, 

c for sensory modality, and  for power exponent based on modality, which shows 
a different degree of absorption. 

According to the BOA algorithm, the phase known as "global search" occurs 
when a butterfly detects the scent of another butterfly and approaches it. 
In another situation, a butterfly will travel at random when it is unable to detect 
scents in its surroundings; this stage is known as local search[31]. Several 
iterations are carried out using the algorithm. All of the butterflies in the solution 
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space transfer to new locations throughout each iteration, after which their fitness 
values are assessed. The fitness values of each butterfly at various locations 
throughout the solution space are initially determined by the algorithm. These 
butterflies will then use Equation (1) to produce fragrance at their locations. 

The algorithm consists of two essential steps: the local search phase and the 
global search phase. The butterfly moves closer to the fittest butterfly (solution)g∗ 
during the global search phase, which is represented by Eq. (2). 

 

             -----------(2) 

where  is the ith butterfly's solution vector for iteration number t.The 
current best solution among all the solutions in the current iteration is denoted by 
g∗. fi represents the fragrance of the ith butterfly, whereas r is a random number in 
the range [0, 1]. 

The local search phase could be represented as 

           ------------(3) 

where  and  represent the jth and kth butterflies in the solution space, 

respectively. If r is a random number in [0, 1] and  and  are members of the 
same swarm, then Eq. (3) becomes a local random walk. 

The fitness function uses a K-nearest neighbor classifier to assess specific 
feature sets, with classification accuracy serving as the main performance 
indicator. The fitness function indicates how well the chosen feature set enhances 
the model's capacity to discriminate between various stress levels in the dataset. In 
order to explore the feature space and choose the appropriate ones, the butterfly 
optimization technique was employed. A K-nearest neighbor classifier is used to 
assess the many feature sets that the algorithm iteratively creates in order to 
maximize classification accuracy. In every iteration, the algorithm keeps the best 
collection of features that were acquired at that stage.  

This guarantees that the most effective options are tracked. To get the 
greatest performance, the classifier always uses a predetermined number of 
neighbors (K), which are chosen based on the properties of the data. The model's 
capacity to generalize to previously unseen data is confirmed by dividing the 
dataset into a training and test set using the optimal set of features produced by 
the algorithm at the conclusion of the optimization procedure. By balancing 
exploration and exploitation tactics in the feature space, this integrated strategy 
helps to enhance model performance, eliminate superfluous dimensions, and boost 
the effectiveness of the data-driven categorization system. 

 
Butterfly Optimization Algorithm[31] 

1. Objective function f(x), where x= (x1, x2,.,Xdim), and dim = number of 
dimensions 

2. Create n butterflies as the initial population using xi=(i=1,2,...n) 
3. f(xi) determines the stimulus strength Ii at xi. 
4. Define power exponent a, switch probability p, and sensor modality c. 
5. while the stopping requirements are not fulfilled, do 
6. For each butterfly bf in the population, do 
7. Determine the bf fragrance using Equation (1). 
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8. end for 
9. Finding the best bf 
10. For each butterfly bf in the population, do 
11. Create a random number r from the range [0, 1]. 
12. if r<p then 
13. Use Eq. (2) to move toward the best butterfly or solution. 
14. Else 
15. Move at random with Eq. (3) 
16. end if 
17. end for 
18. Update the value of a 
19. end while 
20. Provide the best solution that was found. 

 
 

Classification 
The butterfly optemaizer algorithm selects features, which are then input 

into five ML classifiers (DT, NB, RF, KNN, and SVM) for comparison. The operation 
of the algorithms is covered in detail in the following. 

 
• Support vector machine (SVM) 

The most often used supervised machine learning method for classification 
tasks is the Support Vector Machine (SVM). The SVM is producing the hyperplanes, 
which are used to differentiate between classes in the training data set[28]. By 
comparing members of one class to those of another, the best hyperplane for 
classification is found. In this study, the rbf kernel function for SVM. 

 
• Random Forest (RF) 
RF is an ensemble learning method that generates precise predictions by 

employing a large number of decision trees. Each tree is constructed using an 
arbitrary combination of features and a chosen subset of data.  Each tree iteratively 
divides the data into subgroups according to the chosen characteristics during the 
training phase. The forecasts from each tree are combined to create the final 
forecast. It effectively handles high-dimensional data and overfitting issues. Its 
accuracy and capacity to understand intricate correlations between data are its 
main advantages[21]. 

 

 
•  Naïve Bayes 
The Bayes theorem serves as the foundation for the probabilistic method 

known as the naïve Bayes classifier. This straightforward yet effective approach 
may predict classes based on the likelihood that a particular feature set belongs to 
each class. The Naïve Bayes classifier is named thus because it makes a strong 
assumption about the independence of the features[32]. 

•   K-Nearest Neighbor Algorithm 
The K-nearest neighbor algorithm is the least complex machine learning 

algorithm. It is a non-parametric algorithm built on the supervised learning 
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method. It classifies unknown data based on adjacent data points. The KNN 
classifier's performance depends on two factors: the number of neighbors 
considered ('k') and the distance used to determine the nearest data points[33]. 

 
•   Decision tree 
Decision trees are supervised machine learning techniques. This method 

organizes the trained data into a tree of rules. Data for testing is randomly taken 
from the trained dataset. 
After training and accuracy checks, untrained data is classified. The information 
gain rate is used to establish the most appropriate grouping class. This algorithm is 
widely utilized in multiple applications[34]. 

 
 

Performance evaluation metrics 
This study assesses the performance of suggested models on test data using 

five parameters: accuracy, precision, sensitivity (recall), specificity, and F1-score. 
Using these evaluation criteria, we can anticipate classifier behavior on extracted 
feature data. 

 

 
 

 
 

 
 

 
 

 
where, TP is True Positive samples, TN is True Negative samples, FP is False 

Positive samples, and FN is False Negative samples[35]. 
 

D. Experiment Results  

   In this section the classification of various stress levels using EEG signals for two 

tasks from a publicly accessible dataset: an arithmetic test and a Stroop word test 

is presented. 

The EEG signals were preprocessed using a low-pass filter at a cutoff frequency of 

45 Hz. To facilitate subsequent signal analysis, each channel signal was divided 

into 2.5-second segments, each containing 625 points (frequency × 2.5 seconds).  

Each channel signal was then analyzed using the EMD method to produce four 

IMFs and a residue. Five statistical features were used to calculate each 

component, and each segment included 200 features (number of channels, number 

of components, and number of statistical features). 
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The Butterfly optimization approach was utilized to reduce computational 

complexity, enhance model performance, and choose the most crucial features. 

After applying BOA, the dimension was reduced from 4385 × 200 to 4385 × 60. 

Each segment now has only 60 features. Five classifiers (SVM, NB, KNN, RF, and 

DT) were utilized to assess the suggested model's accuracy in identifying stress 

levels (normal, low, medium, and high) using BOA's selected features. The 

suggested model was evaluated in three scenarios: each task independently and 

then combined. 

In this study, the proposed method was initially applied to EEG signals 

during a Stroop word task at three levels (low, mid, and high), which rely on 

attention and information incongruity. A word was displayed, and instead of 

reading it, participants were asked to determine its color. Due to the incongruity 

between the displayed word and the color, this causes a cognitive load. Signals 

from the EEG  show the neuronal interplay caused by this cognitive stress. High 

performance was attained by Naive Bayes using 98.89% accuracy was attained. 

Table 1 displays classifiers' performance in utilizing EEG signals to classify stress 

levels during the Stroop Word Test. 

After that, the suggested model is utilized to analyze the EEG signals 

produced by arithmetic tests, which are cognitive exercises meant to cause 

cognitive stress. Participants are required to execute arithmetic tasks of increasing 

difficulty (low, medium, and high) on each trial, which stimulates certain brain 

regions. With the Naive Bayes classifier, the greatest accuracy of 98.82% was 

attained. Table 2 shows the classifiers' performance in classifying stress levels 

using EEG signals during the arithmetic test.   

Finally, the proposed model was used after merging data from the two tasks 
(Stroop Word Test and Arithmetic Test), which comprised both visual and 
arithmetic tasks. The purpose of the combination is to evaluate the generalizability 
of a single stress level classification across various cognitive situations. The results 
indicated a minor improvement, with the SVM classifier achieving 99.021% 
accuracy. Table 3 exhibit performance of classifiers when the two tasks are 
combined. The model's enhanced performance after task combining indicates that 
adding variety to cognitive tasks enriches the signal and improves the model's 
ability to classify various stress levels. Figure 5: Displays the classifiers' 
performance across every scenario. 
 
Table 1. Classifiers' performance in utilizing during the Stroop color Word Test. 

Model Accuracy Precision Sensitivity F1_Score Specificity 

SVM 98.531 98.611 98.534 98.543 99.511 
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Naive Bayes 98.898 98.934 98.90 98.903 99.633 

Random 
Forest 

98.164 98.186 98.137 98.166 99.3 

KNN 97.43 97.468 97.431 97.438 99.143 

Decision 
Tree 

92.534 92.613 92.546 92.552 97.611 

 
Table 2. The classifiers' performance during the arithmetic test. 

Model Accuracy Precision Sensitivity F1_Score Specificity 

Naive 
Bayes 

98.821 98.874 98.479 98.375 99.607 

SVM 98.703 98.767 98.826 98.712 99.568 

Random 
Forest 

98.585 98.599 98.738 98.587 99.528 

KNN 98.467 98.484 98.692 98.471 99.489 

Decision 
Tree 

96.934 96.961 96.971 96.942 98.978 

     
 

Table 3. Performance of classifiers when the two tasks are combined. 

Model Accuracy Precision Sensitivity F1_Score Specificity 

Naive Bayes 98.592 98.599 98.513 98.591 99.531 

SVM 99.021 99.053 99.119 99.025 99.673 

Random 

Forest 
98.225 98.23 98.403 98.223 99.408 

KNN 98.042 98.05 98.221 98.713 99.347 

Decision Tree 94.553 94.576 94.555 94.563 98.184 
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E. Discussion 
The current study's findings indicated significant efficiency in discriminating 

between multiple levels of mental stress using EEG data. A novel methodology was 
proposed that combines the EMD method to analyze signals into a collection of IMF 
and residual components and calculates a set of statistical features for each 
component, as well as employing the Butterfly optimization process to choose the 
most relevant and impactful features. This resulted in a significant improvement in 
the performance of categorization models employed in a variety of cognitive tasks, 
including the Stroop Word Test and the Arithmetic Test. The NB classifier achieved 
a classification accuracy of more than 98%, which increased to 99% when these 
tasks were combined using the SVM classifier. This indicates the suggested 
approach's usefulness in detecting stress-related brain alterations across diverse 
cognitive settings. Comparing these findings to previous studies indicates the 
effectiveness of the proposed strategy through: 

In the Kumar et al.[12] study, only male volunteers were recruited to exclude 
the chance that hormonal cycles would influence the stress induction process, as 
opposed to the current study, which is more generalizable. BADR et al.[13] utilized 
a subjective measure, the PSS-10 questionnaire, to quantify perceived stress levels, 
making the results prone to errors or bias, whereas our suggested study used an 
objective assessment based on EEG features, making it unbiased. 

According to KHAN et al. [14], the triple classification's classification 
accuracy dropped from 95.80% to 86.02% when compared to the binary 
classification. Additionally, only one task was used in the study. In comparison, our 
recent investigation attained an accuracy of over 98% and was conducted across 
various scenarios. An EEG method combined with a game was used by Vazquez et 
al.[15] to estimate felt stress levels. As a result, not all forms of stress might be 
represented in the game design. In contrast, the Stroop word task and the 
arithmetic test were realistic tasks in our current study. 

The classification accuracy of the models suggested by Hemakom et al.[16] 
and Yang et al.[17] is lower than the findings of our current study. In addition to 
the challenge of managing noise and artifacts, Hafeez et al. [18] employed tiny 
samples in their investigation. In our present investigation, we used a larger 
sample size and improved noise processing.  Table 4 shows a summary of the 
performance of previous studies with the proposed model. Our current study has 
some limitations such as a small sample size, despite the good performance. 
Consequently, the model can be used to bigger samples in order to generalize it. 
The model can be tested in settings with a variety of everyday pressures in 
subsequent research. The model can be applied to data with and without time 
limits because the amount of time allotted to each task level can also have an 
impact. 

 
Table 4. Comparison of performance between previous studies and the proposed 

model . 

Authors Methods 
Number Of 

Levels 
Accuracy 
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Kumar et 
al.[12] 

CNN+LSTM with 
self-attention 

Four 91.81 ± 4.26% 

BADR et al.[13] GCNs Four 76.37 ± 8.40% 

KHAN et al. 
[14] 

STFT+ ResNet50 Three 86.02% 

Vazquez et 
al.[15] 

RNN Multi 94% 

Hemakom et 
al.[16] 

Combinations of 
classification and 
voting methods 

Multi 87.14% 

Yang et al.[17] 
SHAP+ fuzzy 

rules+ decision 
tree method 

Three 84.93% 

Hafeez et al. 
[18] 

CNN Multi 90.46% 

Proposed 
methods 

EMD + 
Statistical 
Features +BOA 

Four 

98.898 % (Stroop color 
words tasks) 

98.82 % (Arithmetic tasks) 
99.021%(combination) 

 
 

F. Conclusion      
In this study, the EEG signals were analyzed using the empirical mode 

decomposition technique, and extracted a set of statistical features from the 
analyzed signal. The butterfly optimizer method was employed to select the 
optimal features, and five algorithms were utilized to determine stress levels from 
Stroop color words and arithmetic tasks, aiming to assess the models' accuracy in 
classifying stress levels. 

When a Naive Bayesian classifier was used to classify stress levels in the 
Stroop color word and arithmetic tasks, respectively, 98.82% and 98.87% accuracy 
were obtained. The accuracy reached to 99.021% after merging the two tasks with 
an SVM classifier. The study found that using the proposed model with EEG signals 
to analyze individuals' mental responses in diverse settings is an effective tool 
since it can distinguish between different levels of stress. This helps to further the 
development of technological solutions for stress monitoring and psychological 
and mental health improvement in the workplace and study environments. 
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