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Abstract

Stress is a physiological and psychological response that can develop into serious health issues when prolonged.
EEG-based stress detection has become an important approach; however, many studies still lack validation for
multilevel classification and real-world conditions. This study focuses on inmates at Binjai Correctional Facility
and compares the performance of Support Vector Machine (SVM), Random Forest (RF), and a combined
ensemble model of Random Forest and AdaBoost for classifying three stress levels: stressed, relaxed, and
neutral, using EEG signals. Experimental results show that the SVM model achieved an accuracy of 81% with a
Minimum Classification Error (MCE) of 0.16. The Random Forest model significantly improved performance,
reaching 96% accuracy and an MCE of 0.04. The best performance was obtained by the ensemble model
combining Random Forest and AdaBoost, which achieved an accuracy of 97% and reduced the MCE to 0.03,
indicating a 1% improvement over Random Forest alone.
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levels of 92.7% for females and 87.6% for males [5].
Another study using an EEG-based ensemble
Stress is a physiological, psychological, and approach (stacking RF + LightGBM + GBC)

1. INTRODUCTION

behavioral response in humans as they attempt to achieved an accuracy of up to 99.6% in classifying
adapt to and regulate internal and external pressures three emotional states (positive, neutral, negative) [6].
[1]. Prolonged stress can lead to various disorders In terms of deep learning, LSTM models have also
such as hypertension, skin problems, and even proven effective for stress detection, reaching an
depression [2]. Several studies indicate a high accuracy of 93.3% in adolescents with and without
prevalence of stress; for example, in South Korea, the ASD [7].
rate reaches approximately 22-30% among elderly Unlike previous studies, this research provides a
women and 14-20% among elderly men, with direct comparison between ensemble methods and
women consistently reporting higher stress levels SVM using EEG datasets in real stress settings, with
throughout 2009-2019 [3]. According to a meta- a focus on cross-emotional generalization and robust
analysis on EEG and deep learning, mental stress error analysis. A key distinction of this study is the
detection accuracy can reach up to 88%, highlighting use of ROC, AUC, and Minimum Classification Error
the need for more reliable classification models [4]. (MCE) analysis, similar to earlier studies that
Various solutions have been proposed using achieved very low MCE values (~0.05%).
classical machine learning methods such as SVM, Furthermore, this study evaluates the performance of
Random Forest, and ensemble-based techniques for both models on multi level stress classification (three
stress classification from EEG and ECG signals. For categories: stress, relaxed, and neutral), whereas most
instance, Hemakom et al. (2023) combined ECG and earlier research relied only on binary classification.
EEG using a stacking classifier, achieving accuracy This contributes significantly to both methodological
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development and practical implementation of EEG
based stress detection systems.

2. RESEARCH METHOD

In this study, the researcher employs a
quantitative research approach, which involves the
collection of numerical data and statistical analysis to
understand phenomena or answer research questions.
This method is commonly used to measure
relationships between variables and identify patterns
or trends within the data [8]. In this context, the
research focuses on comparing the performance of
the Support Vector Machine (SVM) model and
ensemble models in detecting and classifying multi
level stress (stress, relaxed, neutral) based on EEG
signals. In this research, the research method that will
be carried out can be seen in Figure 1.
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Figure 1. Stages of Research Methods

2.1 Input Data

The EEG data were obtained from 21 subjects
from the Binjai Correctional Facility who participated
in an experiment conducted with eyes closed using
specialized equipment to record brain activity. The
tools and materials used in this study included the
WinEEG software, an amplifier, gel, and an
electrocap, which serve to capture the electrical
activity of the brain from the scalp. The amplifier
enhances the amplitude of EEG signals measured

from electrodes placed on the scalp, while the gel
improves the contact between the electrodes and the
scalp. The complete set of equipment used in the
data-collection process is illustrated in Figure 2.

Figure 2. Tools and Materials for Data Input

2.2 Preprocessing Data

The first stage in this analysis is the
preprocessing of the EEG data obtained. Incomplete
data or data containing missing values are filled using
mean imputation [9].

2.3 Classification Data
The data classification stage is carried out after

the preprocessing phase is completed. The main focus

of this study is to compare the performance of the

combined ensemble methods (Random Forest +

AdaBoost) with Support Vector Machine (SVM) in

detecting and classifying stress levels based on EEG

signals.

1. Combination of Random Forest + AdaBoost
In this approach, two ensemble algorithms are
combined sequentially. First, the Random Forest
model is trained to produce initial probability
outputs for each class (stress, relaxed, neutral).
These outputs are then used as additional inputs
or as the basis for the AdaBoost model, which
refines the predictions by correcting errors that
occurred in the Random Forest stage. This
approach leverages the strength of Random
Forest in handling complex features and the
ability of AdaBoost to iteratively correct
classification errors [10]. The combination is
expected to improve classification accuracy and
produce a more robust model against noise and
variations in EEG data collected from real
environments such as correctional institutions.

2. Support Vector Machine (SVM)
SVM is used as the main comparison method
because it is a classification algorithm that has
proven effective across various domains,
including EEG signal analysis. SVM works by
finding the optimal hyperplane that separates
data based on its classes. The kernel used in this
study is the Radial Basis Function (RBF) due to
its capability in handling high-dimensional and
non-linear data such as EEG signals. SVM is
trained using the same feature data and evaluated
under identical experimental conditions as the
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ensemble model, allowing an
comparison of their performance [11].
2.3 Evaluation of Model Comparison
Evaluation is conducted to determine how
effective the Random Forest + AdaBoost model is
compared to SVM in classifying EEG signals into
three classes: stress, relaxed, and neutral. This
evaluation is essential for identifying which method
performs better and is more suitable for use in EEG-
based stress detection systems.
1. Confusion Matrix
A confusion matrix is constructed for each model
to observe the distribution of classification errors
between classes. From this matrix, accuracy,
precision, recall, and misclassification error per
class are also calculated as supporting metrics
[12][13][14].
2. Area Under Curve (AUC)
AUC is used to measure the model’s ability to
distinguish one class from another. Since the
classification is multi-class, a One-vs-Rest
approach is used to compute the AUC for each
class, which is then averaged [15][16].
3. Minimum Classification Error (MCE)
MCE calculates the minimum number of
classification errors. A lower value indicates
stable performance and high precision. MCE is
highly relevant in real-world applications that
require minimal errors [17].

3. RESULTS AND DISCUSSION

objective

The test results obtained in this study were used
to analyze and determine the performance
comparison between the Support Vector Machine
(SVM) model and ensemble models in detecting and
classifying multi-level stress (stress, relaxed, neutral)
based on EEG signals.

3.1 Data Input Results

The EEG data were obtained from 21 subjects
who participated in the experiment with their eyes
closed and using specialized equipment to record
brain activity. The initial EEG signals contained a
high level of noise, as shown in Figure 3.

Figure 4. Data After Filtering

After the filtering process, only the relevant
brain waves, delta, theta, alpha, and beta, were
retained. In addition, the Fp1 and Fp2 electrodes were
removed, leaving 18 data points for further analysis.
After the preprocessing, filtering, and electrode
selection stages, the EEG signals from the 21 subjects
were segmented and transformed into a total of 378
EEG data samples, which were used as the final
dataset for classification. For classification, the
mental state labels were determined based on specific
rules: a stress state was assigned if the alpha value
was below the median and theta was above the
median, a relaxed state was assigned if both betal
and beta2 values were above the median, and a
neutral state was assigned if neither condition was
met. The visualization of the EEG dataset, as
illustrated in Figure 5, helps in understanding the
patterns and signal characteristics observed across
these electrodes.

Tabel 1. Research Dataset

Channels  delta  theta  alpha betal  beta2
Fpl-Ref 3.2 3.11 4.92 1.19 1.22
F7-Ref 245 238 383 1.18 1.21
F3-Ref 275 335 5.74 1.39 1.35
Fz-Ref 291 3.41 5.82 1.33 1.31
F4-Ref 279 317 522 1.36 1.37
F8-Ref 269 235 3.4 1.15 1.25
T3-Ref 227 222 355 1.63 1.65
C3-Ref 2.61 299 532 1.41 1.32
s] Cz-Ref 3.04 344  6.19 1.52 1.49
C4-Ref 295 285 478 1.44 1.29
T4-Ref 22 202 293 .12 0.97
T5-Ref 221 2.16 422 1.26 1.16
P3-Ref 295 2091 5.5 1.53 1.4
Pz-Ref 2.8 29 5.65 1.51 1.38
P4-Ref 293 26 5.03 1.42 1.25
T6-Ref 249 2 434 1.22 1.11
O1-Ref 3.06 253 5.77 1.58 1.59
02-Ref 259 222 515 1.42 1.31

Figure 3. Data Before Filtering

Therefore, filtering was performed using a Band-
Pass Filter (BPF) with a frequency range of 0.5 to 50
Hz to remove unwanted noise. Figure 4 shows the
data after filtering.

There were 18 electrodes remaining after the
filtering process, namely Fpl-Ref, F7-Ref, F3-Ref,
Fz-Ref, F4-Ref, F8-Ref, T3-Ref, C3-Ref, Cz-Ref,
C4-Ref, T4-Ref, T5-Ref, P3-Ref, Pz-Ref, P4-Ref, To6-
Ref, O1-Ref, and O2-Ref. The visualization of the
EEG data helps in understanding the patterns and
signal characteristics observed, as illustrated in
Figure 5.
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Figure 5. Data Visualization

3.2 Data Preprocessing Results

The data preprocessing stage in this study was
carried out using Google Colab, which is based on
Python programming. Before proceeding to the next
stage, the preprocessing step was performed, starting
with handling incomplete data or missing values.
Missing values were filled using mean imputation, as
shown in Figure 6.

Figure 6. First Stage Dataset Preprocessing Results

As can be seen in Figure 6, the dataset used did
not have any missing values, so the data before and
after preprocessing remained the same.

3.3 Data Classification Results

After the preprocessing of the EEG dataset was
completed, the data were classified using the Support
Vector Machine (SVM) model and ensemble models.
The classification labels were determined based on
simple logic rules referring to the median values of
certain features, as previously described, resulting in
the labeling shown in Figure 7.

Figure 7. EEG Dataset Labeling Results

After labeling, the Support Vector Machine
(SVM) and ensemble models were implemented, as
shown in Figure 8.

= 4

ur Bantuan
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° X_train_combined = np.hstack([X_train_scaled, rf_train_proba])
X_test_combined = np.hstack([X_test_scaled, rf_test_proba])

ab_model = AdaBoostClassifier(
estimator=DecisionTreeClassifier(max_depth=5),
n_estimators=10a,
random_state=42

éb_mudel.Fit(x_tr'ain_combined, y_train_enc)

# === MODEL 3: SVM ===
svm_model = SVC(kernel="rbf', probability=True, random_state=42)
svm_model.fit(X_train_scaled, y_train_enc)

# === EVALUAST ===
models = [
"Random Forest”: (rf_model, X_test_scaled, X_train_scaled),
“Random Forest + AdaBoost (2 tahap)”: (ab_model, X_test_combined, X_train_co
"SVM (RBF Kernel)”: (svm_model, X_test_scaled, X_train_scaled)

Figure 8. Data Classification Results

3.4 Modal Comparison Evaluation Results
In the model comparison evaluation stage, the

classification results were tested using the Confusion
Matrix, ROC curve, and Minimum Classification
Error (MCE) to assess the models’ ability to classify
the data. The dataset was divided into training data
(80%) and test data (20%) using the Stratified
Sampling method to maintain balanced label
proportions. The following is a description of the
model comparison evaluation results:
1. Evaluation of the Support Vector Machine (SVM)

Model
a. Confusion Matrix Test Results

The results of the Confusion Matrix test using
the Support Vector Machine (SVM) model are
presented in the form of a Confusion Matrix plot, as
shown in Figure 9.
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Figure 9. Confusion Matrix Plot Results of a Support Vector
Machine Model in EEG Signal Classification to Determine Stress
Levels

Based on the Confusion Matrix evaluation
results, it can be explained that the performance of
the Support Vector Machine model achieved an
accuracy of 81.00%, a precision of 72.00%, and a
recall of 81.00%.

b. ROC Curve Test Results
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Next, an evaluation was carried out using the
ROC curve on the Support Vector Machine model
which shows the Receiver Operating Characteristics
(ROC) graph metrics as shown in Figure 10.

ROC Curve - SVM (RBF Kernel)

°
Y

True Positive Rate
o
S

0.24

— Netral (AUC = 0.92)
—— Santai (AUC = 0.94)
= Stres (AUC = 0.86)

0.0 1

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 11. Graphic Results of Receiver Operating Characteristics
(ROC) Model Support Vector Machine

Based on the ROC curve shown in Figure 10, the
Support Vector Machine model demonstrated
excellent performance in distinguishing each class:
the neutral class with an AUC of 0.92, the relaxed
class with an AUC of 0.94, and the stress class with
an AUC of 0.86.
¢. Minimum Classification Error (MCE) Test

Results

The Support Vector Machine model produced a
Minimum Classification Error (MCE) of 0.16,
indicating a relatively low classification error rate.

2. Random Forest Model Evaluation
a. Confusion Matrix Test Results

The results of the Confusion Matrix test of the
Random Forest model are presented in the form of a
Confusion Matrix plot as shown in Figure 11.
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Figure 12. Confusion Matrix Plot Results of Random Forest Model
in EEG Signal Classification to Determine Stress Levels

Based on the Confusion Matrix evaluation
results, it can be explained that the performance of
the Random Forest model achieved an accuracy of
96.00%, a precision of 96.00%, and a recall of
96.00%.

b. ROC Curve Test Results

Next, an evaluation was carried out using the
ROC curve on the Random Forest model which
shows the Receiver Operating Characteristics (ROC)
graph metric as shown in Figure 12.
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Figure 12. Random Forest Model Receiver Operating
Characteristics (ROC) Graphic Results

Based on the ROC curve shown in Figure 12, the
Random Forest model demonstrated excellent
performance in distinguishing each class: the neutral
class with an AUC of 1.00, the relaxed class with an
AUC of 1.00, and the stress class with an AUC of
1.00.
¢. Minimum Classification Error (MCE) Test

Results

The Random Forest model produced a Minimum
Classification Error (MCE) of 0.04, indicating a
relatively low classification error rate.

3. Evaluation of Ensemble Models (Random Forest
+ AdaBoost)
a. Confusion Matrix Test Results

The results of the Confusion Matrix test of the
ensemble model (Random Forest + AdaBoost) are
presented in the form of a Confusion Matrix plot as
shown in Figure 13.

Confusion Matrix - Random Forest + AdaBoost
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Figure 13. Confusion Matrix Plot Results of Ensemble Model
(Random Forest + AdaBoost) in EEG Signal Classification to
Determine Stress Levels
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Based on the Confusion Matrix evaluation
results, it can be explained that the performance of
the ensemble model (Random Forest + AdaBoost)
achieved an accuracy of 97.00%, a precision of
97.00%, and a recall of 97.00%.

b. ROC Curve Test Results

Next, an evaluation was carried out using the
ROC curve on the ensemble model (Random Forest +
AdaBoost) which shows the Receiver Operating
Characteristics (ROC) graph metrics as shown in
Figure 14.

ROC Curve - Random Forest + AdaBoost
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Figure 14. Receiver Operating Characteristics (ROC) Chart Results
for Ensemble Model (Random Forest + AdaBoost)

Based on the ROC curve shown in Figure 14, the
ensemble model (Random Forest + AdaBoost)
demonstrated excellent performance in distinguishing
each class: the neutral class with an AUC of 0.97, the
relaxed class with an AUC of 1.00, and the stress
class with an AUC of 0.88.
c¢. Minimum Classification Error (MCE) Test

Results

The ensemble model (Random Forest -+
AdaBoost) produces a Minimum Classification Error
(MCE) value of 0.03, which means the classification
error rate is quite low.

3.5 Discussion

In this subsection, an analysis was conducted on
the evaluation results of EEG signal classification
models for detecting stress levels. The evaluation was
carried out on three models: Support Vector Machine
(SVM), Random Forest (RF), and a combination of
Random Forest + AdaBoost. The performance
comparison of the three models is presented in Table
2, which includes the metrics Accuracy, Precision,
Recall, and Minimum Classification Error (MCE).

Tabel 2. Model Performance Comparison Summary (%)

Model Accuracy  Precision Recall MCE
SVM 81,0 72,0 81,0 0,16
RF 96,0 96,0 96,0 0,04
RF + 97,0 97,0 97,0 0,03
AdaBoost

Based on these results, it can be observed that
the Random Forest + AdaBoost combination model
demonstrated the best performance with the highest
accuracy and the lowest classification error rate

(MCE). Meanwhile, the SVM model performed the
lowest among the three models tested. To clarify the
differences in model performance, a comparison
graph has been created as shown in Figure 15.
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Figure 15. Model Performance Comparison Graph

The evaluation results show that the SVM model
achieved an accuracy of 81.0%, a precision of 72.0%,
and a recall of 81.0%, with an MCE of 0.16.
Although SVM is often used in various signal
classification studies, these results indicate that its
performance is still not optimal in distinguishing
stress levels based on EEG signals. This may be due
to the complexity and variability of EEG signals,
which are non-linear and non-stationary, meaning
that the RBF kernel in SVM cannot fully capture the
patterns in the data.

The Random Forest model demonstrated a
significant improvement over SVM, achieving an
accuracy, precision, and recall of 96.0% each, with
the MCE drastically reduced to 0.04. This indicates
that the RF model can handle the complex features in
EEG data more effectively. Random Forest’s ability
to perform ensemble decision trees and manage
overfitting makes it superior for signal-based
classification.

Furthermore, the most optimal results were
obtained with the ensemble model combining
Random Forest + AdaBoost, which achieved an
accuracy of 97.0%, precision of 97.0%, recall of
97.0%, and an MCE of 0.03. This demonstrates that
the two-stage ensemble approach, where the
probabilistic predictions from Random Forest are
used as additional input for AdaBoost, positively
contributes to strengthening the classification
capability. Compared to using Random Forest alone,
this ensemble model increased accuracy by 1%,
which, in the context of medical classification such as
detecting stress from EEG signals, is a meaningful
improvement.

This performance enhancement indicates that the
ensemble model not only corrects prediction errors
from the base model but is also more robust against
noise and variability in EEG data, which are
commonly encountered in real-world environments
such as correctional facilities. Therefore, it can be
concluded that the use of an ensemble model based
on Random Forest and AdaBoost is more
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recommended for EEG signal classification in the
context of stress level measurement.

To further validate the results of this study, a
comparison with existing EEG-based stress
classification research was conducted. Previous
studies reported that Support Vector Machine (SVM)
achieved accuracy levels ranging from approximately
75% to 90% for mental stress detection, depending on
the dataset characteristics and feature extraction
methods used [18], [19]. In addition, studies applying
Random Forest classifiers for EEG-based stress
detection reported average accuracy values of around
85%-90% [20]. Compared to these findings, the
proposed Random Forest + AdaBoost ensemble
model achieved a higher accuracy of 97%, indicating
a significant performance improvement. This result
confirms that ensemble learning strategies can
provide Dbetter robustness and discrimination
capability for multilevel stress classification using
EEG signals, particularly in real-world environments.

4. CONCLUSION

Based on the results of this study, it can be
concluded that the ensemble model outperformed the
Support Vector Machine (SVM) in classifying stress
levels from EEG signals, achieving 97.00% accuracy,
97.00% precision, 97.00% recall, and an MCE of
0.03, compared to SVM’s 81.00% accuracy, 72.00%
precision, 81.00% recall, and 0.16 MCE. Compared
to Random Forest alone, the ensemble improved
accuracy by 1% and reduced MCE from 0.04 to 0.03,
demonstrating that the ensemble approach enhances
overall classification performance and generalizes
better to emotional variations, as reflected by high
AUC values of 0.97 (neutral), 1.00 (relaxed), and
0.88 (stress), whereas SVM achieved 0.92, 0.94, and
0.86 for the same classes. For future research, it is
recommended to explore other models such as
Gradient Boosting, XGBoost, or deep learning
architectures (CNN, LSTM) to further improve
classification performance, develop real-time stress
detection prototypes integrated with wearable EEG
devices for field testing, and incorporate feature
interpretation analyses using methods like SHAP or
LIME to understand the contribution of each feature
in classification.
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