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Abstract— Mental stress is a massive threat to global 

health because it has serious adverse effects on people's 

memory, emotional well-being, and productivity. 

Although electroencephalography (EEG) offers a non-

invasive, high-temporal-resolution modality for stress 

assessment, the complex, non-stationary nature of stress-

related neural responses remains a significant challenge 

for reliable EEG-based classification systems. The 

Research contribution is the development of an 

interpretable and modular EEG-based stress recognition 

framework that systematically integrates spatial–
temporal connectivity descriptors with classical machine 

learning models. The proposed framework extracts 

handcrafted features from two complementary domains: 

temporal descriptors, including time-domain statistics 

and Hjorth parameters, and spatial connectivity 

measures, including inter-channel Pearson correlation, 

amplitude asymmetry, and Phase Lag Index (PLI). In 

addition, a log-transformed meta-correlation descriptor 

is introduced to capture nonlinear dependencies among 

temporal features. EEG signals from the DASPS dataset 

are segmented and evaluated using stratified 5-fold cross-

validation across multiple classical classifiers. 

Experimental results demonstrate that the proposed 

framework achieves 99.18% accuracy and 99.89% AUC 

in binary stress classification using KNN, and 98.56% 

accuracy and 99.95% AUC in multiclass classification 

using SVM. Furthermore, XGBoost provides a favorable 

balance between accuracy and computational efficiency, 

achieving low inference latency (0.0015 s). These results 

confirm consistent performance across classifiers without 

reliance on deep learning architectures. Overall, the 

proposed framework offers an interpretable, low-latency 

solution for EEG-based mental stress detection, with 

strong potential for deployment in practical applications, 

such as wearable mental health monitoring systems and 

real-time stress assessment platforms. 

Keywords— EEG stress detection; spatiotemporal 

features; functional connectivity; handcrafted feature 

extraction; cross-validation; mental stress classification; 

affective computing 

I. INTRODUCTION 

Mental stress has become a widespread global issue with 
significant psychological, physiological, and socioeconomic 
consequences [1]-[2]. The World Health Organization states 
that a considerable number of people endure stress-related 
symptoms, with chronic stress considered one of the main 
risks for the development of cardiovascular diseases, anxiety, 
and depression [3]. In the fields of work, study, and 
healthcare, long-lasting stress has been associated with 
reduced productivity, impaired decision-making, memory 
loss, and lack of attention [4]. The modern lifestyle factors 
such as digital overload, economic insecurity, and social 
isolation not only aggravate these impacts but also contribute 
to the rising prevalence of stress among various populations 
[5]-[6]. Therefore, the non-invasive approach of 
neurophysiological monitoring via electroencephalography 
(EEG) is considered a key to reliable, timely stress detection, 
which, in turn, supports mental wellness and enables 
proactive health interventions [7]. EEG offers objective, real-
time stress evaluation due to its high temporal resolution and 
sensitivity to changes in brain state, making this monitoring 
method highly promising [8], [9], [10].    

The potential of EEG to recognize mental stress has been 
and continues to be a subject of significant Research; 
however, the complexity and fluctuations of brain dynamics 
still pose significant challenges for analytical purposes [11]. 
As a result of the massive intersubject differences, the 
variance of stress-related neural events over time, and the 
Influence of the surrounding context, these factors make it 
very hard to build a strong model [12]-[13]. On the other 
hand, some deep learning models, such as CNN-based 
architectures, EEGNet, and convolutional recurrent neural 
networks (CRNNs), have achieved strong and reliable results 
in EEG classification and emotion recognition tasks [14], 
[15], [16]. Nonetheless, deep learning methodologies still 
require complex training pipelines, the tuning of large 
parameter sets, and the use of non-trivial computational 
resources, which add to the overall cost [17]-[18]. These 
needs might pose significant constraints on their application 
in real-time or wearable EEG systems, where low latency, 
interpretability, and power efficiency are critical 
requirements [19]. The problem is even greater when low-
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cost, portable EEG devices are used, which are essential for 
monitoring stress in a scalable, practical manner; however, 
they limit the model's complexity and power consumption 
[20]. Therefore, even today, classic machine learning models 
are still a viable option for real-time EEG-based stress 
monitoring [21]-[22].  

In recent years, researchers have examined a variety of 
methods for recognizing emotions and stress using EEG 
analysis. Deep neural networks, particularly convolutional 
and recurrent networks, have been widely used to extract 
hierarchical features from EEG signals. These networks often 
achieve perfect classification accuracy [23]-[24]. However, 
their drawbacks include the need for large amounts of data, 
long training times, and substantial computational power 
[17], [25], [26]. On the other hand, with the emergence of 
low-power deep learning architectures such as EEGNet and 
TinyML-based models, there is great potential to eliminate 
the computationally intensive stage of EEG analysis without 
loss of quality [16], [18], [27]. Despite these breakthroughs, 
deep learning techniques remain tied to traditional 
convolutional training and parameter tuning, which may lead 
to issues with interpretability, fixed latency, and deployment 
in low-resource settings [11]-[16]. On the other hand, the use 
of temporal features, spectral features, and inter-channel 
connectivity measures in handcrafted feature extraction 
methods can be considered a more complex yet 
physiologically meaningful approach, more appropriate for 
real-time EEG-based stress monitoring systems due to its 
lower computational complexity [28]-[29]. The works of [30] 
and [31] support the idea that by merging analyses of 
different features temporally and spatially, bio-signal 
analysis, including EMG and EEG, can be enriched. 
Techniques such as the Phase Lag Index (PLI), Pearson 
correlation, and amplitude asymmetry are suggested for 
studying the spatial dynamics of the brain.  

Recent studies have continued to provide conclusive 
evidence that spatial connectivity features, such as 
correlation-based, coherence, and phase-synchronization 
measures, can be used to capture inter-regional 
communication patterns that decode stress and emotional 
states. To be specific, some of the latest Research has looked 
into the use of functional connectivity to improve the 
attention mechanism used in the cross-subject EEG emotion 
recognition and thereby connectivity integration improved 
generalization [32]; Besides that, the fusion of phase- and 
amplitude-based connectivity has been able to provide a 
better decoding of the emotional responses [33]; while the 
various methods of analyzing EEG connectivity during 
emotions have been suggesting the remarkable ability of 
spatial patterns to differentiate among emotions [34]. Besides 
that, the modeling of spatial–temporal connectivity has been 
frequently identified as a significant Research area in 
affective computing and stress-related EEG studies [35]-[36]. 

Even so, EEG signals are no more than implicit spatial 
and temporal dynamics that reflect affective neural activity 
through interchannel interactions and time-varying brain 
responses. Researchers have shown that integrating these 
domains produces better, more distinctive EEG 
representations for emotion analysis. To illustrate, 
STRFLNet, a spatio-temporal representation fusion learning 

network that effectively merges spatial dependencies and 
temporal evolution in EEG features, thereby increasing 
emotion recognition accuracy [37]. Similarly, a Dynamic 
Collaborative Evolutionary Network can interpret complex 
spatiotemporal relationships, thereby achieving strong 
generalization across diverse domains [38]. Additionally, 
DC-ASTGCN, which uses adaptive spatio-temporal graph 
convolution to model the directed relationships among 
channels, improves the decoding of emotional states [39]. On 
the whole, these studies argue that simultaneous modeling of 
spatial and temporal aspects is essential for revealing delicate 
neural patterns. Nevertheless, despite their effectiveness, 
deep learning-based spatio-temporal fusion methods are not 
suitable for real-time EEG stress monitoring applications due 
to their high reliance on large datasets, substantial 
computational resources, and limited interpretability. 

Furthermore, logarithmic and nonlinear transformations 
have recently been used in EEG-based connectivity analysis 
to enhance the robustness of correlation distributions. Proper 
transformation of connectivity features improves stability in 
sensor-space EEG connectivity estimation [40]; on the other 
hand, nonlinear scaling enhances interpretability and 
discrimination in dynamic functional connectivity modeling 
[41]. Besides, the necessity of normalization and 
transformation to reduce the variability in EEG-based 
connectivity measures [42]-[43]. Likewise, logarithmic 
transformations in functional connectivity-based emotion 
decoding are used to maintain balanced dynamic ranges and 
improve classifier performance [43]. These transformation 
techniques not only render the connectivity distributions 
uniform but also allow handmade descriptors to prove their 
superiority. 

EEG features are highly dimensional and are derived from 
spatial and temporal connectivity descriptors. For the above 
reason, classical machine learning models are compelling for 
structured data with a small number of samples. In small EEG 
datasets, traditional machine learning methods often 
outperform deep learning methods because they generalize 
better and are less computationally intensive [43]. By the 
same token, feature reduction combined with classical 
classifiers such as SVM and KNN improved emotion 
recognition accuracy on small EEG feature sets [44]. On top 
of that, conventional models remain very effective at 
generalization and are more reliable than deep learning 
architectures in structured EEG domains [45]. Because of 
these benefits, classical machine learning classifiers are used 
in this Research to examine the discriminative power of 
handcrafted spatial-temporal features while still maintaining 
computational efficiency. 

The growing interest in connectivity-driven and deep 
fusion approaches has led to a relatively small number of 
studies that use handcrafted, interpretable frameworks to 
systematically integrate spatial-temporal connectivity 
measures with classical learning paradigms for EEG-based 
stress detection. However, the present study highlights the 
systematic integration of connectivity-based descriptors into 
a unified and interpretable handcrafted framework for stress 
detection [46]. Moreover, previous assessments are often 
limited to single-setting classification analyses that focus on 
binary stress discrimination, thereby providing an inadequate 
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understanding of the model's performance across different 
stress intensity levels [47]-[48]. 

To overcome these difficulties, the current Research 
presents a distinctive Spatial–Temporal Connectivity 
Descriptor (STCD) for EEG-based stress detection. The main 
aims are to create a flexible feature extraction pipeline that 
combines the time descriptors (statistical measures and 
Hjorth parameters) with the spatial connectivity metrics 
(correlation, amplitude asymmetry, and PLI), to test the 
performance using eight traditional machine learning 
classifiers for both binary and multiclass stress classification, 
and to examine the balance between the accuracy of the 
classification and the delay in processing for real-time 
usability. The contributions of this work are threefold: i) the 
establishment of a cohesive and easily understood EEG-
based stress recognition framework using handmade spatial-
temporal descriptors; (ii) an all-around assessment of eight 
traditional machine learning models in both binary and 
multiclass settings, in terms of accuracy, inference latency, 
and training efficiency; (iii) a comparative performance 
analysis against the previous state-of-the-art methods on the 
DASPS dataset. These contributions from the current 
Research paper provide a practical approach to developing 
EEG-based mental stress detection systems that are both 
affordable and scalable. 

To facilitate the proposed framework, Fig. 1 presents a 
conceptual overview of the spatial–temporal connectivity-
based stress recognition pipeline, summarizing the main 
processing stages from EEG acquisition to classification and 
evaluation. 

 
Fig. 1. Conceptual overview of the proposed spatial–temporal connectivity. 

II. METHODOLOGY 

The STCD system is suggested for EEG-based mental 
stress classification, as shown in Fig. 2. The workflow 
includes EEG acquisition and preprocessing, and the 
production of handcrafted temporal features and spatial 
connectivity descriptors. The resulting feature set is 
evaluated using multiple classical machine learning 
classifiers to perform both binary and multiclass stress 
classification. 

 
Fig. 2. Schematic of the STCD framework: EEG windows are processed to extract temporal and spatial features 

A. Dataset 

This Research revolves around the Database for Stress 
Processing under Simulated Conditions (DASPS), a public 
EEG dataset designed for the classification of anxious and 
stress states, among others. The DASPS dataset has been a 
standard for EEG-based stress recognition over the years, 
mainly because of its controlled experimental protocol and 
validated psychological labeling. The recordings in the 
dataset come from 23 healthy participants (12 men, 11 
women; aged 18–35 years), who viewed audiovisual stimuli 
with emotional content in a laboratory under controlled 
conditions, as shown in Figure 3. 

 

EEG signals were acquired using the Emotiv EPOC+ 
headset, which features 14 electrodes placed according to the 
international 10–20 system (AF3, F7, F3, FC5, T7, P7, O1, 
O2, P8, T8, FC6, F4, F8, AF4) with a sampling rate of 128 
Hz. Every participant completed 12 trials, each associated 
with one stimulus of a different emotional nature: neutral, 
low-stress, or high-stress. The stimuli were taken from the 
databases, i.e., IAPS, IADS, which are known to elicit 
emotions and lasted about 60 seconds per trial [15].  

This DASPS dataset was collected in accordance with 
approved ethical procedures, and all participants provided 
informed consent. Moreover, the stress labels were confirmed 
with standardized psychological tools such as HAM-A and 
SAM. For the binary and multiclass stress labels, valence-
arousal scores were used based on the original DASPS 
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annotation protocol, which comprised threshold-based 
partitioning to indicate relative affective intensity. This has 
become a widely used method among EEG researchers in the 
field of affective computing, as it reflects self-reported 
emotional states rather than clinically certified stressors. 
However, just like most of the laboratory-based EEG 
datasets, the demographic range and recording conditions of 
DASPS might limit its generalization to different real-world 
populations, and hence, further validation on additional 
datasets may be required in future studies. 

Fig 3. Overview of the DASPS Dataset Components 

B. Algorithmic Workflow of STCD 

The presented framework, STCD, proposes a Spatial–
Temporal Connectivity Descriptor (STCD) that provides a 
complete outline of the signal processing and classification 
workflow. The framework comprised a systematic activity 
that started with segmenting the multichannel EEG signals, 
followed by placing them in overlapping windows. From 
each window, handcrafted temporal features, comprising 
statistical descriptors and Hjorth parameters, and spatial 
features such as Phase Lag Index (PLI), amplitude 
asymmetry, and Pearson correlation, are extracted and 
concatenated into a unified vector. To capture higher-order 
relationships, a meta-correlation descriptor is computed by 
correlating the original feature vector with its logarithm, 
yielding an enriched representation. 

 
Fig. 4 Overview of the STCD feature extraction and classification pipeline, illustrating Spatial-Temporal Connectivity Descriptor computation and meta-

correlation integration. 

This final feature set is then used to train multiple 
classical classifiers, including XGBoost, SVM, Random 
Forest, and others, with a stratified 5-fold cross-validation 
scheme. Model performance is assessed using standard 
metrics such as accuracy, recall, F1-score, AUC, Training 
and Inference Time. Algorithm 1 presents the overall 
workflow of the proposed method, which can be summarized 
as follows: 
• EEG signals are acquired and preprocessed using 

bandpass filtering and artifact inspection. 
• The preprocessed EEG is segmented into fixed-length 

windows for feature extraction. 
• Temporal descriptors, including statistical measures and 

Hjorth parameters, are computed for each channel. 

• Spatial connectivity descriptors, including correlation-
based, amplitude asymmetry, and phase-lag index 
measures, are extracted to capture inter-channel 
interactions. 

• Temporal and spatial features are integrated into a 
unified feature representation. 

• The resulting feature vectors are classified using 
multiple classical machine learning models under 
binary and multiclass stress recognition settings. 

• Model performance is evaluated based on classification 
accuracy, latency, and training efficiency 
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ALGORITHM I: STCD EEG FEATURE EXTRACTION AND CLASSIFICATION 

Step Procedure 
1 Input : EEG signals 𝑥: ℝⁿˣᶜˣᵗ 

where: ݊ = number of trials, ܿ = number of channels 
(electrodes), ݐ = number of time points per trial 

2 Output : Feature matrix ݂_final ∈ ℝⁿˣᶠ 
where ݂ is number of extracted features 

3 Segment EEG data using sliding window (length = 256, step 
= 32) 

4 for i=1 to n: // For each trial 
5 𝑥௧௥௜௔௟← x[i, :, :] 
6 for ch=1 to c: // Per channel 
7 Normalize𝑥௖ℎ  (𝑥௧௥௜௔௟[ܿℎ]) ݎ݈݁ܽܿݏ݀ݎܽ݀݊ܽݐܵ←
8 Compute temporal features:  

- mean, std, skewness, kurtosis 
9 - Hjorth activity, mobility, complexity 
10 Store channel-wise features as temporal 

vector 
11 End for 
12 for each channel pair (a,b), a<b: 
13 Compute ܲܫܮ௔,௕ ←ܲℎܽ݁݀݊ܫ݃ܽܮ݁ݏ𝑥 (𝑥௔, 𝑥௕) 
14 Compute amplitude asymmetry ݉ݕݏܣ௔,௕ ← ௔ߤ ,  ௕ߤ
15 Compute Pearson correlation between 

channel features 
16 Compute log-transformed correlation 
17 End for 
18 Concatenate all temporal and spatial features: ்݂ ௌ 
19 Compute meta-correlation: ஼݂௢௥௥ ← Corr (்݂ ௌ, log (1 + 

|்݂ ௌ |)) 
20 Concatenate all features ௖݂௢௡௖௔௧  = [்݂ ௌ, ஼݂௢௥௥] 
21 Assign ௙݂௜௡௔௟[݅, : ] ← ௖݂௢௡௖௔௧ 
22 End for 
23 Normalize features via StandardScaler 
24 Train classifiers (XGB, RF, SVM, KNN, DT, AdaBoost, 

Gradient Boost, Naive Bayes) using stratified 5-fold cross-
validation 

25 Output: Accuracy, Recall, F1-Score, AUC, and inference 
time 

C. Signal Preprocessing 

 Previous DASPS-based studies have commonly adopted 
window-based EEG segmentation and cross-validation to 
evaluate stress recognition models. The present work follows 
these established protocols, ensuring methodological 
consistency and comparability [47], [49], [50]. 

 Raw EEG signals were first resampled to a uniform 128 
Hz to ensure consistency across subjects. To preserve 
temporal resolution while enabling efficient processing, the 
signals were segmented into overlapping windows of 256 
samples (equivalent to 2 seconds), with a step size of 32 
samples [51]-[52]. Artifact removal was performed using a 
Butterworth bandpass filter (0.5–40 Hz) [53]. Additionally, a 
visual inspection was conducted by two trained raters, who 
independently annotated segments with visible blinks or 
muscular artifacts [54]. 

 The experimental dataset consists of 3.864 EEG samples 
acquired from 23 subjects during controlled stress-induction 
tasks. Each sample corresponds to a fixed-length EEG 
segment processed using the proposed STCD feature 
extraction framework. 

D. Feature Extraction Framework: Spatial–Temporal 

Connectivity Descriptor Framework (STCD) 

Each segment is processed through two parallel branches: 
(i) a temporal branch, which extracts handcrafted statistical 
features from individual EEG channels, and (ii) a spatial 
branch, which encodes inter-channel relationships across 
electrode pairs, as shown in Table 1. These features are 
subsequently concatenated to form a unified representation 
suitable for classification. 

In the temporal branch, time-domain descriptors are 
derived from each EEG channel to capture intra-signal 
morphology. The extracted features include mean, standard 
deviation, skewness, and kurtosis as well as Hjorth 
parameters: activity, mobility, and complexity [55]-[56]. 
Hjorth parameters provide a compact quantification of signal 
dynamics and have been widely used to characterize stress-
induced neural modulation due to their physiological 
interpretability [57]. 

 The spatial branch focuses on inter-channel interactions, 
computed across all possible electrode pairs. We incorporate 
three connectivity descriptors: (1) Pearson correlation is 
employed to quantify linear inter-channel dependencies 
between EEG signals, providing a compact representation of 
functional connectivity patterns among EEG channels [58]-
[59]; (2) Amplitude asymmetry is used to capture 
hemispheric imbalance in EEG activity, which has been 
associated with stress-related neural responses [11];[21]; and 
(3) The Phase Lag Index (PLI) is adopted to estimate phase-
based functional connectivity while reducing the Influence of 
volume conduction effects [60]-[61]. 

 To capture nonlinear interactions between features, we 
introduced a meta-correlation descriptor defined as the 
Pearson correlation between the raw feature vector and its 
log-transformed version: Corr (்݂ ௌ, log (1 + |்݂ ௌ |))[18]. This 
transformation emphasizes relative changes in small-
magnitude components while dampening extreme values, 
improving sensitivity to second-order relationships. Prior 
work in neuroimaging and bioinformatics supports the use of 
log-scaling to uncover latent structure in noisy physiological 
signals [62]. 

TABLE I. MATHEMATICAL FORMULATIONS AND VARIABLE DEFINITIONS 

FOR EACH DOMAIN-SPECIFIC FEATURE SET INCLUDED IN THE STCD 

FRAMEWORK 
Domain Formula Variable Meaning 
Temporal ߤ= 1ܰ ∑ 𝑥௜ , ߪ = √1ܰ ∑(𝑥௜ −  2(ߤ

𝑥௜ : EEG sample, N: 
Number of samples 

 
ܣ  = ,(𝑥)ݎܸܽ ܯ =  √௏௔௥(௫′)௏௔௥(௫) , ܥ = ெ′ெ  

A: Hjorth Activity, 
M: Mobility, C: 
Complexity 

Spatial ܲܫܮ = sin (∅௫)݊݃݅ݏ〉  − ∅௬))〉 Phase Lag Index 
between signal 
phases ∅௫, ∅௬ 

 ∆௔௕= ௔ߤ  − ௔ߤ ௕ߤ ,  ௕ : meanߤ
amplitude of 
channels a,b 

Corr ܿݎݎ݋(𝑥_ܽ, 𝑥_ܾ )= ,ܽ_𝑥)ݒ݋ܥ 𝑥_ܾ )/(ߪ_(𝑥_ܽ ).  ( ( ܾ_𝑥)_ߪ
 

,ܽ_𝑥)ݒ݋ܥ 𝑥_ܾ ) : the 
covariance between 𝑥_ܽ, 𝑥_ܾ and ߪ_(𝑥_ܽ ).  ( ܾ_𝑥)_ߪ
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are their respective 
standard deviations. 𝑥 : extracted feature 

Meta-Corr ݃݋݈_ݎݎ݋ܥ (𝑥_ܽ, 𝑥_ܾ ) log (1)ݎݎ݋ܥ = + |𝑥_ܽ |), log (1+ |𝑥_ܾ |)) 

Correlation between 
original and log-
transformed feature 
vector 

 The extracted features are subsequently classified using 
several machine learning algorithms, including XGBoost, 
SVM, Random Forest, KNN, Decision Tree, AdaBoost, and 
Naïve Bayes, under both binary and multiclass classification 
settings. Prior to classification, the feature matrix is 
standardized using z-score normalization (StandardScaler) 
[58]-[59]. 

E. Classification Strategy 

The STCD framework integrates a broad range of 
classical machine learning algorithms, selected for their 
accuracy, interpretability, and computational efficiency, 
among other factors. For benchmarking the performance, 
eight machine learning classifiers are applied: XGBoost, 
Random Forest (RF), Support Vector Machine (SVM), k-
Nearest Neighbors (KNN), Decision Tree (DT), AdaBoost, 
Gradient Boosting (GB), and Gaussian Naive Bayes (GNB) 
[63]. These models include ensemble methods, probabilistic 
models, distance-based classification, and kernel-based 
learning, allowing for a thorough evaluation of the proposed 
feature set [64]. 

XGBoost is chosen for its ability to handle complex 
decision boundaries via boosted trees and regularization [65], 
[66]. Random Forest builds multiple decision trees using 
different feature subsets, which increases the model's 
resistance to overfitting and noise [67]-[68]. Kernel-based 
models (SVM) can deliver a high discriminative power in 
complex feature spaces [69]-[70]. Instance-based models 
(KNN) are very effective with low-dimensional, handcrafted 
features [71]-[72]. AdaBoost and Gradient Boosting 
continuously improve the model by focusing on 
misclassifications [73]-[74]. Simple models (Naive Bayes, 
Decision Tree) can still offer computational benefits [75]-
[76]. 

All the classifiers were trained on feature vectors 
extracted from hand-crafted descriptors. Hyperparameter 
tuning is performed using grid search within a cross-
validation framework to ensure fair and consistent model 
optimization [77]-[78]. 

III. EVALUATION AND TESTING SCENARIO 

The DASPS dataset included 23 participants, each 
completing 12 trials, yielding more than 3000 EEG segments 
after windowing. The segments were marked according to the 
valence-arousal (V-A) model for both the binary and four-
class situations. The distribution of classes across binary and 
multiclass labels was nearly equal due to the stratified 
segmentation approach. Moreover, the counts of classes were 
checked to rule out overrepresentation bias, thus 
guaranteeing equal training and assessment. 

In the binary setup, EEG segments received the label 
"Stress" when valence (V) was less than or equal to 5 and 

arousal (A) was greater than or equal to 5; otherwise, the label 
"No-Stress" was assigned. In the multiclass case, the labelling 
criteria for stress was further subdivided into three levels 
based on more specific V-A thresholds: Label 3 (v ∈ (0,2], a ∈ [7,9]), Label 2 (v ∈ (2,4], a ∈ [6,7)), and Label 1 (v ∈ (4,5], 
a ∈ [5,6)). Segments that did not satisfy these thresholds were 
assigned Label 0 as the default class. This granularity allows 
us to explore the more subtle levels of stress intensity in the 
EEG signals.  

The total number of 462 features generated in the 
proposed scheme is summarized in Table 2. These features 
comprise 98 temporal descriptors and 364 spatial 
connectivity features. The temporal features are derived from 
the extraction of seven statistical and Hjorth-based 
descriptors from each of the 14 EEG channels. This gives a 
total of 7×14 = 98 features. The set of spatial features is 
created by applying four complementary measures of 
connectivity (Pearson correlation, amplitude asymmetry, 
Phase Lag Index (PLI), and log-transformed meta-
correlation) across all unique pairs of EEG channels 
(14×13/2=91), yielding 4×91=364 spatial descriptors. The 
explicit quantification done here highlights the feature space 
that is structured but also high-dimensional, which gives an 
apparent reason to use classical machine learning classifiers. 

TABLE II. FEATURE DIMENSIONALITY OF THE STCD FRAMEWORK 

Feature 
Group 

Description Dimension 

Temporal 
Features 

Statistical and Hjorth parameters 
extracted per EEG channel (7 
features × 14 channels) 

98 

Pearson 
Correlation 

Pairwise correlation between 
temporal feature vectors across 
unique EEG channel pairs (14×13/2) 

91 

Amplitude 
Asymmetry 

Mean amplitude difference between 
unique EEG channel pairs (14×13/2) 91 

Phase Lag 
Index (PLI) 

Phase-based connectivity measure 
computed for unique EEG channel 
pairs (14×13/2) 

91 

Meta-
Correlation 

(Log) 

Log-transformed correlation 
between temporal feature vectors of 
unique EEG channel pairs (14×13/2) 

91 

 The stratified 5-fold cross-validation scheme was used to 
ensure the same class distribution across the training and 
evaluation pipelines, thereby achieving consistent results 
[79]. Eight different AI classifiers were trained and tested: the 
XGBoost, Random Forest, SVM, KNN, Decision Tree, 
AdaBoost, Gradient Boosting, and Gaussian Naive Bayes. 

 To avoid data leakage, hyperparameter tuning was 
performed using cross-validation. The hyperparameter 
optimization was performed globally within each cross-
validation fold and was not influenced by subject-specific 
factors. This setup guarantees that model evaluation and 
generalization will be unbiased [80], as illustrated in Table 3. 

TABLE III. HYPERPARAMETER SEARCH SPACE FOR MACHINE LEARNING 

CLASSIFIERS 

Model Parameter Configuration 
XGB n_estimators=[500, 1000, 1500, 2000], eval_metric='logloss', 

random_state=42 



Journal of Robotics and Control (JRC) ISSN: 2715-5072 3714 
 

Dwi Utari Surya, Spatial–Temporal Connectivity Descriptors for EEG-Based Mental Stress Detection Using Interpretable 
Machine Learning 

RF n_estimators=[200, 500], max_depth=[10, None], 
random_state=42 

SVM kernel='rbf', probability=True, C=[1000, ..., 1e6], 
gamma='scale', random_state=42 

KNN n_neighbors=[3, 7, 13, 29, 57, 87, 135] 
DT criterion=['gini', 'entropy'], max_depth=range(3,15), 

random_state=42 
AB n_estimators=[50,100,200],learning_rate=[0.01,0.05,0.1,0.5,1.

0], algorithm=['SAMME','SAMME.R'], random_state=42 
GB loss='log_loss', learning_rate=0.05 or 0.1, min_samples_split=2 

or 5, min_samples_leaf=1 or 2, max_depth=3 or 5, 
max_features='sqrt', criterion='friedman_mse', subsample=0.8 
or 1.0, n_estimators=100 or 200, random_state=42 

NB Default 

IV. RESULT AND DISCUSSION 

A. Binary Classification Performance 

Overall, the classifiers demonstrated superior 
performance in the binary stress classification task. KNN 
achieved the highest accuracy (99.18% ± 0.28%) and F1-
score (98.89% ± 0.38%), while SVM yielded the highest 
AUC (99.92% ± 0.02%) at the expense of substantial 
computational cost. XGBoost provided a favorable balance 
between classification accuracy (92.78%) and inference 
latency (0.0015s), supporting its suitability for real-time 
applications. 

 The K-Nearest Neighbors (KNN) classifier achieved the 
highest accuracy (99.18% ± 0.28%) and F1-score (98.89% ± 
0.38%) in the binary stress classification task, along with a 
robust AUC of 99.89% ± 0.06%. It also maintained a 
relatively low training time (0.8828s) and acceptable 
inference latency (0.1271s), making it a practical choice for 
real-time stress monitoring. Support Vector Machine (SVM) 
also demonstrated excellent performance, achieving 98.93% 
accuracy and 98.55% F1-score, with an AUC of 99.92% ± 
0.02%. However, it incurred the highest computational 
burden, with a training time of over 364 seconds and the 
highest inference time (3.5953s ± 0.2058s), limiting its 
suitability for latency-sensitive applications. 

XGBoost (XGB) achieved the highest accuracy (92.78%) 
while maintaining extremely low inference time (0.0015s), 
making it well-suited for settings with limited resources. On 

the other hand, Random Forest (RF) showed low recall 
(70.87%) and F1-score (73.98%), though it had a good AUC 
of 98.85%, indicating that the model is sensitive to class 
imbalance in the binary stress context. 

 Simpler models such as Decision Tree (DT), AdaBoost 
(AB), and Gradient Boosting (GB) achieved moderate 
classification performance, with accuracies ranging from 
75% to 81%, but suffered from lower recall and F1 Scores. 
While Gaussian Naive Bayes performed poorly in terms of 
accuracy and AUC, its low inference time (<0.01s) and 
minimal resource consumption suggest potential use in low-
power or wearable platforms where interpretability and speed 
outweigh predictive precision, as shown in Table 4. 

TABLE IV PERFORMANCE COMPARISON OF MACHINE LEARNING 

CLASSIFIERS FOR BINARY EEG-BASED STRESS CLASSIFICATION USING THE 

STCD FRAMEWORK 

Mode
l 

Acc 
(%) 

Re- 
call 
(%) 

F1 
Scor
e (%) 

AUC 
(%) 

Training 
Time (s) 

Inferenc
e Time 

(s) 

XGB 

92.7
8 ± 
1.50 

86.15 
± 

2.95 

89.29 
± 

2.44 
98.27 
± 0.61 

23.0625 
± 0.7342 

0.0015 ± 
0.0003 

SVM 

98.9
3 ± 
0.24 

97.98 
± 

0.45 

98.55 
± 

0.34 
99.92 
± 0.02 

364.542 
± 2.5534 

3.5953 ± 
0.2058 

RF 

85.6
4 ± 
4.03 

70.87 
± 

8.18 

73.98 
± 

10.99 
98.85 
± 1.62 

112.470
5 ± 

4.1406 
0.0502 ± 
0.0039 

KNN 

99.1
8 ± 
0.28 

98.82 
± 

0.51 

98.89 
± 

0.38 
99.89 
± 0.06 

0.8828  
± 0.0244 

0.1271 ± 
0.0169 

DT 

77.7
0 ± 
0.42 

57.13 
± 

1.11 

56.74 
± 

1.83 
69.49 
± 1.83 

4.2994  
± 0.0221 

0.0011 ± 
0.0001 

AB 

75.7
9 ± 
0.31 

51.33 
± 

0.70 

46.01 
± 

1.44 
72.94 
± 1.48 

79.9476 
± 0.1866 

0.0449 ± 
0.0016 

GB 

81.4
1 ± 
0.71 

62.71 
± 

1.53 

64.76 
± 

2.14 
90.01 
± 0.67 

191.634
2  

± 0.8847 
0.0032 ± 
0.0001 

NB 

49.9
0 ± 
0.95 

59.38 
± 

0.77 

49.23 
± 

0.87 
64.10 
± 0.75 

0.2320  
± 0.0042 

0.0065 ± 
0.0007 
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Fig. 5. Confusion matrices for binary stress classification (stress vs. non-stress) 

 Further analysis of class-wise performance and confusion 
matrices for the binary stress classification task is presented 
in Fig. 5. The results indicate consistently high negative rates 
for the non-stress class and intense sensitivity to stress, 
particularly for KNN and Random Forest, which exhibit the 
most balanced error distributions. In contrast, simpler models 
such as Decision Trees and Naïve Bayes show higher stress 
misclassification rates. 

 Validation of class separability is shown in Fig. 6 using 
Linear Discriminant Analysis (LDA). The LDA projection is 
presented solely for qualitative visualization purposes and 
does not serve as a quantitative validation of class 
separability or classifier performance. The 2D projection 
illustrates a clear margin between Class 0 (No-Stress) and 
Class 1 (Stress), forming two well-separated clusters along 
the first discriminant axis. The high classification scores, 
supported by the above visual evidence, and the ability of the 
handcrafted features to provide the relevant neural 
distinctions associated with stress states are thus highlighted. 

 
Fig. 6 Linear Discriminant Analysis (LDA) Visualization of Feature Space 
for Binary EEG Stress Classification Using Handcrafted STCD Features 

 

Fig. 7. Heatmap of paired t-test p-values for binary stress classification 
across classifiers 

A matrix of paired t-test p-values for the binary 
classification task is shown in Fig. 7. The values of the matrix 
are less than 0.05. This indicates that there is a statistically 
significant difference in the performance of the compared 
classifiers. The high-performing models were particularly 
KNN, SVM, Random Forest, and XGBoost, and their 
performance gains were statistically significant compared 
with simpler classifiers such as Decision Tree, Naïve Bayes, 
and AdaBoost. Thus, it confirms that the improvements 
observed are not due to random variation. 

B. Binary Model Efficiency Analysis 

The training and estimation periods of each classifier 
were measured to assess their computational efficiency, a 
crucial factor for real-time EEG-based stress monitoring 
systems. Support Vector Machine (SVM) came to this 
conclusion due to its kernel-based optimization and difficulty 
in dealing with high-dimensional feature spaces, which 
resulted in the longest average training time of 364.54s ± 
2.55s, as illustrated in Fig. 8 and Fig. 9. The next in line was 
Random Forest (RF) with a significant training time of 
112.47s ± 4.14s, which was due to the extra time taken while 
making many random decision trees. 

On the other hand, the simpler models, Naive Bayes (NB) 
and K-Nearest Neighbors (KNN), showed only very slight 
training times of 0.23s ± 0.0042s and 0.88s ± 0.02s, 
respectively. Their low model complexity and minimal or no 
parameter tuning were the reasons for this. XGBoost (XGB) 
and AdaBoost (AB) required moderate training times of 
23.06s ± 0.73s and 79.95s ± 0.19s, respectively, while 
Gradient Boosting (GB) training time was the longest at 
191.63s ± 0.88s, due to iterative optimization. 

As for inference performance, SVM had the longest 
interval time at 3.5953s ± 0.2058s, making it the lowest in 
this regard among the classifiers, suitable for applications that 
require quick responses. KNN took longer due to its instance-
based nature, at 0.1271s ± 0.0169s, while RF and AB were 
next, with moderate inference times of 0.0502s and 0.0449s, 
respectively. On the other hand, XGB and GB made the least 
noise, with remarkable inference delays of only 0.0015s and 
0.0032s, respectively, making them quite the perfect 
candidates for real-time stress detection. 

The quickest inference times were recorded by Decision 
Tree (DT) and Naive Bayes (NB), with average times of 
0.0011s and 0.0065s, respectively. Nonetheless, these models 
sacrifice their speed for the lower classification accuracy. All 
in all, XGB has the strongest classifier, meeting the low 
computational requirements while providing excellent 
predictive performance. 

 
Fig. 8. Comparison of training time across different machine learning 
classifiers in binary EEG stress classification using the proposed STCD. 
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Fig. 9. Comparison of inference time across different machine learning 
classifiers in binary EEG stress classification using the proposed STCD. 

C. Multiclass Classification Performance 

The same performance pattern can be seen in the 
multiclass classification setting as well. KNN and SVM were 
the top performers in classification accuracy (98.73% ± 
0.23%) and AUC (99.86% ± 0.05%) throughout the study, 
while XGBoost delivered strong results at a much lower cost 
in inference latency (0.0062s ± 0.0011s). On the other hand, 
the less complex classifiers proved to be less accurate despite 
their computational efficiency. 

TABLE V PERFORMANCE COMPARISON OF MACHINE LEARNING 

CLASSIFIERS FOR MULTICLASS EEG-BASED STRESS CLASSIFICATION 

USING THE STCD FRAMEWORK 

Model 
Acc 
(%) 

Re-
call 
(%) 

F1 
Score 
(%) 

AUC 
(%) 

Training 
Time (s) 

Inference 
Time (s) 

XGB 

93.77 
± 

0.38 

89.65 
± 

1.21 

92.82 
± 

0.77 

99.54 
± 

0.04 
91.5989 
± 1.1878 

0.0062 ± 
0.0011 

SVM 

98.56 
± 

0.33 

97.10 
± 

0.40 

98.09 
± 

0.33 

99.95 
± 

0.03 
394.0696 
± 3.3347 

4.9516 ± 
0.1316 

RF 

88.99 
± 

0.46 

76.01 
± 

1.17 

83.08 
± 

0.93 

99.84 
± 

0.03 

141.2018 
± 

24.9999 
0.1011 ± 
0.0387 

KNN 

98.73 
± 

0.23 

98.13 
± 

0.45 

98.44 
± 

0.18 

99.86 
± 

0.05 
0.8881 ± 
0.0176 

0.1379 ± 
0.0164 

DT 

63.18 
± 

1.40 

40.70 
± 

5.01 

44.01 
± 

6.40 

70.91 
± 

3.19 
4.0353 ± 
0.2369 

0.0012 ± 
0.0000 

AB 

56.29 
± 

0.94 

31.30 
± 

0.72 

31.50 
± 

1.42 

69.62 
± 

1.18 
72.0877 
± 9.5432 

0.0438 ± 
0.0148 

GB 

78.71 
± 

0.55 

64.61 
± 

0.81 

71.91 
± 

0.78 

94.02 
± 

0.26 
765.3867 
± 0.8916 

0.0089 ± 
0.0001 

NB 

49.86 
± 

0.51 

46.27 
± 

0.81 

35.69 
± 

0.73 

69.08 
± 

0.41 0.6430 ± 0.0128 
0.0105 ±
0.0006 

According to Table 5, the K-Nearest Neighbors (KNN) 
classifier is the winner among all classifiers for multiclass 
mental stress classification, with an accuracy of 98.73% ± 
0.23%, an F1-score of 98.44% ± 0.18%, and an AUC of 
99.86% ± 0.05%. This performance confirms that KNN has 
strong generalization and differentiation abilities across 
different stress levels. The Support Vector Machine (SVM) 
ranks second, with slightly lower accuracy (98.56% ± 0.33%) 
but the highest AUC (99.95% ± 0.03%), indicating its 
stability despite the high computational resource 
requirements. 

XGBoost (XGB) provided a compromise in performance, 
achieving 93.77% ± 0.38% accuracy and 92.82% ± 0.77% 
F1-score, along with very short inference latency (0.0062s ± 
0.0011s), further confirming its usefulness in real-time 
settings. Unexpectedly, Random Forest (RF), though having 
a considerable AUC (99.84% ± 0.03%), ended up with poorer 
classification metrics (accuracy: 88.99%, F1-score: 83.08%) 
and also showed inconsistency in recall performance 
(76.01% ± 1.17%), which could be a result of overfitting or 
being too susceptible to the class imbalance. 

At the bottom of the scale, Decision Tree (DT), AdaBoost 
(AB), and Naive Bayes (NB) were far behind the others in 
performance. DT and AB had F1-scores lower than 45%, 
while NB had the worst precision (F1: 35.69%) even though 
it was the fastest to train (0.6430s ± 0.0128s) and had a 
relatively low inference time (0.0105s ± 0.0006s). On the 
other hand, Gradient Boosting (GB) was the slowest during 
training (765.39s ± 0.89s) and achieved only moderate 
performance (accuracy: 78.71%, F1-score: 71.91%), making 
it less suitable for efficiency-constrained situations. 

In terms of inference time, SVM again posed challenges 
for real-time applications due to its high latency (4.9516s ± 
0.13s). At the same time, KNN (0.1379s) and RF (0.1011s) 
required moderate prediction times due to their instance-
based and ensemble complexities, respectively. 
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Fig. 10. Confusion matrices for multiclass stress classification 

 Figure 10 depicts the confusion matrices of the four-class 
stress classification. KNN, Random Forest, SVM, and 
XGBoost exhibit excellent class-wise discrimination, as 
evidenced by high diagonal dominance, indicating correct 
identification across all levels of stress. On the other hand, 
the Decision Tree and the Naïve Bayes classifiers exhibit 
significant blending of adjacent classes, particularly at 
intermediate stress levels. This reflects the difficulty in 
separating the subtle neurophysiological transitions. 

The distribution of features was qualitatively assessed 
using Linear Discriminant Analysis (LDA), as illustrated in 
Fig. 11, solely for visualization and not for performance 
validation. The four classes generally appear as well-
separated clusters, with Class 2 being the most distinct, while 
slight overlaps exist between the neighboring classes. In 
general, the visualization suggests that the features extracted 
by STCD remain highly separable across classes in the multi-
class scenario. 

 

Fig. 11.  LDA Visualization of Feature Space for Multiclass EEG Stress 
Classification Using Handcrafted STCD Features 

 In Fig. 12, the matrix of p-values from the paired t-test for 
multiclass stress classification through different classifiers is 
shown. Statistically significant performance differences are 
indicated by values below the 0.05 threshold, suggesting that 
the observed accuracy differences are not due to random 
variation. The findings reveal that the models with the best 
performance, especially KNN, SVM, Random Forest, and 
XGBoost, have considerable statistical superiority over the 
simpler classifiers, namely, Decision Tree, AdaBoost, and 
Naïve Bayes, thus proving their multiclass classification 
performance to be robust. 

 
Fig. 12. Heatmap of paired t-test p-values for multiclass stress classification 
across classifiers 

D. Multiclass Model Efficiency Analysis 

We also assessed the time required for STCD framework 
training and the inference time of its classifiers to measure its 
computational efficiency in the multiclass problem scenario, 
as depicted in Figs. 13 and 14. Gradient Boosting (GB) 
required the longest training time (765.39s ± 0.89s), followed 
by Support Vector Machine (SVM) and Random Forest (RF), 
with training times of 394.07s ± 3.33s and 141.20s ± 25.00s, 
respectively. The lengthy training time was due to the initial 
stage of training in GB and to the computationally intensive 
kernel methods in RF and SVM. 

On the other hand, K-Nearest Neighbors (KNN) and 
Naive Bayes (NB) were the fastest to train, with 0.8881s ± 
0.0176s and 0.6430s ± 0.0128s, respectively, further 
highlighting their computational simplicity. Decision Tree 
(DT) likewise had a quick training time of 4.0353s ± 0.2369s, 
but AdaBoost (AB) and XGBoost (XGB) kept the training 
durations average. 

SVM is again the slowest classifier, with a latency of 
4.9516s ± 0.1316s, making it unsuitable for real-time EEG 
classification. RF and KNN provided moderate inference 
times of 0.1011s and 0.1379s, respectively, which reflect the 
cost of multiple tree evaluations or distance calculations. 
Meanwhile, Decision Tree (0.0012s) and XGBoost (0.0062s) 
produced very fast predictions, making them suitable for the 
applications. Naive Bayes also maintained low latency 
(0.0105s), further emphasizing its lightweight computational 
profile despite lower classification accuracy. 
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Fig. 13 Comparison of training time across different machine learning 
classifiers in multiclass EEG stress classification using the proposed STCD 
feature set 

 
Fig. 14 Comparison of inference time across different machine learning 
classifiers in multiclass EEG stress classification using the proposed STCD 
feature set 

 Table 6 presents the optimal hyperparameter 
configurations for each classifier, determined through grid 
search within a stratified 5-fold cross-validation. These 
configurations represent the optimal parameter settings for 
maximizing classification performance with the proposed 
handcrafted EEG feature set. 

TABLE VI. THE OPTIMAL HYPERPARAMETERS FOR EACH CLASSIFIER USING 

STRATIFIED 5-FOLD CROSS-VALIDATION 

Classifier Optimal Hyperparameter 
SVM C=10000, kernel=rbf 
RF n_estimators=500, max_depth=None, 

criterion=gini 
KNN n_neighbors=3 
DT max_depth=6, criterion=gini 
AB n_estimators=100, learning_rate=1.0, 

algorithm=SAMME 
GB n_estimators=100, learning_rate=0.1, 

loss=log_loss 
NB (No tunable hyperparameters) 
XGB n_estimators=1000, learning_rate=0.1, 

max_depth=3 

 Table 7 provides a contextual comparison between the 
proposed framework and representative prior studies on 
EEG-based stress classification. While direct numerical 
comparison across heterogeneous protocols should be 
interpreted with caution, the results indicate that the proposed 
approach achieves competitive performance within the 
DASPS experimental setting. As summarized, prior studies 
primarily employed temporal–frequency features (83.5%, 
74.6%) [54], statistical spatial–temporal descriptors without 
explicit connectivity modeling (83.8%) [52], or data-level 
augmentation strategies such as S-LSMOTE (89.5%) [55]. 
None of these works explicitly integrated connectivity-based 

descriptors or reported latency analysis of inference. In 
contrast, the proposed framework incorporates interpretable 
spatial connectivity descriptors at the feature level. It 
evaluates both classification performance and computational 
efficiency, achieving 99.18% accuracy for binary (KNN) and 
98.56% for multiclass (SVM). 

TABLE VII. PERFORMANCE COMPARISON TABLE 

Approach Methods Classification Classifier Acc (%) 

Baghdadi et al[49] 
TFF 

Binary 
Auto 

encoder 83.5 

Baghdadi et al[49] 
TFF 

Multiclass 
Auto 

encoder 74.6 

Chatterje[47] STT Binary K-NN 83.8 

Chatterje [47] STT Multiclass K-NN 83.8 

Syakiyla et al[50] 
S-

LSMOTE Multiclass K-NN 89.5 

Proposed  
STCD Binary KNN 99.18 

Proposed  
STCD Multiclass SVM 98.56 

E. Discussion 

The present study illustrates that the proposed 
handcrafted Spatial–Temporal Connectivity Descriptor 
(STCD) framework is very efficient for EEG-based mental 
stress recognition in both binary and multiclass classification. 
The experimental results consistently show that the extracted 
spatial–temporal connectivity features enable intense 
discrimination between stress levels, as evidenced by high 
accuracy, AUC, and F1-score across multiple classical 
machine learning classifiers. Macro-averaged F1-score is 
used as the primary per-class performance indicator. In 
particular, KNN and SVM achieved the highest classification 
performance, while XGBoost exhibited an optimal balance 
between predictive accuracy and computational efficiency. 
The confusion matrix analysis further confirms stable class-
wise prediction behavior, indicating that the reported 
performance is not driven by class imbalance but reflects 
robust feature separability. 

Compared with representative prior studies on EEG-
based stress detection, including the proposed STCD 
framework achieves competitive and, in several cases, 
superior classification performance within the DASPS 
experimental setting [47], [49], [50]. While earlier 
approaches relied on temporal-frequency features, data-level 
balancing, or deep autoencoder-based representations, the 
present work emphasizes interpretable handcrafted spatial–
temporal connectivity descriptors combined with classical 
classifiers. It should be noted that direct numerical 
comparison across studies must be interpreted with caution 
due to differences in datasets, segmentation strategies, and 
validation protocols. Nevertheless, under a consistent 
evaluation framework, the results indicate that systematically 
integrating spatial connectivity measures with temporal 
descriptors provides a meaningful advantage for stress 
recognition. 

The strong performance of the STCD framework can be 
attributed to its ability to capture complementary 
neurophysiological information. Temporal descriptors 
characterize local signal dynamics, while spatial connectivity 
measures, such as Pearson correlation, amplitude asymmetry, 
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and the Phase Lag Index, encode inter-channel interactions 
associated with stress-related neural synchronization. The 
inclusion of a log-transformed meta-correlation descriptor 
further stabilizes feature distributions and enhances 
robustness against variability. From a modeling perspective, 
instance-based and margin-based classifiers, particularly 
KNN and SVM, benefit from the structured and 
discriminative nature of the handcrafted feature space. In 
contrast, tree-based ensemble models offer improved 
robustness at the expense of higher training cost, while 
simpler classifiers trade predictive accuracy for 
computational efficiency. 

Interpretability, modularity, and computational efficiency 
are the main advantages of the STCD framework proposed in 
this study. The method remains transparent and suitable for 
real-time or resource-limited EEG applications by avoiding 
complex deep learning architectures. However, there are still 
a few limitations to consider. The single publicly available 
dataset was used for evaluation, and the experimental setup 
was offline; hence, there was no subject-independent or out-
of-distribution validation. Moreover, EEG signals are 
sensitive to artifacts and inter-subject variability, which can 
lead to reduced generalization during real-world deployment. 
These limitations motivate future investigations into 
robustness analysis, subject-independent evaluation schemes, 
and real-time implementation on wearable EEG platforms. 

F. Summary of Key Findings and Practical Implications 

To facilitate more straightforward interpretation of the 
experimental results, the key findings from both binary and 
multiclass stress classification tasks are summarized as 
follows: 

• KNN and SVM achieved the highest classification 
accuracy and AUC across both binary and multiclass 
settings, demonstrating the strong discriminative 
capability of the proposed STCD features. 

• XGBoost consistently provided an optimal trade-off 
between predictive performance and inference efficiency, 
making it the most suitable candidate for real-time EEG-
based stress monitoring systems. 

• ree-based ensemble models exhibited robust performance 
but incurred higher training costs, potentially limiting 
scalability in resource-constrained environments. 

• Simpler models like Naive Bayes and Decision Trees 
were less computationally intensive but had much lower 
classification accuracy, suggesting a trade-off between 

efficiency and predictive precision. 

V. CONCLUSION 

In this paper, we propose an EEG-based mental stress 
recognition framework that is interpretable and modular, 
based on a handcrafted Spatial-Temporal Connectivity 
Descriptor (STCD). Theoretically, the described method 
combines the varieties of time- and space-connectedness into 
a single feature representation, which is probably the only 
such case among stress EEG analysis techniques as an 
alternative to the deep fusion architectures widely used today. 

First, the STCD framework demonstrated strong 
discriminative power in classifying stress across binary and 
multiclass categories. KNN was the top classifier in both 
cases; meanwhile, XGBoost was consistently the best for a 
balance of accuracy and performance speed. On the other 
hand, SVM achieved high accuracy, but its high reference 
latency made it less appropriate for applications requiring a 
quick response [81]. 

Second, the performance evaluation of eight classic 
classifiers confirmed that KNN and XGBoost are the fastest 
models suitable for real-time applications, offering the best 
trade-off between accuracy and computational cost [86]. 
While SVM was entirely accurate, it was also impossible to 
train and perform inference due to the significant time 
required [82]. 

Third, the new method beats competitors in the DASPS 
experimental conditions, showing the power of artisanal 
spatiotemporal connectivity descriptors under uniform 
evaluation protocols. These advantages demonstrate the 
robustness and representational strength of the STCD 
descriptors in accurately covering EEG dynamics related to 
stress, whether the dataset is balanced or not. This contrasts 
with recent EEG-based stress recognition studies that have 
used deep or hybrid architectures.  

These results point out that the examination of binary and 
multiclass stress settings systematically combining 
spatiotemporal EEG features and descriptors of spatial 
connectivity in an integrated way, this work provides a new 
leading that meticulously crafted representations can be on 
par with the existing ones in terms of performance, and at the 
same time, be easy to interpret and inexpensive to compute; 
thus, they are especially appropriate for real-world 
applications, such as, among others, wearable mental health 
monitoring devices, workplace stress assessment systems, 
and adaptive human–computer interaction platforms where 
transparency and computational efficiency are of utmost 
importance. This suggests that connectivity-driven EEG 
features can be used without the need for deep or hybrid 
architectures in the current scenario. 

Despite these positive aspects, it is worth noting some 
drawbacks. The Research was carried out on a single publicly 
available dataset (DASPS), which may impose limitations on 
dataset size, demographic makeup, and the experimental 
protocol. The proposed framework could only be evaluated 
in an offline setting, and longitudinal or out-of-lab validation 
was not conducted; hence, the results might not be highly 
generalizable to real-world conditions. Also, EEG signals 
were subjected to standard preprocessing. However, artifacts 
and inter-subject variability remain the main factors affecting 
EEG signals, which can lower classification accuracy in 
practical scenarios. 

As a result, the future direction for the Modified Detection 
System will be in line with the existing system, aiming to 
preserve its handcrafted and easily interpretable design 
principles. Future Research will focus on feature weighting 
strategies using the system, robustness analysis under 
nonstationary EEG conditions, and leave-one-subject-out 
validation. Continued validation is needed.  
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