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 A B S T R A C T

With the growing academic pressure and competitive educational environment, students often face mental 
stress, which can affect their academic performance and mental health. Its accurate and timely detection 
and prevention is important. Traditionally, mental stress has been reported by self-assessment, which is highly 
subjective and can be erroneous. With advances in neuroscience, electroencephalogram (EEG) signals have been 
used to study brain states more objectively. EEG-based features, including time-domain, frequency-domain, 
and various types of connectivity features, have been used to effectively classify stress signals. However, these 
individual features are only able to present one aspect of the brain under stress. Several studies have combined 
a distinct set of features extracted from EEG signals, including time and frequency domain features, with other 
peripheral signals. Stress is a complex mechanism which leads to alternation in brain dynamics, its connectivity 
patterns and information flow. This study proposed a feature-fusion model that can effectively combine spatial 
features, i.e. Microstates (MS), connectivity features like Transfer Entropy (TE) and Granger Causality (GC), 
which provided a new neuromarker for stress classification. These features are combined with attention fusion, 
which enhances the discriminant features and mitigates the individual limitations within each modality. We 
also extracted microstates for stress-based signals. It provided a new set of microstate topomaps to study 
brain networks when under stress, which was not explored previously. The proposed Attention-fusion based 
multi-feature set is classified using Support Vector Machine, Linear Discriminant Analysis (LDA) and Multilayer 
Perceptron (MLP) and gave a reliable accuracy of 95.47%, 98.91%, and 83.49%, respectively. To validate the 
proposed method, the classification results were compared with individual and binary fusion of MS, TE and 
GC features, which further confirmed the robustness of the framework. This proposed feature fusion provides 
a more robust stress classification neuromarker, which can effectively cover the brain dynamics for accurate 
reporting of the underlying mental state.
ntroduction

Stress among students is increasing due to academic demands. 
igh expectations for academic achievement and uncertainty about 
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academic progress negatively affect the student’s cognitive abilities. Its 
accurate and efficient identification of stress is important for maintain-
ing students’ academic performance and mental well-being. Without 
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an effective coping mechanism and lead to long-term stress and other 
mental disorders. According to some reports, the number of students 
facing stress due to exam pressure and academic burden is increasing 
every year (Bouchrika, 2024). Stress is reported subjectively using 
traditional methods such as self-report and questionnaires. However, 
the subjective self-assessment is highly biased towards the report-
ing method, and emotional and behavioral states of the reporting 
person (Bolton et al., 2023). With the advancement in neuroscience 
and brain studies, scientists can study the complex brain networks 
using non-invasive techniques. Brain signals of various kinds reflect 
the activities of the central nervous system, providing a reliable way 
to studying the evoked functions (Chen et al., 2022). These signals 
have been used to classify various psychological conditions, such as 
emotion recognition, depression and motor imagery, including stress 
in students (Huckins et al., 2020). The early and reliable identification 
of stress can help provide personalized treatment and thus improve 
academic productivity.

Neuroimaging is a powerful field that helps understand the func-
tions of the brain and the complex network using non-invasive tech-
niques. Among the various techniques, Electroencephalography (EEG) 
stands out to be one of the sensitive method which captures the under-
lying electrical activity with high temporal resolution. This electrical 
activity is the result of postsynaptic potentials occurring in the cortical 
regions (Botvinik-Nezer & Wager, 2023). EEG has been a cutting-edge 
technique for studying neural responses because of its non-invasive 
nature. The brain operates under natural phenomena and can exhibit 
different properties when recorded through various representations. 
These different representations are typically known as Neuroimaging 
modalities. A few of them are EEG, functional Magnetic Resonance 
Imaging (fMRI), Positron Emission Tomography (PET), and Magnetoen-
cephalography (MEG). These modalities capture distinct aspects of the 
brain. Due to its high temporal resolution, EEG-based signals have been 
used to study emotional and psychological conditions. It has various 
types of features that give information about underlying properties. The 
quantitative measure that contains information about signals and brain 
activity is called an EEG feature. There are various kinds of features 
that give distinct views about the neural activities. For example, Time-
domain features in EEG give information about the temporal dynamics 
of the brain. Frequency-based features describe how varying brain 
activity produces a range of frequencies exhibiting distinct properties. 
Dynamic and static connectivity features give information about the 
network of the brain and its interaction with other regions.

The EEG features, when used standalone, give profound information 
about the nature of neuronal activities. It can help visualize brain 
performance when under various conditions, such as in rest, experi-
encing a strong mental task or under mental disorders. However, stress 
recognition remains a challenging task due to the complex dynamics of 
the brain. The simultaneous changes in its temporal, spectral and con-
nectivity patterns are difficult to capture by the exact representation of 
the underlying phenomenon using any single feature or modality. These 
features fail to represent the holistic nature of complex brain dynamics 
and functioning when used individually. Therefore, it is essential to 
understand the relationships between these modalities. Multi-model 
fusion has emerged as a promising strategy to incorporate information 
from multiple modalities to improve accuracy (Chen et al., 2022). 
However, this fusion comes with challenges (Liu et al., 2023). One 
of these challenges is what features to fuse together to maximize the 
discrimination and variety of information. The answer to this depends 
upon the goal of fusion. So the appropriate selection of a limited 
yet discriminating set of features that also capture most of the brain 
changes is important. In recent studies, most fusion frameworks rely 
on redundant features, which do not consider effective interplay be-
tween linear, non-linear and temporal neural mechanics. Consequently, 
though a moderate level of performance is achieved, the underlying 
neural signatures for psychological disorders like stress are not fully 
understood.
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Another issue is how to fuse these features. One of the issues 
regarding fusion is reported by Duan et al. (2024), i.e. dimension 
inconsistency. Different modalities can be fused at the feature-level 
(also known as early fusion) and decision level (also known as late 
fusion) (Zhang et al., 2020). The feature-level fusion accommodates 
heterogeneous feature sets but is followed by feature reduction, which 
leaves data sufficient for analysis. For decision-level fusion, a voting 
rule is applied to the final decisions produced by each modality.

To address these challenges, a fusion framework that aims to cap-
ture all the important aspects of the brain that are affected by stress is 
presented in this research. An attention-based fusion for Microstates is 
proposed, using Granger Causality and transfer entropy. The attention-
fusion-based feature-level fusion method, instead of concatenating all 
features, selected appropriate features using attention. Among all the 
features, the attention-based model selects and assigns high weights to 
the most relevant and informative features. In this way, redundancy 
is reduced and only useful features from each modality set are for-
warded. The rationale behind selecting these particularly distinct yet 
complementary characteristics is as follows:

• Microstates represent a quasi-stable brain image that provides 
temporal abstraction of the underlying cognitive process.

• Granger Causality quantifies the linear directed connectivity be-
tween signals. It is the measure of predictability from one signal 
to another. How stress modulates the connectivity is reflected in 
this study using Granger Causality.

• Transfer Entropy is a non-linear measure of directed information 
flow between signals, capturing important interdependences and 
information transfer during stress response.

Microstate analysis has been emerging as the latest way to study 
the resting-state dynamics of the brain. It has been used to ana-
lyze psychological disorders (S A et al., 2024; Terpou et al., 2022). 
However, Task-based Microstate extraction has not yet been explored 
by researchers. This study aims to derive a new set of data-driven 
Microstates that can provide temporal images of the brain when ex-
periencing stress. This goal is supported by the fact that the dynamics 
of resting-state and task-based stress are distinct and provide dis-
tinct information. Therefore, a new way to explore Microstates for 
mental stress is proposed. By fusing heterogeneous features via an 
attention-based mechanism, this framework leverages the brain’s tem-
poral, linear, and non-linear aspects during stress, providing a more 
accurate representation of the brain.

The rest of the paper is structured as follows: Section ‘‘Literature 
review’’ provides an extensive overview of existing studies on Mi-
crostates, Granger Causality, Transfer Entropy and related features for 
psychological disorders classification, as well as fused features. The 
fusion model is explained in detail in Section ‘‘Methods’’, outlining 
the procedure adopted for data preprocessing. Feature extraction and 
classification architecture is explained in Section ‘‘Feature extraction’’. 
Section ‘‘Results and discussion’’ presents the evaluation results of the 
proposed methodology. To demonstrate the effectiveness of the pro-
posed fusion model, an ablation study was carried out that compared 
the performance of individual feature sets for stress classification with 
that of fused features. Thereby validating the contribution of each 
component. Finally, Section ‘‘Conclusion’’ interprets the findings, their 
effectiveness and discusses the potential future works.

Literature review

Stress is a ubiquitous mental problem that affects people of every 
age and is faced especially by students worldwide. Stress is a psycholog-
ical disorder that eventually leads to other mental and physical issues 
like depression (Aloufi, 2021), heart stroke and poor sleep (Pichandi 
et al., 2025). Academic stress faced by students often disturbs the func-
tional patterns of the brain, leading to poor performance in academia 
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as well as draining mental health (Hag et al., 2021). It is important to 
prevent stress and its negative health outcomes (Malviya & Mal, 2022). 
The early detection of stress can prevent students from suffering from 
learning disabilities and adverse cognitive performance (Huckins et al., 
2020).

There are many ways to report mental stress. Traditional meth-
ods involve self-assessment and reporting using questionnaires and 
other assessment tasks (Bolton et al., 2023). With advancements in 
neuroscience, scientists can use brain signals to study the brain and 
its complex regions using neuroimaging. These physiological signals 
are more objective and effective for better analyzing brain perfor-
mance. A stressful situation produces the stress hormones that change 
bio-electrical signals. These fluctuations of electrical activity can be 
captured from the brain in the form of EEG signals. The EEG signals 
capture the electrical activity of neurons in the cortical region. EEG sig-
nals have high temporal resolution, which means that they can capture 
sensitive activities occurring in infinitesimally small time points. Stress 
is often released when a higher activity is experienced in the prefrontal 
cortex (Vignaud, 2023). The structural view also mentioned that the 
stress is produced by the left hemisphere of the brain Bhatnagar et al. 
(2023). Though it faces serious artifacts and many kinds of noise, EEG 
is a robust non-invasive technique that provides rich information about 
underlying activity and thus makes it suitable for real-time monitoring 
and analysis (Rashmi & Shantala, 2023).

EEG features

The brain signals need a quantitative measure to objectivize the 
reflected brain activity. These quantitative measures are called neuro-
markers. They serve as an indicator of how the brain works. Neuro-
markers identified from EEG signals are often derived from multiple 
feature domains such as time-based features, frequency features, time–
frequency features, non-linear and connectivity features (Hu & Zhang, 
2019). For instance, brain patterns are depicted in the form of mul-
tiple frequency bands, mainly Theta (4–8Hz), Alpha (8–13 Hz), Beta 
(13–30Hz) and gamma (30–100Hz), which are associated with different 
brain states. With the help of power distribution across these bands, 
scientists believe that stress is often related to increasing beta bands 
and lowering alpha bands (Bakare et al., 2024). Lokesh et al. quan-
tified various frequency bands extracted from the physioNet dataset 
to classify stress and non-stress conditions and achieved an accuracy 
of 99.20% (Malviya & Mal, 2022). Similarly, using the power ratios 
between alpha, beta and theta bands, Rajendran et al. found that there 
is a rise in arousal index, cognitive attention and neural activity after 
performing stressful examinations (Rajendran et al., 2022). Another 
similar work for stress-based classification is done by Arsalan et al. 
(2019). Time–frequency features combine both time and frequency 
information of signals. The time–frequency features represented in 
2-D spectrograms are also helpful to detect cognitive load, which 
corresponds to mental stress (Yedukondalu et al., 2024).

Connectivity EEG features

Stress increases cognitive performance, which results in non-linear 
and complex behavior of EEG signals. These non-linear behavior re-
quires sensitive measures for their correct estimation. These measures, 
including Approximate Entropy, Lempel–Ziv Complexity and Higuchi’s 
Fractal Dimension (HFD), are useful to study complex non-linear EEG 
signals (Javaid et al., 2024). For instance, (Cheng et al., 2019) used 
these features for neural remodeling of the brain and found that these 
non-linear features are helpful for functional recovery.

Stress is not produced in an isolated region of the brain; rather, com-
plex emotions are produced by the communication between multiple 
regions, thus creating a network-level mechanism. Where traditional 
time and frequency domain features only collect the information from 
a localized region, they often fail to represent the interactions and 
communication of the vast brain network. During a complex brain 
activity, such as when multiple regions of the brain communicate and 
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interact with each other, these connectivity patterns give important 
details about cognitive processes and sensory behaviors. The brain 
connectivity patterns can be studied in three distinct ways (Chiarion 
et al., 2023): Structural connectivity presents the anatomical pathways 
of information flow. Functional Connectivity gives the statistical rela-
tionship between brain regions. The Effective Connectivity describes the 
directional and causal link between multiple parts of the brain.

Functional connectivity is defined as the statistical interdependence 
of spatially distant neuronal regions, usually measured by Pearson’s 
correlation, coherence and Phase Locking Value PLV (Cao et al., 2022). 
Higher values of correlation represent a more robust relationship be-
tween the corresponding EEG signals. For the task of motor-imagery 
classification, the dynamic functional connectivity of the brain ex-
tracted from a shorter interval of time is used and achieves the accuracy 
of 85.5% (Shamsi et al., 2021). A study proposed an interesting method-
ology in which a person’s mental workload level is analyzed using 
functional connectivity analysis of obtained Microstates, with graph-
theory-based analysis for each frequency band. The authors were able 
to achieve an accuracy of 95.3% (Yedukondalu et al., 2024). Instead of 
classifying the signals directly based on PLV values based on functional 
connectivity matrices, authors of Zhang et al. (2023) developed a set 
of new distance-based matrices to combine statistical and frequency 
domain information. The highest accuracy among these distance met-
rics was obtained to be 84% for the delta band, 83.96% for the alpha 
and 83.56% for the beta band for the task of emotional recognition. 
But these simpler methods come with limitations. Pearson’s correlation 
value only captures the linear link.

Stress-based EEG signals require a more nonlinear approach that 
considers mutual information and direct interdependencies between 
two or more brain regions. Although cross-correlation functions have 
been effective in studying undirected interaction, both correlation and 
mutual information lose temporal dependencies of a signal as they 
measure the connectivity irrespective of the time the signal occurred. 
Effective connectivity analysis indicates the causal or directive link 
between these regions, which is not captured by functional connec-
tivity. And these directive links and mutual information sharing are 
effective for classification. For example, a study extracted various 
kinds of features, including Phase-locking value, Permutation Entropy, 
Mutual Information and Spectral Entropy, and found that the highest 
discriminative results were given by Mutual Information MI and En-
tropy (Goenka et al., 2022). One study found that information transfer 
is greater in the alpha band when eyes are closed than when eyes 
are open (Restrepo et al., 2023). Electromagnetic Source-Imaging ESI 
estimates the neural activity from the surface of the brain. The authors 
of Sohrabpour et al. (2016) are convinced that combining ESI with di-
rected Granger Causality reduced the effect of volume conduction that 
effectively determines the brain regions involved in Motor Imagery. The 
research accounts for information transfer in inter-hemispheric regions 
using transfer entropy.

Methods like Granger Causality are used to assess how the past val-
ues of a signal can predict the future values of another signal. Granger 
Causality considers that the signals are stationary. Many useful algo-
rithms have been proposed to handle the issue of non-stationarity in 
EEG signals. For example, Zhang et al. used time-varying directed net-
work spectrum obtained from causal links using Granger Causality (Yi 
et al., 2024).

Similar to Granger Causality, a model-free method to find the 
directed links between signals is transfer entropy. It is based on delayed 
interaction between a cause (predicting signal) and effect (predicted 
signal) using information theory. It captures non-linear forms which 
are overlooked by linear approaches like Granger Causality (Bastos & 
Schoffelen, 2015). An effective study was conducted by Gao Z. et al. in 
which Transfer Entropy was used to find the directed link between EEG 
and EMG for motor-cortex imagery (Guo et al., 2022). With the help 
of information transfer, Transfer entropy is used to see the regulatory 
patterns introduced by medication on Parkinson’s diseases (Zhu et al., 
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2025). Another study which combined Transfer Entropy and Granger 
Causality with their respective Histogram of Oriented Gradients (HOG) 
images. HOG is the graphical representation of channel-to-channel con-
nectivity. A vast amount of gradient-based features are present in this 
graphical image. The authors of Gao et al. (2020) combined Transfer 
Entropy and Granger Causality with its HOG and observed about 12% 
of classification accuracy improvement. However, no fusion of the two 
modalities was made to see their combined effect.

Spatial features

Spatial configuration of brain activity is also helpful to keep track 
of neural activities over time. Spatial Microstates give unique config-
uration of brain topomaps which remain stable for a brief period of 
time. The temporal evolution of instantaneous scalp potential topog-
raphy gives a long-range connectivity pattern of a network. Recently, 
researchers have been using Microstate patterns as a tool to diagnose 
chronic cognitive diseases (Li et al., 2023). Microstates are small quasi-
stable states of the brain which give dense information about spatial 
organization, temporal dynamics and patterns that change after an 
external stimulus. Microstates, first proposed by Lehmann et al. is an 
interesting property that says that significant information of entire 
temporal patterns could be represented by a few maps (Koenig et al., 
2024). Initially, Microstate analysis was carried out in the resting 
state only. Canonical microstates, often labeled A, B, C, and D, rep-
resent stable patterns commonly identified in resting-state EEG and are 
thought to correspond to fundamental cognitive and sensory networks. 
However, recent studies have used Microstates for the rapid detection 
of brain disorders (S A et al., 2024). One study extracted about 5 
Microstates from resting-state EEG signals of major depressive disorder 
MDD signals (Li et al., 2023). Based on classification, the authors can 
analyze the temporal patterns of Microstates in depression by achieving 
an accuracy of 89.09%. Also, a varying number of Microstates extracted 
from resting state signals corresponds directly to the Resting State 
Network RSN of the brain Michel and Koenig (2018). Microstates, along 
with drug concentration response towards behavioral consciousness, 
also played an important role in studying the alterations in conscious 
state after taking anaesthesia (Liu et al., 2022).

Most of the existing studies rely on pre-defined canonical states
(Haydock et al., 2025). The data-driven Microstates extend the use 
of microstates to detect adaptability to individual- and task-based 
variability (Han et al., 2025). It has allowed us to identify and study 
specific cognitive impairment like Attention-Deficit Hyperactivity Dis-
order (ADHD) through specific syntax of Microstates (Alves et al., 
2022).

An attempt was made to classify task and resting-state signals based 
on Microstates (Kim et al., 2021). The authors extracted Microstates 
from task-based and resting state signals. About four canonical states 
were extracted from each type of signal. On the basis of extracted 
time-based features such as occurrence and mean duration, the highest 
area under the curve on receiver operating curve (ROC) plot was 
achieved with a value of 0.831. Microstates extracted from frequency 
bands also reflect comparable results. One study investigates that motor 
imagery tasks show a prominent influence on Microstates extracted 
from the alpha band Xiong et al. (2025). Similarly, the alpha band 
also showed the classification results of 76% for the classification of 
Microstate-based post-traumatic stress disorder (Terpou et al., 2022).

Feature-fusion

Despite the extensive work done on accurate feature fusion of mul-
tiple EEG features, a primary limitation is the lack of comprehensive 
fusion of between modalities. A joint neural feature set for emotion 
recognition was revealed by studying EEG based Microstates tempo-
ral features and FNIRS based spatial patterns leveraging multimodal 
feature for effective neuromarkers (Si et al., 2024). But this method 
does not explicitly fused both feature sets. While Microstates inherently 
capture spatio-temporal features, their integration with other time-
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domain, frequency-domain and various kinds of connectivity features 
remains unexplored. Another critical gap is the extraction of stress-
based data-driven Microstates. This gap is supported by the fact that 
brain dynamics change to a greater extent when under any heavy 
mental workload, as compared to the resting state brain network.

Recently, a technique named Deep Canonical Correlation (DCC) has 
been used to integrate features from multiple modalities such as EEG 
and eye movement (Qiu et al., 2018). This technique combines the 
features into a unified space and maximizes the correlation to perform 
feature-level fusion. CNN and self-attention are used by Ma et al. (2024) 
to encapsulate the temporal information from multi-model EEG signals, 
along with covering the global dependencies between them extracted. 
The limitation in existing studies shows that single-domain features 
might not fully capture the multifaceted nature of physiological re-
sponses. Several studies are focused on using only a limited number 
of features from multiple sets after combining them (Swapnil et al., 
2024). For example, the authors of Hag et al. (2021) are convinced 
that fusing time, spectral and connectivity-based features can perform 
better in classifying stress vs relax states. The features extracted from 
time domain features, such as kurtosis, skewness, peak-to-peak ampli-
tude, Hjorth, frequency features extracted from frequency bands and 
connectivity features extracted using phase-locking value, give a total 
of 210 features, from which only optimum multi-domain features (a 
total of 68) were used for classification. Another multi-model fusion 
model is developed by Chen et al. (2022) for fusing EEG signals with 
other peripheral physiological signals PPS such as EMG, and proved 
that multi-model fusion gives significant performance improvements in 
classifying stress based on valence and arousal.

EEG features have also been combined with other physiological 
signals, such as the Electrocardiogram (ECG) signals. The proposed 
solution effectively fused time series of both modalities on the ba-
sis of time–frequency ridge mapping (Bahador et al., 2021). Another 
unique approach uses the Granger Causality connectivity pattern to 
quantify the causal configurations between EEG channels using trans-
fer entropy (Ramakrishna et al., 2021). The authors developed an 
emotional recognition method using this Granger Causality-Transfer 
Entropy-based method and achieved an accuracy of about 90%.

Structural and functional features have inconsistent feature dimen-
sions. It is important to fuse them in a way that no information is lost. 
To address this problem, an effective method for feature combining and 
selection is proposed by Yang et al. (2018). The structural patterns are 
constructed from the cortical and subcortical regions of interest. Sim-
ilarly, the functional connectivity matrix is extracted using Pearson’s 
correlation coefficient between the mean time courses of each pair of 
Regions of Interest (ROIs). The feature reduction framework preserves 
inter-modality relationships and achieves an accuracy of 84.91%.

A hybrid pool of features collected from the time domain and 
wavelet-based bandwidth-specific features is used for classification
(Hasan & Kim, 2019). A framework that ranks the features on the basis 
of relevance instead of considering the entire pool is proposed. The 
fusion improved the accuracy up to 73.38%. Akhand et al. improved the 
accuracy of emotion recognition by fusing Connectivity Feature Maps 
(CFMs) from multiple features, such as Pearson Correlation Coefficient 
(PCC), Mutual Information (MI), Transfer Entropy and Phase-Locking 
Value (PLV) using Convolutional Neural Network (CNN) and found that 
a fused set of CFMs gives better results. Among all binary fusions, PVL 
and MI give the highest accuracy of 90.71% for valence and 91.15% 
for arousal. The feature-level fusion is performed by fusing the upper 
and lower triangles of the CFM’s matrix.

The existing literature suggests that single-modal features are often 
insufficient, and integrating them can lead to significant improvements 
in classification (Pillalamarri & Shanmugam, 2025). The transition from 
single-feature analysis to multimodal feature fusion marks a crucial 
advancement in developing highly accurate and reliable EEG-based 
stress classification systems. Table Table  1 gives a detailed comparison 
between multiple feature extraction studies.
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Table 1
Literature review for feature fusion techniques for EEG based signal classification.
 Ref Domain Features Classifier Task Accuracy

 
Hag et al. (2021)

Time-domain Kurtosis, skewness, peak-to-peak 
amplitude, Hjorth SVM Stress

81.4%  

 Frequency-Domain Delta, theta, alpha, sigma, beta 80%  
 Connectivity PLV 88%  
 Fusion Feature-Level Fusion 93.3%  
 
Chen et al. (2022)

EEG Channel-level time-space and 
frequency-space graph sequence.

Attention 
Recurrent Graph 
Convolutional 
Network

Emotion 
Recognition

87.61%  
 Peripheral 

physiological signals
–  

 Fusion Data-Level Fusion 92.50%  
 
Yang et al. (2018)

Structural Features Cortical ROIs Hierarchical 
feature 
reduction

Major depression
81.4%  

 Functional Features PLV –  
 Fusion Feature-Level Fusion 84.91%  
 
Gao et al. (2020)

Granger Causality Linear network features
SVM Emotion 

Recognition

73.18%  
 Granger Causality + 

HOG
Linear + gradient features 88.93%  

 Transfer Entropy Non-linear network features 81.88%  
 Transfer Entropy + 

HOG
Non-linear +gradient features 95.2%  

 
Hasan and Kim (2019)

Time-domain Root mean square, kurtosis, 
skewness, shape factor, etc PCA + KNN Stress 

Classification
69.26%  

 Frequency-Domain Level 5 discrete wavelet transform 
(DWPT)

 

 Fusion Feature-Level Fusion Feature selector + 
KNN

73.38%  

 Zhang et al. 
(2022)

Time series –
Decision Forest Depression 

Recognition

78.33%  
 Spatial Visibility 

Graph
– 72.97%  

 Fusion Feature-Level Fusion 90.60%  
 Bahador et al. (2021) EEG + ECG Time-frequency Fusion RNN monitoring the 

depth of 
Anesthesia

90.37%  

 Chen et al. (2015) EEG + PERI Fusion Decision-level Fusion  HMMs Emotion 
Recognition

75.63%  
 Feature-level Fusion 85.63%  
 
Akhand et al. (2023) Connectivity Features

PCC CNN Emotion 
Recognition

(88.22%) Arousal 
(87.43%) Valence

 

 MI (90.14%) Arousal 
(89.98%) Valence

 

 TE (73.65%) Arousal 
(73.22%) Valence

 

 Phase-Locking Value PVL (88.22%) Arousal 
(87.63%) Valence

 

 PCC + MI (90.43%) Arousal 
(89.71%) Valence

 

 PCC+ TE (86.43%) Arousal 
(86.16%) Valence

 

 PLV + MI (91.15%) Arousal 
(90.71%) Valence

 

 PLV+TE (85.84%) Arousal 
(85.57%) Valence

 

 MI+TE (90.68%) Arousal 
(90.12%) Valence

 

 
Radman et al. (2021)

Temporal Root Mean Square, Variance, Mean 
Absolute Value Kurtosis, Skewness.

Ensemble Decision 
Tree (EDT) 
Classifier

Seizure Detection
–  

 Spectral Power Spectral Ratio, Skewness, BP, 
Variance, Median Power Frequency.

–  

 Fusion Feature-Level 99.33%  
5 
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Fig. 1. Block diagram of proposed framework for stress detection.
 

Research gaps and research objectives

• Most of the existing studies on Microstates focus on the resting 
state of the brain. Stress activates the cortical region of the 
brain and which gives rise to spatiotemporal dynamics which are 
different from the resting state. Therefore, analyzing stress-related 
Microstates on the basis of pre-defined canonical Microstates fails 
to uniquely capture stress-related configurations.

• Although the existing studies mostly combine time, time–
frequency and other types of connectivity features, Microstates 
features capture global temporal network organization, offering 
complementary information. No, studies up till now have fused 
Microstates with any other modality.

• Prior studies either combined linear or non-linear connectivity 
features in isolation. However, the brain is composed of many 
linear as well as non-linear interdependencies, as well as dy-
namics captured by Microstates. No existing study has utilized 
the combined effect of linear Granger Causality features, non-
linear directed features and temporal network features for stress 
classification.

To resolve the identified research gaps, the following research ob-
jectives are proposed:

• Research Objective 1:  Develop characterized stress-specific Mi-
crostates based on a data-driven clustering technique. These Mi-
crostates will be analyzed on temporal parameters such as dura-
tion, occurrence, probability of transition and coverage.

• Research Objective 2:  Develop a multi-model fusion model that 
evaluates the impact of Microstate inclusion on improving the 
classification of stress-based signals.

• Research Objective 3:  Develop a model that analyzes the im-
pact of the complementary nature of distinct features on stress 
detection.

Methods

Early identification of stress patterns can aid in the development of 
preventive strategies, improve mental health monitoring, and thus help 
students perform efficiently in academics. Here, a novel multimodal 
fusion framework is proposed that integrates three complementary 
EEG analysis techniques i.e. Microstate Analysis, Transfer Entropy, 
6 
and Granger Causality which helps to capture the most effective and 
discriminating dynamics across all three modalities and thus efficiently 
classify the signal.

For the study, three important feature sets are discussed: Granger 
Causality, Transfer Entropy TE and Microstates . Microstates provides 
vast information about the spatial and temporal changes that occur in 
the brain network using only a few distinct topomaps. Transfer Entropy 
and Granger Causality are both measure of effective connectivity that 
gives information about causal links between different brain regions. 
Granger Causality is a parametric method which explains whether 
a signal emerging from one part of the brain can help predict the 
future values of other brain regions. Granger Causality is a linear 
method which tries to deal with stationary signals. Transfer Entropy is 
a non-parametric model-free measure of information transfer, which is 
suitable for non-linear signals as stress. All three feature sets provide en-
riched information about the brain’s temporal information, information 
transfer and causal interactions that are important for discriminating 
stress and relax states. Fig.  1 depicts the detailed view of the proposed 
methodology.

The SAM40 (Ghosh et al., 2022) dataset is selected to build the 
stress neuromarker. SAM40 provides a high-quality EEG signal recorded
from an equal number of both stress and relax signals. There is a variety 
of stressors introduced in research, but for this study, the stress signal 
generated from mental arithmetic tasks is taken into consideration, as 
mental mathematical tasks increase activity in the prefrontal cortex, 
which results in cognitive load and performance anxiety. This dataset 
is a collection of EEG recordings of 40 individuals (14 female and 
26 male students) with an average age of 21.5 years, which offers 
appropriate robust model training and evaluation while maintaining 
generalizability across individuals. The data is recorded from the 32-
channel Emotiv EPOC kit with a sampling frequency of 128 Hz. Each 
subject has two separate recordings, i.e. for the stress and relax state. 
The raw form of each signal is in matrix form of 32x3200, where 3200 
are the time points.

Before processing, the dataset is carefully preprocessed to remove 
any kind of noise which might affect the final results. For that, raw 
data is first filtered to remove most of the physiological and non-
physiological artifacts. The Savitzky–Golay filter is used for re-
referencing. This filter helps remove noise and smoothens the signals. 
Unlike other moving-average filters that blur out peaks, Savitzky–
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Fig. 2. Savitzky–Golay filtering process. (A) is the original signal from channel 1 for subject 10. (B) shows the averaging trend that is provided by Savitzky–Golay 
filter. This averaging trend (B) is subtracted from original signal (A) and resulted in the smooth shown in (C).
Golay filters preserve higher-order signal characteristics, such as sharp 
transitions that are most likely to occur in stress signals. For an input 
EEG signal 𝑥(𝑡), the SG-filtered output 𝑥̂(𝑡) can be expressed as: 

𝑥̂(𝑡) =
𝑘
∑

𝑖=−𝑘
𝑐𝑖 𝑥(𝑡 + 𝑖) (1)

where 𝑐𝑖 are the polynomial coefficients determined through least-
squares fitting. The baseline-corrected signal is then obtained by sub-
tracting the estimated trend: 
𝑦(𝑡) = 𝑥(𝑡) − 𝑥̂(𝑡) (2)

The window length is kept at 127, and the polynomial order is 
5. The SG filter subtracts the slow drifts and results in a smooth 
signal. Fig.  2 shows the sample EEG signal in its raw form (A), and 
(B) is the 𝑥̂(𝑡) smoothing trend. Finally, the (C) figure shows the 
averaged signal after removing the baseline. To remove the high-
frequency, the Discrete Wavelet Transform DWT filter is used. The DWT 
decomposes the signals into approximation, using a High-pass Filter 
HPF and detailed components, using a Low-pass Filter LPF. The db2 
filter decomposes the signal into 4-levels sub-bands namely A4(0–4Hz), 
D4(4–8Hz), D3(8–16Hz), D2(16–32Hz) and D1(32–64Hz). Fig.  3 shows 
the detailed and approximation coefficients for a signal. This filtering 
typically removes the noise and frequency above 64 Hz.

Finally, EEGLAB is used to remove bad channels and components 
after applying Independent Component Analysis ICA. The typically 
removed artifacts were lateral eye movement and eye blinking artifacts.

Feature extraction

In this section, feature extraction was performed to capture distinct 
neural dynamics from EEG signals using three complementary ap-
proaches: Granger Causality, Microstate Analysis, and Transfer Entropy. 
These techniques collectively quantify directional connectivity, tempo-
ral stability of brain states, and information flow between channels, 
providing a comprehensive representation of the brain’s functional 
organization.

Granger causality

Different parts of the brain work in harmony with each other to 
perform any specific task. The neuronal connections can sometimes 
superimpose to generate a signal or sometimes inhibit each other. 
Granger proposed that if past values of a certain signal predict the 
future values of another signal, then there exists a causal link between 
these two. The same principle is applied here to signals originating from 
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different parts of the brain. By applying the Granger phenomenon on 
brain signals, it can be predicted if causality exists in different cortical 
regions during mental tasks like stress.

Granger Causality is more of a predictive idea of how one signal is 
‘‘causing’’ the future value of another signal using statistical measures. 
Grange Weiner is convinced that if there are two time signals 𝑋(𝑡) and 
𝑌 (𝑡), then the previous value of 𝑋, i.e. 𝑋(𝑡− 𝑖) and of 𝑌 , i.e. 𝑌 (𝑡− 𝑖), can 
predict the future value of 𝑌 , i.e. 𝑌 (𝑡+1). If the prediction is found to be 
similar, then it is said that 𝑌  contain some information about 𝑋. This re-
lationship between 𝑋 and 𝑌  is not straightforward. This is because the 
brain signals are often influenced by neighboring signal channels and 
by other parts of the brain. Using an unrestrictive autoregressive model, 
the Granger Causal link between 𝑋(𝑡) and 𝑌 (𝑡) can be presented by:

𝑌 (𝑡) =
𝑝
∑

𝑖=0
𝑎𝑖𝑋(𝑡 − 𝑖) +

𝑞
∑

𝑗=0
𝑏𝑗𝑌 (𝑡 − 𝑗) + 𝜀𝑌 |𝑋∗ ,𝑌 (3)

A causal link is the linear weighted combination of previous time 
points. Where 𝑎𝑛 and 𝑏𝑛 are autoregressive model coefficients and GC 
= ln (𝜀𝑌 |𝑋∗ ,𝑌

) is the residual error or variance of the signal. For 𝐺𝐶 =

ln
(

𝜀𝑌 |𝑌 ∗ ,𝑌
𝜀𝑌 |𝑋∗ ,𝑌

)

, if 𝐺𝐶 < 0 then there is no causal link between 𝑋 and 
𝑌 . The causal link exists when the GC value is above 0.

The Vector Autoregressive model (VAR), differs from the Dynamic 
Causal Modelling (DCM) technique in that DCM relies on pre-specified 
brain mechanisms for how neurons interact. VAR is independent and 
generic, and it does not rely on how brain data is captured (Barnett 
& Seth, 2014). Also, a VAR is efficient in estimating many non-linear 
processes. The bivariate autoregressive (unconditional) model has lim-
itations when applied to EEG signals from multiple channels. As a 
signal coming from one channel may be the superposition of infor-
mation coming from multiple channels. In that case, a multivariate 
autoregressive (conditional) model will be used. A conditional GC-
based method computes the predictive link between two channels while 
accounting for information from other channels. In the SAM40 dataset, 
each signal has dimensions of 32 × 3200 (channels × time points). For 
calculating the causal link of each channel, a multivariate model will 
be constructed. 
⎛

⎜

⎜

⎝

𝑋1(𝑡)
⋮

𝑋32(𝑡)

⎞

⎟

⎟

⎠

=
𝑝
∑

𝑛=1
𝑎𝑛

⎛

⎜

⎜

⎝

𝑋1(𝑡 − 𝑛)
⋮

𝑋32(𝑡 − 𝑛)

⎞

⎟

⎟

⎠

+
⎛

⎜

⎜

⎝

𝜀1(𝑡)
⋮

𝜀32(𝑡)

⎞

⎟

⎟

⎠

(4)

Stationarity and stability
In the case of an EEG signal, the pattern of synchronization changes 

the temporal dynamics of the signal to a greater extent. Also, Granger 
Causality works best with a stationary and stable signal (Barnett & 
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Fig. 3. 4-level discrete wavelet transform (db2) filter decomposition.
Fig. 4. Value of AIC against the model order P. The value of P ranges from 0 to 20. For each p, AIC is calculated across all signals (files). The smallest value of 

AIC is given by P = 7, indicating the least squared errors for model parameters.
Seth, 2014). For stationary signals, the statistical features such as mean, 
variance remain constant over time. For task-based EEG signals, such as 
in the case of mental assessment tasks, the signals are absolutely non-
stationary. Granger Causality is applied to see the linear connection 
between EEG signals. Granger Causality requires the signal to be stable 
as well. By stability of a system means that a finite input does not 
give infinite output, or in other words, does not ‘‘blow up’’ the system. 
Using MATLAB’s Var-spectral function, the unit complex z-plane value 
is obtained to be 0.91, i.e. less than 1, indicating that the signals are 
stable. In the context of VAR, if the multivariate VAR coefficient 𝑎𝑛 is 
stable, then the signal is said to be stable. For 𝑎𝑛, it is stable if it lies 
within the unit complex z-plane. 
det(𝜙(𝑧)) = 𝐼𝑛 − 𝑎1𝑧

1 − 𝑎2𝑧
2 −⋯ − 𝑎32𝑧

32 > 1 (5)

The MVGC built-in function, 𝑣𝑎𝑟_𝑠𝑝𝑒𝑐𝑟𝑎𝑑, automatically finds if 𝑎𝑛
is stable or not.
8 
Model parameter estimation
The model order is the number of time points considered for mod-

eling. The higher order number increases the complexity of the model 
but provides more sensitive information there, whereas for a lower 
order value, the model becomes simpler but less dependent on the 
previous history of the signal. Akaike Information Criterion (AIC), 
Bayesian Information Criterion (BIC) and Hannan-Quinn Criterion (HQ) 
are important and useful methods which are considered in the literature 
for model order estimation (Placek et al., 2022). For model order 
estimation, a multivariate AIC for the VAR value will be used here. AIC 
value is calculated for each signal and then averaged across all signals 
for each value of p. The value of p with the minimum sum of squared 
errors is selected as the model parameter. Fig.  4 shows the AIC value of 
all subjects averaged over a range of p from 2-20. The lower Ordinary 
Least Squares value is obtained for p = 7 (indicated by the red line in 
Fig.  4). After applying the proposed setup, the outcome of the G-causal. 
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Fig. 5. The Granger causal link between 32 channels signals for subject 10. Stress (left) and relax (right). The source channels are presented on the vertical axis, 
and the target channels are presented in horizontal axis.
( )
AIC = 𝑇 ln det(𝛴𝑝) + 2𝑝 (6)

where 𝑇  is the number of time points, 𝛴𝑝 = cov(𝜀𝑡) is the residual 
variance matrix of the current order of the AR model (P). AIC is based 
on maximum likelihood estimation and selects the best fit where the 
variance (det(∑ 𝑝)) is minimum. AIG is calculated for each signal for a 
range of values of p and averaged across all signals. The optimal AIG 
with the minimum value of the Ordinary Least Squares (OLS) method, 
which minimizes the sum of squared errors of VAR coefficients. 
𝑌 = 𝐴𝑍 + 𝐸 (7)

𝑌  is the predicting variable, and 𝐴 is the multivariate VAR coefficient 
𝑛 ×𝑛𝑝, where n is the number of individual channels. 

𝛴𝑝 =
1

𝑇 − 𝑝
𝐸𝐸𝑇 (8)

For 32 channels C=1,2,3, . . . .32, and 𝑋(𝑡) is a time series, the 
Granger Causality link between the source s and destination d, is based 
upon the residual variance produced by the past value of d 𝜀𝑑|𝑑∗ ,𝑑 as 
well as on the variance of the past values of all other conditioning 
sources s, 𝜀𝑑|𝑑∗ ,{𝐶}, where 𝑆 = 𝐶 ⧵{𝑖}. In other words, it can be stated 
that when a certain time series Granger causes another time series, it is 
based upon the residual variance of two regressive models, i.e. the full 
restrictive model 𝜀𝑑|𝑑∗ ,𝑑 and reduced non-restrictive models 𝜀𝑑|𝑑∗ ,{𝐶}. 
The Granger pair value is evaluated based on the residual variance 
between each channel. 

GC𝑖→𝑑∣{𝐶} = ln
( 𝜀𝑑∣𝑑∗
𝜀𝑑∣𝑑∗ ,{𝐶}

)

(9)

The Granger Causality (Fig.  5) quantifies the directional influence 
between EEG channels, revealing causal interactions and connectivity 
patterns within the brain. While Granger Causality effectively captures 
linear dependencies, it may overlook nonlinear interactions that are 
often present in neural dynamics. To address this limitation, Transfer 
Entropy is applied as a nonlinear and model-free measure of informa-
tion flow between EEG signals, providing a deeper understanding of 
dynamic causal relationships beyond the assumptions of linearity.

Stationarity and stability
In the case of an EEG signal, the pattern of synchronization changes 

the temporal dynamics of the signal to a greater extent. Also, Granger 
Causality works best with a stationary and stable signal (Barnett & 
Seth, 2014). For stationary signals, the statistical features such as mean, 
variance remain constant over time. For task-based EEG signals, such as 
9 
in the case of mental assessment tasks, the signals are absolutely non-
stationary. Granger Causality is applied to see the linear connection 
between EEG signals. Granger Causality requires the signal to be stable 
as well. By stability of a system means that a finite input does not 
give infinite output, or in other words, does not ‘‘blow up’’ the system. 
Using MATLAB’s Var-spectral function, the unit complex z-plane value 
is obtained to be 0.91, i.e. less than 1, indicating that the signals are 
stable. In the context of VAR, if the multivariate VAR coefficient 𝑎𝑛 is 
stable, then the signal is said to be stable. For 𝑎𝑛, it is stable if it lies 
within the unit complex z-plane. 
det(𝜙(𝑧)) = 𝐼𝑛 − 𝑎1𝑧

1 − 𝑎2𝑧
2 −⋯ − 𝑎32𝑧

32 > 1 (10)

The MVGC built-in function, 𝑣𝑎𝑟_𝑠𝑝𝑒𝑐𝑟𝑎𝑑, automatically finds if 𝑎𝑛
is stable or not.

Transfer entropy

Transfer entropy is a measure of directional information transfer 
between two entities based on information theory. Transfer Entropy is 
useful in the sense that it can capture the asymmetric and nonlinear de-
pendencies between signals. In neuroscience, Transfer Entropy can help 
us to know how information is transferred between multiple sources 
of signals. The purpose of using TE here is to see if the uncertainty 
measure of information transfer between multiple brain regions can be 
effective for the classification of different brain states, such as stress 
and relax.

TE helps find the information transferred between brain regions. 
Since the TE considers this communication without assuming a specific 
relationship between signals; it is more applicable to nonlinear systems. 
Transfer entropy (Sadeghijam et al., 2021), tells about how much the 
past values of 𝑋(𝑡) reduce the uncertainty of future values of another 
signal 𝑌 (𝑡) given 𝑌 (𝑡)’s own past values in Eq.  (11). 
𝐻(𝑋 ∣ 𝑌 ) = 𝐻(𝑋, 𝑌 ) −𝐻(𝑌 ) (11)

If there is a directed causal link and information flows from 𝑋 to 𝑌 , 
then the transfer entropy TE from 𝑋 to 𝑌  is the information flow from 
both 𝑌 (𝑘) and 𝑋(𝑘) mutually minus the information received from 𝑌 (𝑘). 
Expanding the conditional entropy in terms of joint entropy in Eq.  (12).
𝑇𝑋→𝑌 = 𝐻(𝑌𝑡+1, 𝑌

(𝑘)
𝑡 ) +𝐻(𝑌 (𝑘)

𝑡 , 𝑋(𝑙)
𝑡 )−

𝐻(𝑌 (𝑘)
𝑡 ) −𝐻(𝑌𝑡+1, 𝑌

(𝑘)
𝑡 , 𝑋(𝑙)

𝑡 )
(12)

In terms of joint entropies, the Transfer Entropy from 𝑋 to 𝑌  is 
defined as the uncertainty between 𝑌 ’s future and its own past values, 
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Fig. 6. Transfer entropy values between 32 channels signals for subject 10. Stress (left) and relax (right). The source channels are presented on the vertical axis, 
and the target channels are presented on the horizontal axis.
𝐻(𝑌𝑡+1, 𝑌
(𝑘)
𝑡 ), combined with the uncertainty of the past of both signals, 

𝐻(𝑌 (𝑘)
𝑡 , 𝑋(𝑙)

𝑡 ), excluding the joint uncertainty of the complete system, 
𝐻(𝑌𝑡+1, 𝑌

(𝑘)
𝑡 , 𝑋(𝑙)

𝑡 ), and 𝑌 ’s own uncertainty, 𝐻(𝑌 (𝑘)
𝑡 ). There are multiple 

methods to estimate transfer entropy. This framework assumed that the 
underlying processes are approximated by a Gaussian assumption. The 
differential entropy of Gaussian 𝑍 with variance 𝜎2 is given by: 

𝐻(𝑍) = 1
2
log

(

2𝜋𝑒 𝜎2
)

(13)

Applying the Gaussian entropy on predictive signals, 𝑌𝑡+1 given its 
own past values, the entropy is 𝐻(𝑌𝑡+1 ∣ 𝑌𝑡)

𝐻(𝑌𝑡+1 ∣ 𝑌𝑡) =
1
2
log

(

2𝜋𝑒 var(𝑌𝑡+1 − 𝑌𝑡)
)

(14)

The conditional entropy of 𝑌𝑡+1 given both its own past and the X’s 
past 𝑋𝑡 is expressed as: 

𝐻(𝑌𝑡+1 ∣ 𝑌𝑡, 𝑋𝑡) =
1
2
log

(

2𝜋𝑒 var(𝑌𝑡+1 − (𝑌𝑡 +𝑋𝑡))
)

(15)

Microstates analysis

The Microstates can be defined as a stable set of brain patterns 
that usually last for about 60–120ms before transitioning into a new 
stable state. At rest, the brain experiences a distinct functional state 
for a certain amount of time (Fig.  6). Researchers believe that a set 
of a few of these functional states can help explain most of brain 
analysis. The Microstates are often referred to as ‘‘atoms of thoughts’’ 
due to their repeating patterns and stability across time signals. The 
idea of Microstates comes from resting state brain analysis, when it 
was believed that the brain remains inactive during rest until some 
external stimuli activate the brain Michel and Koenig (2018), where 
it is found that resting state Microstates analysis of the brain can 
reflect multiple neuropsychiatric diseases (Khanna et al., 2015; Li et al., 
2023). However, few functional brain states can be helpful to explain 
Microstates are used to explore the intrinsic properties of temporal 
correlation of neuronal regions during resting states.

Global field potential
Global Field Potential (GFP) is the measure of the relative potential 

difference between an instantaneous potential 𝑉𝑛𝑖(𝑡) and the mean 
potential across all channels 𝑉𝑛(𝑡). The GFP can be calculated using 
Eq.  (16) where 𝑁 is the number of channels. The GFP time series is 
subjected to a peak detection procedure to identify local maxima, which 
correspond to moments of maximal global neuronal synchronization 
and represent stable scalp potential topographies. 
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GFP(𝑡) =

√

√

√

√
1
𝑁

𝑁
∑

𝑛=1

(

𝑉𝑛(𝑡) − 𝑉 𝑛(𝑡)
)2 (16)

GFP peak topomaps
Next, k-means clustering is performed on GFP Peaks maps. For 

resting state Microstates analysis, 4 distinct canonical Microstates are 
used (Khanna et al., 2015). For the mental arithmetic-based induced 
stress signals, data-driven Microstresses are based on the basis of 
subject-level and group-level clustering.

For the subject-level clustering, the topomaps from GFP peaks are 
extracted for each subject. These GFP tomomaps are then clustered 
for multiple K. The K-means clustering algorithm is applied multiple 
times (nRuns) with different initializations to mitigate the risk of 
convergence to local minima. To avoid the overlapping and keep the 
prominence of each map, a minimum distance of about 10 ms was kept 
between consecutive peaks. The percentile of the maximum threshold 
for selecting the highest peaks is set to be 80%.

Subject-level clustering
The centroids of each cluster are then selected for the group-level 

clustering. As a result of subject-level clustering, K×N maps were 
obtained, where 𝑁 represents the number of subjects. To balance the 
contribution of each subject, all maps from K = 4 to K = 8 are pooled 
together to create a standard set of topomaps, which is then passed for 
group-level clustering (Fig.  7).

Now, for k = 8, correlation is computed to find the similarity 
between maps in which polarity is ignored using Eq.  (19) (Fig.  8). 
In which way the maps with the high corr (|𝑟| > 0.9, 90% similarity)
are merged, which actually represents the same spatial configura-
tion (Kleinert et al., 2024). Two pairs of group maps demonstrated 
strong correlations, specifically Map 1 and Map 2 (r = 0.911), as well 
as Map 4 and Map 5 (r = 0.917). These high correlation coefficients 
suggest a significant overlap in their spatial configurations.

Group-level clustering
After extracting the subject-level tentative Microstates (centroids), 

group-level clustering is applied to identify a data-driven set of repre-
sentative Microstates. Now, the collected pool of all centroids [channels 
x (KxN)] from group-level clustering will be again clustered using K-
means. The choice of K from K = 4 to 8 is consistent with prior 
literature (Tarailis et al., 2024). The range allows for capturing more 
robust Microstates without overfitting or underfitting.
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Fig. 7. (From top to bottom) The topomaps present at the GFP peaks are collected for all subjects n(80). For these, topomaps are clustered for K = 4 till K = 8 
and the centroid of each clustering (K) is kept in a common, subject-level pool. Upon this final centroid pool, the group level clustering is applied.
Optimal K-clusters
For each K, the selection criteria for optimal k are computed using 

multiple ways. The cross-validation residual and global Explained Vari-
ance GEV (Michel & Koenig, 2018) are two of them. Global Explained 
Variance GEV value represents how closely a topomap at a particular 
time point best represents its assigned labels. The higher the GEV value, 
the better the maps are represented by the assigned labels. 

GEV =
∑

𝑡∈
[

GFP(𝑡) ⋅ 𝑟
(

𝑉 (𝑡),𝑀𝑠(𝑡)
)]2

∑

𝑡∈ GFP(𝑡)2
(17)

where 𝑉 (𝑡) denotes the scalp potential map at time 𝑡, 𝑀𝑠(𝑡) represents 
the centroid of the Microstate assigned to time 𝑡, and 𝑟(𝑉 (𝑡),𝑀𝑠(𝑡)

) is the 
spatial correlation (often the absolute value is used during assignment).

The GFP weighting emphasizes time points with higher SNR, en-
suring that high-variance moments contribute more to the explained 
variance. GEV tends to increase with increasing number of K as vari-
ance increases (Fig.  9) (Liu et al., 2024). However, increasing GEV 
tends to capture noise rather than useful information. To mitigate the 
limitations of GEV, a Cross-validation residual-like function is also used 
to find how well a model generalizes for those assigned labels. CV 
values minimizes the residual error for independent unseen subjects.

Let 𝐗𝑛,𝑖 ∈ R𝐶 denote the scalp topography (across 𝐶 channels) at 
the 𝑖th GFP peak, and let 𝐗̂𝑛,𝑖 be its reconstructed map, obtained by 
projecting 𝐗𝑛,𝑖 onto the corresponding Microstate centroid. The residual 
error between the original and reconstructed maps reflects the part of 
the signal that cannot be explained by the model. The cross-validation 
(CV) criterion is then defined as: 

CV =
∑

𝑖 ‖𝐗𝑛,𝑖‖
2

∑

𝑖 ‖𝐗𝑛,𝑖 − 𝐗̂𝑛,𝑖‖
2

(18)
11 
Fig. 8. The Pearson’s correlation value between 8 topomaps presented in the 
form of an adjacency heat map. String correlation is observed between pairs 
of maps 1 and 2 and maps 4 and 5. The diagonal value gives 1, indicating the 
100 correlation of a topomap with itself.

A lower CV value indicates a better reconstruction: The centroid can 
capture and reconstruct the underlying EEG signal. The lower value of 
CV means they are not overfit and generalizes well. In other words, GEV 
explains how closely a map is fitted by the label and CV residual value 
explains how well the assigned map generalizes across all subjects. This 
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Fig. 9. GEV vs CV curve for each value of K from K = 4 to K =8. The minimum value of CV (0.614) and maximum value of GEV (0.652) is obtained for K = 8.
Fig. 10. 8 Topomaps centroids obtained after group-level clustering.

combination ensures that the Microstates are informative, stable and 
physiologically meaningful and robust.

Spatial merging of topographical maps
EEG brain maps acquired can be polarity invariant with each other, 

but their spatial pattern is the same (Pascual-Marqui et al., 1995). 
To mitigate the effect of correlated maps and resulting redundancy in 
cluster centroids, the maps with a correlation higher than a particular 
threshold are merged 

𝜌𝑖𝑗 = |𝑟𝑖𝑗 | =

|

|

|

|

|

|

|

|

∑𝑁
𝑘=1(𝑀𝑘,𝑖 − 𝑀̄𝑖)(𝑀𝑘,𝑗 − 𝑀̄𝑗 )

√

∑𝑁
𝑘=1(𝑀𝑘,𝑖 − 𝑀̄𝑖)2

√

∑𝑁
𝑘=1(𝑀𝑘,𝑗 − 𝑀̄𝑗 )2

|

|

|

|

|

|

|

|

(19)

This data-driven approach helped extract a set of topomaps (Fig.  10) 
that carefully considers the underlying stressful brain dynamics. Now 
this final set of spatially distinct set of maps will be used to backfit into 
the GFP peaks of the individual subject.

Backfitting microstates
After obtaining the final set of Microstate templates, the backfitting 

is done to label each time point in the EEG with the best-matching tem-
plate, enabling us to reconstruct the temporal sequence of Microstates 
across the recording (Fig.  11). To reduce spurious, short-lived fluctu-
ations caused by noise or abrupt switching, temporal smoothing was 
applied to the sequence, enforcing a biologically plausible minimum 
duration for each Microstate. This combination of clustering, variance-
based evaluation, and smoothing ensures that the identified Microstates 
are both statistically robust and neurophysiologically meaningful.

From the final Microstates, subject-wise temporal features are ex-
tracted as they provide how these transient patterns evolve. Temporal 
resolution of Microstates makes an ideal candidate to analyze fast 
12 
changes in the brain. The key temporal parameters which are extracted 
for this research are (Tarailis et al., 2024): Mean duration, Occurrence 
Rate, Coverage and probability of transition from one state to another. 
Mean duration represents the average time a specific Microstate oc-
curred. Occurrence rate records how frequently a specific Microstate 
appears per subject, per state. Coverage tells about how much of 
the total time is covered by each Microstate. Lastly, the transition 
probabilities describe how often a state switches between other states. 
All the temporal features collected for all signals are flattened into a 
vector and create a feature vector of an 80 × 54 matrix.

Multi-modal feature fusion using attention mechanism

Different modalities provide a unique representation of neural ac-
tivity; however, their relative discriminative significance may vary 
across subjects or cognitive states. To effectively integrate these het-
erogeneous feature spaces, an attention-based fusion mechanism is 
employed.

Attention fusion (Fig.  12) is an effective way to fuse features which 
are derived from multiple modalities. Unlike traditional and simpler 
methods like averaging or concatenation, the attention mechanism 
carefully considers the modality-specific information, emphasizing only 
on more dominant patterns and suppressing the less important features.

Three distinct feature sets were fused using an attention mechanism. 
The Transfer Entropy feature is of dimensions W × 992, which repre-
sents the temporally derived statistical characteristics where W =1920 
windows. For Microstates features the dimensions were N×54, where 𝑁
= 80 signals. The Granger Causality is a set of N× i×j adjacency matrix 
where i and j are the number of channels. The given three feature sets 
have different dimensions, which makes them incompatible to feed into 
the latent space. To make distinct sets of modalities features consistent, 
the subject-level linear interpolation is done via Python’s interp1D 
function for MS and GC features to meet the target dimensionality of 
Transfer Entropy. The interpolation function is defined as: 

𝑓𝑖(𝑥) = 𝑦(old)𝑖 +
𝑦(new)𝑖 − 𝑦(old)𝑖

𝑥(new) − 𝑥(old)
(𝑥 − 𝑥(old)) (20)

The obtained values were normalized to minimize the scaling dis-
crepancies across all distinct feature sets.

To effectively integrate features from different neural modalities, a 
feature-level Attention-Based Fusion (ABF) model is used. This method 
provides an effective way to fuse heterogeneous feature sets from 
Granger Causality, Transfer Entropy and Temporal Microstate features. 
ABF performs feature-level fusion (Cai et al., 2020) using some learn-
able weights that dynamically modulate and select the most contribut-
ing features across all feature sets. First, the feature matrix MS, GC and 
TE are projected into a common latent space for modality-specific linear 
transformation to create embeddings for each feature set:
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Fig. 11. 6 Final microstates obtained from 2 level clustering method for stress-based tasks.

Fig. 12. Attention fusion model. 𝐹𝑀𝐶 , 𝐹𝑇𝐸 and 𝐹𝐺𝐶 are input feature sets. The linear transformation layer transforms the input into a linear embedding suitable 
for the attention layer. The attention layers compute and return the weight for each feature set, which are normalized using softmax.
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Table 2
Key parameters and architectural details of SVM, LDA, and MLP classifiers.
 SVM LDA MLP

 Parameter Value Parameter Value Parameter Value  
 Kernel Radial Basis Function (RBF) Optimization Solver Hidden Layers 2  
 Regularization 𝐶 = 1.0 Regularization Shrinkage Hidden Units (256, 128)  
 Kernel Width Gamma (scale) Search Method Grid Search Regularization Dropout (0.4) 

 Loss Function Cross-Entropy 
𝐻𝑚 = tanh(𝑊𝑚𝐹𝑚 + 𝑏𝑚), where 𝑚 ∈ {TE,MS,GC} (21)

The transformed features 𝐻𝑚 are fed into the self-attention layer, 
which computes the relevance score 𝑤𝑇  for each type of feature. The 
softmax function normalizes the obtained score values, which represent 
the relative importance of each modality. 

𝛼𝑚 = sof tmax(𝑤⊤𝐻𝑚) (22)

𝐻fused =
∑

(𝛼TE + 𝛼MS + 𝛼GC) (23)

The attention layer helps learn the sample-weight dependent 𝛼𝑚. 
The final fused vector contains the discriminating features from all 
three modalities and is classified using LDA. Fig.  12 depicts the at-
tention mechanism in detail. This fused feature set is then used to 
perform classification using Group 5-Fold classification with 32 subjects 
selected for training and 8 for testing. After creating the training and 
testing datasets, the attention fusion model is re-initialized to avoid 
information leakage. The reproducibility for same subject-specific folds 
is ensured across all experiments.

Classifiers

For the binary classification of signals into stress and relax states, 
three different classifiers are used to improve the reliability of the 
proposed methodology. The parametric and architectural details of 
classifiers is presented in Table no. 2. All three models are implemented 
using a Group 5-fold validation approach.

Support vector machine
Support Vector Machine (SVM) is a supervised Machine learning 

model that gives robust performance for classification and regression 
tasks. The core idea of SVM is to separate the given classes with the 
help of a hyperplane that maximizes the distance between datapoints 
from each class. In other words, the hyperplane that separates the given 
(two) classes is at the maximum distance from data points of each 
class. This helps in improving the generalization to unseen data. For 
the classification between stress and relax state using a fused feature 
set and considering the non-linearity of feature sets, a Radial Basis 
Function (RBF) kernel is used, which maps each dimension into an 
infinite feature space where linear separation is possible. The RBF 
kernel is given as:

𝐾(𝑥, 𝑦) = exp
(

−𝛾 ‖𝑥 − 𝑦‖2
)

(24)

where, 𝑥 and 𝑦 are two feature points. the RBF is based on maximizing 
the distance between two feature points 𝛾 controls the rate at which 
the similarity between feature points decreases with the increasing 
distance.

Linear discriminant analysis
Linear Discriminant Analysis (LDA) is a supervised machine learning 

algorithm that is based on identifying a linear combination of fea-
tures to separate classes. LDA is based on maximizing variance using 
class information. It works by projecting feature space onto a lower-
dimensional subspace that maximizes the ratio of inter-class variance 
14 
and intra-class variance. For an 𝑥 feature vector with discriminant 
weights w, the linear combination of features is given by
𝑦 = 𝐰𝑇 𝐱 + 𝑏 (25)

The optimal 𝑤 is derived from the ratio of inter-class scatter matrix 
𝑆𝑏 and intra-class scatter matrix 𝑆𝑤. 

𝐰 = argmax
𝐰

𝐰𝑇 𝐒𝑏𝐰
𝐰𝑇 𝐒𝑤𝐰

(26)

This criterion enhances the distinction between classes where fea-
tures might be highly correlated and multidimensional. Before feeding 
into the classifier, the fused matrix is first imputed to handle missing 
values and normalize feature distribution.

Multi-layer perceptron
Multi-layer perception is a fully connected neural network that 

learns non-linear patterns from the given data by reducing the dimen-
sion progressively after each layer. Each layer is preceded by a ReLU 
activation function for preventing overfitting and add non-linearity. 
The hidden layers transform the feature set into lower dimensions based 
on the cross-entropy function. According to Eq.  (27) at each level, 
where 𝐡̃𝑛 is the features acquired from previous hidden layer and 𝑊
is the weights. 
𝐡𝑛 = 𝜎

(

𝐖𝑛𝐡̃𝑛 + 𝐛𝑛
)

(27)

Performance evaluation

To evaluate the robustness of fused features, several standard clas-
sification matrices are used, including accuracy, precision, recall, F1 
score, Area Under the Receiver Operating Characteristic Curve (AUC), 
and loss. Accuracy measures of correctness of classified labels. Precision 
is the proportion of correctly predicted positive samples among all 
samples which are predicted positive. Recall or sensitivity identify 
the actual possible cases. F1 score observes the balance between the 
prediction of each class label. AUC represents a threshold-independent 
measure of separability of classes (stress and relax). 
Accuracy = 𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
(28)

where 𝑇𝑃 , 𝑇𝑁 , 𝐹𝑃 , and 𝐹𝑁 denote the number of true positives, true 
negatives, false positives, and false negatives, respectively. 
Precision = 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
(29)

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(30)

𝐹1 = 2 × Precision × Recall
Precision + Recall (31)

AUC = ∫

1

0
𝑇𝑃𝑅(𝐹𝑃𝑅) 𝑑(𝐹𝑃𝑅) (32)

where 𝑇𝑃𝑅 and 𝐹𝑃𝑅 represent the True Positive Rate and False 
Positive Rate, respectively.

For binary classification, the binary cross-entropy loss is defined as:

 = − 1
𝑁

𝑁
∑

𝑖=1

[

𝑦𝑖 log(𝑦̂𝑖) + (1 − 𝑦𝑖) log(1 − 𝑦̂𝑖)
]

(33)

where 𝑦𝑖 denotes the true label, 𝑦̂𝑖 is the predicted probability, and 𝑁
is the total number of samples.
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Table 3
Five-fold performance of the proposed attention-based fusion model for SVM.

Training

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9589 0.9619 0.9557 0.9588 0.9923 0.00521  
 2 0.9153 0.9381 0.8893 0.9131 0.9752 0.07031  
 3 0.9388 0.9365 0.9414 0.9389 0.9839 0.03646  
 4 0.9212 0.9284 0.9127 0.9205 0.9754 0.03646  
 5 0.9694 0.9724 0.9661 0.9693 0.9955 0.07552  
 Mean ± SD 0.9407 ± 0.0028 0.9475 ± 0.0032 0.9330 ± 0.0040 0.9401 ± 0.0030 0.9845 ± 0.00001 0.0057 ± 0.0028 

Testing

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9948 0.9948 0.9948 0.9948 0.9996 0.0052  
 2 0.9297 0.8986 0.9688 0.9323 0.9843 0.0703  
 3 0.9635 0.9320 1.0000 0.9648 0.9985 0.0365  
 4 0.9609 0.9836 0.9375 0.9600 0.9961 0.0391  
 5 0.9245 0.9503 0.8958 0.9223 0.9812 0.0755  
 Mean ± SD 0.9547 ± 0.0286 0.9519 ± 0.0390 0.9593 ± 0.0433 0.9548 ± 0.0287 0.9919 ± 0.0086 0.0453 ± 0.0286 
Fig. 13. Receiver operating characteristic curve for Group 5-Fold based classification using SVM.
Results and discussion

SVM classification results

The SVM classifier demonstrates high performance on both train-
ing and testing datasets (Table  3). The mean training accuracy is 
0.9407 ± 0.0028, and the average testing accuracy is 0.9547 ± 0.0286, 
indicating strong generalization with minimal overfitting. Similarly, 
the AUC values are very high (0.9919 ± 0.0086 for testing), which 
reflects excellent class discrimination. The low loss values confirm 
stable convergence during training. Overall, the SVM with RBF kernel 
is highly effective for a fully fused feature dataset, due to its ability to 
handle non-linear separability in high-dimensional space.

Fig.  13 shows the ROC curves for all five cross-validation folds. 
These curves demonstrate consistent classification performance across 
all folds with slight variations. Each curve remains close to the top-left 
corner, which demonstrate the high true positive rates at very low false 
positive rates. In addition, minimal variations across folds indicate that 
the model has strong stability, robustness, and excellent generalization 
15 
capability across different data splits. Similarly, confusion matrices 
across all folds are represented in Fig.  14.

LDA classification results

The testing accuracy reported by LDA is 0.9891 ± 0.0137, as pre-
sented in Table  4. This indicates that LDA gives robust generalization 
with very low variance. LDA also shows high precision and recall, 
suggesting it is effective in identifying both classes correctly. However, 
LDA is inherently a linear classifier, and while the current dataset 
appears to be linearly separable to a large extent, it may not capture 
complex nonlinear relationships. To further confirm the robustness of 
the fused feature set, the classification is performed using MLP.

To further validate the discriminative capability of the fusion model, 
AUC–ROC curves were plotted for each test fold, as shown in Fig.  15. 
The ROC curves illustrate the relationship between the True Positive 
Rate (TPR) and the False Positive Rate (FPR) under varying decision 
thresholds. Across all folds, the model consistently achieved high AUC 
values, indicating high class separability. Fig.  16 showing the confusion 
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Fig. 14. Confusion matrix for Group 5-Fold based classification using SVM.
Table 4
Five-fold performance of the proposed attention-based fusion model for LDA.

Training

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9967 0.9974 0.9961 0.9967 0.9999 0.0033  
 2 0.9935 0.9948 0.9922 0.9935 0.9996 0.0065  
 3 0.9954 0.9948 0.9961 0.9954 0.9999 0.0046  
 4 0.9909 0.9948 0.9870 0.9909 0.9994 0.0091  
 5 0.9928 0.9974 0.9883 0.9928 0.9996 0.0072  
 Mean ± SD 0.9939 ± 0.0023 0.9958 ± 0.0014 0.9919 ± 0.0043 0.9939 ± 0.0023 0.9997 ± 0.0002 0.0061 ± 0.0023 

Testing

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9688 0.9545 0.9844 0.9692 0.9970 0.0313  
 2 0.9974 0.9948 1.0000 0.9974 1.0000 0.0026  
 3 0.9818 0.9894 0.9740 0.9816 0.9967 0.0182  
 4 1.0000 1.0000 1.0000 1.0000 1.0000 0.0000  
 5 0.9974 0.9948 1.0000 0.9974 1.0000 0.0026  
 Mean ± SD 0.9891 ± 0.0137 0.9867 ± 0.0186 0.9917 ± 0.0126 0.9891 ± 0.0137 0.9987 ± 0.0016 0.0109 ± 0.0137 
matrices for different folds, also indicate good performance with very 
few false positives and false negatives.

MLP classification results
The training accuracy reported by MLP is 0.9074 ± 0.0235, and 

testing accuracy is 0.8349 ± 0.0636 in Table  5, which is slightly lower 
than both SVM and LDA. The higher standard deviation in testing 
metrics suggests that the MLP model exhibits greater sensitivity to 
data splits, due to its higher learnability and the risk of overfitting in 
relatively small datasets. Nevertheless, the MLP achieves competitive 
F1 scores and AUC values, indicating that it still captures meaningful 
non-linear patterns in the data.

The ROC curves across the five folds, in Fig.  17, indicate good 
overall classification performance, though with greater variability com-
pared to the previous figure. While most folds achieve high true positive 
rates at relatively low false positive rates, some curves rise more 
gradually, suggesting moderate differences in discriminative capability 
16 
and slightly reduced stability across data splits. Performance of MLP 
is poor than SVM and LDA, as indicated by the number of wrong 
predictions in Fig.  18.

Tables  3, 4, and 5 present the classification performances (Train-
ing) across all five folds for SVM, MLP and LDA, respectively. The 
results confirm that the proposed fusion approach effectively mitigates 
overfitting and preserves the discriminative power across subjects.

Ablation study

To compare the effectiveness of fused features, the classification 
results of the fused feature set are compared with the individual feature 
set. The classification results obtained from individual features from 
Transfer Entropy TE, Microstates MS, and Granger Causality GC showed 
overall moderate performances in Tables  6, 7 and 8 for SVM, LDA 
and MLP respectively. Each set of feature modalities captures a distinct 
brain functional state.
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Fig. 15. Receiver operating characteristic curve for Group 5-Fold based classification using LDA.
Fig. 16. Confusion matrix for Group 5-Fold based classification using LDA.
Among all three classifiers, the Microstate features gave the high-
est classification performance with SVM, with a mean accuracy of 
0.6125 ± 0.0745. Despite capturing the transient topographical con-
figurations of brain activity, the results indicate inconsistent general-
ization, suggesting that Microstate dynamics alone may not sufficiently 
represent the discriminative temporal dependencies required for robust 
stress-relax separation.

The Granger Causality features achieved highest accuracy of
0.8695 ± 0.0723 and an AUC of 0.9339 ± 0.0406 for MLP. While GC 
17 
captures linear causal relationships among EEG channels, its perfor-
mance remained below that of TE, reflecting its limitation in modeling 
nonlinear information transfer.

TE features emerge as the most powerful and reliable descriptors 
for this classification task. Supporting their integration into multimodal 
fusion frameworks for enhanced EEG-based discrimination. For all 
three classifiers and for all three feature sets obtained from different 
modalities, a similar behavior was observed, depicted by each feature 
set. However, combining these features using an attention mechanism 
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Table 5
Group 5-Fold based performance of the proposed attention-based fusion model for MLP.

Training

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9287 0.9067 0.9689 0.8973 0.9379 0.0713  
 2 0.9349 0.9987 0.9389 0.9087 0.9281 0.0651  
 3 0.8934 0.9671 0.8678 0.8209 0.9190 0.1066  
 4 0.8799 0.8978 0.8456 0.8480 0.9876 0.1201  
 5 0.9001 0.8587 0.9467 0.8097 0.9182 0.0999  
 Mean ± SD 0.9074 ± 0.0235 0.9258 ± 0.0556 0.9136 ± 0.0498 0.8569 ± 0.0410 0.9382 ± 0.0281 0.0926 ± 0.0235 

Testing

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8802 0.8174 0.9792 0.8910 0.9723 0.1198  
 2 0.7396 0.6949 0.8542 0.7664 0.9021 0.2604  
 3 0.8776 0.8680 0.8906 0.8792 0.9520 0.1224  
 4 0.7969 0.7767 0.8333 0.8040 0.9071 0.2031  
 5 0.8802 0.9506 0.8021 0.8701 0.9607 0.1198  
 Mean ± SD 0.8349 ± 0.0636 0.8215 ± 0.0950 0.8719 ± 0.0691 0.8423 ± 0.0566 0.9388 ± 0.0307 0.1651 ± 0.0636 
Fig. 17. Receiver operating characteristic curve for Group 5-Fold based classification using MLP.
carefully extracts the most effective features from all three modalities to 
provide more powerful and robust classification, as explained in earlier 
sections.

Granger causality and transfer entropy fusion
The fusion of Transfer Entropy and Granger Causality features 

yielded a significant performance in classification performance com-
pared to the individual modalities. As shown in Tables  9–11 the com-
bined TE+GC model achieved a mean testing accuracy of 0.9526 ±
0.0453, F1-score of 0.9497 ± 0.0416, and an exceptionally high AUC 
of 0.9803 ± 0.0245 using SVM Model, demonstrating strong general-
ization and discriminative capability across folds. This improvement 
suggests that fusing nonlinear (Transfer Entropy) and linear (Granger 
Causality) causal dynamics provides a more comprehensive character-
ization of effective brain connectivity, capturing both complex direc-
tional information flow and stable causal dependencies.

The three ROC plots, in Fig.  19, illustrate varying levels of classifi-
cation performance across the five folds. The best performance is illus-
trated in middle plot which is for SVM model. It demonstrates excellent 
and highly consistent performance, with curves closely approaching 
the top-left corner. These curves indicate high true positive rates at 
very low false positive rates. In contrast, the left plot shows moderate 
18 
performance with noticeable variability among folds, suggesting less 
stable generalization. The right plot reflects good overall discrimi-
nation, though some folds rise more gradually, indicating moderate 
differences in sensitivity across data splits.

Granger causality and microstates fusion
The performance results of the Microstates Features, and Granger 

Causality features indicate moderate discriminative capability during 
training and limited generalization on the test data, as shown in Ta-
bles  12–14. During training, the model achieved an average accu-
racy of 0.7891 ± 0.0614, precision of 0.7874 ± 0.0545, recall of 
0.7958 ± 0.0849, and an F1 score of 0.7899 ± 0.067, with a mean 
AUC of 0.8419 for MLP. For SVM, an average accuracy was obtained 
to be 70.00%.

These values suggest that the extracted features were able to capture 
meaningful class-specific patterns to some extent. However, the testing 
phase shows a considerable performance drop. Table  14 shows a similar 
behavior by SVM, which depicts that MS and GC are not complemen-
tary when fused. This discrepancy between training and testing results 
may indicate potential overfitting or that the MS and GC features alone 
are not sufficiently robust for distinguishing between the two classes.

The comparative ROC analysis across three models in Fig.  20, re-
veals distinct performance patterns. The first model exhibits moderate 
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Fig. 18. Confusion matrix for 5-fold cross-validation-based classification using MLP.
Table 6
Group 5-Fold based performance of individual feature modalities using SVM.

Granger Causality Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6250 0.6000 0.7500 0.6667 0.3281 0.3750  
 2 0.6875 0.7143 0.6250 0.6667 0.4062 0.3125  
 3 0.5000 0.5000 0.5000 0.5000 0.4844 0.5000  
 4 0.7500 0.7500 0.7500 0.7500 0.2812 0.2500  
 5 0.6250 0.6000 0.7500 0.6667 0.2969 0.3750  
 Mean ± SD 0.6375 ± 0.0919 0.6329 ± 0.1003 0.6750 ± 0.1118 0.6500 ± 0.0913 0.3594 ± 0.0855 0.3625 ± 0.0919 

Transfer Entropy Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.5339 0.5528 0.3542 0.4317 0.5660 0.4661  
 2 0.5573 0.5705 0.4635 0.5115 0.5889 0.4427  
 3 0.5000 0.5000 0.5417 0.5200 0.4768 0.5000  
 4 0.4740 0.4597 0.2969 0.3608 0.4562 0.5260  
 5 0.4974 0.4969 0.4167 0.4533 0.5045 0.5026  
 Mean ± SD 0.5125 ± 0.0344 0.5160 ± 0.0446 0.4146 ± 0.0961 0.4555 ± 0.0635 0.5185 ± 0.0581 0.4875 ± 0.0344 

Microstates Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6250 0.6000 0.7500 0.6667 0.2344 0.3750  
 2 0.5625 0.5556 0.6250 0.5882 0.5000 0.4375  
 3 0.6875 0.6667 0.7500 0.7059 0.2188 0.3125  
 4 0.6875 0.6667 0.7500 0.7059 0.3281 0.3125  
 5 0.5000 0.5000 0.3750 0.4286 0.4688 0.5000  
 Mean ± SD 0.6125 ± 0.0745 0.5978 ± 0.0709 0.6500 ± 0.1500 0.6191 ± 0.1104 0.3509 ± 0.1113 0.3875 ± 0.0745 
discrimination with noticeable inter-fold variability. The second model 
demonstrates unstable and inconsistent behavior, with some folds ap-
proaching random classification. In contrast, the third model achieves 
superior and consistent performance, with curves concentrated near the 
top-left corner, indicating robust generalization and higher predictive 
reliability.

Transfer entropy and microstates fusion
The fusion of Microstate and Transfer Entropy features demonstrates 

a highly effective representation of EEG dynamics, resulting in strong 
discriminative performance for LDA, MLP and SVM as presented in 
19 
Tables  15–17. The average training accuracy of 0.8008 ± 0.0345 
with an AUC of 0.8642 ± 0.0324 indicates that the model effectively 
learned class-specific temporal and spatial patterns from the fused 
features when classified using LDA. The mean testing accuracy of 
0.6266 ± 0.1360 and F1 score of 0.6419 ± 0.1182 confirm the ro-
bustness and generalization capability of the fusion approach. Upon 
evaluation of other related parameters, it is observed that Transfer 
Entropy outperformed the binary as well as full-fusion of features for 
MLP.

The superior performance of fusion, compared to the individual 
modalities (Microstates or, Transfer Entropy alone) demonstrates that 
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Table 7
Group 5-fold based performance of Individual feature modalities LDA.

Granger Causality Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6667 0.6798 0.6302 0.6541 0.7595 0.3333  
 2 0.5365 0.5729 0.2865 0.3819 0.5735 0.4635  
 3 0.6901 0.6973 0.6719 0.6844 0.7689 0.3099  
 4 0.8073 0.7783 0.8594 0.8168 0.7718 0.1927  
 5 0.6771 0.6382 0.8177 0.7169 0.7402 0.3229  
 Mean ± SD 0.6753 ± 0.0934 0.6733 ± 0.0693 0.6335 ± 0.2010 0.6500 ± 0.1574 0.7228 ± 0.0884 0.3245 v 0.0972 

Microstates Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.5651 0.5796 0.4740 0.5215 0.5951 0.4349  
 2 0.4740 0.4777 0.5573 0.5144 0.4740 0.5260  
 3 0.5625 0.5432 0.7865 0.6426 0.5382 0.4375  
 4 0.5365 0.5350 0.5573 0.5459 0.5338 0.4635  
 5 0.5339 0.5596 0.3177 0.4053 0.5666 0.4661  
 Mean ± SD 0.5420 ± 0.0373 0.5392 ± 0.0367 0.5387 ± 0.1579 0.5259 ± 0.0920 0.5412 ± 0.0440 0.4578 ± 0.0353 

Transfer Entropy Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8281 0.8938 0.7448 0.8125 0.8685 0.1719  
 2 0.6536 0.6725 0.5990 0.6336 0.6697 0.3464  
 3 0.6250 0.6200 0.6458 0.6327 0.6397 0.3750  
 4 0.7344 0.7778 0.6563 0.7119 0.7807 0.2656  
 5 0.6615 0.6582 0.6719 0.6649 0.6113 0.3385  
 Mean ± SD 0.7005 ± 0.0885 0.7249 ± 0.1154 0.6636 ± 0.0535 0.6717 ± 0.0751 0.6941 ± 0.1042 0.2995 ± 0.0613 
Table 8
Group 5-fold based performance of individual feature modalities using MLP.

Granger Causality Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8490 0.8988 0.7865 0.8389 0.9034 0.1520  
 2 0.7630 0.7919 0.7135 0.7507 0.8534 0.2370  
 3 0.9505 1.0000 0.9010 0.9479 0.9459 0.0495  
 4 0.9010 0.8738 0.9375 0.9045 0.9523 0.0990  
 5 0.8828 0.8210 0.9792 0.8931 0.9790 0.1172  
 Mean ± SD 0.8695 ± 0.0723 0.8771 ± 0.0800 0.8635 ± 0.0866 0.8670 ± 0.0767 0.9260 ± 0.0480 0.1329 ± 0.0676 

Transfer Entropy Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9427 0.9885 0.8958 0.9399 0.9559 0.0573  
 2 0.8958 0.9000 0.8906 0.8953 0.9730 0.1042  
 3 0.8359 0.8525 0.8125 0.8320 0.8839 0.1641  
 4 0.8464 0.8446 0.8490 0.8468 0.9469 0.1536  
 5 0.8307 0.8009 0.8802 0.8387 0.9100 0.1693  
 Mean ± SD 0.8703 ± 0.0549 0.8773 ± 0.0736 0.8656 ± 0.0319 0.8705 ± 0.0418 0.9339 ± 0.0406 0.1297 ± 0.0455 

Microstates Features
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.4896 0.4895 0.4844 0.4869 0.4680 0.5104  
 2 0.4844 0.4831 0.4479 0.4649 0.4465 0.5156  
 3 0.4948 0.4958 0.6094 0.5467 0.4918 0.5052  
 4 0.5599 0.5673 0.5052 0.5344 0.5663 0.4401  
 5 0.5651 0.5839 0.4531 0.5103 0.5606 0.4349  
 Mean ± SD 0.5186 ± 0.0367 0.5239 ± 0.0411 0.5003 ± 0.0681 0.5086 ± 0.0315 0.5066 ± 0.0485 0.4712 ± 0.0367 
combining microstate-based temporal. Stability with the directional 
information flow captured by transfer entropy provides a more compre-
hensive feature space, leading to enhanced classification performance.

The ROC curves across the three models, in Fig.  21, indicate mod-
erate and variable classification performance. In the first plot, several 
folds remain close to the diagonal, suggesting limited discriminative 
ability, while one fold performs comparatively better. The second plot 
shows improved but inconsistent performance across folds. The third 
plot demonstrates relatively stronger and more stable discrimination, 
with most folds achieving higher true positive rates at lower false 
positive rates, indicating comparatively better generalization.
20 
Results analysis

Among the three different feature sets, Transfer Entropy achieved 
the highest discriminating results with the accuracy of 87% as com-
pared to the other two feature sets, Granger Causality (86%) and 
Microstates features (54%) for MLP. This tells us that TE is efficient in 
capturing the non-linearity between different neuronal regions while 
the brain is undergoing strong mental activity, which increases the 
stress level. GC, however, tried to build the linear causal link between 
brain regions. In contrast to this, microstates showed lower accuracies 
of 51%, which indicate limited performance. These results indicate 
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Table 9
Group 5-Fold based training and testing performance of the proposed SVM classifier using combined Transfer Entropy (TE) and 
Granger Causality (GC) features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8743 0.8890 0.8555 0.8719 0.9467 0.1257  
 2 0.9479 0.9574 0.9375 0.9474 0.9887 0.0521  
 3 0.9661 0.9735 0.9583 0.9659 0.9929 0.0339  
 4 0.9616 0.9683 0.9544 0.9613 0.9944 0.0384  
 5 0.9297 0.9447 0.9128 0.9285 0.9825 0.0703  
 Mean ± SD 0.9351 ± 0.0358 0.9460 ± 0.0354 0.9235 ± 0.0370 0.9354 ± 0.0344 0.9813 ± 0.0192 0.0641 ± 0.0330 

Testing Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 1.0000 1.0000 1.0000 1.0000 1.0000 0.0000  
 2 0.9688 0.9787 0.9583 0.9684 0.9945 0.0312  
 3 0.8854 0.9744 0.7917 0.8736 0.9331 0.1146  
 4 0.9375 0.9667 0.9063 0.9355 0.9779 0.0625  
 5 0.9714 0.9840 0.9583 0.9710 0.9958 0.0286  
 Mean ± SD 0.9526 ± 0.0453 0.9807 ± 0.0103 0.9229 ± 0.0840 0.9497 ± 0.0416 0.9803 ± 0.0245 0.0474 ± 0.0386 
Table 10
Group 5-Fold based training and testing performance of the proposed LDA classifier using combined Transfer Entropy (TE) and 
Granger Causality (GC) features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8874 0.8940 0.8789 0.8864 0.9594 0.1126  
 2 0.8333 0.8055 0.8789 0.8406 0.9257 0.1667  
 3 0.7500 0.7270 0.8008 0.7621 0.8356 0.2500  
 4 0.8568 0.8495 0.8672 0.8582 0.9201 0.1432  
 5 0.8346 0.8002 0.8919 0.8436 0.9152 0.1654  
 Mean ± SD 0.8324 ± 0.0504 0.8152 ± 0.0644 0.8637 ± 0.0379 0.8182 ± 0.0465 0.9116 ± 0.0448 0.1676 ± 0.0481 

Testing Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6068 0.5735 0.8333 0.6794 0.7740 0.3932  
 2 0.6484 0.6278 0.7292 0.6747 0.7465 0.3516  
 3 0.5885 0.5733 0.6927 0.6274 0.5946 0.4115  
 4 0.6823 0.8070 0.4792 0.6013 0.6604 0.3177  
 5 0.6667 0.6739 0.6458 0.6596 0.7225 0.3333  
 Mean ± SD 0.6385 ± 0.0349 0.6519 ± 0.1007 0.6560 ± 0.1405 0.6487 ± 0.0310 0.6997 ± 0.0727 0.3615 ± 0.0381 
Table 11
Group 5-Fold based training and testing performance of the proposed MLP classifier using combined Transfer Entropy (TE) and 
Granger Causality (GC) features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9590 0.9608 0.9570 0.9589 0.9894 0.0410  
 2 0.9661 0.9520 0.9818 0.9667 0.9965 0.0339  
 3 0.9753 0.9854 0.9648 0.9750 0.9964 0.0247  
 4 0.9583 0.9757 0.9401 0.9576 0.9934 0.0417  
 5 0.9186 0.8935 0.9505 0.9211 0.9780 0.0814  
 Mean ± SD 0.9551 ± 0.0204 0.9535 ± 0.0361 0.9585 ± 0.0165 0.9551 ± 0.0195 0.9902 ± 0.0079 0.0445 ± 0.0204 

Testing Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6901 0.6398 0.8698 0.7373 0.7551 0.3099  
 2 0.7318 0.7032 0.8021 0.7494 0.8372 0.2682  
 3 0.6901 0.7325 0.5990 0.6590 0.7416 0.3099  
 4 0.7031 0.7321 0.6406 0.6833 0.8225 0.2969  
 5 0.7031 0.7532 0.6042 0.6705 0.7994 0.2969  
 Mean ± SD 0.7036 v 0.0166 0.7122 ± 0.0451 0.7033 ± 0.1015 0.6999 ± 0.0414 0.7913 v 0.0343 0.2956 ± 0.0172 
that individual features are not sufficient to capture underlying neural 
dynamics when classified using MLP.

This may be because the cortical region is under highly non-linear 
intrinsic interactions, which result in diminishing its linear properties. 
The microstate captured in stressful conditions is a relatively newer 
21 
direction. We obtained new sets of topographical maps with a de-
fined methodology that carefully represents the brain images in stress-
ful states. The discriminating power of microstates indicates that the 
obtained quasi-stable brain configurations may lack the fine-grained 
temporal dependencies for discrimination when in isolation.
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Fig. 19. ROC curves for group 5-fold based validation for TE and GC fusion. LDA (left), SVM (center), MLP (right).
Table 12
Group 5-Fold based training and testing performance of the proposed SVM classifier using combined Microstates (MS) and Granger 
Causality (GC) features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8438 0.8235 0.8750 0.8485 0.0713 0.1562  
 2 0.9375 0.9375 0.9375 0.9375 0.9922 0.0625  
 3 0.9688 1.0000 0.9375 0.9677 0.0000 0.0312  
 4 0.8750 0.8750 0.8750 0.8750 0.0723 0.1250  
 5 0.8125 0.8571 0.7500 0.8000 0.1328 0.1875  
 Mean ± SD 0.8879 ± 0.0613 0.8780 ± 0.0681 0.8750 ± 0.0670 0.8657 ± 0.0625 0.2531 ± 0.4127 0.1321 ± 0.0569 

Testing Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.7500 0.7000 0.8750 0.7778 0.1250 0.2500  
 2 0.6250 0.5714 1.0000 0.7273 0.8281 0.3750  
 3 0.7500 0.8333 0.6250 0.7143 0.1406 0.2500  
 4 0.8125 0.8571 0.7500 0.8000 0.1094 0.1875  
 5 0.5625 0.6667 0.2500 0.3636 0.3281 0.4375  
 Mean ± SD 0.7000 ± 0.0870 0.7257 ± 0.1047 0.7000 ± 0.2735 0.6766 ± 0.1726 0.3063 ± 0.2954 0.3000 ± 0.0870 
Table 13
Group 5-Fold based training and testing performance of the proposed LDA classifier using combined Microstates (MS) and Granger 
Causality (GC) features.

Training

 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9206 0.9228 0.9180 0.9204 0.9641 0.0794  
 2 0.8613 0.8413 0.8906 0.8653 0.9429 0.1387  
 3 0.8542 0.8358 0.8815 0.8580 0.9331 0.1458  
 4 0.8757 0.8611 0.8958 0.8781 0.9367 0.1243  
 5 0.8945 0.8976 0.8906 0.8941 0.9479 0.1055  
 Mean ± SD 0.8819 ± 0.0285 0.8713 ± 0.0382 0.8951 ± 0.0282 0.8832 ± 0.0265 0.9445 ± 0.0119 0.1187 ± 0.0253 

Testing Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6823 0.6434 0.8177 0.7202 0.7190 0.3177  
 2 0.6901 0.6798 0.7188 0.6987 0.8048 0.3099  
 3 0.5000 0.5000 0.4896 0.4947 0.4796 0.5000  
 4 0.6224 0.6667 0.4896 0.5646 0.6088 0.3776  
 5 0.7188 0.7561 0.6458 0.6966 0.7457 0.2812  
 Mean ± SD 0.6427 ± 0.0820 0.6492 ± 0.0949 0.6323 ± 0.1375 0.6350 ± 0.0860 0.6710 ± 0.1237 0.3573 ± 0.0856 
The fusion of GC and TE using an attention mechanism outper-
formed the individual discriminating power of both feature sets only for 
the SVM model. For the remaining Models, MLP and LDA, the binary 
fusion performs worse than these individual features. This indicates 
that GC’s linear and TE’s non-linear capabilities degrade the overall 
holistic effective connectivity. The fusion of GC and MS degraded the 
performance as compared to their individual feature sets. It reflects the 
temporal-resolution disparity between GC and MS. GC, which is based 
on time-series causality and Microstates, based on spatial–temporal 
22 
clustering, introduce extract noise during fusion. Moreover, a signifi-
cant degradation in performance can be seen for various other binary 
pairs. For example, MS + TE showed the accuracy of 62.66%, which 
is worse to a significant extent when compared with their individual 
counterparts. A similar pattern can be observed with MS + GC, which 
fails to improve and suggests a weak synergy between the two features.

The ablation study and classification results presented by fusing all 
features suggest that the fully fused features give improved classifica-
tion results when classified using LDA. When the signals are classified 
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Table 14
Five-fold training and testing performance of the proposed MLP classifier using combined Microstates (MS) and Granger Causality 
(GC) features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9850 0.9895 0.9805 0.9850 0.9996 0.0150  
 2 0.9583 0.9548 0.9622 0.9585 0.9860 0.0417  
 3 0.9831 0.9882 0.9779 0.9830 0.9990 0.0169  
 4 0.9844 0.9819 0.9870 0.9844 0.9980 0.0156  
 5 0.9902 0.9896 0.9909 0.9902 0.9989 0.0098  
 Mean ± SD 0.9808 ± 0.0125 0.9806 ± 0.0137 0.9793 ± 0.0109 0.9803 ± 0.0122 0.9963 ± 0.0062 0.0198 ± 0.0121 

Testing Performance
 1 0.7917 0.7414 0.8958 0.8113 0.8494 0.2083  
 2 0.8307 0.8432 0.8125 0.8276 0.8643 0.1693  
 3 0.6771 0.6828 0.6615 0.6720 0.7486 0.3229  
 4 0.7995 0.8142 0.7760 0.7947 0.8703 0.2005  
 5 0.8464 0.8556 0.8333 0.8443 0.8747 0.1536  
 Mean ± SD 0.7891 ± 0.0614 0.7874 ± 0.0545 0.7958 ± 0.0849 0.7899 ± 0.0671 0.8419 ± 0.0480 0.2109 ± 0.0595 
Fig. 20. ROC curves for group 5-fold based validation for MS and GC fusion. LDA (left), SVM (center), MLP (right).
Table 15
Group 5-fold based training and testing performance of the proposed SVM classifier using combined Transfer Entropy and 
Microstates features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.9564 0.9511 0.9622 0.9566 0.9922 0.0436  
 2 0.9668 0.9723 0.9609 0.9666 0.9962 0.0332  
 3 0.9772 0.9754 0.9792 0.9773 0.9970 0.0228  
 4 0.8210 0.8077 0.8424 0.8247 0.8991 0.1790  
 5 0.7760 0.7650 0.7969 0.7806 0.8490 0.2240  
 Mean ± SD 0.8995 ± 0.0831 0.8949 ± 0.0797 0.9085 ± 0.0757 0.9019 ± 0.0780 0.9265 ± 0.0633 0.1005 ± 0.0845 

Testing Performance
 1 0.7396 0.7674 0.6875 0.7253 0.7678 0.2604  
 2 0.4714 0.4796 0.6719 0.5597 0.4523 0.5286  
 3 0.5260 0.5410 0.3438 0.4204 0.5930 0.4740  
 4 0.6094 0.5778 0.8125 0.6753 0.6832 0.3906  
 5 0.5677 0.5448 0.8229 0.6556 0.6107 0.4323  
 Mean ± SD 0.5824 ± 0.0951 0.5821 ± 0.1070 0.6673 ± 0.1964 0.6078 ± 0.1074 0.6114 ± 0.1160 0.4152 ± 0.0964 
Fig. 21. ROC curves for group 5-fold based validation for Transfer Entropy and Microstates fusion, LDA (left), SVM (center), MLP (right).
23 
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Table 16
Group 5-fold based training and testing performance of the proposed MLP classifier using combined Transfer Entropy and 
Microstates features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.6302 0.6302 0.6302 0.6302 0.6684 0.3698  
 2 0.7500 0.8750 0.5833 0.7000 0.8874 0.2500  
 3 0.5964 0.5768 0.7240 0.6420 0.5596 0.4036  
 4 0.7318 0.7486 0.6979 0.7224 0.7897 0.2682  
 5 0.8750 0.9000 0.8438 0.8710 0.9706 0.1250  
 Mean ± SD 0.7167 ± 0.0973 0.7461 ± 0.1176 0.6956 ± 0.0973 0.7133 ± 0.0942 0.7759 ± 0.1545 0.2633 ± 0.0963 

Testing Performance
 1 0.5625 0.5583 0.5990 0.5779 0.6341 0.4375  
 2 0.5677 0.7708 0.1927 0.3083 0.7295 0.4323  
 3 0.5182 0.5131 0.7135 0.5970 0.4942 0.4818  
 4 0.6589 0.6432 0.7135 0.6765 0.6826 0.3411  
 5 0.7917 0.8784 0.6771 0.7647 0.8582 0.2083  
 Mean ± SD 0.6190 ± 0.0941 0.6727 ± 0.1576 0.5799 ± 0.1963 0.5849 ± 0.1857 0.6793 ± 0.1475 0.3802 ± 0.0967 
Table 17
Group 5-Fold based training and testing performance of the proposed LDA classifier using combined Transfer Entropy (TE) and 
Microstates (MS) features.

Training Performance
 Fold Accuracy Precision Recall F1-Score AUC Loss  
 1 0.8053 0.8106 0.7969 0.8037 0.8692 0.1947  
 2 0.7943 0.8046 0.7773 0.7907 0.8306 0.2057  
 3 0.8542 0.8542 0.8542 0.8542 0.9152 0.1458  
 4 0.7643 0.7804 0.7357 0.7574 0.8522 0.2357  
 5 0.7819 0.8080 0.7396 0.7723 0.8557 0.2181  
 Mean ± SD 0.8008 ± 0.0345 0.8111 ± 0.0310 0.7807 ± 0.0486 0.7957 ± 0.0350 0.8642 ± 0.0324 0.2000 ± 0.0338 

Testing Performance
 1 0.4948 0.4956 0.5833 0.5359 0.5158 0.5052  
 2 0.6797 0.7170 0.5938 0.6496 0.6712 0.3203  
 3 0.4922 0.4935 0.5885 0.5368 0.4462 0.5078  
 4 0.6328 0.6114 0.7292 0.6651 0.6866 0.3672  
 5 0.8333 0.8810 0.7708 0.8222 0.8629 0.1667  
 Mean ± SD 0.6266 ± 0.1360 0.6397 ± 0.1607 0.5931 ± 0.0651 0.6419 ± 0.1182 0.6369 ± 0.1423 0.3734 ± 0.1300 
using individual features, the accuracy and other parameters give low 
performance, indicating that individual features are not sufficient to 
capture the discriminative patterns.

The attention mechanism sensitively captured the information from 
each modality by adaptively weighting the contribution based on task 
relevancy. This dynamic weighting of features diminishes the dimen-
sional imbalance and noise reduction which is present in standalone 
feature sets. From the pattern observed from individual, partial fusion 
and full fusion of features, it is evaluated that no single type of feature 
is sufficient for capturing the dense multifaceted nature of neural 
dynamics in mental stress activity. Instead, the fusion of potential 
and diverse feature sets integrates the diverse underlying information, 
particularly in cases where both linear and non-linear information 
transfer is crucial. This technique further highlights the importance of 
combining connectivity features in neurophysiological analysis.

Discussion

The results are presented in Tables  6–8 illustrate the importance of 
feature-level fusion of multiple EEG modalities in the task of mental 
stress classification. The evaluation parameters show low performance 
of all three sets of features when used for classification individually. 
For instance, the accuracy of the fused feature set improved by 49.76%, 
46.47% and 38.92% as compared to the individual feature set extracted 
from Granger Causality using SVM and LDA. Whereas with MLP, a 
slight decrease in performance of about 3.98% is observed.

Similarly, the attention-based fused feature set shows an improve-
ment of 55.87%, +82.53%, 60.99% and 86.29%, 41.19%,  4.07% when 
compared with individual results obtained from Microstate-based and 
Transfer Entropy classification using SVM, LDA and MLP, respectively. 
24 
It is observed that for MLP, the TE features outperform the full-fusion 
results.

The same trend was observed when the model fusion results were 
compared with the binary fusion of features. For example, the bi-
nary fusion of Granger Causality and Transfer Entropy provided about 
0.22%, 54.91% and 18.66% improvement in the classification results 
compared with their full-fusion performance of both feature sets, re-
spectively for SVM, LDA and MLP.

For SVM, the fully fuse model showed about 36.39% improved as 
compared with Granger Causality+ Microstates and about 53.90% and 
6.03% improvement for LDA and MLP. Combining Microstates and 
Granger Causality gives a significant improvement in accuracy. Both 
features are robust in a way that they provide complementary mecha-
nisms explained due to distinct interaction models. Granger Causality 
and Microstates showed complementary fusion. Granger Causality cap-
tured linear causality, and MS encodes the macro-level spatial organiza-
tion. In this way, both of these features captured local and global brain 
responses while under stress. Similarly, for Microstates and Transfer 
Entropy, SVM achieved about 63.93%, LDA about 57.85% and MLP 
about 35.54% improvement.

Transfer entropy elevates the nonlinear information flow, i.e. under 
the stress condition, the frontal(including amygdala, hypothalamus) 
regions of the brain are activated. These regions send strong yet non-
linear energy bursts, indicating the high activity emerging in the pre-
frontal cortex. The non-linearity in the pre-frontal cortex is due to 
sudden response to attention and memory circuits (Rasheed et al., 
2021). Transfer Entropy captures information transfer from the limbic 
and emotional areas into the prefrontal cortex (Rasheed et al., 2021). 
The classification result of about 70.05% (Table  7), 87.03% (Table  8) 



S. Ejaz et al. International Journal of Clinical and Health Psychology 26 (2026) 100678 
Fig. 22. Microstate transition entropy for stress and relax state.
and 51.25% (Table  6) showed that Transfer Entropy can capture the 
high information flow during stress conditions.

Granger Causality represents the directed linear influence of how 
one part of the brain regions statistically influences the other regions 
of the brain. As the activity in the pre-frontal cortex increases, showing 
the increase in attention and working memory, the shorter windowing 
mechanism reduces the directionality and leads to loss of control when 
there is reduced cognitive stability. In this way, the windowed Granger 
Causality methods show when, i.e. in which window and how fast the 
directions of activities change in that window (Yi et al., 2022).

Microstates are quasi-stable configurations of global brain acti-
vation that last roughly 100 ms. Under stress, the probability and 
speed of transitioning from one state to another increase, which makes 
the Microstates more unstable. This means that when under stress, 
the Microstate duration decreases and entropy increases. By entropy 
mean the measure of unpredictability of the next state. Unlike in the 
resting state, the Microstate patterns are not random. Fig.  22 repre-
sents the Microstate transition entropy for both stress and relax states. 
Higher entropy of stress (1.82) represents more unpredictability as 
compared to resting-state entropy (1.68). This indicates the rapid cog-
nitive process during stressful conditions. The decrease in Microstate 
duration and increase in switching indicate the vigilance and less stable 
activity (Khanna et al., 2015).

Limitations

Despite these promising results, the proposed methodology has 
some shortcomings. Microstates are sensitive to transient changes in 
the brain. The extracted Microstate set is highly subject-specific and 
may not be generalizable to cross-subject variations. As mentioned 
in Khanna et al. (2015), the generalization of Microstates for study-
task-based signals is still underdeveloped and requires a large cohort 
of standardized Microstates, tested against a test set, to ensure their 
reliability, thus enabling their use for cross-subject evaluation.

Interpolation across individual feature sets is essential for standard-
izing all features and ensuring consistency for the attention fusion 
model (Chiarion et al., 2023). However, it is important to note that 
interpolation can disrupt the temporal dynamics inherent in these 
features.

Features such as Transfer Entropy and Granger Causality matri-
ces utilize windowing techniques, which help accommodate a degree 
of non-stationarity and temporal segmentation. Interpolation becomes 
necessary, especially for target feature sets that are computed over 
specific windows rather than the entire signal length. For example, 
25 
transfer entropy is calculated using windows to capture non-linear 
relationships, while Microstates are evaluated over the full duration of 
the signal to represent global networks. Interpolation aids in smoothing 
out abrupt transitions caused by stress and cognitive switching. To 
enhance the robustness of the results, one could consider replacing con-
ventional interpolation with alternative techniques, such as adaptive 
window-based interpolation.

Future works

The EEG-based multi-model fusion method provided profound re-
sults; however, it still needs further improvement and development. 
For instance, MS, GC and TE provided a first step for fusion; however, 
the set of modalities which are fused can be extended to other distinct 
feature-sets such as time-domain nd frequency-domain features. In this 
context, the following features could be integrated to enhance the 
functionality and usability:

• Deep-learning architectures can be used to model non-linear and 
spatial dependencies among Transfer Entropy, Microstates and 
Granger Causality. The deep learning models are better at cap-
turing underlying inter-dependencies. Also, the attention-based 
fusion technique can be improved by using a transformer-based 
encoder for adaptive temporal weighting.

• Thought for static methods like Granger Causality and Transfer 
Entropy, windowing is used to preserve the time-related informa-
tion, the dynamic trends can be improved by exploring dynamic 
Functional and Effective connectivity methods.

• The proposed framework is developed with the students as their 
target audience, who often feel stress due to exams and mental 
workload. However, this framework can be extended to validate 
further on other types of stress paradigms other than mental 
arithmetic stress, such as the Stroop test, social stress test, etc.

• To improve its real-world applicability, the fused set of features 
can be extended to other peripheral physiological signals (Chen 
et al., 2022) such as heart rate variability and Galvanic skin 
response, etc.

Conclusion

In this work, a new multi-feature-based neuromarker for accurate 
and effective stress classification for students based on EEG signals 
is proposed. By fusing three important EEG features, i.e. temporal 
microstates features, non-linear connectivity matrix, such as transfer 
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entropy and linear connectivity matrix Granger causality, which are 
combined using an attention fusion model. This fused set of features 
provided the classification results of 98% accuracy when classified 
using Group 5-fold Linear Discriminant Analysis. This work is pre-
sented to be the first work to combine Microstates, Transfer Entropy 
and Granger Causality for stress-based signals. Moreover, microstate 
analysis done on stress-based signal provided a new set of 6 distinct mi-
crostates which effectively captured stress-based dynamics. The fusion 
results were evaluated on the SAM40 dataset for mental arithmetic-
based stress and relax signals. The proposed mode is compared with 
classification results of individual features as well as the binary fusion 
of the same features. This work not only provided a reliable biomarker 
for stress classification, rather it is also based on multiple modalities, 
each of which presents a distinct perspective of stress dynamics.
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