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Virtual reality (VR) technologies can induce realistic emotions in controlled experimental settings, 
offering unprecedented opportunities to study how the human brain processes emotions under real-
world conditions. The integration of VR experiences with electroencephalography (EEG) provides a 
promising potential for gaining novel insights into individual emotional states. However, the complex 
network dynamics underlying human emotions during VR experiences remain largely unexplored. To 
address this gap, we leveraged graph-theoretical approaches to investigate functional brain networks 
derived from EEG signals recorded during immersive VR experiments. We assessed key topological 
properties of functional brain networks across multiple frequency bands (delta, theta, alpha, beta, 
gamma, and high gamma) and compared network characteristics between different emotional 
states (negative, neutral, and positive). Furthermore, we evaluated whether these graph-based 
features could accurately distinguish between positive and negative emotions using machine learning 
approaches. Our findings revealed distinct network patterns associated with different emotional 
states. During negative emotional experiences, we observed two key neural signatures: increased high 
gamma band activity in the left central region and decreased theta band activity in the occipital region. 
Conversely, positive emotions were characterized by reduced activity across most frequency bands 
in the left frontal region. Our machine learning model achieved an average classification accuracy of 
79% in differentiating positive and negative emotions using network features that combined graph-
theoretical measures and connectivity weights across all frequency bands, with the high gamma band 
demonstrating particular importance for emotion processing. This study advances our understanding 
of how brain networks dynamically reorganize during VR-induced emotional experiences and 
establishes the potential of graph-based EEG features for robust emotion recognition, paving the way 
for personalized VR applications.
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Emotions are complex states that exert profound influences on our thoughts, behaviors, and well-being1–3. 
Understanding the neural mechanisms underlying emotional experience represents a central pursuit within 
neuroscience, with significant implications for developing objective emotion recognition systems. Emotion 
significantly influences cognitive processes, particularly attention, learning, and memory, through complex 
neural mechanisms. The amygdala plays a crucial role in this interaction by modulating selective attention, often 
prioritizing emotionally salient stimuli through its connections with cortical regions4. Electroencephalography 
(EEG) provides a valuable tool for investigating these emotional processes, as it captures the electrical activity 
of the brain with high temporal resolution, making it particularly suitable for studying the dynamic nature of 
emotion responses5. EEG-based emotion recognition has gained considerable attention due to the advantages 
of physiological measures, which are less susceptible to conscious control compared to behavioral or self-report 
measures6. The rich temporal and spectral information contained in EEG signals offers unique insights into the 
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neural correlates of emotional states, providing an objective foundation for emotion detection and classification 
systems7,8.

Virtual reality (VR) represents a paradigm shift in emotion induction methodology for neuroscientific 
research. Traditional EEG studies have predominantly relied on controlled laboratory settings using static 
stimuli such as emotional images, brief video clips, or auditory cues, which may not fully capture the natural 
dynamics and complexity of emotions as they occur in real-world scenarios9–11. These conventional approaches, 
while valuable for controlled experimentation, often lack the ecological validity necessary to understand how 
emotional processing unfolds in naturalistic contexts. However, the advent of immersive VR technology has 
opened new possibilities for creating immersive and interactive environments that can elicit more ecologically 
valid emotional responses12. VR offers several distinct advantages over traditional emotion induction methods: 
First, it enables the reconstruction of diverse, contextually rich scenarios that provoke authentic emotional 
responses and natural behavioral interactions, providing a more immersive emotional experience than passive 
stimulus observation13. Second, immersive VR integrates multisensory stimulation, combining visual, auditory, 
and potentially haptic feedback, to heighten the sense of presence, dramatically increase user engagement, 
and evoke significantly higher emotional arousal compared to conventional 2D materials14. This multisensory 
integration more closely approximates real-world emotional experiences, where emotions arise from complex 
environmental interactions rather than isolated stimuli. Furthermore, VR affords researchers unprecedented 
experimental control over stimulus timing, spatial viewpoint, and visuo-haptic contingencies while maintaining 
immersive authenticity. Unlike traditional methods that rely on brief stimulus presentations, VR can sustain 
emotional engagement over extended intervals through continuous presence and dynamic interaction within 
the virtual environment14. Neuroimaging evidence demonstrates that immersive 3D VR environments recruit 
substantially more brain and sensory resources than 2D representations, suggesting more comprehensive neural 
engagement during emotional processing15.

EEG, a non-invasive technique with high temporal resolution, allows us to measure brain activity during VR 
experiences16–18. By analyzing the dynamic interactions between different brain regions, quantified by functional 
connectivity (FC), researchers can gain valuable insights into the underlying neural networks associated with 
various emotional states19–21. Functional connectivity analysis has been employed to classify different emotional 
states based on EEG-based features, demonstrating that emotional states are characterized by distinct patterns 
of central nervous system connectivity22–24. Furthermore, it has been utilized to investigate changes in brain 
connectivity and activity during emotion regulation, shedding light on the neural mechanisms involved in this 
process25. Overall, functional connectivity analysis offers a powerful tool for studying the relationship between 
brain activity and emotional states, providing a more comprehensive understanding of the neural basis of 
emotions.

Graph-theoretical analysis, when applied to EEG-based functional connectivity, offers a powerful framework 
for understanding brain communication and interaction during different emotional states. By representing 
the brain as a complex network of interconnected nodes (brain regions) and edges (functional connections), 
graph theory enables the extraction of diverse quantitative measures that capture distinct aspects of network 
organization with specific functional implications, including integration, segregation, and centrality26–28. Cao 
et al.29 demonstrated the utility of this approach by analyzing EEG data using minimum spanning tree (MST)-
based graph metrics, revealing valence × arousal–dependent reconfiguration of network topology during 
emotional processing. This seminal finding underscores why integration, segregation, and centrality measures 
have become fundamental readouts in contemporary EEG emotion research. Integration quantifies the brain’s 
capacity for global information transfer and coordination across distributed regions, reflecting how efficiently 
different brain areas communicate to support complex cognitive and emotional processes. Enhanced integration 
is associated with improved cognitive flexibility and more adaptive emotional responses, during challenging 
and novel emotional situations28,30,31. Segregation measures the brain’s ability to form specialized clusters or 
functional modules that process specific information types independently, thereby reflecting the degree of 
functional specialization within emotional and cognitive networks. Optimal segregation enables efficient local 
processing within specialized modules while preserving essential inter-modular communication pathways 
necessary for integrated emotional experiences32. Centrality identifies key hub regions that play critical roles 
in network communication, with high-centrality nodes serving as important relay stations that facilitate 
information flow between different brain regions during emotional processing33. These network properties 
provide complementary insights into brain function: integration captures the global coordination mechanisms 
necessary for complex emotional experiences30,31, segregation reveals the organization of specialized processing 
modules32, and centrality identifies the critical nodes that orchestrate network-wide communication33. 
Collectively, these measures offer a comprehensive analytical framework for understanding how different brain 
regions communicate and interact across various emotional states34,35, serving as invaluable tools for elucidating 
the complex network dynamics underlying the neural basis of human emotions36,37.

This study leveraged the combined power of VR technology and graph-theoretical analysis of EEG-based 
functional connectivity to investigate emotion recognition. We aimed to address the following key questions: (i) 
How do brain networks differ across distinct emotional states elicited in VR environments?; (ii) Can we identify 
specific patterns of network integration, segregation, and centrality associated with different emotions?; (iii) Can 
graph-based features derived from EEG data accurately distinguish between emotional states, paving the way for 
improved VR-based emotion recognition systems?

To address these objectives, we analyzed functional brain networks constructed from the VR emotional 
EEG dataset (VREED)17, focusing on identifying distinctive patterns of network integration, segregation, and 
centrality associated with negative, neutral and positive emotional states across multiple frequency bands. We 
systematically compared these network measures across different emotional conditions to elucidate how brain 
network connectivity changes with emotional state transitions. In addition, we investigated the discriminative 
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potential of these graph-based features for accurately differentiating positive and negative emotions using 
machine learning approaches. This work advances our understanding of the neural mechanisms underlying 
emotion processing in VR environments, with implications for developing more personalized and effective VR 
applications.

Related work
The integration of EEG with VR technology for emotion research has evolved significantly over the past 
decade, though technical challenges have historically constrained methodological approaches. Early EEG-VR 
emotion studies were limited by substantial motion artifacts arising from natural head movements required for 
immersive VR interaction, electromagnetic interference from headset displays and wireless components that 
degraded signal quality across frequency bands, and synchronization difficulties between VR event timing and 
neural data acquisition38,39. These technical constraints led most prior research to adopt lower-density EEG 
configurations, implement restrictive head stabilization protocols that reduced ecological validity, or rely on 
alternative biosignals such as heart rate variability and galvanic skin response for emotion classification in VR 
contexts40,41. While some studies successfully demonstrated emotion recognition using basic EEG features in 
VR environments, the technical limitations prevented comprehensive investigation of complex brain network 
dynamics underlying VR-induced emotional experiences13. Recent technological advances including wireless 
high-density EEG systems with improved motion tolerance, active electromagnetic interference cancellation, 
and hardware-based synchronization protocols have begun to overcome these obstacles, enabling more 
sophisticated analyses of neural mechanisms during immersive emotional experiences42. However, despite 
these improvements, a significant gap remains in utilizing high-density EEG combined with advanced network 
analysis methods such as graph theory to understand brain connectivity patterns associated with emotions in 
complex VR environments.

Recent advancements in emotion recognition within VR environments have shown promise for 
understanding emotional responses. For instance, Tabbaa et al.41 demonstrated the potential of multimodal 
approaches, achieving 71.88% accuracy in emotion classification using eye tracking, electrocardiogram (ECG), 
and galvanic skin response (GSR). It is important to note that the VREED dataset used in our study is distinct 
from the one described by Tabbaa et al.41; our dataset was collected independently and features 3D VR video 
stimuli of Shanghai landmarks, street scenes, and themed events, with EEG recordings and self-reported valence 
ratings as the primary data sources17. However, EEG signals, known for its high temporal resolution and ability 
to capture brain activity, were excluded due to technical challenges in VR environments. Several studies have 
explored emotion recognition in VR environments using EEG, with promising results. For example, Marín-
Morales et al.16 reached 75% and 71.21% accuracy for arousal and valence, respectively, with 9-channel EEG and 
2-channel ECG using a support vector machine (SVM) classifier. Suhaimi et al.43 focused on low-cost EEG and 
achieved 97.66% intra-subject classification using a 4-channel EEG setup and support vector machine. However, 
these studies primarily focused on traditional machine learning algorithms and did not utilize graph-theoretical 
features of brain networks. Pei et al.18 achieved high accuracy (91.10%) for valence recognition using a network-
based approach with 32-channel EEG data based on EEG-based features (e.g., energy spectrum, differential 
entropy, differential asymmetry, and rational asymmetry). However, the limited number of channels might 
restrict capturing the full spatial information of brain activity crucial for VR-based emotion recognition. Yu et 
al.17 introduced a 59-channel EEG dataset (VREED) collected in VR and used graph features for binary emotion 
classification (positive vs. negative), achieving 73.77% accuracy. While demonstrating the potential of high-
density EEG and VR for emotion recognition, their focus on binary classification and limited feature exploration 
suggests further investigation into broader emotion categories and advanced feature analysis.

While existing research explored emotion recognition in VR using various biosignals and the potential of 
graph theory for analyzing EEG data, a gap exists in utilizing high-density EEG combined with graph theory 
for emotion recognition in complex VR environments. This study aims to bridge this gap by (i) leveraging high-
density EEG data (i.e., 59-channels) to capture detailed brain activity dynamics; (ii) employing graph-theoretical 
analysis to investigate the complex brain network interactions associated with different emotions experienced 
in VR; (iii) aiming for higher accuracy and deep insights into the underlying neural mechanisms compared to 
previous studies. By addressing these aspects, we seek to elucidate the brain network dynamics associated with 
diverse emotional states in VR environments and contribute novel insights into classifying and understanding 
emotions in VR.

Materials and methods
An overview of the study workflow is shown in Fig. 1. Functional connectivity matrices were constructed using 
pre-processed 59-channel EEG data for six frequency bands. Using a network-based statistic (NBS) approach, 
significant connections were identified within each of the three emotional states. The minimum spanning tree 
(MST) algorithm was applied to transform functional connectivity matrices into undirected binary matrices. 
Graph-theoretical measures from the undirected binary matrices were computed. Analysis of variance 
(ANOVA) was used to identify differences in graph-theoretical measures across the three emotional states. 
Finally, binary emotion classification (negative vs. positive) was performed using six different machine learning 
algorithms, based on network features (connectivity weights and graph-theoretical measures). The classification 
performance was evaluated using a nested 10-fold cross-validation.

Dataset
This study utilized the publicly available VREED dataset, which consists of multi-channel EEG signals recorded 
from 25 participants (mean age = 22.92 years; SD = 1.38 years; 10 females) during emotional stimulation in a 3D 
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Fig. 1.  Analytical pipeline for graph-theoretical analysis of EEG-based functional connectivity and emotion 
recognition. Our study comprises three main steps: (a) Preprocessed 59-channel EEG time-series were 
recorded from 19 participants during VR-induced emotional experiences. Functional connectivity networks 
were then constructed using coherence-based measures between all electrode pairs across six frequency 
bands, namely delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), gamma (30–50 Hz), and 
high gamma (50–80 Hz). (b) Network-based statistic (NBS) was applied to identify significant connectivity 
differences between emotional states (negative vs. neutral, positive vs. neutral, and negative vs. positive). 
Functional connectivity matrices were binarized using minimum spanning tree (MST) algorithms to generate 
undirected binary matrices for graph-theoretical analysis. Key network properties were computed, including 
node degree, betweenness centrality, eigenvector centrality, global and local efficiency, characteristics path 
length, clustering coefficient, and small-worldness. Statistical significance of network property differences 
between emotional states was assessed using ANOVA, followed by post-hoc pairwise comparisons. (c) Graph-
theoretical measures identified through statistical analysis served as feature inputs for emotion recognition 
algorithms. Six machine learning classifiers were evaluated for binary emotion classification (positive vs. 
negative) using nested 10-fold cross-validation to ensure robust performance assessment.
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VR environment17. All participants in the original study were screened according to standardized protocols to 
ensure they had normal or corrected-to-normal vision and no history of psychiatric or major medical conditions. 
The original VREED data collection was conducted by Yu et al.17 and received ethical approval from the Shanghai 
Ethics Committee for Clinical Research. Written informed consent was obtained from all participants prior to 
their participation in the original study. All original experimental procedures were performed in accordance 
with the Declaration of Helsinki and relevant institutional guidelines and regulations. Our current investigation 
represents a secondary computational analysis of this de-identified, publicly shared dataset. No additional 
data collection, participant recruitment, or experimental procedures were performed for the present study. All 
analytical methods employed in this secondary analysis were carried out in accordance with relevant guidelines 
and regulations for computational research using publicly available neuroimaging data.

Participants watched a total of sixty 3D VR videos, consisting of Shanghai landmarks (e.g., Oriental Pearl, the 
Bund), street scenes, and school theme parties. The content distribution varied across emotional categories, with 
the city promotional videos predominantly appearing and positive sets, videos of natural situations primarily in 
neutral sets, and certain videos of the horror corridor more frequently in negative sets. All videos were presented 
using an HTC Vive VR headset. Each video had a duration of 4 s, a resolution of 4096 × 2048, and 30 frames/
second frame rate. These videos were divided into three emotional categories, corresponding to positive, neutral, 
and negative with 20 videos in each category. For each participant, a total of 120 trials were conducted. Each trial 
consisted of two subsets, each containing 30 videos. One subset comprised 20 positive and 10 neutral videos, 
while the other subset consisted of 20 negative and 10 neutral videos. Both subsets were displayed two times 
during the experiment. After viewing each video, participants provided a self-reported valence rating on a 1–9 
scale, where higher scores indicate more pleasant experiences27. These individual ratings served as the ground-
truth labels for our analysis: ratings below 5 were classified as negative, ratings equal to 5 as neutral, and ratings 
above 5 as positive. This approach ensures that our emotional classification reflects the actual emotional responses 
experienced by participants during VR immersion, accounting for individual differences in emotional reactivity 
to the same content. Brain activity was recorded using 64 electrodes placed according to the international 10–20 
systems44. After excluding electrooculogram (EOG) and electromyography (EMG) channels, we focused on 
the remaining 59 EEG channels for analysis. We chose this setup to capture brain activity across various brain 
regions, including frontal, central, occipital, left temporal, and right temporal lobes (Fig. 2). EEG signals were 
continuously recorded for 4 s at a sampling rate of 1000 Hz.

Fig. 2.  Position of 59 electrodes in the VREED dataset according to the International 10–20 system.
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Our study utilized EEG data from a validated, previously published dataset17 where standardized 
preprocessing had been systematically performed by the original authors using the EEGLab Toolbox45. The 
original preprocessing pipeline employed established protocols including comprehensive artifact removal 
procedures targeting ocular artifacts (eye blinks and movements), electromyographic contamination (muscle 
activity), electrocardiographic interference (cardiac artifacts), and motion-related noise; power line interference 
removal using notch filtering to eliminate 50 Hz contamination; baseline correction applied to pre-stimulus 
intervals to normalize signal amplitude; and automated trial rejection based on stringent amplitude thresholds 
and gradient criteria to ensure signal quality.

We conducted additional quality control verification to ensure data suitability for our network-based analyses, 
including visual inspection of signal characteristics and validation of preprocessing adequacy for functional 
connectivity computations required for graph-theoretical analysis. Following quality control, six participants 
were excluded due to insufficient data quality, resulting in a final dataset of 19 participants (mean age = 22.84 
years; SD = 1.50 years; 6 females). The total number of experiments for these 19 participants was 2043 trials 
(positive = 708, neutral = 639, and negative = 696). Details about the acquisition protocol and processing 
pipelines were described in the original publication17.

Functional connectivity construction
EEG-based functional connectivity (FC) provides a theoretically motivated approach for capturing the inter-
regional communication patterns that underlie emotional processing, which emerge from coordinated activity 
across distributed brain networks rather than isolated regional activations29. While spectral power measures 
reveal local neural oscillations within individual regions, FC captures the temporal synchronization between 
brain regions that is fundamental to complex emotional experiences requiring coordination across multiple 
brain systems46. This network-level perspective aligns with contemporary understanding of emotions as 
emergent phenomena arising from dynamic interactions among specialized brain regions36.

The EEG-based FC in this study consists of nodes and edges, represented by the EEG electrodes and the 
associations between each pair of EEG signals from different channels, respectively26. To quantify these inter-
regional connections, we used coherence as our connectivity measure due to its well-established ability to 
capture phase synchrony between EEG signals – a key indicator of functional communication between brain 
regions26,47,48. Coherence is particularly suitable for emotion research as it quantifies the consistency of neural 
oscillations across regions, reflecting the coordinated neural activity that characterizes different emotional 
states25. Coherence evaluates the consistency of relative amplitude and phase in the frequency domain between 
two signals x(t) and y(t) for each pair of electrodes, defined as:

	
CXY (λ ) = |PXY (λ )|2

PXX (λ ) PY Y (λ )
� (1)

where CXY (λ) is a coherence value between x(t) and y(t) at a specific frequency λ  PXX(λ) and PY Y (λ)
denote the power spectral density of x(t) and y(t) at frequency λ , respectively. PXY (λ) is the cross-power 
spectral density between signals x(t) and y(t) at frequency λ , providing information about how much power is 
shared between the two signals across different frequency complements.

Here, we focused on six frequency bands, including delta (0.5–4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta 
(13–30 Hz), gamma (30–50 Hz), and high gamma (50–80 Hz). The coherence value ranges between 0 and 1, 
where higher values indicate stronger FC, reflecting more synchronized neural communication between regions 
during emotional processing. Each FC matrix had a size of 59 × 59, representing the comprehensive network 
of pairwise associations between all EEG electrodes, providing a complete characterization of brain-wide 
connectivity patterns during different emotional states.

Minimum spanning tree
To reduce network complexity and identify significant connections within a weighted undirected network, we 
applied the minimum spanning tree (MST) algorithm to the FC matrices49. For each FC, we sorted the link 
weights (connection strengths) in descending order. Using Kruskal’s algorithm50, the edges with the strongest 
weights were sequentially selected until all nodes were connected with the minimum possible number of edges 
(E = L – 1, where L is the number of nodes and E is the number of edges), ensuring no cycles exist in the 
network. We then converted the resulting tree structure into a binary matrix. Connections with weight values 
became 1 (representing a connection), while others became 0 (no connection). This process resulted in binary 
FC matrices with an average connection density of 8%, preserving the most significant connection for further 
graph-theoretical analysis.

Graph-theoretical analysis
To investigate the topological characteristics of brain networks across different emotions and frequency bands, 
we computed diverse graph-theoretical measures on the binarized FC matrix using the Brain Connectivity 
Toolbox31. Our selection of FC as the primary metric, rather than spectral power measures, was motivated by 
substantial theoretical and empirical evidence that emotions emerge from coordinated activity patterns across 
distributed brain networks rather than localized activations alone36. FC provides a direct measure of inter-regional 
communication and network coordination that is particularly sensitive to the dynamic, distributed nature of 
emotional processing36. While spectral power measures reflect local neural oscillatory activity, FC captures 
the temporal synchronization between brain regions that is fundamental to emotional state representation and 
regulation46.
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Our choice of specific graph-theoretical measures was theoretically driven by established models of brain 
network organization and emotional processing25. We computed characteristic path length and global efficiency 
as measures of integration, as these metrics quantify the brain’s capacity for rapid, efficient information transfer 
across the entire network – a property that is critical for the coordinated emotional responses that involve 
multiple brain systems51,52. Characteristic path length (L) represents the average shortest path length between all 
pairs of nodes, reflecting the network’s overall communication efficiency. Lower L values indicate higher network 
integration, with information able to travel more efficiently between distant brain regions. Global efficiency 
(Eglob), defined as the average of the inverse shortest path lengths between all nodes, provides a complementary 
measure of integration. Higher Eglob values indicate greater network integration, reflecting enhanced capacity 
for global information flow across the entire brain network.

Clustering coefficient and local efficiency were selected as measures of segregation to assess localized 
organization and information processing capabilities within the network51,52. Clustering coefficient (CC) 
quantifies the degree to which neighboring nodes are interconnected, reflecting the presence of tightly connected 
local clusters. Higher CC values indicate greater network segregation, with stronger local clustering that supports 
specialized processing within brain modules. Local efficiency (Eloc), defined as the inverse of the average 
shortest path length connecting each node to its neighboring nodes, measures local information processing 
efficiency. Higher Eloc values indicate enhanced local segregation, reflecting more efficient communication 
within specialized brain regions or modules.

Centrality measures (node degree, betweenness centrality, and eigenvector centrality) were included to 
identify key nodes that may serve as critical hubs in emotional processing networks53. Node degree (D) is 
defined as the number of edges (or connections) that a node has in the network. Higher D values indicate nodes 
with greater influence through direct connections. Betweenness centrality (BC) quantifies how often a node lies 
on the shortest paths between other node pairs. Higher BC values indicate nodes that serve as critical bridges 
facilitating communication between different network modules, while lower BC values suggest nodes that 
primarily communicate within local clusters. Eigenvector centrality (EC) accounts for both a node’s connectivity 
and the importance of its connections. Higher EC values identify influential hub nodes connected to other 
important regions that can influence the entire network, while lower EC values indicate more peripheral nodes 
with limited network-wide influence.

Finally, small-worldness (SW) was computed as it represents an optimal network architecture for 
emotional processing, balancing the need for both specialized local processing (high clustering) and efficient 
global integration (short path lengths)54. SW values above 1 indicate optimal small-world organization with 
both efficient local clustering and short global communication paths, while values near or below 1 suggest 
suboptimal network architecture with either excessive randomness or overly regular, grid-like organization. SW 
is calculated as the ratio between normalized clustering coefficient and normalized characteristic path length, 
with normalization performed against 1000 randomized networks to control for basic connectivity properties.

This comprehensive set of graph-theoretical measures allows us to characterize different aspects of network 
topology that are theoretically relevant to emotional processing, providing a multi-dimensional view of how 
brain network organization varies across emotional states and frequency bands.

Statistical analysis
We compared graph-theoretical measures across the three emotional groups (negative, neutral, positive) using 
one-way analysis of variance (ANOVA) for each frequency band. When ANOVA revealed significant differences, 
post-hoc pairwise comparisons using Games-Howell tests were conducted to identify specific group pairs that 
differed significantly55,56. Multiple comparisons were corrected using the false discovery rate (FDR) approach57. 
A corrected p < 0.05 was considered statistically significant.

In parallel, we employed the network-based statistic (NBS) toolbox58 to identify significant differences in 
connected edges (connections) between different emotional states (negative vs. neutral, positive vs. neutral, 
and negative vs. positive) for each frequency band. NBS is a validated non-parametric method to control for 
the family-wise error rate (FWER) during mass univariate testing within a network58. This approach identified 
clusters of connected edges that exhibit significant differences between emotional groups. We computed a 
t-score for each individual connection, comparing its strength (weight) between two emotional groups (e.g., 
negative vs. neutral emotion). A threshold was set to identify statistically significant connections. We used a 
t-score threshold of 4.3, which corresponds to p-value of 1e-5, indicating a strict criterion for selecting highly 
significant connections. Connected edges exceeding the threshold were grouped into clusters. These clusters 
represented sets of interconnected brain regions that show significant differences in weighted FC between 
the groups being compared. To assess the statistical significance of the identified clusters, permutation testing 
(1000 permutations) was performed to estimate the null distributions of the cluster-level statistics. The p-value 
from the original NBS analysis was compared to the distribution of p-values obtained from the permutations. 
This comparison accounted for multiple comparisons and provided a more reliable measure of significance. By 
combining ANOVA, post-hoc tests, and NBS, we aimed to comprehensively understand how brain network 
properties and connectivity patterns varied across different emotional states in VR.

Emotion recognition
Machine learning algorithms
We evaluated six different machine learning algorithms that are most commonly used for EEG-based emotion 
recognition in the literature59–61. The models were implemented using the scikit-learn library (version 1.2.0) in 
Python62. We employed six machine learning algorithms as described below:
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•	   Support Vector Machine (SVM)59,60,63: This algorithm is capable of performing linear or nonlinear classifica-
tion. SVM determines the hyperplane representing the decision boundary, and the data samples closest to the 
hyperplane are called support vectors. SVM can be learned with two parameters: ξ and gamma representing a 
regularization parameter and kernel coefficient, respectively. ξ determines how many errors in the sample are 
allowed to make a hyperplane. Gamma controls the flexibility of the hyperplane. Nonlinear classification can 
be performed using kernel tricks by mapping data into high-dimensional feature spaces using nonlinear ker-
nel functions. In this study, we utilized the radial basis function (RBF) kernel to convert the data points to the 
higher-dimensional space. The optimal hyperparameters found via grid search are a regularization parameter 
of 10 and a kernel coefficient of 0.0001.

•	   Random Forest (RF)64,65: This is an ensemble learning method based on a decision tree algorithm66 that 
uses a top-down approach to recursively partition data into smaller subsets based on the values of the input 
features. Random forest models construct each decision tree using bootstrap samples and select the most sig-
nificant feature from the subset. The final prediction is determined by voting on all the individual trees. The 
optimal hyperparameters are the maximum depth of the tree set to 15 and the minimum number of samples 
required to be at a leaf node set to 3. Additionally, the minimum number of samples required to split an inter-
nal node is set to 7, and the number of trees in the forest is set to 200.

•	   Extra Trees (ET)64,65: This algorithm combines the advantages of decision trees with additional randomness 
to improve the generalization and robustness of the model. It operates similarly to random forest. It partitions 
nodes by randomly selecting features during the construction of decision trees made without bootstrap sam-
ples. The optimal hyperparameters are the maximum depth of the tree set to 15 and the minimum number of 
samples required to be at a leaf node set to 4. Additionally, the minimum number of samples required to split 
an internal node is set to 4, and the number of trees in the forest is set to 500.

•	   Extreme Gradient Boosting (XGBoost)67,68: This is an advanced implementation of the gradient boosting 
method that applies an ensemble learning technique based on decision trees. The XGBoost algorithm func-
tions by adding decision trees to a model in an iterative way and adjusting the weights assigned to each obser-
vation in the training data based on the errors of the previous iteration. The optimal hyperparameters include 
a subsample ratio of columns at 0.3 and a gamma value (minimum loss reduction) of 0.0001. The learning rate 
is set at 0.1, with the maximum tree depth set to 20 and 500 trees to be fitted.

•	   Multi-Layer Perceptron (MLP)69: An MLP refers to an artificial neural network that consists of multiple lay-
ers of artificial neurons. The architecture of this model includes an input layer, hidden layers, and an output 
layer. In this model, backpropagation is used to modify the weights of the connections between neurons in 
order to reduce the difference between the predicted label and true label. The optimal hyperparameters are 
the activation function set to ‘relu’ and the L2 regularization strength (alpha) set to 0.001. The hidden layer 
sizes are (15, 10, 5), with a constant learning rate. The maximum number of iterations is set to 1000, and the 
solver for weight optimization is ‘adam’.

•	   K-Nearest Neighbors (KNN)59,60,64: This is a non-parametric supervised learning algorithm that is per-
formed by identifying the k closest neighbors of a new instance from the given data. The voting system and 
distance calculations are utilized to determine the class of the data by examining other nearby data points. In 
our work, Euclidean distance is employed to compute the similarity between the new instance and existing 
data. The optimal number of neighbors is set to 5. 

 

Classification framework
In this study, we focused on the binary classification task (negative vs. positive) based on brain network features 
comprising functional connectivity weights and graph-theoretical measures. Our primary interests lie in 
differentiating between negative and positive emotions for several theoretical and practical reasons70,71. From a 
neuroscientific perspective, the valence dimension (positive vs. negative) represents one of the most fundamental 
and well-established dimensions of emotional experience, forming the core of prominent emotion models 
such as Russell’s circumplex model72 and serving as a primary organizing principle in affective neuroscience 
research73,74.

Accurate detection of negative emotions is particularly crucial for VR applications across multiple 
domains. In therapeutic VR contexts, real-time identification of negative emotional responses enables adaptive 
interventions and personalized treatment protocols75,76. For VR training and educational applications, detecting 
negative emotions such as frustration or anxiety allows for dynamic difficulty adjustment and improved learning 
outcomes77. In entertainment and gaming VR, monitoring emotional valence helps optimize user engagement 
and prevent adverse experiences that could lead to cybersickness or discontinuation16. Additionally, the binary 
classification approach provides a robust foundation that can be extended to more complex emotion recognition 
systems, as positive-negative discrimination often serves as a prerequisite step in hierarchical emotion 
classification frameworks10.

There were also fewer neutral samples compared to positive or negative samples. In this case, training a 
multi-class classifier with imbalanced data can lead to poor performance on the minority class. Binary 
classification can help mitigate this issue. Moreover, training a binary classifier is generally simpler and requires 
less computational resources compared to a multi-class classifier. To systematically examine the impact of 
different features on emotion classification performance, we designed a comprehensive comparative analysis 
using 21 distinct feature sets (Supplementary Table S18). These feature sets were organized according to 
a 7 (frequency bands) × 3 (feature types) experimental design, where frequency bands included delta (0.5–
4 Hz), theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz), gamma (30–50 Hz), high gamma (50–80 Hz), and 
a concatenated all-band condition. Feature types comprised: (1) connectivity weights, (2) graph-theoretical 
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measures, and (3) concatenated features (combined connectivity and graph measures). The complete set of 
21 feature combinations consisted of frequency-specific features (18 sets) derived from six frequency bands 
with three feature types (connectivity, graph measures, combined), as well as cross-frequency features (3 sets), 
corresponding to all-band connectivity weights, all-band graph measures, and all-band combined features. This 
systematic approach enabled comprehensive evaluation of how different aspects of brain network dynamics – 
ranging from local connectivity patterns to global network topology – contribute to emotion classification across 
frequency domains.

 We reduced the number of features (dimensions) in the brain network data while retaining as much relevant 
information as possible. Principal component analysis (PCA) is a common technique for linear dimensionality 
reduction. It projects data into a lower-dimensional space while capturing most of the variance using singular 
value decomposition (SVD)78. However, PCA might not handle inherently non-linear data effectively. In this 
study, we used kernel PCA to address the potential non-linearity in the data. The radial basis function (RBF) 
kernel was chosen to potentially map the data into a high-dimensional space suitable for capturing non-linear 
relationships. A threshold of 70% explained variance ratio was used to determine the number of principal 
components to retain. Details regarding the selection process for the kernel function and explained ratio based 
on performance optimization using the SVM classifier are provided in Supplementary Figure S1. Furthermore, 
we examined the performance of six machine learning algorithms using a statistically selected feature set 
(detailed in Sect. 4 of the supplementary material). To ensure a fair comparison, all procedures were identical for 
all algorithms except for the feature selection process.

We applied the six commonly used classification algorithms separately to each feature set using identical 
procedures79. Prior to building a model, each measure in the feature set was standardized so that the data have 
a mean of zero and a standard deviation of one. To ensure robustness and address potential sampling bias from 
repeated measures, we employed nested 10-fold cross-validation (10F-CV) with stratified sampling on our 
dataset of 1,404 samples (708 positive and 696 negative) (Fig. 3). Stratified K-Fold cross-validation (shuffle = 
True) was implemented for both outer and inner folds to preserve class balance across all splits and account for 
the repeated measures design where each participant contributed multiple trials (120 trials per participant). The 
dataset was randomly split into 10 equal-sized subsets for the outer cross-validation loop. In each iteration of the 
outer loop, one of the 10 subsets was used as the test set and the remaining nine subsets were used as the training 
set. For each iteration of the outer cross-validation loop, we applied the inner 10-fold cross-validation technique 
on the nine training subsets. The nine training subsets were further divided into 10 equal-sized subsets. The grid 

Fig. 3.  A nested 10-fold cross-validation (10F-CV) procedure for binary emotion classification. Our dataset of 
1,404 samples (708 positive and 696 negative) was randomly split into 10 equal subsets. Within each outer loop 
of 10F-CV, nine subsets were used for training, and the remaining one for testing. An inner loop of 10-fold 
cross-validation with grid search determined optimal model’s hyperparameters for each outer fold. Finally, the 
trained model from each outer fold was evaluated on the corresponding test set. The final performance was 
measured by the average accuracy across all folds.
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search method was used to tune the model’s parameters and select the optimal parameters within the stratified 
framework. After performing the inner loop and selecting the optimal hyperparameters for each model, we 
trained a new model using all nine training subsets and then evaluated the performance of the model on the 
test subset for that iteration of the outer loop. We reported the mean and standard deviation of the performance 
metrics obtained from the 10 iterations of the outer loop.

Performance evaluation
The performance of the machine learning models was evaluated using the following evaluation metrics: recall, 
precision, F1-score, and accuracy, and area under the receiver operating characteristic (ROC) curve (AUC), 
defined as:

	
Recall = T P

T P + F N
� (2)

	
P recision = T P

T P + F P
� (3)

	
F 1 − score = 2 × P recision × Recall

P recision + Recall
� (4)

	
Accuracy = T P + T N

T P + F P + T N + F N
� (5)

where TP, TN, FN, and FP denote true positives, true negatives, false negatives, and false positives, respectively.

Results
Comparison of graph-theoretical measures between emotional states
Global graph-theoretical measures
Figure 4 shows three graph-theoretical measures (characteristic path length, global efficiency, and small-
worldness) across different frequency bands for each emotional state (negative, neutral, and positive). In the 
high gamma band, we found that Eglob was statistically higher during negative emotional states compared 
to neutral emotional states (FDR-corrected p-value < 0.05) (Fig. 4b). There were no significant differences in 
characteristic path length (Fig. 4a) and small-worldness (Fig. 4c) properties among emotional states across all 
frequency bands. We also observed that all small-worldness values are greater than 1, indicating that the EEG-
based brain networks in all frequency bands followed a “small-world” architecture.

Nodal graph-theoretical measures
We next examined the difference in nodal measures of network topology, corresponding to clustering coefficient, 
local efficiency, node degree, betweenness centrality, and eigenvector centrality, between different emotional 
states for each frequency band (Figs. 5, 6 and 7). Topographical maps displaying the average values of a specific 
graph metric for different frequency bands are provided in Supplementary Figures S2-S6.

Our analysis revealed distinct changes in nodal measures across emotional states and frequency bands. In 
the high gamma band, we observed decreased clustering coefficient at the C4 channel during both negative 
and positive emotions compared to neutral states and at the CP6 channel during negative emotions compared 
to neutral states. Moreover, node degree at the CP5 channel increased significantly during negative emotions 

Fig. 4.  Comparison of the graph-theoretical measures among different emotional states for each frequency 
band. (a) characteristic path length (L), (b) global efficiency (Eglob), (c) small-worldness (SW). Bar and 
error bar denote the mean and the standard error of the mean (SEM) of graph-theoretical measure for each 
frequency band across all subjects, respectively. Red star indicates statistically significant differences between 
emotional groups (p < 0.05) after correcting for multiple comparisons using the FDR method. δ: delta; θ: theta; 
α: alpha; β: beta; γ: gamma; High-γ: high gamma.
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compared to neutral states across both gamma and high gamma bands. This pattern was also observed in P3 
and FT7 channels for negative emotions compared to neutral and positive states, respectively. Interestingly, the 
F7 channel showed a decrease in node degree during positive emotions compared to neutral states in the high 
gamma band. For eigenvector centrality, we observed a decrease at the Oz channel during negative emotions 
compared to positive states in the high gamma band. However, both CP5 and TP7 channels showed increased 
eigenvector centrality during negative emotions compared to neutral and positive states, respectively.

Furthermore, specific channels exhibited consistent patterns across all emotional comparisons (Figs.  5, 6 
and 7 and Supplementary Figures S18-S20). The O1 channel in the high gamma band showed a decrease in 
clustering coefficient with the order positive > neutral > negative. Similarly, the PO4 channel in the theta band 
displayed a decrease in betweenness centrality following the same order. Finally, the O1 channel in the gamma 
band exhibited a decrease in eigenvector centrality following the order neutral > positive > negative. Detailed 
information about statistically significant regions (FDR corrected p-value < 0.05) is provided in Supplementary 
Tables S1-S5.

Comparison of connectivity weights using network-based statistics
We used NBS to identify significant changes in FC across three emotional states in six frequency bands (Fig. 8). 
In the high gamma band, we observed the most prominent changes in FC, especially during negative emotions. 
Compared to neutral and positive states, negative emotions led to decreased connections between the right 
central and the left occipital regions, while increasing connections between the left and the right central regions. 
Decreased connectivity in the left frontal region was observed consistently across multiple frequency bands 
(beta, gamma and high gamma) during positive emotions compared to neutral emotions. Detailed information 
about the significant connections identified across three emotional states is provided in Supplementary Table S6.

Fig. 5.  Topographical distribution of statistically significant differences in graph-theoretical measures between 
negative and neural emotional states across frequency bands. Each panel represents t-values from paired 
t-tests comparing specific graph metrics between emotional conditions, with spatial layout corresponding to 
electrode positions on the scalp. Red coloring indicates regions where negative emotions showed significantly 
higher values, while blue indicates regions where neutral emotions were predominant. Only electrodes 
achieving statistical significance (p < 0.05) are displayed. Frequency bands: δ: delta; θ: theta; α: alpha; β: beta; γ: 
gamma; High-γ: high gamma. Graph-theoretical measures: CC: clustering coefficient, Eloc: local efficiency, BC: 
betweenness centrality; D: node degree; EC: eigenvector centrality.
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EEG-based emotion recognition
We investigated the use of brain network features for classifying positive and negative emotions. We employed 
six machine learning algorithms and analyzed 21 different feature combinations including connectivity weights 
and graph-theoretical measures derived from brains networks. Table 1 presents the classification performance 
SVM algorithm on the binary classification (negative vs. positive). In Fig. 9, the confusion matrix of binary 
emotion classification is displayed for the SVM algorithm. Classification performance of the other five machine 
learning algorithms is provided in Supplementary Tables S7-S11 and Supplementary Figures S7-S11. Features 
from the gamma and high gamma bands consistently outperformed other frequency bands (delta, theta, alpha, 
and beta) across all algorithms and feature types.

Connectivity weight features achieved higher accuracy than graph-theoretical measures in most frequency 
bands and algorithms. Among algorithms tested, the support vector machine (SVM) algorithm achieved the 
best performance of 79.01% accuracy (recall = 77.46%; F1-score = 78.78%; Precision = 80.36%; AUC = 79.02%). 
Notably, this performance was achieved by combining features from all frequency bands and both feature 
types (connectivity weights and graph-theoretical features). Classification performance of six machine 
learning algorithms using a statistically selected feature set is provided in Supplementary Tables S12-S17 and 
Supplementary Figures S12-S17.

Discussion
This study examined the topological characteristics of EEG-based functional brain networks during VR-induced 
emotional states using graph-theoretical analysis and machine learning classification. Our investigation yielded 
three primary findings that illuminate the neural basis of emotion processing in virtual environments. First, 
we identified emotion-specific network alterations: negative emotions increased high gamma activity in left 
central regions while decreasing theta activity in occipital areas, whereas positive emotions primarily reduced 
activity across frequency bands in left frontal regions. Second, our machine learning analysis demonstrated 

Fig. 6.  Topographical distribution of statistically significant differences in graph-theoretical measures between 
positive and neural emotional states across frequency bands. Each panel represents t-values from paired 
t-tests comparing specific graph metrics between emotional conditions, with spatial layout corresponding to 
electrode positions on the scalp. Red coloring indicates regions where positive emotions showed significantly 
higher values, while blue indicates regions where neutral emotions were predominant. Only electrodes 
achieving statistical significance (p < 0.05) are displayed. Frequency bands: δ: delta; θ: theta; α: alpha; β: beta; γ: 
gamma; High-γ: high gamma. Graph-theoretical measures: CC: clustering coefficient, Eloc: local efficiency, BC: 
betweenness centrality; D: node degree; EC: eigenvector centrality.
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that network-based features effectively differentiate emotional states, achieving 79% classification accuracy, 
exceeding previous VREED dataset benchmarks by 3–6%. Third, high gamma band connectivity emerged 
as particularly informative for emotion discrimination, suggesting the importance of high-frequency neural 
oscillations in emotional processing. These results establish brain network topology as a viable biomarker for 
emotion recognition in VR contexts and provide new insights into the frequency-specific neural mechanisms 
underlying immersive emotional experiences.

Brain network efficiency and small-worldness during emotional experience in VR
Our findings revealed a higher global efficiency (Eglob) in the high gamma band during negative emotional states, 
compared to neutral states (Fig. 4). Global efficiency reflects the overall efficiency of information processing 
within a network26,80. A higher Eglob in the high gamma band during negative emotions suggests that negative 
stimuli trigger increased information flow and interconnectedness within brain networks, potentially reflecting 
elevated information processing and emotional engagement. Our results regarding the high gamma band 
activity and negative emotions are consistent with previous studies, supporting the notion that high-frequency 
brain activity plays a crucial role in negative emotional processing23,81. Prior studies have demonstrated that the 
high gamma band is associated with the cognitive control of emotions and that it plays a significant role in the 
processing of affective stimuli, especially in response to negative and positive emotional states81,82. Moreover, 
the high gamma band EEG signals have been found to be more sensitive and effective in emotion analysis than 
signals from other frequency bands81. Interestingly, the analysis of brain networks constructed from EEG data 
in this study revealed small-worldness values greater than 1 across all frequency bands and emotional states. The 
small-world architecture is considered optimal for efficient information processing. Local clustering allows for 
specialized processing within the brain regions, while short path lengths enable communication and integration 
across different brain areas83. Small-world networks are known to be crucial for efficient brain function, enabling 
rapid information transfer and integration across different brain regions84. Our findings highlight an essential 

Fig. 7.  Topographical distribution of statistically significant differences in graph-theoretical measures between 
negative and positive emotional states across frequency bands. Each panel represents t-values from paired 
t-tests comparing specific graph metrics between emotional conditions, with spatial layout corresponding to 
electrode positions on the scalp. Red coloring indicates regions where negative emotions showed significantly 
higher values, while blue indicates regions where positive emotions were predominant. Only electrodes 
achieving statistical significance (p < 0.05) are displayed. Frequency bands: δ: delta; θ: theta; α: alpha; β: beta; γ: 
gamma; High-γ: high gamma. Graph-theoretical measures: CC: clustering coefficient, Eloc: local efficiency, BC: 
betweenness centrality; D: node degree; EC: eigenvector centrality.
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Feature

Frequency band

Metric δ θ α β γ High-γ Concat

Graph-theoretical measures

Accuracy 0.5277 (0.0331) 0.6021 (0.0347) 0.6007 (0.0401) 0.6163 (0.0477) 0.6716 (0.0177) 0.6851 (0.0180) 0.7078 (0.0402)

F1-score 0.5051 (0.0489) 0.6018 (0.0310) 0.6184 (0.0397) 0.6440 (0.0460) 0.6865 (0.0193) 0.6941 (0.0230) 0.7129 (0.0395)

Recall 0.4831 (0.0735) 0.5972 (0.0384) 0.6437 (0.0531) 0.6901 (0.0556) 0.7155 (0.0440) 0.7113 (0.0455) 0.7211 (0.0503)

Precision 0.5345 (0.0361) 0.6086 (0.0403) 0.5967 (0.0395) 0.6040 (0.0402) 0.6619 (0.0231) 0.6795 (0.0198) 0.7068 (0.0448)

AUC 0.5280 (0.0331) 0.6022 (0.0348) 0.6004 (0.0402) 0.6158 (0.0477) 0.6713 (0.0177) 0.6849 (0.0180) 0.7077 (0.0403)

Connectivity weights

Accuracy 0.5943 (0.0402) 0.6894 (0.0241) 0.6482 (0.0327) 0.6582 (0.0366) 0.6894 (0.0363) 0.7695 (0.0188) 0.7674 (0.0378)

F1-score 0.5806 (0.0497) 0.6894 (0.0342) 0.6387 (0.0374) 0.6513 (0.0383) 0.6948 (0.0360) 0.7667 (0.0211) 0.7612 (0.0424)

Recall 0.5634 (0.0843) 0.6887 (0.0641) 0.6211 (0.0708) 0.6352 (0.0506) 0.7028 (0.0456) 0.7535 (0.0363) 0.7394 (0.0578)

Precision 0.6098 (0.0520) 0.6930 (0.0208) 0.6663 (0.0521) 0.6704 (0.0411) 0.6884 (0.0386) 0.7819 (0.0235) 0.7865 (0.0375)

AUC 0.5945 (0.0404) 0.6894 (0.0239) 0.6484 (0.0328) 0.6583 (0.0366) 0.6893 (0.0363) 0.7696 (0.0188) 0.7676 (0.0377)

Concat

Accuracy 0.5688 (0.0320) 0.6993 (0.0352) 0.6262 (0.0352) 0.6582 (0.0263) 0.7050 (0.0410) 0.7553 (0.0373) 0.7901 (0.0298)

F1-score 0.5561 (0.0383) 0.6997 (0.0457) 0.6202 (0.0374) 0.6869 (0.0279) 0.6982 (0.0449) 0.7568 (0.0304) 0.7878 (0.0303)

Recall 0.5394 (0.0630) 0.7014 (0.0763) 0.6085 (0.0645) 0.7465 (0.0504) 0.6803 (0.0633) 0.7535 (0.0323) 0.7746 (0.0441)

Precision 0.5795 (0.0382) 0.7027 (0.0368) 0.6383 (0.0486) 0.6375 (0.0235) 0.7219 (0.0499) 0.7633 (0.0563) 0.8036 (0.0398)

AUC 0.5690 (0.0321) 0.6993 (0.0351) 0.6264 (0.0353) 0.6575 (0.0263) 0.7051 (0.0411) 0.7553 (0.0375) 0.7902 (0.0298)

Table 1.  Classification performance of the support vector machine across different frequency bands. All 
results are reported as the mean (standard deviation) over 10 repetitions. Concat indicates the combination of 
features across frequency bands and feature types. Frequency bands: δ = Delta, θ = Theta, α = Alpha, β = Beta, 
γ = Gamma, High-γ = High Gamma. Graph-theoretical measures: CC = clustering coefficient, Eloc = local 
efficiency, BC = betweenness centrality, D = node degree, EC = eigenvector centrality.

 

Fig. 8.  Comparison of the network connections between different emotional states using the network-based 
statistic (NBS) analysis. A total of 271 significant connections shows altered connectivity across various 
frequency bands. Significant connections between different emotional states (negative vs. neutral, positive 
vs. neutral, and negative vs. positive) for each frequency band are visualized. Red line indicates increased 
connectivity, and blue line represents decreased connections between different emotional states. δ: delta; θ: 
theta; α: alpha; β: beta; γ: gamma; High-γ: high gamma.
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property of brain networks during emotional experiences in VR, suggesting an efficient and organized way for 
brain regions to communication and integrate information85.

Local graph measures reveal specific brain region involvement in emotional processing
We examined how emotional states influence specific properties of individual nodes within the brain networks 
across different frequency bands. Notably, the high gamma band showed the most prominent changes in nodal 
measures between emotions (negative vs. neutral, positive vs. neutral, negative vs. positive). Compared to 
neutral states, negative emotions exhibited increased centrality (D, EC) in the left central region (CP3, CP5, P3), 
suggesting these areas act as hubs during negative experiences (Fig. 5)86. While our EEG analysis focuses on 
scalp-level network properties, it is important to consider the underlying neural generators that may contribute 
to these observed patterns. The increased centrality in left central regions during negative emotions may reflect, 
in part, the influence of deeper limbic structures involved in emotional processing. Previous neuroimaging 
studies have consistently demonstrated left amygdala activation in response to negative emotional stimuli87, 
highlighting its crucial role in processing aversive emotions and emotional regulation. Although EEG cannot 
directly localize subcortical activity, the enhanced connectivity and centrality patterns we observe in overlying 
cortical regions may represent the network-level manifestation of coordinated limbic-cortical interactions 
during negative emotional states. This interpretation aligns with established models of emotion processing that 
emphasize the distributed nature of emotional networks involving both cortical and subcortical components36,37. 
Conversely, the posterior regions (POz, PO4) showed decreased segregation (CC, LE) and centrality (BC, D, 
EC) in the theta band (Fig. 5). This aligns with previous studies linking theta desynchronization with negative 
emotions and potential selective inhibition mechanisms88,89. Positive emotions also revealed specific network 
changes, primarily in the high gamma band. Decreased segregation (CC) in the right central region (C4) and 
decreased centrality (D) in the left frontal region (F7) suggests altered network dynamics associated with positive 
emotions (Fig. 6). These regions align with previous studies on emotion classification, highlighting the potential 
for network-based approaches to decoding emotional states in VR17. Overall, the analysis of nodal measures 
demonstrates the intricate relationship between emotions and the organization of brain networks at the levels 
of individual nodes. The observed changes suggest that emotional states can influence the information that is 
processed and integrated within the brain.

Functional connectivity highlights emotion-specific network reconfiguration
We analyzed functional connectivity between brain regions using NBS to identify significant changes in 
connections across different emotional states and frequency bands (Fig. 8). The most prominent changes in 
FC were observed in the high gamma band, particularly during negative emotions compared to neutral and 
positive states. Our results showed decreased connections between the right central and left occipital regions, 
potentially indicating reduced communications between motor and visual areas during negative emotions. We 
also found increased connections between the left and right central regions, suggesting a possible strengthening 
of communications within motor processing areas. These findings align with previous research showing similar 
dense connections in the gamma band for emotional processing23,81. Furthermore, positive emotions displayed 
a consistent pattern of decreased connectivity in the left frontal regions across multiple frequency bands (beta, 
gamma, and high gamma) compared to neutral emotions. These findings suggest a potential dampening of 
activity in the left frontal lobe during positive emotional states. This supports the well-established role of the 

Fig. 9.  Confusion matrices of the binary emotion classification (positive vs. negative) by support vector 
machine (SVM) algorithm for each feature set (row: feature type, column: frequency band). In confusion 
matrix, row and column indicate the predicted class and the true class, respectively. Concat (band) refers to 
features combined across all frequency bands (δ, θ, α, β, γ, High-γ) for the same feature type. Concat (feature) 
denotes within-band concatenation of connectivity weights and graph-theoretical measures. δ: delta; θ: theta; 
α: alpha; β: beta; γ: gamma; High-γ: high gamma.
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frontal region in emotion perception and recognition, as documented in prior studies90–92. Our findings on 
functional connectivity changes shed light on the dynamic nature of brain network communication during 
emotional processing. The observed patterns suggest that negative and positive emotions influence the brain’s 
functional architecture in distinct ways, potentially leading to altered information flow and processing strategies. 
In both local graph measures and functional connectivity, significant changes in negative emotions are more 
prominent than in positive emotions (Figs. 5, 6 and 8). These findings resonate with prior research highlighting 
a stronger impact of negative valence on various cognitive and emotional processes90. This suggests that VR 
experiences may evoke stronger neural responses in the left central and frontal regions during negative emotional 
states compared to positive ones.

Emotion classification in VR using brain networks
We explored the effectiveness of brain network features in classifying positive and negative emotions. We conducted 
a comprehensive evaluation of SVM algorithm using graph-theoretical measures and connectivity weights on 
the binary emotion (negative vs. positive) classification task (Table 1; Fig. 9). Our results showed that features 
from the gamma and high gamma bands consistently yielded superior classification performance compared to 
other frequency bands (delta, theta, alpha and beta), which suggests that these higher frequency bands may carry 
crucial information for differentiating positive and negative emotions. Moreover, connectivity weight features 
outperformed graph-theoretical measures in most frequency bands and for most algorithms. These indicate that 
information about the strength of connections between brain regions might be more informative than overall 
network properties for emotion recognition. The SVM algorithm achieved high performance (79% accuracy) 
on the VREED dataset in classifying positive and negative emotions (Table 1; Fig. 9). The highest accuracy was 
achieved by combining features from all frequency bands and utilizing both connectivity weights and graph-
theoretical features. These results suggest that a comprehensive approach incorporating various aspects of the 
brain network is beneficial for emotion classification. Importantly, our approach outperformed previous studies 
on the same VREED dataset, which typically achieved accuracies of 73–76% using different feature types such 
as spectral power and differential entropy17,93, representing a substantial improvement of 3–6% in classification 
accuracy.

Limitations, methodological considerations, and future work
This study has several methodological and technical limitations that warrant careful consideration. First, our 
analysis relied on a discrete emotional categorization (positive, negative, neutral), which may oversimplify 
the complex and continuous nature of human emotional experiences. While this categorization enabled clear 
experimental design and analysis, future work would benefit from adopting more nuanced frameworks, such as 
the Circumplex Model of Affect, to better capture the full spectrum of emotional complexity72. Another technical 
limitation lies in our use of 4-second EEG segments from the VREED dataset17 compared to longer durations 
(e.g., 60 s) used in established datasets like DEAP10. Although our approach aligns with the requirements of real-
time emotion recognition, these shorter segments may not fully capture the temporal dynamics of emotional 
states, potentially limiting our ability to observe emotion evolution over time, detect subtle emotional transitions, 
and ensure statistical robustness of extracted features. Furthermore, the shorter segment duration reduced the 
effective sample size, which may constrain the statistical power to detect subtle effects, limit the generalizability 
of findings across different populations, and hinder the ability to account for individual variations in emotional 
expression. Future research should address these issues by developing VR-based EEG datasets with longer 
recording durations, adopting continuous emotion assessment frameworks, incorporating multimodal data to 
complement EEG measurements, and expanding the demographic range of participants.

A key methodological consideration is the potential influence of volume conduction on coherence-based 
measures, where signals from a single source can create spurious connectivity estimates between spatially 
proximate electrodes. To mitigate these effects, we implemented frequency-specific coherence analysis (as 
volume conduction is typically broadband while neural coupling is frequency-specific), applied average reference 
to reduce common signal contributions, and focused on relative condition differences rather than absolute 
values to minimize uniform biases. The systematic variation of connectivity patterns across emotional states and 
frequency bands suggests our findings reflect genuine functional changes beyond volume conduction artifacts, 
as volume conduction would remain constant across conditions within sessions. However, we acknowledge 
this limitation and note that future studies could benefit from volume conduction-resistant measures such 
as imaginary coherence, phase lag index (PLI), or weighted phase lag index (wPLI), which exclude zero-lag 
correlations most susceptible to these effects.

Finally, this study’s reliance on traditional machine learning approaches presents another limitation, as it 
does not leverage the potential advantages of more recent deep learning architectures. Although our chosen 
methods effectively supported our research objectives focusing on functional connectivity and graph-theoretical 
analysis, modern algorithms such as convolutional neural networks (CNNs)94–97, long short-term memory 
networks (LSTMs)98–100, and graph neural networks (GNNs)101,102 may offer enhanced capabilities for capturing 
complex temporal patterns in EEG data. Future studies should explore these advanced architectures to achieve 
higher classification accuracy and better characterize the dynamic nature of emotional states in EEG data.

Arousal and content type limitations
An important limitation of our study is the lack of systematic control for arousal dimensions and potential 
confounding effects from VR content types. Our emotion classification was based solely on valence ratings (1–9 
pleasantness scale) without corresponding arousal assessments. According to circumplex models of emotion, 
valence and arousal constitute independent dimensions that jointly define emotional experiences72. Emotions 
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with similar valence but different arousal levels (e.g., contentment vs. excitement) may engage distinct neural 
networks, potentially introducing heterogeneity within our emotional categories.

The VR content encompassed three distinct categories, including the city promotional film, natural situations, 
and horror corridor, which likely differ in both arousal levels and cognitive processing demands. Horror corridor 
content may inherently evoke higher arousal due to dynamic human interactions, while the city promotional 
film might elicit lower arousal contemplative responses despite similar positive valence. Additionally, content 
types were not systematically balanced across emotional categories, with social scenes predominantly in positive 
sets and certain urban environments more frequently in negative sets. This imbalanced distribution may have 
confounded content-specific neural responses with emotion-specific patterns.

Our classification approach collapsed across potentially different arousal levels within each valence category, 
which may have introduced noise. High-arousal positive emotions (excitement from social scenes) and low-
arousal positive emotions (serenity from landmarks) likely engage different connectivity patterns despite similar 
valence ratings. Future VR-EEG emotion studies should implement two-dimensional rating systems capturing 
both valence and arousal, systematically balance content types across emotional categories, and consider separate 
analyses for different content domains to disentangle emotion-specific from content-specific neural signatures.

Conclusion
Our study represents an important step forward in the interdisciplinary exploration of emotional neuroscience 
within VR by introducing a comprehensive graph-theoretical approach to understanding brain network 
dynamics. Unlike traditional emotion research confined to controlled laboratory settings, we leveraged immersive 
VR to examine neural responses across multiple frequency bands. We identified distinct patterns associated 
with different emotions states: negative emotions triggered increased network connectivity in the left central 
region, especially in high-frequency bands, while positive emotions decreased network connectivity in the left 
frontal region over most frequency bands. The novel contribution of our research lies not only in identifying 
distinct network connectivity patterns for different emotional states but also in demonstrating the potential of 
graph-based features for emotion classification. By achieving a 79% accuracy in differentiating emotional states 
using network topology, we challenge existing paradigms and open new possibilities for emotion recognition 
technologies. Moreover, our methodological framework represents a critical bridge between neuroimaging 
techniques, complex network analysis, and machine learning, providing a robust and innovative methodology 
that extends beyond traditional emotion research. The findings demonstrate the transformative potential of 
integrating advanced computational techniques with neuroimaging, offering a sophisticated lens to decode the 
intricate neural mechanisms underlying emotional experiences in immersive environments.

Data availability
This study is based on secondary analysis of the publicly available VREED dataset originally published by Yu et 
al. [17]. The VREED dataset is available from Dr. Yingjie Li (liyj@i.shu.edu.cn), the corresponding author of the 
original publication, upon reasonable request and subject to data usage agreements. All data used in this study 
were obtained in accordance with the original dataset’s terms of use and ethical approval.

Code availability
The code supporting this study is available at https://github.com/khu-aims/VR-EEG-code.
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