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A B S T R A C T

Stress is a reaction that occurs when a person perceives, with or without awareness, an imbalance between 
requests and available resources. Relying on this definition, we have carried out an experiment in a Virtual 
Reality environment to elicit (light) stress in the user and analyze the emotional responses with electroen
cephalography (EEG). The virtual environment is divided in eight parts; in each of them a stressor has been put in 
action, meaning that in every part the participants perform a task, but a specific resource is missing (time, 
knowledge, control, salvation, no or too many alternatives, engagement, self-confidence). EEG is used to assess 
the emotional response with the aid of Valence/Arousal/Dominance/Stress indicators presented in previous 
literature. Nine indicators calculated for 87 participants, labeled according to self-assessment replies (post- 
experimental questionnaires), were classified with eXtreme Gradient Boosting, k-Nearest Neighbor, Support 
Vector Machine and Random Forest classifiers. The lowest results in terms of accuracy were obtained with k- 
Nearest Neighbor (around 70 %), whilst the highest ones were obtained with eXtreme Gradient Boosting and 
Random Forest (above 98 %), showing that EEG could be a valuable tool to assess the emotional response in 
stressful situations, with a particular focus on the Stress indicators.

1. Introduction

Stress is defined as a general adaptation syndrome aimed at estab
lishing a new internal balance following stress factors, called stressors 
[1]. A person may become stressed if s/he feels threatened, insecure, or 
challenged by specific events or social interactions. The way stress is 
experienced is unique, although some factors can be identified as more 
prone to elicit stress clinical manifestations. The perception of uncer
tainty and the urge to act in conditions that show missing alternatives, 
time pressure, limited knowledge, lack of control or (metaphoric) sal
vation, lead to an overwhelming mental and physical load and, conse
quently, to a stress response. Among the sources responsible for 
generating stress and anxiety in individuals, we can list a few which 
appear to be more significant in a varied audience: competition [2], 
public speaking [3,4], social relationships [2,5–7], missing entertain
ment [2], examinations [6], exposure to life threatening events [8,9], 
lack of knowledge and competence [7], lack of control [10,11], lack of 
alternatives [12,13] or, contrarily, choice overload [14–16], and time 

pressure [17–19].
Although stress is frequently described as a challenge to homeostasis, 

the environmental features that contribute to the production of stress 
responses remain underexplored due to limitation in recreating inte
grated ecological, contextual and multiple scenarios as those triggering 
stress in everyday life [20]. The interrelation of emotions and Virtual 
Reality (VR) has been recognized thanks to its enhanced ecological 
validity [21]. VR is a simulated experience in which a person can look 
around the virtual world, move around in it, and engage with virtual 
objects or features, through visuals, sounds and other sensations. It is 
acknowledged that there is a tendency for VR to increase emotional 
responses [22], as participants experience slightly stronger valence and 
arousal in VR [23], to increase sense of presence (“the more I feel present 
the more I am moved” and vice versa) [24] or immersion, and the 
illusion of body ownership and agency [25]. A few research experiments 
and related studies investigated VR as emotion eliciting material [26]: 
basic emotions [27–31], frustration, confusion, boredom, engagement 
and anxiety [32–36], relaxation, depression, distress [37,38] have been 
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chosen as targets in some VR-based experimentations. The methodology 
often conceptualizes affective VR environments, relying on valence, 
arousal and dominance dimensions and have been tested using an 
in-world interface for the self-assessment, made through a 
valence-arousal Self-Assessment Manikin (SAM) slider [39]. With these 
advantages, VR was recently used as a tool to elicit and treat stress. 
Among the common paradigms used to induce stress in laboratory set
tings, the Trier Social Stress Test (TSST) represents one of the widely 
used, as it emphasizes the environmental features known to be effective 
stressors. This paradigm, indeed, requires the participants to hold a 
speech and to do an arithmetic task in front of an audience [40–43]. The 
study of stress and stressors takes on added importance when placed in 
the context of everyday life, in which individuals are exposed to stressful 
stimuli of different kinds, such as domestic and work-related stress 
[44–47]. The study of the latter is assuming considerable relevance 
because it is an integral part of the transformation process from the 
smart, connected and self-controlling production model to the sustain
able, resilient and human-centered model [48]. In light of this, the use of 
VR as eliciting means assume a twofold potentiality; in fact, along with 
the benefits that immersivity can induce in the effectiveness of the 
stressors at the level of in-laboratory study, the possibility to create 
digital twins of real work environment integrated with tools to monitor 
induced stress levels can support the process of redesigning and reen
gineering of the workplace [49]. Moreover, the effectiveness of VR in 
stress-related research is shown by VR-exposure therapy (VRET). VRET 
has been often used to treat post-traumatic stress disorder, with a re
ported success rate of 66–90 %, as VR allows to transport the patient into 
a setting similar to an experience where an anxiety-causing effect 
occurred, with the purpose to desensitize her/him [50].

As a (more typically) negative valence and high arousal emotion, 
stress has some specific biochemical and physiological responses in the 
body, such as an increase of the secretion of cortisol, blood pressure and 
heart rate. Other neural properties, such as pattern electroencephalo
graphic waves in response to stress, can be traced but less easily framed. 
The frontal asymmetry, specifically of Alpha waves (and known as 
frontal Alpha asymmetry - FAA), seems to be the best candidate for a 
neural correlate of stress and is one of the parameters/features that can 
be extracted from EEG bands [51]. More generally, the sensitivity of 
high Alpha to contingent stress has been more widely studied [52,53]. A 
variation of Beta activity was also observed [52,54,55]. The role of 
Alpha and Beta during stress has also been acknowledged thanks to 
development of three Stress Indicators: β/α [56], reprised in the present 
study, α/β and θ/β [57,58], though, still little literature explored their 
effectiveness. Brouwer et al. [44] show a link between frontal Alpha 
asymmetry, heart variability and cortisol on the one hand and stress on 
the other hand. Tarrant et al. [55] focused on Alpha and Beta sub-
bandwidths’ activity suggesting an increased Alpha associated with 
calm and relaxed states, and Beta associated with qualitatively anxious 
states. Though, further research on EEG and stress is needed to contrast 
registered methodological and finding discrepancies [59,60].

Recent research has been focused on the use of machine learning 
(ML) to automatically classify two or three stress levels (corresponding 
to the classes of the classifier) thanks to EEG-based features, including 
Alpha frontal asymmetry. Concerning the specific application of ML in 
the affective analysis, it can be noticed that, both for time and frequency 
domain, widely adopted algorithms are Support Vector Machine (SVM), 
k-Nearest Neighbor (kNN), Naive Bayes, and ensemble learning algo
rithms (e.g., Random Forest - RF, eXtreme Gradient Boosting - XGBoost) 
[61,62].

In particular, recent literature has applied ML to EEG stress related 
waves patterns supporting its effectiveness although with a certain 
variability among the classifier selected. Al-Shargie [63] found a sig
nificant reduction in Alpha rhythm power from one stress level to 
another level, and in 2015 detected mental stress with EEG with an 
accuracy of 94 %, 85 %, and 80 % (using SVM) at level one, two and 
three of arithmetic problem difficulty, respectively. Jun and Smitha [64]

obtained an accuracy of 75 % with a SVM algorithm used to classify the 
relative difference of Beta and Alpha power, used as EEG-based features, 
into three levels of stress. Smitha et al. [65] used SVM to effectively 
differentiate good and bad stress from EEG band power features. Arsalan 
et al. [66] obtained a high accuracy (92.85 %) for the binary classifi
cation with Theta band features. Frontal asymmetry was used as a 
real-time EEG feature for stress assessment by Arpaia et al. [67]. Four 
standard ML classifiers reached more than 90 % accuracy in classifying 
each 2-s epoch of EEG acquired from 10 stressed subjects. Wen et al. [58]
obtained with SVM a validation accuracy of 98 %; labeling was not 
performed using self-assessment questionnaires as ground truth, but 
k-means clustering was adopted.

The valence-arousal-dominance dimensions were considered in ML 
classifications in several studies. The adopted approaches and main 
findings of each study have been summed up in Table 1.

With the aim of contributing to the studies on stress-related condi
tions with a human-computer interaction and a human-centered 
perspective, this work focuses on analyzing EEG-related emotional in
dicators to assess the stressed state in participants navigating a ‘stressful’ 
Virtual Reality (VR) environment, created with eight different tasks and 
stressors. Relying on previous literature, we have selected eight micro- 
stressors and creted a twin ‘stressless’ VR environment. Two experi
ments were conducted: one where participants were asked to navigate 
the virtual environments using a monitor (in the following, called non- 
Head-Mounted Display experiment) and one with a Head-Mounted 
Display (HMD). Participants were asked to fill-in a questionnaire after 
the navigation of the virtual environments to self-assess their levels of 
arousal, valence, dominance and stress. During the experiment, partic
ipants were asked to wear an EEG headset. EEG-based indicators such as 
Valence, Arousal, Dominance and Stress indicators were computed. 
Their values, labeled according to the relative self-assessments, were 
classified with four classifiers (XGBoost, kNN, SVM, RF) to investigate 
their validity as emotional assessment indicators for stressful states.

This work integrates several aspects of innovation, with potential 
implications for both research and practical applications. First, the di
versity of stressors. The study employs eight distinct micro-stressors 
presented in VR, providing a comprehensive evaluation of stress in
duction mechanisms in virtual environments. Second, a within-subject 
paired comparison was adopted, leveraging a stressful environment 
and its stressless counterpart. This approach enhances the reliability of 
stress induction validation and allows to assess the effectiveness of the 
selected stressors through VR, enabling future modulation of stressors’ 
intensity for the development of novel VR-based stressors. Third, the use 
of affective indicators as ML features. Rather than relying on raw EEG 
data or generic statistical features (e.g., signal dispersion, entropy-based 
measures, or power spectral density), this study employs well- 
established affective indicators (stress, valence, arousal, dominance) 
as ML features. This ensures interpretability of the extracted features in 
relation to emotional states. Fourth, a five-class ML classification was 
performed, with a direct correlation with SAM rates, while previous 
approaches only adopted two-three classes (low level, neutral level, high 
level) or combination of low/high levels of the affective dimensions. 
This makes the study more nuanced and specific in terms of the 
emotional assessment and more relevant to the original SAM formula
tion, which involved five classes. Lastly, an evaluation of multiple af
fective indicator formulations is performed. Different computational 
formulations of affective indicators from the literature were tested to 
determine their effectiveness in discriminating stress-related emotional 
states, providing insights into the most reliable formulations for EEG- 
based emotional assessment. To the best of our knowledge, literature 
lacks studies integrating these aspects.

2. Materials and methods

100 gender-balanced participants aged between 18 and 71 years 
were involved in two experimental sessions. The first session, later on 
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called non-HMD experimental session, involving 39 participants (19 
females, aged between 20 and 71), concerns the use of a desk monitor 
for navigating the VR environments; the second session, called HMD 
experimental session, involving 61 participants who did not take part in 
the first session (37 females, aged between 18 and 60), involves the 
adoption of the Meta Quest 2 as HMD for a more immersive virtual 
experience in the same environments. The number of participants was 
sufficient to meet the required sample size for paired t-test given a power 
of 0.8, an alpha level of 0.05 and an effect size of 0.5. These values are in 
line with previous literature on EEG based analyses and common prac
tice [80,81]. All experimentations have been conducted according to the 
Declaration of Helsinki. Written informed consent was obtained from all 
participants.

Before starting a session, participants were asked to read an infor
mative document and to sign a consent form. A 15-seconds EEG baseline 
was acquired both with open fixed eyes and then with closed eyes. Then, 
participants were asked to navigate the two VR environments. After 
each environment, a questionnaire was administered. The experimental 
workflow is shown in Fig. 1.

In the non-HMD experimental session, participants are then asked to 
sit on a chair without wheels in front of a desk equipped with a 27-inch 
monitor computer, a keyboard (WASD keys to move), a mouse (to 
control the viewpoint) and a RGB-D camera. In the HMD experimental 
session, participants wear the Meta Quest 2 and train in a neutral VR 
environment to learn how to move and to interact with virtual objects 
with the controllers.

2.1. Virtual Reality environments

Two VR environments have been used with the aim of studying the 
stressful condition from an EEG perspective. The developed VR envi
ronments, briefly explained in the following section, have been in-depth 
presented and validated both with direct (questionnaires) and indirect 
(electrodermal activity) measures in another work (Nonis et al., under 
review).

The first VR environment (called in the following ‘stressful envi
ronment’) was conceived with the aim to elicit stress in the participants; 
in the second (called ‘stressless environment’), the stressors were alle
viated to provide a less stressful (or stressless) experience. In both cases, 
the environment was an urban office building in which the participant 
had to attend a job interview. The majority of the tasks had to be 
accomplished in the elevator of this building. Unity (version 
2021.3.18f1) was used for creating the environments and Blender19 
(version 3.4) was used to design the objects.

Eight stressors were incorporated into the VR environment thanks to 
specific tasks and situations, one at a time, in which the stressor could 
manifest. Every task lasts 30 seconds and represents the lack of a con
dition or of an element; the stressor will be mitigated in the stressless 
environment (e.g., the ‘limited time’ stressor in the stressful environ
ment is suppressed in the stressless environment by giving an unlimited 
time for the same task). The selection and the number of the stressors 
relied on i) the literature most effective choices of stressors, ii) the 
practical possibility to implement a related task in VR, iii) the possibility 
to alleviate the stressor in the stressless environment and, iv) the time 

Table 1 
Main literature findings related to ML classification of valence-arousal-dominance dimensions extracted from EEG data.

authors, year and 
reference

ML approach dataset dimensions classification accuracy

Li et al. 2018 [68] Hierarchical CNN 
kNN 
SVM

DEAP [69] Valence / Arousal Binary (low/high) 86–88 % 
79 % 
74 %

Verma et al. 2017 [70] kNN 
SVM 
MLP (multi layer perceptron)

DEAP Valence / Arousal / 
Dominance

Three classes (low/medium/ 
high)

65 % 
70 % 
68 %

Gaertner et al. 2021 [71] RF DEAP Valence / Arousal / 
Dominance

Eight classes 99 %

Kumar et al. 2021 [72] kNN 
SVM

DEAP Valence / Arousal / 
Dominance

Two classes 85–92 %

Liu et al. 2023 [73] XGBoost DEAP Valence / Arousal Binary (low/high) 
Multiclass

80–95 % 
91–95 %

Zong et al., 2023 [74] XGBoost 
SVM

DEAP / DREAMER 
[74]

Valence / Arousal Binary (low/high) 94 % 
92 %

Abdel-Hamid 2023 [75] kNN 
SVM

DEAP Valence Binary/Multiclass 96.33 % 
97.42 %

Pei et al. 2024 [76] kNN 
RF

DEAP Valence Three classes 72 % 
95 %

Miah et al. 2022 [77] MLR (multinomial logistic 
regression) 
SVM

GAMEEMO [78] Valence / Arousal Four classes 99.80 % 
99 %

Yu et al. 2022 [79] SVM VREED [79] Valence Binary 70 %

Fig. 1. Experimental workflow.
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availability for the whole experimentation.
The eight missing elements and related tasks in the stressful envi

ronment are: 

1. lack of time: solve a mathematical equation or copy numerical code 
in a limited time frame;

2. lack of salvation: fire propagation;
3. lack of engagement: blocked elevator;
4. lack of control: alarm activation with buttons working wrong;
5. lack of knowledge: mount a breadboard;
6. lack of self-confidence: job interview;
7. lack of alternatives: return to floor 0 and restart;
8. overchoice: office floor or contract choice.

A selection of screenshots from the environments is shown in Fig. 2.

2.2. Emotional self-assessment

After every VR experience, a questionnaire is administered to the 
participant with an online form. The Self-Assessment Manikin (SAM) is 
used to ask participants their levels of arousal, valence and dominance 
for every task. Their level of felt stress in a Likert scale 1–5 is also asked 
for every task. The last two questions in the questionnaire concern 1) the 
other emotion(s) felt during the experiment (a list was provided plus an 
open field for other replies) and 2) the resource that the participant felt 
s/he lacked the most during the task (proper knowledge, enough time, 
control of the situation, involvement, ability to choose, having an 
alternative, ease/confidence/energy/courage, safety, other…). The 
questionnaire was used here for labeling data for the ML classification.

2.2.1. EEG
Two devices were used to collect EEG data. The use of two different 

devices allowed to assess whether variations in the spatial resolution of 
the recorded signals could affect the calculation of affective indicators 
and, consequently, their effectiveness in capturing emotional changes. 
For the non-HMD experimental session, a 14-channel wireless Emotiv 
Epoc X headset was used. The electrodes are AF3, F7, F3, FC5, T7, P7, 
O1, O2, P8, T8, FC6, F4, F8, and AF4; the reference electrodes Common 
Mode Sense (CMS) and Driven Right Leg (DRL) were placed at P3 and P4 
(Fig. 3). An even number indicates the electrodes placed in the right 
brain hemisphere, whilst an odd number indicates a placement in the 
left hemisphere. For the HMD experimental session, a configurable 32- 
channel wireless Emotiv Flex 2 saline head cap was used. The elec
trodes are AF3, AF4, F7, F3, Fz, F4, F8, FT9, FC5, FC1, FC2, FC6, T7, C3, 
Cz, C4, T8, CP5, CP1, CP2, CP6, TP9, P7, P3, Pz, P4, P8, O1, Oz and O2; 
CMS/DRL were placed at TP9 and TP10 (Fig. 4). The international 
10–20 system was adopted to place the electrodes in both cases. For both 
experimental sessions, the sampling rate was 128 Hz. A band-pass filter 
was applied, and the Fast Fourier Transform (FFT) was computed to 
obtain the band powers (µV²/Hz); to reduce noise, a high-pass filter was 
applied before FFT. For data analysis and feature extraction, a Hanning 
window size of 2 seconds epoch was used consisting of 256 EEG samples; 
this window was slided by 16 samples to create the new window. Then, 
the squared magnitude of the complex FFT value was averaged in each 
frequency band (θ: 4–8 Hz, ⍺: 8–12 Hz, β: 12–25 Hz, γ: 25–45 Hz), and 
only artifact-free signals were considered. Thus, the EEG dataset of 100 
(39 + 61) participants was reduced to 87 (33 for the non-HMD session 
and 54 for the HMD session).

Nine affective indicators, namely three for Valence, two for Arousal, 
one for Dominance and three for Stress, detailed in Table 2, were 
calculated at every instant from EEG waves, relying on formulas 

Fig. 2. Selected screenshots of the VR environments. From top to bottom, from left to right: the hall of the building, elevator viewed from outside, the equation task 
(no time), the fire (no salvation), the alarm activation with wrong working buttons (no control), the interview office (no self-confidence). Colors and general 
background design choices were made according to previous literature on affective VR [27].
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Fig. 3. 14-channel EEG headset (above, left) and its electrode position (above, right); 32-channel EEG head cap (below, left) and its electrode position (below, right).

Fig. 4. Theoretical overview of classification algorithms: XGBoost (above, left), SVM (above, right), kNN (below, left), RF (below, right). For the sake of simplicity, a 
binary classification is shown as an example.
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available in previous literature studies. Statistical paired t-test (level of 
significance ⍺ = 0.05) was employed to ascertain a significant difference 
in the results of the EEG indicators used to evaluate the stressful and 
stressless VR environments.

2.3. ML-based analysis

With the aim of supporting the thesis that EEG-based affective in
dicators (Valence, Arousal, Dominance and Stress) could be valuable 
tools to assess the emotional response in stressful situations, four 
different ML classifiers were adopted, relying on previous literature.

ML is well-suited for classifying EEG signals [58]. This is due to 
several factors: 1) it can effectively handle the non-linearity of brain 
signals, 2) it can effectively capture the intricate patterns that constitute 
the brain signals, 3) it can handle the high-dimensional nature of brain 
signals better than traditional statistics, and, moreover, 4) ML super
vised algorithms can be trained on different datasets that are represen
tative of the variation of the brain signals over the time, allowing to 
adapt the pattern identification to individual variabilities. In the pro
posed methodological approach, additional factors influenced the 
choice of classical ML algorithms over other methods such as deep 
learning models, even if literature is growing in this direction. First, the 
dataset size was not sufficient to train neural networks effectively 
avoiding the risk of overfitting. Second, our approach involved a 
rigorous preprocessing of raw EEG data to maintain a strict control over 
quality of data before feeding them into the ML pipeline. Third, feature 
extraction, specifically the computation of valence, arousal, dominance 
and stress indicators following different literature-based formulations, 
was performed prior to classification; therefore, the autonomous feature 
learning typical of neural networks was not required.

A brief theoretical overview of the adopted classifiers is given below 
(Fig. 4).

2.3.1. Adopted classifiers
XGBoost is a ML algorithm based on the gradient boosting frame

work. It sequentially builds a series of weak learners, here decision trees, 
to correct the errors of the previous one, gradually improving the overall 
model; the final model is a robust learner [91]. It can efficiently handle 
missing data by automatically learning how to deal with missing values 

during the training process, reducing the need for pre-processing or 
imputation. Additionally, XGBoost can provide insights into feature 
importance, aiding users in understanding which features contribute the 
most to the model’s predictions. This is valuable for feature selection 
and comprehends the underlying patterns in the data; thus, it seems 
suitable to handle EEG based features due to their complexity. Unlike 
other decision tree-based classifiers such as RF, XGBoost constructs new 
models to rectify the classification errors of the previous ones instead of 
creating separate decision trees.

SVM is a supervised algorithm for classification and regression in 
different applications [92,93]. It was originally designed to handle bi
nary problems, but implementations for multiclass classification have 
been proposed. A hyperplane is used to separate the classes in the 2D/3D 
feature space, and is defined according to the support vectors, i.e., points 
in the data that are closest to the decision boundary. The distance from 
the support vectors of each class and the hyperplane is called margin 
(Fig. 5). SVM is particularly effective in high-dimensional spaces with 
linear and non-linear problems. On the other hand, its non-probabilistic 
nature, together with the strong dependence of performance on the 
appropriate choice of parameters, are disadvantages in its adoption.

KNN is a non-parametric model that is suitable for binary and mul
ticlass classification problems, as well as regression tasks [94]. It is 
particularly useful when decision boundaries are complex and cannot be 
effectively represented by a parametric model; in fact, its sensitivity to 
local patterns makes it effective when the decision boundaries are not 
linear and when the decision is determined by the local distribution of 
instances. KNN is commonly referred to as a ’lazy learner’ because it 
does not learn a model during the training phase. Instead, it memorizes 
the entire training dataset and uses it for predictions during the testing 
phase. The parameter ’k’ in kNN represents the number of nearest 
neighbors to consider. The choice of this parameter impacts the per
formance of the algorithm, and it is often determined through 
cross-validation.

Random Forest is an ensemble method that builds a collection (i.e., a 
forest) of decision trees during training and combines their predictions 
to improve accuracy and generalization. The use of decision trees makes 
RF robust and capable of capturing complex relationships in the data. At 
each split in a decision tree, RF considers only a random subset of fea
tures instead of all features. This technique helps to decorrelate the trees 

Table 2 
Affective indicators with related names, formulas, (essential) references and abbreviations adopted in this study. The FAA has been used as an indicator both for 
valence and stress for its theoretical characterization related to the negativity-positivity of the emotion and its potential role of neural correlate of stress reported in 
previous literature.

affective dimension / emotion affective indicator formula references we will refer to it as

VALENCE Frontal Alpha Asymmetry (FAA) ln
αF4

αF3

Ramirez et al., 2018 [82]
Aldayel et al., 2020 [83]
Castiblanco et al., 2023; 2023 [84,85]

V1

Alpha/Beta valence indicator αF4

βF4
−

αF3

βF3

Ramirez and Vamvakousis, 2012 [86]
Giraldo and Ramirez, 2013 [87]
Al-Nafjan et al., 2017 [88]
Hwang et al., 2018 [89]

V2

Beta/Alpha valence indicator βAF3,F3

αAF3,F3
−

βAF4,F4

αAF4,F4

Aldayel et al., 2020 [83] V3

AROUSAL F3-F4 arousal indicator βF3 + βF4
αF3 + αF4

Giraldo and Ramirez, 2013 [87]
Castiblanco et al., 2023; 2023 [84,85]

A1

AF3-AF4 arousal indicator βF3 + βF4 + βAF3 + βAF4
αF3 + αF4 + αAF3 + αAF4

Al-Nafjan et al., 2017 [88] A2

DOMINANCE dominance indicator βFC6 + βF8
αFC6 + αF8

Liu and Sourina, 2012 [90] D

STRESS Beta/Alpha stress indicator β
α

Yusuf et al., 2019 [56] S1

Alpha/Beta stress indicator α
β

Wen et al., 2020 [58]
Altaf et al., 2021 [57]

S2

Theta/Beta stress indicator θ
β

S3

Frontal Alpha Asymmetry (FAA) ln
αF4

αF3

Ramirez et al., 2018 [82]
Aldayel et al., 2020 [83]
Castiblanco et al., 2023; 2023 [84,85]
Seo et al., 2010 [51]

S4
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and increase diversity among them, enhancing the ability of this algo
rithm to generalize. As the XGBoost algorithm, RF can measure feature 
importance in making predictions. The importance of a feature is 
determined by its contribution to reducing impurity, such as Gini im
purity, in decision trees [95].

2.3.2. Feature extraction
The FFT computed at a frequency resolution of 0.5 Hz with a sliding 

window of 16 samples (0.125 sliding window step) produced, over each 
30-second collection, a total number of 225 windows. To reduce the 
dimension of the sample given in input to the classifiers and avoid 
redundancy, a feature vector was constructed to extrapolate significant 
information from each indicator computed over the complete experi
ences. To this aim, for each participant and for each task, mean, median 
and standard deviation were computed on all the values assumed by the 
indicator over the complete experience, and positive and negative peaks 
were identified. A peak was considered positive if its value was greater 
than the mean value plus two times the standard deviation; on the 
opposite, a peak was considered negative if its value was less than the 
mean value minus two times the standard deviation. Thus, the feature 
vector was constructed considering the median, the number of positive 
peaks, the number of negative peaks and the values of positive and 
negative peaks. Due to signal loss and variability between subjects, the 
number of positive and negative peaks could differ. As a result, missing 
values in the feature vectors were imputed by substituting them with the 
mean value calculated from the corresponding values in the feature 
matrix.

According to the adoption for the classification task of supervised 
algorithms, data labeling was performed based on the self-reports. A 
labeling scheme strategy was adopted so that each point on the 5-point 
Likert scale became a label for the feature vectors; in particular, the rate 
self-reported by a participant in a task was associated with the feature 
vector corresponding to that participant in that task. The same approach 
was adopted for all the computed affective indicators (for each partici
pant and for each task). The FAA indicator has been labeled according to 
both valence [82–85] and stress [51] self-assessment rates and classified 

separately. The scheme in Fig. 5 summarizes the described process. The 
same scheme was followed for both non-HMD and HMD experimental 
sessions.

3. Results

The questionnaires’ replies revealed that the participants have 
mostly experienced high levels of stress (statistical mode in the 1–5 
Likert scale equal to 4 or 5, corresponding, respectively, to “very 
stressed” and “extremely stressed”) during the stressful environment 
during tasks related to lack of time, salvation, control, knowledge and 
self-confidence. Lower levels of stress were elicited during the other 
tasks, showing that the lack of engagement and alternatives, and the too- 
many-alternatives condition were not effective stressors for most par
ticipants. Lower values have been reported for all the tasks in the 
stressless environments, with modes equal to 1 (“not stressed at all”) or 2 
(“not very stressed”). Therefore, the design of the virtual environments 
was ‘affectively’ effective in most cases.

The replies to the SAM questionnaires registered predominant 
medium-low valence, medium-high arousal and low dominance for the 
stressful environment; medium-high valence, medium arousal and 
medium-high dominance for the stressless environment. This shows that 
the desired SAM values have been achieved both when the stressor is put 
in action (stressful environment) and when it is lightened (stressless 
environment), especially for valence and dominance levels. The 
partially unchanged level of arousal between the two environments, 
especially in the non-HMD experimentation, may be ascribed to the 
general tendency for Virtual Reality experiences to increase arousal in 
participants [22]. The most chosen ‘other’ felt emotion beside stress was 
helplessness for the stressful environment in the non-HMD experimen
tation, anxiety and frustration in the HMD session, and satisfaction for 
the stressless environment in both experimental setups. A further 
in-depth analysis of questionnaires’ responses is out of the scope of the 
present study, as self-reports have been mainly used to label data for 
classification. Though, for the sake of completeness, we have reported 
the questionnaire results in the Appendix of the present paper (Appendix 

Fig. 5. Schematic representation of the construction of the feature vectors and data labeling. Raw data were preprocessed to obtain band powers (not reported in this 
scheme); then, affective indicators were computed for each participant in each task. Feature extraction was performed to reduce the feature vector before the 
classification phase, preserving the separation between subjects and tasks; data labeling was performed according to the SAM responses of each participant for each 
task (ground truth). Finally, classification was performed with multiple classifiers.
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A).
The results of the paired t-tests indicate that the majority of the EEG 

indicators adopted show significant differences between stressful and 
stressless conditions suggesting that EEG signals can be effectively used 

to discriminate between the two states (and the two environments). 
Specifically, the indicators of arousal, valence (with the exception of 
V3), dominance and stress all show p-values inferior to 0.05. V3 in the 
HMD experimental session is the only indicator that is not statistically 

Fig. 6. Confusion matrices for the 5-class classification on the affective indicators from the non-HMD experimental session. Rows: adopted formulas for the affective 
indicators (V1, V2,…). Columns: adopted classifiers (eXtreme Gradient Boosting – XGBoost, k-Nearest Neighbor – kNN, Random Forest – RF, Support Vector Machine 
– SVM).
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significant (p = .39).
The ML classification was conducted using the four classifiers on a 

test set, which comprised 30 % of the total dataset, while 70 % was 
allocated for training and validation. The classification was performed 
for all nine affective indicators, and confusion matrices for non-HMD 
and HMD experimental sessions are presented in Fig. 6 and Fig. 7, 

respectively.
Non-HMD experimental session. The best results in terms of ac

curacy have been obtained with XGBoost and RF classifiers on all the 
considered affective indicators computed with the nine formulas. RF 
obtained the best results on the three formulations of valence (V1, V2, 
V3), with f1_scores equal to 1.00 for all the five classes. XGBoost 

Fig. 6. (continued).
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obtained f1_scores equal to 1.00 for V1 and V3 on all the 5 classes, and 
f1_scores of 0.98 and 0.96 for class 3 and class 4, respectively, for V2. For 
both classifiers, the overall accuracy was outstanding (1.00 and 0.98 for 
RF and XGBoost, respectively). On the other hand, RF performed slightly 
worse than XGBoost on the arousal, particularly on A2 (f1_score equal to 
0.94 for class 1 and f1_score equal to 0.97 for class 3). On the A1, both 
decision tree-based classifiers obtained an overall accuracy of 1.00. The 
dominance and the four formulations of the stress (S1, S2, S3, S4) were 
correctly classified in the five classes on the complete test set with both 
RF and XGBoost.

SVM gave notable results, with an overall performance slightly lower 
than RF and XGBoost. The obtained accuracy on the valence formula
tions were 1.00 for V1, 0.98 for V2, 0.99 for V3, in line with the results of 
RF and XGBoost. Slightly lower metrics were obtained also for the stress, 
with accuracy of 0.97 (S1), 0.99 (S2), 0.96 (S3), and 0.98 (S4), and 
f1_score equal to 0.91 on class 4 in S3. The worst result obtained with 
SVM was for A2, with an overall accuracy of 0.96 and a f1_score of 0.80 
for class 5, whilst for A1 f1_scores of 0.98 for class 2 and class 4 deter
mined an overall accuracy of 0.99. The accuracy on the dominance was 
lower than that obtained with RF and XGBoost, but a remarkable value 
of 0.98 was obtained.

The worst performances have been obtained with kNN on all the 
affective indicators and all their different formulations. The worst result 
was obtained on V3 (accuracy equal to 0.72), with an f1_score of 0.48 for 
class 2, followed by V2 (accuracy equal to 0.77) with an f1_score of 0.60 
on class 2. On the contrary, an overall accuracy of 0.98 was obtained on 
V1 (f1_score equal to 1.00 on class 1, class 2 and class 5). In terms of 
f1_score, the worst result was given by class 4 on S2 (f1_score equal to 
0.43). KNN performed well on the stress, with accuracy of 0.81, 0.96, 
0.94 and 0.91 for S1, S2, S3 and S4, respectively.

HMD experimental session. The results obtained reflect the trend 
highlighted by the classification metrics for the non-HMD experimental 
session. In fact, XGBoost and RF gave the best results, with overall ac
curacies ranging from 0.98 to 1.00. RF obtained f1_score equal to 1.00 
for each class for V1, V2, and V3; the same result was obtained by 

XGBoost on V1 and V3, whilst f1_score of 0.99 was obtained for V2. A1 
was correctly classified in the five classes on the complete test set with 
both decision tree-based classifiers; A2 obtained a slightly lower result 
(accuracy of 0.99 with RF and 0.98 with XGBoost) with the lowest 
f1_score (0.97) obtained with XGBoost on class 2 and class 4. The 
dominance obtained outstanding results (accuracy equal to 1.00, 
f1_score equal to 1.00 on all the five classes) with both RF and XGBoost. 
Performances on stress confirmed the excellent performances of decision 
tree-based classifiers; S1 and S4 were classified with accuracy of 1.00 
with both RF and XGBoost (f_1 score equal to 1.00 for the five classes 
with RF and for class 1, class 2 and class 4 with XGBoost; f1_score equal 
to 0.99 for class 3 and class 5 with XGBoost). XGBoost performed slightly 
better than RF on S2 obtaining f1_score of 1.00 on class 1, class 2, class 3 
and class 5, and f1_score of 0.99 on class 4, whilst RF obtained f1_score 
of 1.00 only on class 1; f1_score of 0.99 was obtained on the other classes 
with the exception of class 5 (0.98). XGBoost obtained its worst per
formance on S3 (f1_score of 0.94 on class 5), but reached values from 
0.99 to 1.00 on the other classes and an overall accuracy of 0.99; RF 
reached the same accuracy, with f1_score of 0.97 (class 4), 0.98 (class 1 
and class 5), 1.00 (class 2 and class 3).

While achieving notable results, performances of SVM were lower 
than those of RF and XGBoost. For the nine formulations of affective 
indicators, accuracy of 1.00 was only achieved for S2 (f1_score of 1.00 
for all classes except class 3); the lowest overall accuracy was obtained 
for S4 (0.96), with f1_score ranging from 0.95 (class 2) to 0.99 (class 3). 
The best performance was achieved on S2, for which f1_score of 1.00 
was obtained on all classes except class 3 (0.99). On S3, the overall 
accuracy was comparable to those of RF and XGBoost; SVM out
performed XGBoost only on class 5 (f1_score equal to 0.96). On S1, ac
curacy of 0.98 was reached, with the lowest f1_score on class 3 (0.96). 
On A1, SVM performances were slightly lower than those of RF and 
XGBoost, with an overall accuracy of 0.99; on A2, accuracy was in line 
with the decision tree-based classifiers (0.98). SVM obtained a lower 
f1_score on the dominance, particularly on class 2 (0.95), leading any
where to a remarkable overall accuracy (0.98). Concerning the valence, 

Fig. 6. (continued).
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lowest metrics were obtained, with lowest performances on class 3, class 
4 and class 5 of V1 (0.98, 0.99 and 0.99, respectively), class 1, class 2, 
class 3 and class 4 on V2 (0.98, 0.99, 0.97 and 0.97, respectively), and 

class 1, class 3, class 4 and class 5 on V3 (0.95, 0.98, 0.99 and 0.99, 
respectively).

As for the non-HMD experimental session, kNN classifier reached the 

Fig. 7. Confusion matrices for the 5-class classification on the affective indicators from the HMD experimental session. Rows: adopted formulas for the affective 
indicators (V1, V2,…). Columns: adopted classifiers (eXtreme Gradient Boosting – XGBoost, k-Nearest Neighbor – kNN, Random Forest – RF, Support Vector Machine 
– SVM).
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worst results. Particularly, for A2, the f1_score on class 1 reached only 
0.77. The overall accuracy on A1 (0.93) was lower than that of decision 
tree-based classifiers of 0.07, and lower than that of SVM of 0.06. The 
same accuracy was obtained on the dominance, with the lowest f1_score 
obtained on class 2 (0.89). Class 1 was those with the worst metrics also 
for V1, where an f1_score of 0.78 was achieved; on the remaining classes, 

f1_score varies from 0.91 (class 2) to 0.96 (class 5), to 0.98 (class 3 and 
class 4). For V2, the overall accuracy was lower than that of the other 
classifiers of around 0.10, with the lowest f1_score on class 1 (0.80). On 
the contrary, the accuracy on V3 (0.98) was comparable to those of RF, 
XGBoost and SVM, with the lowest f1_score on class 4 (0.96). Metrics 
computed for the stress showed that kNN performances were lower than 

Fig. 7. (continued).
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the other classifiers; particularly, an overall accuracy of 0.8 was ob
tained for S4, with f1_score of 0.82, 0.73, 0.80, 0.86 and 0.78 on class 1, 
class 2, class 3, class 4 and class 5, respectively. Higher accuracy was 
reached on the other formulations of stress, with values of 0.93 (S1) and 
0.94 (S2 and S3).

4. Discussions

The results of the present study show that EEG is an effective tool to 
quantify and characterize the stress level, at least in experiments where 
VR is used as affective stimuli. In particular, the nine affective indicators 
adopted in previous literature served in this study as quantitative de
scriptors of emotion in two ways. First, the paired t-test revealed that the 
EEG-based indicators are significantly different in the stressful and 
stressless environments, thus validating the effectiveness of the affective 
content of our virtual environments and differentiating the two 
emotional states. Secondarily, ML results show that the nine indicators 
related to valence, arousal, dominance and stress correlate with the 
related self-assessed responses, demonstrating the efficacy of the in
dicators themselves. Although deep learning methods have shown 
promising results in capturing complex patterns in EEG signals, we chose 
to investigate features for which interpretability was strictly tied to well- 
established neuroscientific principles. Our approach focuses on features 
derived from frequency band power values, including ratios and loga
rithmic transformations, which capture variations in band activation 
and their relative interactions. This feature extraction is performed prior 
to the ML phase, eliminating the need for automated feature learning. By 
explicitly defining affective indicators our methodology enhances 
interpretability and ensures greater control over the data, providing 
valuable insights for a more specific and informed feature engineering 
process within deep learning architectures. A robust understanding of 
the features that best represent stress-related emotional states enhance 
the aggregation of higher-level features and capturing distinct and 
intricate EEG patterns. To the best of our knowledge, the study offers for 
the first time a comprehensive list of EEG-based emotional indicators 

with related formulas, and tests them on validated affective stimuli.
In our study, the ML classifiers that achieved the best performances 

are XGBoost and RF, endorsing higher accuracy on EEG data obtained 
using non-emotional indicators [96–98]. Similarly, the effectiveness of 
SVM is confirmed especially in EEG-based classification of affective 
states [75,99]. The preferred adoption of SVM classifiers in the domain 
of EEG-based affective classification and a less frequent adoption of RF 
and, particularly, XGBoost [73,100], despite the better performances 
obtained by the second ones, suggest a higher suitability of decision 
tree-based classifiers in handling feature vectors constructed upon the 
affective indicators formulas. This consideration seems to be supported 
by the fact that the majority of the previous studies involving affective 
indicators tend to label EEG-based feature (time and frequency domain) 
basing on ratings given to the perceived levels of the affective indicators 
(e.g., valence, arousal, dominance, like/dislike), but do not associate 
these ratings to values of affective indicators computed with the for
mulas provided by the literature. Additionally, this prevalent approach 
typically involves a classification in only two-three classes (low level, 
neutral level, high level) or combination of low/high levels of the af
fective dimensions, reducing the complexity of the emotional state 
investigated. In this study, a five-class classification was performed, with 
a direct correlation with SAM rates, further highlighting the efficacy of 
the proposed EEG-based feature vectors.

The values of the metrics obtained with kNN were the lowest, with 
accuracies between 0.70 and 0.94, even if in line with previous literature 
adopting this non-parametric model [68,70,72,75-77]; this seems to be 
an additional point in favor of adopting the proposed approach when 
dealing with VR elicitation, particularly with HMD, since the perfor
mances of the worst classifier have significantly increased in the HMD 
experimental session. Interestingly, the classifiers applied to the FAA 
indicator reported high accuracies both with valence (in the non-HMD 
experimental session kNN: 0.98, RF: 1.00, XGBoost: 1.00, SVM: 1.00; 
in the HMD one kNN: 0.94, RF: 1.00, XGBoost: 1.00, SVM: 0.99) and 
stress labeling (in the non-HMD experimental session kNN: 0.91, RF: 
1.00, XGBoost: 1.00, SVM: 0.98; in the HMD one kNN: 0.8, RF: 1.00, 
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XGBoost: 1.00, SVM: 0.96), showing a significant positive correlation 
[51,82,83].

A further consideration regards the consistency of the results across 
the different VR approaches and EEG headsets. Indeed, for stress elici
tation using classical stressors, a 14-channel setup (used in the non-HMD 
session) results sufficient to capture variations in EEG-based affective 
indicators. This finding has practical implications, as the 14-channel 
system requires less preparation time while still providing reliable data.

The primary next step of research is the development of a real-time 
deep/machine-learning-based system for stress assessment using EEG 
and other physiological data, allowing early intervention systems in 
crucial applications such as wellbeing in workplaces, enhanced reha
bilitation treatments, telemedicine and telecare. Also, the adoption of 
Cave Automatic Virtual Environment (CAVE) as a more immersive VR 
technology or the investigation of other EEG-based indicators and other 
stressors could extend the comprehension of stressful situations and 
mental states. These new developments together with an increase in 
participants’ number will favor a new generalizability and comprehen
sion of stress phenomena.

5. Conclusion

The study presents an analysis of the stressful condition via EEG and 
VR. Two VR environments have been designed to elicit, respectively, 
stress and non-stress with the aid of eight micro-stressors inspired by 
previous literature. 100 volunteers (then reduced to 87) participated in 
two experiments, one with and one without HMD, where they were 
asked to navigate the two scenarios.

Relying on literature-acknowledged formulas, nine indicators have 
been computed from the EEG waves including three related to Valence 
dimension, two related to Arousal, one to Dominance and three to Stress. 
A statistically significant difference was registered between the in
dicators calculated for the participants navigating the stressful envi
ronment and those of the same participants navigating the stressless one, 
showing that our environments are effective in eliciting the desired 
emotions and, more generally, that VR could be an effective tool to elicit 
emotions, stress specifically, in individuals.

Also, instant data of these indicators have been labeled according to 
self-assessments (questionnaires’ replies) and classified with Support 
Vector Machine, XGBoost, k-Nearest Neighbor and Random Forest ML 
classifiers. The results show that EEG-based affective indicators are 
reliable to assess the ground truth of valence, arousal, dominance and 
stress levels. These results, comparable for RF, XGBoost and SVM be
tween the two experimental sessions, significantly increase for kNN in 
the HMD experimental session, supporting the elicitation effectiveness 
of this technology. RF, XGBoost and SVM, with slightly better metrics for 
RF and XGBoost, achieved the best results.

Therefore, the present study demonstrates that the emotional in
dicators extrapolated from EEG are valid descriptors of emotions, as they 
correlate with the self-assessment. Moreover, it demonstrates the 
effectiveness of classical ML approaches in the emotional analysis of EEG 

signals. Indeed, identifying the most effective features can contribute to 
the creation of well-structured and robust labeled datasets, which could 
support transfer learning approaches, reducing the need for large-scale 
training data and improving model adaptability, thus offering addi
tional advantages for a future deep learning approach.
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Appendix

Questionnaire Results
Tables A.1 and A.2 report the mode values (most frequent responses) from questionnaires administered to participants (N = 100; 39 in the non- 

HMD experimental session and 61 in the HMD experimental session) after their experiences in stressful and stressless virtual environments. The 
questionnaire evaluated four dimensions on a 5-point Likert scale: valence (1 =very negative, 5 =very positive), arousal (1 =very calm, 5 =very 
excited), dominance (1 =no control, 5 =complete control), and stress (1 =not stressed, 5 =very stressed).
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Table A.1 
Mode Values from non-HMD experimental session

​ Stressful 
non-HMD experimental session

Stressless 
non-HMD experimental session

Valence Arousal Dominance Stress Valence Arousal Dominance Stress

Lack of time 2 4 2 4 3 3 4 2
Lack of salvation 3 3 2 4 3 4 3 1
Lack of engagement 3 3 3 2 4 1 4 1
Lack of control 2 4 2 4 3 3 4 1
Lack of knowledge 2 4 1 4 3 4 3 3
Lack of self-confidence 2 4 3 4 4 4 4 2
Lack of alternatives 3 3 3 1 3 1 3 1
Overchoice 3 3 4 2 4 1 4 1

Table A.2 
Mode Values from HMD experimental session

​ Stressful 
HMD experimental session

Stressless 
HMD experimental session

​ Valence Arousal Dominance Stress Valence Arousal Dominance Stress
Lack of time 2 4 3 4 4 3 4 2
Lack of salvation 2 4 2 5 4 2 3 2
Lack of engagement 3 3 2 2 3 3 5 1
Lack of control 2 4 1 3 5 2 4 1
Lack of knowledge 2 4 1 4 4 2 4 1
Lack of self-confidence 2 4 3 5 4 4 4 1
Overchoice 3 3 4 1 4 2 4 1

Data Availability

The authors do not have permission to share data.
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