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ABSTRACT

Introduction : Emotion recognition systems have traditionally relied on basic visual elicitation. Virtual reality
(VR) offers an immersive alternative that better resembles real-world emotional experiences.

Objective: To develop and evaluate custom-built VR scenarios designed to evoke sadness, relaxation, hap-
piness, and fear, and to utilize physiological signals together with machine learning techniques for accurate
prediction and classification of emotional states.

Methods: Physiological signals (electrocardiogram, blood volume pulse, galvanic skin response, and respira-
tion) were acquired from 36 participants during VR experiences. Machine learning models, including Logistic
Regression with Square Method feature selection, were applied in a subject-independent approach in order to
discern the four emotional states.

Results: Features extracted by physiological signal analysis highlighted significant differences among emo-
tional states. The machine learning models achieved high accuracies of 80%, 85%, and 70% for arousal,
valence, and 4-class emotion classification, respectively. Explainable AI techniques further provided insights
into the decision-making processes and the relevance of specific physiological features, with galvanic skin
response peaks emerging as the most significant feature for both valence and arousal dimensions.
Conclusion: The proposed study demonstrates efficacy of VR in eliciting genuine emotions and the potential
of using physiological signals for emotion recognition, with important implications for affective computing
and psychological research. The non-invasive approach, robust subject-independent generalizability, and
compatibility with wearable technology position this methodology favorably for practical applications in
mental health contexts and user experience evaluation.

1. Introduction

1.1. The nature and classification of emotions

emotions is essential for explaining their influence on decision-making,
perception, and interpersonal relationships.

Two primary approaches to emotion classification have emerged:
the theory of basic emotions [3] and the dimensional models [4]. The
former proposes a limited set of distinct emotional states, whereas

Emotions are complex phenomena that play a crucial role in hu-
man survival, adaptation, and social interaction. They involve intricate
networks of neural and hormonal interactions, generating cognitive
processes that influence decision-making and behavior [1]. Scherer’s
Component Process Model [2] elucidates the interplay between cog-
nitive appraisal, physiological responses in the central and peripheral
autonomic nervous systems (ANS), action tendencies, expressions, and
feelings, highlighting the dynamic nature of emotional experiences.
Understanding the neural, hormonal, and cognitive underpinnings of
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the latter conceptualizes emotions as a combination of independent
dimensions (i.e., valence, which refers to pleasantness, and arousal,
which refers to excitement).

1.2. Physiological correlates and detection of emotions

The autonomic nervous system (ANS) regulates involuntary bodily
functions and coordinates physiological responses to emotional stimuli,
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with distinct emotions associated with specific activation patterns [5].
Emotion detection has advanced through the use of peripheral sig-
nals and electroencephalography (EEG) data, revealing correlations
between brain activity patterns and emotional states, such as the as-
sociation of high valence emotions with increased frontal alpha and
right parietal beta power [6], and the link between parietal-occipital
alpha power and arousal levels [7]. Heart Rate Variability (HRV)
has been noted as an indicator of emotional states [8], showing dis-
tinct patterns of ANS activity in response to positive and negative
stimuli [9]. Galvanic Skin Response (GSR) is particularly sensitive
to high-arousal emotions, such as fear and disgust [10]. Respiratory
patterns offer nuanced information, with high-valence emotions charac-
terized by steady breathing [11]. The study of emotions and their phys-
iological correlates has significant applications in human-computer
interaction (HCI), human-robot interaction (HRI) [12], and clinical
settings, including monitoring and treatment of depression, anxiety,
stress, chronic anger, and mood disorders. [13]. Physiological signals,
mainly associated with ANS, can be easily acquired through wearable
devices, providing an objective approach to emotion detection [14].
Unlike self-report methods, which are subject to psychological biases
(such as social desirability and recall bias) and practical limitations
(including interruption of tasks for assessment and the inability to
continuously monitor emotions), these physiological measures offer
continuous, real-time, and objective monitoring of emotional states. By
integrating data from multiple physiological systems and leveraging ad-
vances in machine learning and artificial intelligence, researchers can
develop sophisticated emotion recognition systems with far-reaching
implications in personalized healthcare, mental health interventions,
and human-machine interaction.

1.3. Evolution of emotion elicitation: From flat screen to virtual reality

The evolution of emotion elicitation techniques has seen a signifi-
cant transformation over the years, moving from actor portrayals [15]
to standardized stimuli such as the International Affective Picture
System (IAPS) [16], a large database of emotionally-evocative color
photographs standardized on valence and arousal dimensions, ranging
from pleasant to unpleasant and calm to excited scenes, and Interna-
tional Affective Digitized Sounds (IADS) [17], a standardized collection
of acoustic stimuli designed to elicit emotional responses across the
valence-arousal space, including naturalistic sounds, human vocaliza-
tions, and environmental noises. Both IAPS and IADS were developed
by the Center for the Study of Emotion and Attention at the University
of Florida and have been extensively validated across multiple cultures
and age groups, providing researchers with calibrated tools for emotion
induction in laboratory settings.! While these standardized stimuli have
been widely used in emotion research, they are increasingly viewed
as dated in the context of our modern, multisensory world. More
recent datasets like DEAP [18], CASE [19], and MAHNOB-HCI [20]
have attempted to incorporate more complex stimuli and physiological
measurements, striving to balance experimental control with ecological
validity.

In an era characterized by immersive digital experiences and con-
stant multisensory stimulation, Virtual Reality (VR) has emerged as
a compelling solution for emotion elicitation, offering significant ad-
vantages over traditional passive methods [21]. The immersive and
interactive nature of VR enhances ecological validity and potentially
evokes more genuine emotional responses, closely mimicking real-
world experiences. The concept of “presence” in VR environments
correlates significantly with the intensity of emotions experienced [22],
presenting unique opportunities for more nuanced and realistic emotion
recognition studies.

1 Researchers interested in using these datasets can contact: CSEA Media
Core Resources; email: media@cseamedia.org.
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Research has shown that VR exposure therapy can be as effective
as traditional in person therapy in treating a wide range of pho-
bias, such as fear of heights, spiders, and flying [23]. The therapeutic
applications of VR extend beyond simple phobias to include more
complex psychological conditions, such as post-traumatic stress dis-
order among military veterans and body image disorders [24]. In
educational contexts, VR-based interventions have shown promise in
rehabilitating children with dyslexia [25]. Recent research has explored
VR’s potential in emotion elicitation and recognition, with studies
achieving satisfactory accuracy in classifying emotions along valence
and arousal dimensions. For instance, [26] involved 12 participants
and four emotions, utilizing pre-existing VR scenes. Another study, [27]
achieved an 84% accuracy rate in distinguishing between high and
low cognitive control levels using 26 participants and pre-selected VR
videos from various sources. The AVDOS-VR dataset brought about
a notable advancement [28], which features 30 emotionally labeled
videos and two physiological signals collected remotely from 37 sub-
jects, aiming to bridge the gap between controlled laboratory settings
and real-world environments. More recent studies have further ex-
plored emotion recognition in VR environments. For example, [29]
utilized EEG measurements with VR-projected videos to classify three
emotions (including neutral) with 77.75% accuracy and four emotions
(including neutral) with 62.67% accuracy. However, this approach
relied on pre-existing video content rather than custom-designed VR
environments specifically tailored for emotion elicitation. Additionally,
while EEG provides valuable neural data, complexity and potential
discomfort limit practical applications in real-world settings where
wearable devices would be preferable. Another recent approach [30]
achieved high performance using facial expression recognition with 2D
images for interactive VR applications and neural network modeling.
Nevertheless, facial monitoring presents limitations regarding privacy
concerns and may not always accurately reflect internal emotional
states, as expressions can be consciously masked — this is particu-
larly relevant in clinical populations where emotional expression and
experience may be dissociated. Despite these advancements, current
VR-based emotion datasets often rely on pre-existing content and may
have limited diversity in recorded physiological signals. As the field
evolves, there is a growing need for more comprehensive datasets that
incorporate custom-designed VR environments and a wider range of
physiological signals to enhance the sense of presence and ecological
validity. These limitations underscore the need for emotion recognition
approaches that combine custom-designed VR environments with non-
invasive physiological measurements to enhance ecological validity
while maintaining practical applicability in real-world contexts.

1.4. Development of a novel and comprehensive VR-based emotion recog-
nition protocol

Our study addresses these limitations by developing a novel VR
protocol specifically designed for emotion recognition. We created
novel immersive scenarios to elicit four distinct emotions, acquiring
four physiological signals from 36 participants - a larger sample size
compared to many existing studies. Unlike previous research that may
achieve high classification accuracies without providing detailed infor-
mation on the features used, our study offers comprehensive feature
analysis and explainability processing of signals. Moreover, our pro-
tocol was developed in collaboration with a psychologist, ensuring its
psychological validity. This multidisciplinary approach, combined with
the use of VR technology, allows for precise control over stimuli while
maintaining high ecological validity. Importantly, our study utilizes
5 min intervals for physiological recordings, surpassing the minimum
30-second threshold required for robust HRV analysis [31].

Preliminary findings of this research were presented in [32].
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Fig. 1. The 4 neutral rooms developed in Unity to separate each emotional room from the others.

2. Methods
2.1. Study design and data

The study cohort comprised 36 Italian university students (33.3%
female) aged between 22 and 30 years (24.29 + 1.99 years). The ex-
perimental protocol was conducted at the SpinLab facility of Politecnico
di Milano, following written informed consent from all participants,
and was approved by the Politecnico di Milano Research Ethics Com-
mittee (Approval No. 29/2021, date: 14/07/2021). During the VR-
based emotional elicitation procedure, physiological signals including
electrocardiogram (ECG), blood volume pulse (BVP), GSR, and res-
piratory patterns (RESP) were continuously monitored. All biosignals
were acquired using the Procomp Infinity system (model SA7500),
with sampling rates of 2048 Hz for ECG and BVP, and 256 Hz for
GSR and RESP. Participants were instructed to abstain from caffeine
consumption and smoking for a minimum of two hours prior to the
experimental session. Exclusion criteria were applied to individuals
reporting pre-existing medical conditions or psychiatric disorders to
maintain homogeneity within the study population.

2.2. The VR emotional experience

A fully immersive VR protocol was designed to evoke sadness
(S), relaxation (R), happiness (H), and fear (F). We focused on these
four main emotions for several reasons: to ensure distinct separa-
tion between emotional states along valence and arousal dimensions,
to maintain reasonable experiment duration to prevent participant
fatigue, and to focus on emotions with established physiological sig-
natures in the literature. These emotions were specifically selected to
cover the full range of valence and arousal combinations described
by Russell’s circumplex model of affect. The protocol followed an
increasing arousal strategy, alternating emotional states with neutral
environments, to prevent higher-arousal emotions from influencing the
physiological responses to lower-arousal states [33,34].

2.2.1. VR environment design

The VR experience was developed using Unity (version 2020.3.22f1)
for compatibility with future devices and software, allowing complete
control over the experience. Key features include:

- Audio-visual cues were selected based on an extensive study
of affective states cues from previous investigations [35]. All scenes
were inspired by the validated IAPS and IADS datasets. Following
IAPS guidelines [36] and their standardized valence-arousal frame-
work, we designed VR environments to match characteristic stimuli

patterns for each emotion: loss scenarios for S (low arousal/negative
valence), threatening elements similar to accident imagery for F (high
arousal/negative valence), natural landscapes for R (low arousal/
positive valence), and food presentations with social interactions for H
(high arousal/positive valence). IADS sounds were matched to ensure
congruence with visual stimuli, with auditory elements falling within
the same circumplex quadrant as their associated visual components to
reinforce the targeted emotional states.

- Participants could rotate their heads within 180° to enhance
immersion while minimizing motion artifacts.

- The user was represented by a seated avatar, enabling visual
perception of their virtual body and hands.

- Direct interaction with virtual objects was restricted to isolate the
effects of visual and auditory stimuli, reducing confounding variables.

To mitigate potential challenges associated with VR-based emo-
tion research, we implemented several key strategies to ensure par-
ticipant comfort and engagement. Our VR scenarios were carefully
designed with smooth, controlled camera movements and minimalist,
non-distracting environments to reduce cognitive load and prevent
cybersickness. We conducted individual headset fittings and main-
tained real-time monitoring of participant comfort levels, allowing for
immediate adjustments if needed.

2.2.2. Neutral environments

The protocol begins with a two-minute adaptation room to mitigate
positive bias in valence and arousal provoked by VR. In this scene, users
can interact with a dice on a desk. Rather than monochromatic base-
lines, neutral rooms (B1-B4, shown in Fig. 1) minimize stimuli while
maintaining immersion. They reproduce real-world neutral scenarios
with mixed stimuli to elicit neutral responses:

- Living room-like space (B1, B2) and office (B3, B4)

- Angular shapes, straight lines, unsaturated gray hues

- Slow-moving visual cues (e.g., images on monitors)

- Relaxing, slow-tempo music with intermittent bird sounds

2.2.3. Psychological foundation

The design of emotional scenes was grounded in a comprehensive
psychological framework:

- Sadness: Designed to evoke isolation, loneliness, and social discon-
nection, drawing from cognitive theories of depression and the social
nature of sadness [37,38].

- Relaxation: Conceptualized around natural settings, supported by
research on nature’s restorative effects and mindfulness-based stress
reduction [39,40]. Incorporated attention restoration theory.
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Fig. 2. Screenshots and stimulus timelines for low arousal VR emotional scenes (S and R). Three images are provided for each scene, accompanied by timelines categorizing video,
audio, and mixed stimuli. In the timelines, each row corresponds to the stimulus listed directly below it, with the stimuli ordered from top to bottom (i.e., the first row represents

stimulus 1, the second row represents stimulus 2, and so on).

- Happiness: Focused on social interaction, interpersonal connec-
tions, and shared positive experiences, grounded in positive psychology
and theories of social well-being [41,42].

- Fear: Incorporated unexpected threats, death anxiety, phobias,
based on evolutionary theories of fear and cognitive models of anxiety.
Emphasized uncertainty and lack of control [43,44].

2.2.4. Emotional scene design

Each of the four emotional scenes was designed to have a duration
of 5 min. The scenes are presented in the following order:

- Sadness: Set in a car during a rainy accident. Angular shapes,
straight lines, purple-blue hue, low brightness. Rain, engine sounds,
crying, sad music.

- Relaxation: Wild green island scene [45]. Rounded shapes, blue-
green hues, high brightness. Waves, breeze sounds.

- Happiness: Kitchen party with food and drinks. Mixed shapes, com-
plex environment, green—yellow hues, high saturation. Glass bottles,
happy music, chatter.

- Fear: Old haunted house bathroom during thunderstorm [46].
Paranormal activities, angular shapes, red—yellow hues, dark, unsatu-
rated. Loud, unsettling sounds.

Figs. 2 and 3 present screenshots and stimulus timelines for each
VR emotional scene.

2.2.5. Subjective assessment

To assess the subjective effect of the protocol, a survey was designed
using Google Forms and administered immediately after the VR experi-
ence. The survey presented screenshots of each virtual scene, followed
by the Pick-A-Mood (PAM) model [47], where subjects were asked to
associate the corresponding emotion. This assessment was conducted
for both visual and auditory components of the experience.

2.3. Data processing and feature extraction

All data processing and feature extraction steps were performed
using MATLAB R2022b. In the following subsections the processing and
the feature extraction steps are explained for each signal. The complete
list of features, along with their calculation methods and descriptions,
can be found in Table A of the Supplementary Material.

2.3.1. ECG
2.4. ECG signal processing and feature extraction

The raw ECG signal underwent preprocessing with a Butterworth
low-pass filter (125 Hz cutoff) and was downsampled to 250 Hz. We
detected R-peaks using the Pan-Tompkins algorithm [48] and manually
verified all annotations to ensure accuracy. From these R-peaks, we
constructed the tachogram (RR interval time series) for further analysis.

2.4.1. Time domain and nonlinear features

From the tachogram, we extracted 13 features. The SLOPE param-
eter captured the heart rate trend through linear regression over the
5 min window. Basic statistical measures included the mean of RR
intervals (AVNN, Average of the NN intervals), standard deviation of
RR intervals (SDNN, Standard Deviation of the NN intervals), and vari-
ance of RR intervals (Var). The mean of the standard deviations of NN
(Normal-to-Normal) intervals across 5 min segments was represented
by SDNNINDX (Standard Deviation of the NN Index). For beat-to-
beat variability, we calculated RMSSD (root mean square of successive
differences), its logarithm (logRMSSD), and SDSD (standard deviation
of successive differences). The nonlinear analysis included correlation
dimension (CorrDim), Hurst exponent (H), and maximum Lyapunov ex-
ponent (LyapEx) to characterize signal complexity. Standard deviations
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Fig. 3. Screenshots and stimulus timelines for high arousal VR emotional scenes (H and F). Three images are provided for each scene, accompanied by timelines categorizing
video, audio, and mixed stimuli. In the timelines, each row corresponds to the stimulus listed directly below it, with the stimuli ordered from top to bottom (i.e., the first row

represents stimulus 1, the second row represents stimulus 2, and so on).

from Poincaré plot calculated by applying Principal Component Anal-
ysis (PCA) to the RR interval scatter plot (RR(n) vs. RR(n+1)), where
SD1 and SD2 represent the standard deviations from the first two prin-
cipal components, representing short-term and long-term variability
patterns.

2.4.2. Frequency domain features

We performed spectral analysis to examine frequency-specific com-
ponents. We calculated the total power spectral density (PSD) (RR
TOTPWR) and PSD in three specific bands: very low frequency (RR VLF,
<0.04 Hz), low frequency (RR LF, 0.04-0.15 Hz), and high frequency
(RR HF, 0.15-0.5 Hz). These bands reflect different aspects of auto-
nomic regulation. We also derived the LF/HF ratio (RR LFtoHF) and
normalized units (RR LFnu, RR HFnu) to assess sympathovagal balance.
The RR spect slope was computed from the Lomb-Scargle periodogram
to characterize the overall spectral distribution.

2.4.3. Point process framework

To handle the non-stationary nature of emotional responses, we
implemented a Point Process framework [49]. This approach models
heartbeats as point events in time, providing continuous estimates of
heart rate dynamics [50]. The model yielded time-varying estimates
of mean (4RR) and variance (¢?) of RR intervals, along with spectral
measures (RR tot, vif, If, hf). We also computed the instantaneous
sympathovagal balance (RR 1f/hf) and normalized spectral components
(RR Ifn, hfn), allowing us to track autonomic changes throughout the
emotional stimuli. From the frequency and point process domains a
total of 17 features were extracted.

2.4.4. ECG features: Physiological relevance for emotion recognition

The extracted ECG features provide valuable physiological insights
into ANS dynamics during emotional processing. Time domain mea-
sures (AVNN, SDNN, RMSSD) primarily quantify parasympathetic ac-
tivity, which typically decreases during negative emotional states [51].
Nonlinear indices (CorrDim, Hurst exponent, LyapEx) characterize the
complexity reduction observed in cardiovascular dynamics during emo-
tional stress [33]. Frequency domain parameters offer complementary
information, with HF components reflecting parasympathetic regula-
tion, LF representing mixed sympathetic—parasympathetic influences,
and LF/HF ratio serving as an index of sympathovagal balance that
increases during negative states [52]. The point process framework
provides instantaneous assessment of autonomic regulation throughout
emotional responses, capturing the dynamic temporal patterns that
distinguish different affective states [34].

2.4.5. BVP
2.5. BVP signal processing and feature extraction

The BVP signal underwent preprocessing to remove high-frequency
noise while preserving essential morphological features. A fourth-order
zero-phase low-pass Butterworth filter with a 25 Hz cut-off frequency
was applied, followed by downsampling to 250 Hz. Fiducial points,
including systolic peaks, diastolic troughs, and pulse wave onsets, were
extracted in relation to ECG R-peak annotations.

2.5.1. BVP waveform correction
To address temporal and amplitude anomalies in the BVP wave-
form, which often arose from irregularities in ECG R-peak annotations
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Fig. 4. (a) Histograms of eight distinct VR rooms, each displayed with three bins, showing the distribution of values for AVGSR. The histograms are plotted side by side, each
indicating the frequency of data points within uniform value ranges across all emotional rooms. The red dashed vertical lines represent the mean values for each group. (b) Scatter
plot of the mean values from each group, with the x-axis representing the VR rooms (1 to 8) and the y-axis depicting the median values. The blue regression line highlights the
linear relationship between the VR rooms and their corresponding mean values of AVGSR.

or atypical morphological distortions, a correction algorithm was de-
veloped. This algorithm leveraged the physiological relationship be-
tween ECG and BVP signals, employing adaptive estimation techniques
for BVP fiducial points and weighted averaging schemes to maintain
physiological plausibility in the corrected signal.

2.5.2. BVP-derived features

Several features were extracted from the BVP signal and its relation-
ship with the ECG within the emotion time windows. A total of 5 BVP
features were computed.

The average volume pulse (VP) was computed as the average ampli-
tude difference between each systolic and the corresponding diastolic
value, serving as an index of the average blood volume pulse. The
variance of the BVP time series (VAR BVP) was calculated to quantify
BVP variability. The average pulse-to-pulse interval (PulsePulse) was
obtained by averaging the onset-to-onset time series, expressed in mil-
liseconds. The pulse arrival time (PAT) was computed as the average
time difference between each onset value on the BVP signal and the
corresponding R-peak on the ECG signal. Finally, the overall trend of
the BVP signal was represented by the Slope BVP parameter, derived
using first-degree polynomial fitting.

2.5.3. BVP features: Physiological relevance for emotion recognition

The BVP features provide critical information about peripheral vas-
cular dynamics during emotional responses. VP reflects vasomotor
activity and blood displacement volume, and represents, indeed, the
volume of blood on the periphery and lower amplitudes are therefore
linked to a greater peripheral blood pressure, which is associated with

vasoconstriction and used in emotion recognition [53,54]. VAR BVP
quantifies the stability of peripheral blood flow, which shows charac-
teristic patterns of decreased variability during negative states [54].
PulsePulse measures cardiac chronotropic regulation similar to RR
intervals but from a peripheral perspective, offering complementary
information about autonomic control during emotional processing. PAT
serves as an indirect measure of blood pressure changes and arterial
stiffness, with shorter values observed during stress and fear due to
sympathetic activation. The Slope BVP parameter captures the over-
all trend in peripheral blood volume over time, revealing sustained
vasoconstriction or vasodilation patterns.

2.5.4. GSR
2.6. GSR signal processing and feature extraction

The GSR signal was preprocessed using a 4th order zero-phase
low-pass Butterworth filter with a cut-off frequency of 2 Hz and down-
sampled to 5 Hz. To separate phasic and tonic components, a median
filter was applied, replacing each sample amplitude with the median
amplitude of the surrounding samples in a time window of +/—4 s
centered on the current sample [55]. The resulting median signal was
subtracted to obtain the phasic signal, which was used to extract GSR
peaks linked to eccrine glands’ spikes. GSR peaks were computed as
local maxima on the filtered signal between each onset (amplitude >
0.01 pS) and offset (0 pS < amplitude) occurrences on the phasic signal.
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2.6.1. GSR-derived features

Given the slower time scale of the GSR signal and the need to
consider relatively short time windows for analysis, only time-domain
features were extracted.

The extracted features include the number of GSR peaks identified
within the signal (GSR n peaks), the average amplitude and standard
deviation of the detected GSR peaks (GSR Amp peaks and GSR SD Amp
peaks, respectively), and the average rise and recovery times of the
GSR peaks (AVGSR rise time and AVGSR recovery time, respectively).
Statistical measures such as the average and standard deviation of the
GSR signal (AVGSR and SDGSR, respectively) were also computed.
Additional features were derived from the filtered and transformed
GSR signal, including the maximum signed amplitude between two
consecutive maxima (MAXGSR sign amp), the average, standard devia-
tion, and maximum of the first derivative of the GSR signal (AVGSR
der, SDGSR der, and MAXGSR der, respectively), and the envelope
of the phasic component (AVenv). The slope of the band-pass filtered
GSR signal (Slope GSR) and the mean values of the absolute first and
second derivatives of the low-pass filtered GSR (Avg absl and Avg
abs2), along with their normalized counterparts (Avg absl norm and
Avg abs2 norm), were also calculated to capture both tonic and phasic
components of the GSR signal.

2.6.2. GSR features: Physiological relevance for emotion recognition

The extracted GSR features capture critical aspects of sympathetic
nervous system activation during emotional processing. Tonic and pha-
sic components of the signal provide complementary information about
emotional arousal levels [15,56]. The average conductance and its
statistical derivatives reflect sustained sympathetic activity, with higher
values consistently associated with increased emotional arousal regard-
less of valence [57]. Temporal characteristics of GSR peaks, including
amplitude and rise time, demonstrate distinct patterns across differ-
ent emotional states, particularly discriminating high-arousal emotions
from low-arousal [58]. The recovery time of GSR responses further
differentiate between emotions of similar arousal levels but different
valence [59]. Collectively, these features enable robust classification of
affective states by quantifying the intensity and temporal dynamics of
sympathetic arousal during emotional experiences.

2.6.3. RESP

The respiratory signal was preprocessed using the Parks-McClellan
algorithm, a zero-phase digital low-pass filtering [60], in order to
isolate the relevant frequency components. The filter was designed
with a cutoff frequency of 1 Hz. Following filtering, peaks and troughs
were detected using a prominence-based thresholding technique. For
peaks (local maxima), the minimum peak prominence was set to 0.3
times the signal’s standard deviation. Troughs (local minima) were
identified using the same approach by inverting the signal polarity,
thus applying the same prominence threshold to the negative peaks.
Two key features were extracted from the processed RESP signal: the
respiratory frequency fRESP, and the mean breath amplitude ampRESP.
The latter was computed as the mean difference between maxima and
minima of consecutive breath cycles.

2.6.4. RESP features: Physiological relevance for emotion recognition

Respiratory features provide valuable indices of emotional arousal
and valence through autonomic modulation of breathing patterns.
fRESP serves as a sensitive marker of emotional activation, with in-
creased rates observed during high-arousal states such as fear and
anxiety and decreased during low-arousal [61]. ampRESP reflects the
depth of respiration, which typically during negative emotional states,
particularly those involving sympathetic activation [62].

2.7. Dataset description

The dataset consists of data collected from 36 subjects, each ex-
periencing the four target emotions: S, R, H, and F. Consequently,
the dataset contains 36 * 4 = 144 rows, with each row representing
a specific subject-emotion combination. The columns in the dataset
represent the features calculated from the preprocessed physiological
signals (ECG, BVP, GSR, and RESP). The total number of columns is
55, which is the sum of all the features extracted from these signals:
30 features from ECG, 5 features from BVP, 17 features from GSR, and
2 features from RESP. Additionally, there is a label column indicating
the corresponding emotion for each row, using the labels S, R, H,
and F. It is important to note that each feature is calculated as the
difference between the feature value for the corresponding emotion
and the feature value for the preceding neutral scene. This approach
isolates the emotional response from the baseline physiological state.
The rationale behind this detrending method will be further explained
in the following Section 2.8.
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2.8. Statistical analysis

The experimental protocol presented emotional stimuli in a se-
quence of increasing arousal, which was considered in the statistical
analysis and classification procedures. Fig. 4 focuses on the AVGSR fea-
ture, a GSR feature known to be associated with emotional arousal [63,
64], to demonstrate the effectiveness of the experimental protocol in
eliciting the intended emotional responses. By visualizing the increase
in AVGSR as the protocol progresses from low-arousal to high-arousal
emotions, we provide evidence supporting the protocol’s design. More-
over, the AVGSR feature serves as a representative example to illustrate
the detrending process applied to all 54 features. Detrending each fea-
ture with respect to the preceding neutral scene isolates the emotional
response from baseline physiological states, controlling for individual
variability and time-dependent effects. While Fig. 4 showcases the
AVGSR feature due to its established link to arousal, the same de-
trending process and statistical analyses were applied to all features
extracted from the ECG, BVP, and GSR signals, as described in the
previous section. The normality of the data distributions was assessed
using the Shapiro-Wilk test, and a non-parametric Friedman’s test was
employed for pairwise comparisons due to deviations from normality.
Post-hoc analyses using a multiple comparison test with Bonferroni
correction were conducted to identify specific phases with significant
variations. This comprehensive statistical approach ensures robust iden-
tification of significant physiological changes across emotional states
while accounting for the sequential nature of the experimental design
and controlling for potential confounds.

2.9. Machine learning

Following the statistical analysis outlined in Section 2.8, we de-
veloped a machine learning pipeline to address three classification
problems: (i) emotion recognition (4 classes); (ii) high/low arousal
detection (binary classification), and (iii) high/low valence detection
(binary classification). Fig. 5 presents a flowchart illustrating the pro-
tocol pipeline from the acquisition of physiological signals to classifi-
cation. The same dataset was considered across all three classification
problems, with only the target variable being modified. This variable
comprised, respectively, the four emotions, low and high arousal (com-
bining S with R and H with F), and low and high valence (combining
S with F and R with H).

After the detrending process described in Section 2.8, the dataset
underwent cleaning and splitting. Initially, we partitioned the dataset
into training (80%, i.e., 29 subjects) and test sets (20%, i.e., 7 subjects)
based on subject allocation, ensuring that each subject was exclusively
assigned to either the training or test set, thus preventing any subject
overlap. Subsequently, we applied a standard scaler to normalize each
variable by removing the mean and scaling to unit variance. The scaler
was fitted on the training set and then used to transform both the
training and test sets.

2.9.1. Feature selection methods

We considered six distinct feature selection methods to identify the
most relevant features on the training set. These methods are outlined
below:

« Friedman’s Test: This non-parametric statistical test assesses the
significance of features across different target classes. We applied
the Friedman’s test to each variable, grouped by target, and elim-
inated features with p-values > 0.05. Subsequently, we removed
highly correlated features (correlation > 0.8), retaining the most
significant feature based on the test statistic Q.

Recursive Feature Elimination (RFE): This iterative feature selection
method uses a Random Forest (RF) estimator to recursively re-
move the least important features. It starts with all features and
progressively eliminates the least significant ones based on the
estimator’s feature importance rankings.
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» Ensemble Method: This approach combines three model-based
techniques: RF feature importance ranking, Sequential feature se-
lection using Logistic Regression, Permutation importance method
with Logistic Regression (LR). We retained only the variables
selected by at least two of these methods, leveraging the strengths
of multiple approaches.

K-Best Selection: This method selects the k best features based
on the ANOVA F-value for the provided sample. It assesses the
relationship between features and the target variable, ranking
features by their F-scores. We set k = 40 for our analysis.
Minimum Redundancy Maximum Relevance (MRMR): This algo-
rithm selects features that are maximally relevant to the target
variable while minimizing redundancy among selected features. It
balances the trade-off between relevance and redundancy, aiming
to create a diverse and informative feature set. We configured the
algorithm to select 40 features.

Square Method (SM): This method aims at identifying the most
significant features for optimal class separation in a 2D plane. It
creates 2D boxes for each feature pair and class, calculates their
overlap, and assigns importance based on minimal intersection.

The method then weights features by their frequency in non-
discarded pairs, eliminates highly correlated features, and selects
those with above-average weights [65]. This approach yields sim-
ple, interpretable methods by focusing on the most discriminative
feature combinations and provides a multi-faceted evaluation of
feature importance.

2.9.2. (Classifiers

For each set of selected variables, we trained seven machine learn-
ing models among the most frequently used for emotion recogni-
tion [66,67] including: LR, Gaussian Naive Bayes (GNB), Decision Tree
Classifier (DT), Linear Discriminant Analysis (LDA), Support Vector
Machine (SVM), RF and XGBoost (XGB).

Each model was trained using Leave-One-Out Cross-Validation
(LOOCV), wherein one patient at a time was used to validate the hy-
perparameters. These hyperparameters were optimized via Grid Search
choosing ranges to be broad enough to explore different configurations
while carefully mitigating overfitting. This approach ensures robust
model evaluation by testing the model’s performance on unseen data.
The metrics used to evaluate the models’ performance are: accu-
racy, F1l-score, recall, and precision. However, since each classification
problem is perfectly balanced and all classes have equal importance,
we selected accuracy as the primary metric for identifying the top-
performing models. All the algorithms for the analyses were coded
using Python 3.10.13.

2.9.3. Explainable artificial intelligence (XAI)

After conducting the three classification tasks, we applied Explain-
able AI (XAI) methods to the best-performing model with the optimal
feature selection method. This step is crucial as it provides a new per-
spective on the classification process beyond mere model performance.
It allows us to understand the decision-making process of the model
and gain deeper insights into the role of each variable.

Specifically, we employed SHapley Additive exPlanations (SHAP)
[68], a method based on cooperative game theory. SHAP assigns to
each feature an importance value for the specific prediction purpose
(i.e., arousal or valence). These values represent the impact of a feature
on the model output, with positive values indicating a feature that
increases the likelihood of a specific output class, and negative values
indicating the opposite. The magnitude of the SHAP value can be
interpreted as the feature’s importance in the decision.



E.M. Polo et al.

Computers in Biology and Medicine 193 (2025) 110310

VISUAL AUDITORY VISUAL AUDITORY
F
Lot : lgeut(rjal
ore
“\ &... .
@ Irritated
®Tense OHappy e Tense
S ® Excited
\V& M & 1=
60% 42.9% ® Relaxed
® Calm
Sad ® Relaxed

Fig. 6. Pie charts depicting the emotional labeling of the four VR emotional scenes, divided into visual (video) and auditory (audio) stimulation. The percentages represent the
proportion of subjects who selected each emotion during the post-experiment PAM questionnaire.

3. Results
3.1. Subjects’ labeling of VR rooms

The PAM behavioral responses provided by the participants re-
vealed a strong alignment between the intended emotions during the
protocol design phase and the subjective judgments of the stimuli.
Fig. 6 presents pie charts illustrating the emotional labeling of auditory
and visual stimuli for each scene, demonstrating strong agreement
between the intended and perceived emotions. The fear-inducing sce-
nario achieved the highest consensus among participants for both
visual and auditory components, suggesting that fear-inducing stimuli
may be more universally recognized or experienced across individ-
uals. In general, with the exception of the happiness scene, there
was greater agreement for visual stimuli than auditory stimuli. The
success of our emotional induction is evidenced by the PAM emotion
labeling distributions: while the majority of participants identified the
exact intended emotions, those who selected different labels consis-
tently chose emotions adjacent to the target emotion in the circumplex
plane (e.g., ‘excited’ for happiness scenario), demonstrating that the
induced emotional states were accurately positioned in the intended
valence-arousal space.

3.2. Statistical analysis

All statistical comparisons were performed using Friedman’s test,
followed by post-hoc pairwise comparisons with Bonferroni correction
(p < 0.05). Normality was assessed using the Shapiro-Wilk test, and due
to deviations from normality, a non-parametric approach was chosen.

Table 1 presents the mean and standard deviation of all features
that were found to be significant in at least one comparison. Statistical
results can be highlighted as follows:

ECG: RRTOTPWR was significantly higher in F compared to S, with a
general trend of higher values associated with high-arousal emotions.
This pattern was also observed for the LyapEx.

BVP: The ECG-BVP derived PAT showed particular relevance for F and
S. These emotions exhibited mean values approximately 1 ms higher
and lower, respectively, compared to the preceding neutral states, and
differed significantly from each other. A trend of decreasing PAT with
increasing arousal was observed.

GSR: Several GSR features distinguished F from all other emotions.
Generally, GSR features showed lower values for low-arousal emotions
(i.e., S and R) compared to high-arousal emotions (i.e., H and F). F
consistently exhibited significantly higher values across all GSR fea-
tures compared to the other three emotions. F was also consistently

associated with higher GSR feature values compared to H in presence
of high arousal. However, this relationship was not uniformly observed
in the low-arousal category, where the relative magnitudes of R and S
varied depending on the specific GSR feature under consideration.

RESP: Respiration-derived indices did not show statistically significant
differences for any of the considered emotions.

3.3. Machine learning

Tables 2 and 3 present a comprehensive analysis of our classification
results. Table 2 showcases the average Fl-score, precision, recall,
accuracy and the best test accuracy on the hidden test set computed
for each model across the six feature selection methods. Conversely,
Table 3 displays the average F1-score, precision, recall, and accuracy
on the hidden test set computed and the best test accuracy for each
feature selection method across all machine learning models employed.
This dual perspective offers a nuanced understanding of classifica-
tion performance, illuminating the relative strengths of both machine
learning models and feature selection techniques.

Results further demonstrate that Logistic Regression (LR) consis-
tently outperforms other models across all three classification tasks,
achieving the highest mean test accuracies of 0.61+0.07, 0.72+0.05,
and 0.80+0.05 for 4-emotion, arousal, and valence classification, re-
spectively (see Table 2). LR also exhibits strong performance in other
metrics, with notably high F1-scores (0.59+0.10, 0.70+0.06, 0.82+0.04)
and balanced precision-recall pairs across tasks. For valence clas-
sification, LR achieves an exceptional recall of 0.90+0.05, indicat-
ing its effectiveness in identifying true positives. Linear Discriminant
Analysis (LDA) demonstrates comparable performance, particularly in
4-emotion and valence classification. Among feature selection meth-
ods, the Square Method (SM) yields superior results with the highest
mean test accuracies (0.53+0.10, 0.73+0.06, 0.74+0.09) across all
tasks, while also maintaining strong F1-scores (0.51+0.12, 0.73+0.03,
0.74+0.08). SM also reveals balanced precision-recall metrics, par-
ticularly powerful in the arousal task (precision: 0.73+0.09, recall:
0.74+0.10). The K-Best selection method achieves competitive maxi-
mum accuracies (0.70, 0.80, 0.80), however with greater variability
in its metrics and with the Friedman’s test consistently displays show-
ing the weakest performance of all the considered feature selection
techniques (see Table 3). Beyond classification performance, we quan-
tified variable importance by ranking each feature according to its
selection frequency across the six employed feature selection methods.
Fig. 7 presents a feature importance bubble diagram, offering a visual
representation of this hierarchical analysis. Features were selected if
identified as relevant by at least three out of the six feature selec-
tion methods employed, using this majority criterion as our selection
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Table 1
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Mean values and standard deviations of selected features across the 4 emotions. For clarity, only features showing one or more statistically significant differences, as detailed in
the right-most column, are displayed. The last column shows the p-values for all comparisons, highlighting in bold the p-values related to significant differences (significance level

0.05) after applying the Bonferroni correction.

Emotions Sadness (S) Relaxation (R) Happiness (H) Fear (F) * p: S-R, S-H, S-F, R-H, R-F, H-F

RR TOTPWR [ms?] —-115 (539) 89 (393) 172 (542) 265 (848) F>S 0.46, 0.46, 0.02, 1, 0.46, 0.46

LyapExp [s7!] 0.027 (0.16) —-0.025 (0.16) 0.04 (0.13) 0.052 (0.16) F>R 0.41, 0.99, 0.69, 0.35, 0.04, 0.75
PAT [ms] 1.61 (3.79) 0.99 (2.69) 0.30 (3.2) -1.85 (5.74) S>F 0.97, 0.58, 0.01, 0.84, 0.05, 0.30
GSR Amp peaks [nS] 0.59 (20.02) 4.20 (13.80) 5.21 (33.68) 22.43 (35.74) F>S F>H 0.74, 1, e-3, 0.74, 0.07, e-3

GSR SD Amp peaks [nS] -1.91 (17.65) 7.32 (18.43) —2.89 (28.05) 15.69 (30.57) F>S 0.19, 0.75, e-3, 0.75, 0.46, 0.07
AVGSR rise time [ms] —67.20 (286.95) —39.96 (226.19) 38.96 (220.20) 172.01 (274.29) F>S 0.94, 0.74, 0.02, 0.97, 0.09, 0.24
GSR n peaks 2.11 (7.31) —-0.92 (4.69) 3.36 (6.41) 7.97 (9.31) F>S, F>R 0.89, 0.46, e-3, 0.13, e-3, 0.22
SDGSR der [nS] 0.25 (1.05) 0.25 (0.90) 0.93 (2.57) 1.41 (2.09) F>S, F>R, F>H 0.88, 0.30, e-5, 0.75, e—4, 0.01
Slope GSR [nS/s] 0.08 (0.27) —-0.04 (0.27) 0.05 (0.16) 0.18 (0.28) F>R 0.05, 0.84, 0.40, 0.30, e-3, 0.08
AVGSR [nS] 93.51 (334.90) 67.08 (287.51) 256.02 (558.18) 458.84 (412.72) F>S, F>R 0.52, 0.97, 0.03, 0.26, e-3, 0.10
SDGSR [nS] —23.07 (120.02) 12.98 (81.63) 2.55 (152.28) 138.36 (176.81) F>S, F>R, F>H 0.88, 0.30, e-5, 0.74, e-3, 0.01
Avg absl [nS] 0.33 (1.32) 0.22 (1.01) 0.83 (2.20) 2.00 (2.56) F>S, F>R 0.99, 0.97, 0.01, 0.92, e-3, 0.05
Avg abs2 [nS] 0.07 (0.31) 0.01 (0.19) 0.20 (0.45) 0.38 (0.59) F>S, F>R, F>H 0.75, 0.99, 0.01, 0.63, e—4, 0.02
AVenv [nS] 3.54 (18.37) 1.83 (13.52) 11.40 (28.42) 22.87 (37.85) F>S, F>R 0.99, 0.92, e-3, 0.84, e-3, 0.05

Table 2

Model Performance Across Feature Selection Methods.
Accuracy together with the maximum Accuracy on the hidden test set for each machine learning model, evaluated across six feature selection

In the table are reported the mean + std values of Fl-score, Precision, Recall and

techniques.
4-emotion LR GNB DT LDA SVM RF XGBoost
Mean Test F1-score 0.59 + 0.10 0.46 + 0.07 0.34 + 0.03 0.57 + 0.09 0.42 + 0.08 0.42 + 0.10 0.43 + 0.04
Mean Test Precision 0.61 + 0.13 0.55 + 0.12 0.32 = 0.04 0.61 + 0.11 0.42 + 0.11 0.41 + 0.11 0.41 = 0.04
Mean Test Recall 0.61 + 0.07 0.51 + 0.07 0.39 + 0.03 0.58 + 0.08 0.47 + 0.05 0.45 + 0.09 0.45 + 0.04
Mean Test Accuracy 0.61 + 0.07 0.50 + 0.07 0.38 + 0.03 0.58 + 0.08 0.48 + 0.05 0.44 + 0.10 0.43 + 0.04
Best Test Accuracy 0.70 0.60 0.45 0.70 0.55 0.50 0.50
Arousal
Mean Test Fl-score 0.70 + 0.06 0.68 + 0.03 0.63 + 0.08 0.66 + 0.04 0.69 + 0.06 0.68 + 0.06 0.59 + 0.10
Mean Test Precision 0.75 + 0.09 0.73 + 0.04 0.60 + 0.03 0.69 + 0.04 0.77 + 0.09 0.64 + 0.06 0.60 + 0.07
Mean Test Recall 0.66 + 0.05 0.64 + 0.05 0.67 + 0.13 0.63 + 0.04 0.63 + 0.07 0.74 + 0.10 0.59 + 0.04
Mean Test Accuracy 0.72 + 0.05 0.70 + 0.02 0.62 + 0.04 0.67 + 0.03 0.72 + 0.05 0.64 + 0.05 0.60 + 0.09
Best Test Accuracy 0.80 0.75 0.65 0.75 0.75 0.70 0.70
Valence
Mean Test F1-score 0.82 + 0.04 0.70 + 0.02 0.61 + 0.04 0.82 + 0.04 0.74 + 0.03 0.64 + 0.08 0.64 + 0.08
Mean Test Precision 0.75 + 0.04 0.60 + 0.03 0.62 + 0.04 0.72 + 0.06 0.69 + 0.04 0.69 + 0.10 0.65 + 0.09
Mean Test Recall 0.90 + 0.05 0.86 + 0.05 0.65 + 0.06 0.89 + 0.05 0.80 + 0.05 0.68 + 0.10 0.70 + 0.09
Mean Test Accuracy 0.80 + 0.05 0.65 + 0.03 0.64 + 0.04 0.77 + 0.06 0.73 + 0.03 0.67 + 0.06 0.65 + 0.09
Best Test Accuracy 0.85 0.70 0.75 0.85 0.75 0.70 0.70

Table 3

Feature Selection Method Efficacy Across Models. In the table are reported the mean + std values of F1-score, Precision, Recall and Accuracy
together with the maximum Accuracy on the hidden test set for each feature selection method, evaluated across all implemented machine

learning models.

4-emotion Friedman’s test RFE Model Based Ensemble K-Best MRMR SM

Mean Test Fl-score 0.39 + 0.04 0.46 + 0.07 0.44 + 0.13 0.42 + 0.15 0.50 + 0.08 0.51 + 0.12
Mean Test Precision 0.40 + 0.10 0.48 + 0.12 0.46 + 0.13 0.43 + 0.18 0.54 + 0.10 0.55 + 0.10
Mean Test Recall 0.44 + 0.04 0.49 + 0.07 0.48 + 0.10 0.46 + 0.14 0.53 + 0.09 0.53 + 0.10
Mean Test Accuracy 0.45 + 0.04 0.44 + 0.07 0.50 + 0.15 0.48 + 0.14 0.51 + 0.09 0.53 + 0.10
Best Test Accuracy 0.50 0.50 0.65 0.70 0.65 0.70
Arousal

Mean Test Fl-score 0.67 + 0.04 0.67 + 0.05 0.62 + 0.06 0.66 + 0.10 0.62 + 0.08 0.73 + 0.03
Mean Test Precision 0.67 + 0.08 0.69 + 0.10 0.66 + 0.04 0.66 + 0.10 0.68 + 0.09 0.73 + 0.09
Mean Test Recall 0.68 + 0.07 0.66 + 0.05 0.59 + 0.09 0.66 + 0.11 0.59 + 0.12 0.74 + 0.10
Mean Test Accuracy 0.67 + 0.05 0.67 + 0.08 0.65 + 0.05 0.65 + 0.09 0.66 + 0.07 0.73 + 0.06
Best Test Accuracy 0.75 0.75 0.70 0.80 0.75 0.80
Valence

Mean Test Fl-score 0.70 + 0.08 0.69 + 0.12 0.71 = 0.10 0.71 + 0.11 0.70 + 0.09 0.74 + 0.08
Mean Test Precision 0.67 + 0.06 0.66 + 0.11 0.65 + 0.09 0.66 + 0.06 0.64 + 0.06 0.71 + 0.07
Mean Test Recall 0.74 + 0.17 0.74 + 0.16 0.78 + 0.13 0.78 + 0.14 0.77 + 0.15 0.80 + 0.15
Mean Test Accuracy 0.67 + 0.06 0.69 + 0.12 0.70 + 0.12 0.69 + 0.08 0.68 + 0.06 0.74 + 0.09
Best Test Accuracy 0.75 0.80 0.85 0.80 0.80 0.85

threshold. The feature relevance diagram reveals seven significant
variables (highlighted in green in Fig. 7) for valence and arousal
classifications. Notably, n_peaks, was consistently selected by all six
feature selection methods for both valence and arousal classifications,
underscoring a robust predictive power. Among the top features for
the arousal dimension, we find PAT and RR_TOTPWR in addition to
n_peaks, while for valence, var is present alongside n_peaks. When
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comparing the same method for identifying the most relevant features,
more features were selected as relevant for arousal (i.e., 23) compared
to valence (i.e., 18). Considering that 7 features are shared between
the two dimensions, we can rely on 34 of the most relevant features
out of the 61 initially considered. To elucidate the decision-making
processes underlying our models and interpret feature contributions,
we applied the SHAP technique to the best-performing models coupled
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Fig. 7. Feature Relevance Bubble Diagram for Arousal (in violet) and Valence (in blue) Classification. Bubble size represents the number of variables with equivalent relevance
scores. Green highlighted variables indicate relevance to both valence and arousal dimensions.

with the most effective feature selection methods, focusing on the LR
models trained on datasets processed using the SM, which consistently
demonstrated superior performance across both valence and arousal
classification. As evident in Fig. 8, the SHAP method agrees with
the analysis of feature relevance in Fig. 7. In particular, many of
the features found in the bubbles corresponding to 6 and 5 feature
relevance scores are also among the top features identified by the
SHAP method, with n_peaks dominating both valence and arousal
dimensions. The features highlighted in green in Fig. 7 are also present
in both valence and arousal dimensions according to SHAP, and several
features that are relevant for both valence and arousal dimensions in
Fig. 8 (e.g. n_peaks, avg, sd, and slope_gsr, which exclusively pertain to
the GSR signal) exhibit opposite trends in terms of their relative value
ranges. For arousal, these features transition from blue to red moving
from left to right, while the opposite occurs for valence. This suggests
that, for arousal, high feature values are associated with high arousal
levels whereas, for valence, high feature values are associated with low
valence levels. Notably, SHAP analysis revealed VP as a highly relevant
feature for arousal classification, in contrast to its lower importance
shown in the bubble diagram. This feature is ranked 5th in importance
for arousal by SHAP but is positioned lower in the bubbles chart.

Fig. 9 displays the separation between the four emotional states in
a three-dimensional feature space defined by the top features identified
by SHAP analysis: GSR n_peaks, RRLFtoHF ratio, and PAT. This visual-
ization demonstrates the distinct physiological patterns associated with
each emotion, with F (blue) characterized by lower PAT values and
higher GSR peak counts, H (orange) showing moderate values across
features, R (yellow) displaying elevated PAT and reduced GSR activity,
and S (purple) exhibiting increased PAT and higher RRLFtoHF values.

4. Discussion

Our results provide a significant advancement in the field of emo-
tion elicitation and recognition by use of VR technology. A key strength
of the proposed research lies in the development of a novel VR pro-
tocol specifically designed to elicit emotions. To grant psychological
validity, the experimental protocol was created in collaboration with a
psychologist and accounting for the most influential scientific literature
on the relationship between visual elements and emotional states.
The protocol design incorporated specific visual cues such as angular
shapes for high arousal and negative valence, rounded shapes for high
valence and low arousal, as well as varying temporal stimuli speeds
to modulate arousal levels. This multidisciplinary approach, combined
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with the use of custom-built VR scenarios, distinguishes our study from
previous research that was exclusively relying on either pre-existing
videos [26,27] or standard immersive virtual environments [69]. The
meticulous design of our VR environments accounts for a range of vi-
sual and auditory cues, significantly enhances the ecological validity of
the emotion elicitation process, potentially evoking more genuine and
nuanced emotional responses compared to traditional methods [70].

Statistical analysis revealed significant differences separating emo-
tional states for all signals except respiration, although only two key
features were calculated from this variable. More in detail, ECG-derived
RRTOTPWR and LyapEXP demonstrated statistically significant higher
values in F compared to S and R, respectively, with an overall increas-
ing trend with heightened arousal. Despite the absence of significant
differences in RR LF and RR HF, RRTOTPWR dynamic changes revealed
an initial surge in sympathetic activity, followed by rapid parasympa-
thetic regulation to restore homeostasis [71] in presence of high-arousal
emotional states such as F. The elevated LyapExp values observed in
the F condition further suggested a more complex and less predictable
HR pattern, also consistent with increased sympathetic activation and
cardiovascular arousal associated with F states. Looking at ECG-BVP
coupling, PAT was significantly lower in F compared to S, with a
general decreasing trend from low to high arousal. F exhibited par-
ticularly low PAT values, with a mean among subjects lower than
the preceding neutral state. Lower PAT values indicate heightened
sympathetic control, manifesting as an acceleration of the pressure
wave due to reduced transit time for blood to reach the periphery from
the heart.

GSR emerged as the most effective signal for emotion discrimina-
tion, yielding the highest number of significant features. GSR features
generally displayed a clear increasing trend for high-arousal emotions
compared to low-arousal emotions. F consistently exhibited signifi-
cantly higher values across all GSR features compared to the other
three emotions. The discriminative power of GSR for arousal is well-
documented in numerous studies [63] and is here confirmed with
even stronger discriminating power. [64]. Interestingly, GSR features
also demonstrated relevance for the valence dimension. Excluding fea-
tures showing significant differences between F and R, likely due to
substantial arousal differences, GSR Amp peaks, SDGSR der, SDGSR,
and Avg abs2 exhibited significant differences between F and H - two
high-arousal emotions with opposite valence. Notably, GSR Amp peaks
showed differences only between F and H, not between F and R. While
R had a lower mean than H, it also displayed a considerably reduced
standard deviation compared to other emotions, suggesting a more
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emotional state separation.

consistent response pattern in low-arousal states. While our analysis
revealed significant differences between emotional states for ECG, BVP,
and GSR signals, respiratory-derived indices did not show statistically
significant differences between emotions. This finding yields several
methodological considerations. First, we extracted only two respiratory
features (respiratory frequency and mean breath amplitude), which
may not capture the full complexity of breathing patterns during emo-
tional responses. Second, respiratory dynamics typically operate on
slower timescales compared to those observed through GSR and car-
diovascular measures, potentially reducing their sensitivity to rapid
emotional transitions in our protocol. Despite these limitations, our
results align with some previous findings, suggesting that respiratory
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parameters may provide less discriminative information than other
physiological signals in specific emotional contexts [72].

A closer examination of the classification results reveals that this
study is able to achieve high accuracy in emotion recognition with
a subject-independent approach. This is particularly noteworthy, as
many previous studies have relied on subject-dependent approaches,
which use data from a single subject at a time [73]. The ability to
generalize across subjects demonstrates the robustness of the proposed
methodology and its potential for real-world applications. The results
presented in Tables 2 and 3 illustrate the effectiveness of the proposed
methodology across various machine learning models and feature selec-
tion techniques. The LR model consistently outperforms other models,
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with SM emerging as the most effective feature selection approach. It is
interesting to note that SM, despite its simple implementation, proved
to be superior among all commonly used feature selection methods.
Our study demonstrates robust performance in emotion recognition,
achieving an average 80% accuracy for arousal, 85% for valence, and
70% for four distinct emotions. These results are particularly notewor-
thy when contextualized within recent literature. For instance, [74]
reported 77.5% accuracy for three emotional states (i.e., neutral, fear,
sadness) in a subject-independent paradigm with 34 subjects, using car-
diovascular, electrodermal, respiratory, and motor systems responses,
with film clips as stimuli. [75] achieved 67.8% accuracy for valence
and 77.0% for arousal using EEG (2 channels), eye data, and facial
data with 49 subjects in a subject-independent approach, employ-
ing short videos and digital games as stimuli. An important previous
study, [76], utilized 62-channel EEG data from 15 participants, with
film clips as stimuli and three emotion classes. Here, authors evaluated
both subject-dependent and subject-independent classifications. In the
subject-dependent scenario, up to 91.07% accuracy was achieved using
Graph regularized Extreme Learning Machine with differential entropy
features. For subject-independent classification, the study reported an
average accuracy of 60.93% using SVM with the same features. Ex-
tending our literature comparison to a broader context further sub-
stantiates the efficacy of our methodology. Other EEG-based method-
ologies have demonstrated variable efficacy: [77] reported 65% ac-
curacy for quadrant-based affective classification employing wearable
EEG sensors, which falls below our classification metrics. In dedicated
valence discrimination studies, [78] attained approximately 65% accu-
racy using EEG in subject-independent paradigms, improving to 75%
in subject-dependent analyses. This comparative analysis establishes
that our approach achieves state-of-the-art performance while offering
substantial practical advantages: non-invasive physiological monitor-
ing compared to EEG-based methodologies, robust subject-independent
generalizability addressing a persistent limitation in extant research,
and compatibility with contemporary wearable technology platforms.
These comparisons with the literature demonstrate our study’s signif-
icant contribution to emotion recognition, particularly in achieving
comparable performance with a less invasive setup. This advantage
makes our method more suitable for real-world applications, where
subject generalizability and non-invasive data collection are essential.
Furthermore, with the growing prevalence of smartwatches and wear-
ables capable of acquiring HRV and GSR signals [14], our approach
shows promising potential for practical implementation. Moreover, this
study demonstrates remarkable performance in valence classification, a
dimension traditionally considered challenging to discriminate [18]. A
significant contribution of this research is the comprehensive analysis
of features through multiple feature selection methods and the appli-
cation of XAI techniques. The utilization of SHAP provides valuable
insights into the decision-making processes of our machine learning
models, facilitating a deeper understanding of the physiological cor-
relates of emotions. This interpretability is crucial for guiding future
research and elucidating the often opaque nature of machine learning
models in emotion recognition. As illustrated in Figs. 7 and 8, sev-
eral features emerge as highly relevant for both valence and arousal
dimensions, with some consistently selected across all feature selection
methods. Notably, n_peaks demonstrates the highest efficacy, achieving
an importance score of 6 for both valence and arousal, and ranking
first in SHAP analysis for both dimensions. While the relationship
between increased number of GSR peaks and higher arousal is well-
established in literature [79], the connection between GSR peaks and
valence has been less explored, with no clear evidence of a specific
pattern. Our analysis suggests a potential role of GSR peaks in valence
discrimination, contributing to the understanding of how GSR features
might differently modulate arousal and valence dimensions of emotion.
Consistent with our statistical analysis, top features for arousal include
PAT and RRTOTPWR. Interestingly, VAR BVP, while not statistically
significant, emerged as highly relevant for valence classification, with
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higher values associated with high arousal. In general, as introduced in
Section 3, features related to the GSR signal that are deemed important
for both classifications exhibit opposite trends in their values. Fig. 8
clearly shows that these features have high values for high arousal but
also high values for low valence. This finding challenges the assumption
of the orthogonality of the two dimensions, suggesting a need to
reevaluate the independence of arousal and valence in the Continuous
Model of Affect. It is noteworthy that simple features such as n_peaks,
avg, sd, and slope_gsr rank among the most effective, despite their
computational simplicity. A feature that has been highlighted as fairly
important for arousal by all six feature selection methods, obtaining an
importance score of 3, and ranked among the top five in importance
by SHAP, is VP. This feature has been identified in other studies as
significantly related to both arousal [34] and high task demand [80],
warranting further investigation. The amplitude modulation of the
BVP signal represents the volume of blood in the periphery; lower
amplitudes are linked to higher peripheral blood pressure, which is
associated with vasoconstriction. As shown in Fig. 8, along with PAT,
VP is one of the few features where lower values are associated with
high arousal (i.e., the color transitions from red to blue). Overall, our
selected features demonstrate strong discriminative power across the
four emotional states. As illustrated in Fig. 9, the 3D visualization of
emotion clusters based on the three most important features selected
by SHAP analysis across both valence and arousal dimensions (GSR
n_peaks, RRLFtoHF, and PAT) reveals clear separation between F, H,
R, and S. The distinct positioning of each emotion within this feature
space provides visual confirmation of our quantitative findings, with
minimal overlap between the emotion boxes even when accounting
for variability (+ 2 standard errors). This visualization reinforces our
statistical analysis and helps explain the high classification accuracy
achieved by our models, particularly for valence discrimination where
sadness and fear are well-separated from happiness and relaxation
along the RRLFtoHF and PAT dimensions.

The methodology and findings of this study demonstrate signif-
icant potential for practical applications. The high classification ac-
curacy achieved with non-invasive physiological measures such as
the one here used facilitates integration into contemporary wearable
technology incorporating photoplethysmography and electrodermal ac-
tivity sensors [81]. Implementation of our feature selection insights
could enable continuous affective state monitoring in naturalistic set-
tings. In clinical contexts, this system could augment mental health
interventions by providing objective physiological correlates of emo-
tional states to complement subjective assessments in anxiety and
mood disorders. For individuals with psychiatric disorders, the system
could function as a biofeedback mechanism for improving emotional
awareness. Additionally, the high valence classification accuracy makes
this approach valuable for neuromarketing research and user expe-
rience evaluation in digital environments where affective response
discrimination is essential.

While the current study provides valuable insights into VR-based
emotion elicitation and recognition, it is important to acknowledge its
limitations and identify areas for future research. The controlled labo-
ratory paradigm employed in this study, while ensuring methodological
rigor and standardization, inherently constrains ecological validity.
However, our VR-based approach represents an advancement over
traditional flat-screen laboratory protocols where participants remain
acutely aware of the laboratory environment. VR creates a more im-
mersive experience, enhancing ecological validity compared to conven-
tional emotion induction methods, though differences from real-world
emotional experiences remain. The enhanced immersion effect pro-
vided by VR is further evidenced by the participants’ perception of
time during the experiment, with a reported average perceived duration
of 34.43 + 9.63 min versus the actual 42 min duration, suggesting
sufficient engagement without boredom effects. Nevertheless, future
research should extend validation to authentic real-world settings using
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ecological momentary assessment methodologies, combining physio-
logical measurements with in-situ self-reports or domain-specific val-
idation in educational, clinical, or occupational contexts.

Another limitation is the focus on autonomic signals. Although
informative, autonomic dynamics represent only a subset of the com-
plex physiological responses associated with emotional experiences. To
gain a more comprehensive understanding of emotions, future stud-
ies should consider integrating additional modalities, such as EEG to
capture brain activity, facial expressions, eye tracking, and behavioral
measures. This multimodal approach could provide a more holistic
view of emotional states and potentially enhance the accuracy and
robustness of emotion recognition algorithms. Another limitation is the
sample size and diversity. While the current sample of 36 participants is
comparable to many studies in the field, expanding the participant pool
in terms of size, age range, gender balance, and cultural background
would further validate the generalizability of the findings. Moreover,
the current study focused on a basic set of emotions (sadness, re-
laxation, happiness, and fear). Future work could explore a broader
range of emotions, including more complex and multifaceted affective
states, such as awe, gratitude, or nostalgia. This would provide a
more comprehensive understanding of the potential of VR in eliciting
and recognizing a wider spectrum of emotions. Additionally, longi-
tudinal studies could investigate the stability of emotional responses
to VR stimuli over time and the potential long-term effects of VR-
based interventions on emotional well-being. This could have important
implications for the development of VR-based therapeutic interven-
tions for mental health disorders. By addressing these limitations and
exploring new avenues for research, future studies can build upon
the foundation laid by the present work and contribute to a deeper
understanding of the complex nature of emotions and the potential
applications of VR technology in affective computing, mental health,
and beyond.

Future implementation of this technology entails careful consid-
eration of critical ethical aspects. Deployment of physiological-based
emotion recognition systems requires rigorous protocols for informed
consent acquisition, data privacy protection, mitigation of algorithmic
biases, and contextual interpretation frameworks, particularly in sen-
sitive domains such as clinical applications or educational assessment.
These systems should function as complementary objective measures
rather than autonomous diagnostic tools, with established safeguards
for emotional data handling.

5. Conclusion

This study showcases the potential of VR in emotion elicitation and
recognition using a novel protocol developed through interdisciplinary
collaboration. The custom-built VR scenarios effectively induced gen-
uine emotional responses, as evidenced by the statistical analysis of
autonomic signals. Machine learning models, particularly LR with SM
feature selection, achieved high accuracies in a subject-independent
approach (85% for valence, 80% for arousal, and 70% for four distinct
emotions), highlighting the robustness of the methodology.

XAI techniques provided valuable insights into the decision-making
processes and the relevance of specific physiological features. GSR
peaks emerged as the most significant feature for both dimensions,
while other key features demonstrated distinct patterns across emo-
tional states, with clear separation between emotions in the feature
space defined by the number of GSR peaks, the ratio of low-frequency
to high-frequency components in heart rate variability (RRLFtoHF), and
Pulse Arrival Time (PAT, the time between the R-peak in the ECG
and the corresponding pulse onset). Notably, our findings suggest that
simple features such as GSR peaks and PAT offer strong discriminative
power despite their computational simplicity, which has important
implications for real-world implementation.

Our methodology offers several practical advantages over exist-
ing approaches: non-invasive physiological measurements compared to
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EEG-based systems, robust subject-independent generalizability, and
compatibility with contemporary wearable technology. Furthermore,
our careful VR design demonstrated high participant engagement with
minimal discomfort, as evidenced by participants’ underestimation of
the experiment duration. These advantages position our approach fa-
vorably for practical applications in mental health contexts, user expe-
rience evaluation, and continuous emotion monitoring in naturalistic
settings. In conclusion, despite limitations such as sample size and
consideration and selective consideration of autonomic physiology,
this study lays the groundwork for further advancements in VR-based
emotion elicitation and recognition. Future research should explore the
integration of multiple modalities, expand sample size, and investigate
the application of this methodology to a broader spectrum of emo-
tions and contexts, including specific clinical settings. Additionally, the
relationship between GSR features and valence discrimination merits
further investigation, as does the potential non-orthogonality of arousal
and valence dimensions suggested by our feature analysis.

The integration of real-time emotion recognition using VR and
wearable devices could open up new possibilities for affective com-
puting and personalized interventions, while careful consideration of
ethical dimensions and participant comfort will remain essential for
responsible development and implementation.
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