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Abstract

This study evaluates the feasibility of using a lightweight, off-the-shelf sensing system for
short-term stress detection during exergaming. Most existing studies in stress detection
compare rest and task conditions, providing limited insight into continuous stress dynamics,
and there is no agreement on optimal sensor configurations. To address these limitations,
we investigated dynamic stress responses induced by a cognitive-motor task designed to
simulate rehabilitation-like scenarios. Twenty-three participants completed the experiment,
providing electrodermal activity (EDA), blood volume pulse (BVP), self-report, and in-
game data. Features extracted from physiological signals were analyzed statistically, and
shallow machine learning classifiers were applied to discriminate among stress levels.
EDA-based features reliably differentiated stress conditions, while BVP features showed
less consistent behavior. The classification achieved an overall accuracy of 0.70 across
four stress levels, with most errors between adjacent levels. Correlations between EDA
dynamics and perceived stress scores suggested individual variability possibly linked to
chronic stress. These results demonstrate the feasibility of low-cost, unobtrusive stress
monitoring in interactive environments, supporting future applications of dynamic stress
detection in rehabilitation and personalized health technologies.

Keywords: stress; exergames; rehabilitation; affective computing; EDA; HRV; wearable;
biosignals

1. Introduction

Stress detection through biosignals involves measuring physiological indicators—such
as heart rate, skin conductance, and brain activity—to infer emotional and cognitive states
through nervous system arousal. Recent advances in wearable technology and machine
learning have enabled accurate, real-time analysis of physiological data for emotion moni-
toring. Arousal detection is critical in several domains, including mental health assessment,
workload evaluation, user experience optimization, and rehabilitation.

In rehabilitation, the increasing adoption of digital technologies is transforming the
intervention design by promoting long-term adherence and therapeutic effects through
engagement and sustainability. In fact, digitalized cognitive and physical rehabilitation
solutions represent a promising approach to remotely support the aging population and
relieve healthcare systems, while improving users” quality of life. Among digital solutions,
exergames have gained popularity, as they combine physical and cognitive stimulation
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that can be adapted to individual needs [1-3]. The detection of players” emotional and
stress states during gameplay could enable real-time adaptations based on individual
physiological responses [4]. For example, adaptive systems can modify the difficulty or
content of the game in response to specific stress or excitement levels, creating a more
engaging and customized experience [5]. In this context, emotional state measurement
systems must be non-invasive, lightweight, and cost-effective in order to provide a serious,
democratic solution for fair and widespread adoption. Wearable devices, especially wrist-
bands equipped with physiological sensors, are increasingly used to monitor stress and
emotional states during interactive and dynamic tasks [6]. Among the available biosignals,
electrodermal activity (EDA) and blood volume pulse (BVP) are widely recognized indi-
cators of autonomic arousal and can be unobtrusively measured with wearable devices,
leading in the gaming context [7-10].

Despite technological progress, objective and continuous stress detection in ecological
rehabilitation contexts remains challenging. Emotional assessment still largely relies on self-
report questionnaires, highlighting the need for objective, continuous, and non-invasive
monitoring tools [11,12]. Moreover, the optimal combination and positioning of sensors,
as well as robust analysis methods for dynamic biosignal-based stress detection, are still
under investigation [13]. Designing a protocol that is able to induce a specific emotional or
stress response in subjects also poses difficulties, given the numerous variables to control
and the potential inter-subject variability. These challenges are particularly exacerbated in
uncontrolled, real-life scenarios [14]. Hence, many works in the literature have adopted
simplified approaches that contrast a task, identified as high-arousal state, with rest periods,
rather than measuring absolute stress levels. To date, only a few works have adopted real-
time stress detection during dynamic tasks such as games [13,15].

Within this framework, this observational study assesses the feasibility of using an
off-the-shelf wristband for short-term stress detection during the playing of a customized
exergame with dynamic cognitive-motor demands. Twenty-three participants completed
the four game levels, progressively increasing the intensity of the stimulus, while their
physiological signals (EDA and BVP) were collected together with questionnaires and
in-game performance metrics.

The primary objective of this study was to determine whether the proposed setup
can reliably identify different levels of induced stress in a realistic exergaming scenario,
with the long-term goal of supporting adaptive rehabilitative exergaming. In addition,
the identification of the most informative features for stress detection aims to optimize
the setup for future developments. Accordingly, this work addresses the following main
research questions (RQ):

e RQI: Can biosignals collected from an off-the-shelf wristband reliably discriminate
between different levels of stress induced by a rapidly evolving exergame, and which
signal features contribute most to this discrimination?

*  RQ2: To what extent can this setup be used to accurately classify stress levels using
machine learning methods?

Furthermore, this study explores potential confounding factors within the experimental
protocol, addressing the following additional exploratory question:

*  RQ3: Can factors such as prior stress levels or in-game performance influence physio-
logical stress measurements?

2. Related Work

Stress detection through biosignals lies at the intersection of affective computing,
physiology, and human—computer interaction. According to the literature, stress can
be understood as a multifaceted psychophysiological state that arises when individuals
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perceive a discrepancy between external or internal demands and their resources to cope
with them. Although often associated with negative experiences, stress is not exclusively
maladaptive: it can manifest as distress when demands are perceived as overwhelming
and harmful, or as eustress when challenges are appraised as motivating and growth-
promoting. Beyond this appraisal-based perspective, stress is also commonly described as
the body’s homeostatic response to external stimuli (stressors), encompassing physiological,
cognitive, and emotional reactions that prepare the organism for action. Although stress is
not classified as a discrete emotion, it is intrinsically linked to affective processes because
it typically occurs under conditions of heightened arousal and negative valence within
dimensional models of emotions [16,17]. This conceptual overlap allows stress to be viewed
as an affective state situated at the intersection of emotional experience and workload. In
fact, ‘stressed’, “distressed’, and ‘tense” are some of the emotions pictured in the recent 2D
and 3D models of emotions [18,19]. As a result, the study of stress shares methodological
ground with emotion recognition research, since both rely on self-assessment techniques
(e.g., questionnaires, subjective reports) and physiological signals (e.g., HRV, EDA) to infer
internal states that cannot be directly observed.

Continuous measurement of autonomic nervous system activation enables a quantita-
tive understanding of emotional and cognitive processes, which is essential for developing
adaptive digital health and rehabilitation solutions. The shift from laboratory sensors to
consumer wearable devices has democratized stress monitoring, supporting applications
from entertainment to remote rehabilitation. The research field is rapidly evolving, and
several open-access datasets are shedding light on lightweight biosignal-based stress detec-
tion. The CLAS dataset [20] includes electrocardiography (ECG), photoplethysmography
(PPG), and EDA recordings with Shimmer sensors (Shimmer Research, Dublin, Ireland)
of 62 subjects performing various cognitive stressing tasks. The WESAD dataset provides
multimodal data (ECG, respiration, EDA) from 15 participants exposed to the Trier Social
Stress Test using both Respiban (PLUX Wireless Biosignals S.A., Lisbon, Portugal) and
Empatica E4 (Empatica Srl, Milano, Italy Italy) devices [21]. More recently, the dataset pre-
sented in [22] contains recordings from Muse S EEG headbands (InteraXom, Toronto, ON,
Canada) and Empatica E4 wristbands of approximately 23 subjects performing multiple
cognitive activities in both controlled and ecological settings [22]. Finally, Ometov A. et al.
have recently reviewed open-access data in the field of stress and emotion in [16]. Looking
at stress detection approaches, most studies in this field provide good results on contrasting
resting and task conditions, rather than different levels of stress. However, the growing
number of available data represents a great resource for developing and benchmarking
generalized stress recognition pipelines. An example of a first effort towards generalized
solutions is the work of Lili Zhu et al. [23], which tries to target the problem of detecting
stress throughout EDA recordings from the wrist using multiple available datasets.

In gaming research, stress and emotional engagement have traditionally been assessed
through subjective reports. Some comprehensive works by Kivikangas et al. [24], Yan-
nakakis et al. [25], and Guthier B. et al. [26] underscored the growing role of biosignals in
capturing player experiences. Commonly employed modalities include EDA, heart rate
(HR) and heart rate variability (HRV), respiration rate, and skin temperature. The review
of Welsh et al. [27] highlights that HRV is widely used to assess sympathetic activation
in competitive gaming, but most studies rely on block-based comparisons (e.g., pre-game
vs. in-game vs. post-game) rather than continuous, event-level monitoring. In addition,
research indicates that classifiers for this task-based comparison of EDA and HRYV signals
are particularly effective, with many studies confirming their utility in virtual environ-
ments [9,10]. Similarly, Lazarou et al. [13] reviewed wearable stress prediction pipelines
in laboratory and daily-life contexts, noting that ground-truth labeling is typically limited
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to baseline versus stressor phases or retrospective self-reports, without the continuous
annotation that would be necessary in gameplay. Only a few works have demonstrated the
feasibility of continuous monitoring. For example, Ishaque et al. [15] combined HRV, EDA,
and respiration during VR simulations, extracting short-window features and applying
tree-based models to classify stress; their personalized models achieved high accuracy
(around 97%) in subject-dependent models, with lower results in subject-independent cases
(mean of 65%). Together, these findings suggest that while biosignals are validated stress
markers and are widely applied, relatively few studies have achieved continuous stress
monitoring during games, despite their potential for adaptive gameplay, feedback, and
therapeutic interventions.

Finally, to provide a solid foundation for our methodological approach, previous
works describing the physiological basis and processing techniques of EDA and BVP
signals are briefly summarized below, as these two biosignals are among the most widely
used in stress detection research and are the focus of our work.

2.1. Electrodermal Activity

Electrodermal activity (EDA), also known as Galvanic Skin Response (GSR), is a widely
used psychophysiological measure that captures variations in the electrical conductance of
the skin, handled by the sympathetic branch of the autonomic nervous system. Hence, it of-
fers a sensitive indicator of sympathetic arousal, reflecting a range of underlying processes,
including emotional arousal, cognitive load, attention, and stress. EDA is usually described
in terms of two primary components: the Skin Conductance Level (SCL), a slow-varying
component, commonly referred to as the tonic component; and the Skin Conductance
Response (SCR), a fast-varying signal, also referred to as the phasic component, which
typically occurs 1 to 5 s after a stimulus, with amplitudes greater than 0.05 nS considered
significant. Established processing approaches to retrieve signal components rely on con-
tinuous and discrete decomposition analysis or on a convex optimization problem, such
as cvxEDA. A more comprehensive overview of methods is provided in [8]. Despite its
sensitivity, EDA lacks specificity due to influences from habituation, anticipation, stim-
ulus summation, and individual physiological states. In addition, the response may be
influenced by other mental processes or intense physical activity. Nevertheless, its value
lies in capturing continuous and unconscious physiological responses that overcome key
limitations of self-reports. EDA has been extensively used in emotion detection, human-—
computer interaction, gaming, and more recently in digital health, where innovations
in wearable sensors and signal processing have expanded its application in real-world
contexts [28-30].

2.2. Blood Volume Pressure and Heart Rate Variability

The blood volume pulse (BVP) signal waveform is primarily generated by the dynamic
interplay between heart contractions and arterial wall properties, which results in changes
in pressure and flow. This physiological phenomenon is known as the pulse wave, which
can be observed and measured to analyze arterial elasticity and cardiovascular function.
In Figure 1, a typical proximal pulse wave is shown, as well as some typical landmarks.
The waveform contains several characteristic landmarks that reflect the underlying hemo-
dynamic events. The onset of the waveform, denoted as O, represents the foot of the
pulse wave and marks the beginning of the rise in arterial pressure. Following this, the
systolic peak (P) emerges as the dominant feature of the cycle, generated by the forward-
propagating pressure wave produced during ventricular ejection. After the systolic peak,
a small inflection known as the dicrotic notch can often be observed, corresponding to
aortic valve closure and the brief transient pressure change that it induces. Subsequently,
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the waveform may display a secondary feature, the diastolic peak (D), which arises from
the reflection of the pressure wave in the peripheral vasculature. When the BVP signal is
analyzed in conjunction with the ECG, the onset point O is consistently observed after the
R-peak of the ECG. The time interval between these two points is usually referred to as the
pulse arrival time (PAT), a parameter that reflects not only the vascular transit time of the
pressure wave but also the pre-ejection period associated with the electromechanical delay
of the heart [31,32].

P-P )
¢ * * Systolic peak
p Diastolic peak
* Peak onset
0 00

Figure 1. Qualitative blood volume pulse waveform representation with its main landmarks.

The most common way of obtaining BVP non-invasively is PPG. PPG is an optical
technique that measures changes in blood volume indirectly, detecting the variations in
light absorption or reflection caused by pulsatile blood flow beneath the skin. BVP is now
widespread outside of clinical practice, as PPG sensors can be easily embedded in personal
devices, such as smartwatches. Moreover, from BVD, it is possible to retrieve information
about HRV. HRV refers to a group of metrics that describe the variation in the rhythm of
the heartbeat. These metrics were originally computed on the series of R-peaks in ECG.
However, today, HRV is often measured from BVP using PPG technology, as this solution is
more affordable and portable. HRV metrics are computed from BVP by first identifying the
systolic peaks (P) in the signal. The series of time distances (intervals) between consecutive
peaks then represent the HRV. The reciprocal of these intervals is known as the heart beat
rate (from the ECG), which is equivalent to the pulse rate estimated from the PPG. Usually,
intervals are given in ms, whereas rates are given in bpm. HRYV metrics are now extremely
popular in affective computing and fitness applications [7,33], as there is a plethora of
automatic HRV analysis tools available for diverse applications [34].

3. Materials and Methods

The primary objective of this work was to evaluate physiological arousal responses
across a cognitive-motor task designed to induce different stress conditions. To this end, an
observational study was designed, involving a data acquisition protocol and an offline data
analysis pipeline. The experimental data included biosignals, specifically EDA and BVP,
and surveys. A schematic overview of the acquisition protocol and data analysis pipeline is
presented in Figure 2. The following subsections describe each element of the experimental
protocol in detail.
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Figure 2. Schema of the data acquisition protocol and analysis pipeline, showing the experimental
setup and the resulting collected data.

3.1. Participants

A convenience sample of 40 healthy volunteers was recruited for the experimental ses-
sion (mean 25 =+ 4.5 years old, 28 males and 12 females, all holding a diploma, 74% holding
at least a bachelor’s degree). Subjects were selected from among students and researchers
from the Politecnico di Torino, and they received no compensation for their involvement.
All procedures were carried out in accordance with the Declaration of Helsinki and ap-
proved by the Ethics Committee of the Hospital A.O.U. Citta della Salute e della Scienza di
Torino (Approval No. 00384 /2020). Participants received comprehensive information about
the purpose and execution of the study, including details on the instrumentation used,
and provided written informed consent prior to participation. After the data acquisition
phase, a final cohort of 23 subjects was included in the analysis, composed of 15 males and
8 females, in the age range between 20 and 30 years old (mean: 24 years), presenting with
no mental or physical disorders and no need of medications.

3.2. Data Acquisition Protocol

Data acquisition closely followed the protocol described in [35]. Its visual schematic
representation is shown in the upper part of Figure 2. Briefly, after providing demographic
information, participants completed the Perceived Stress Scale (PSS) questionnaire [36],
which assesses perceived stress levels over the past month. The Empatica E4 wristband
was then placed on the wrist of the non-dominant hand, and the recording started. Each
session began with a 3 min resting period with eyes closed to capture baseline physiological
activity. Following this, the participants were given general instructions about the exergame
objectives and the interaction method, without disclosure of specific challenges. Gameplay
of the cognitive-motor task then occurred while the participants wore headphones. Each
exergame session lasted approximately 3 min. More details on the design and characteristics
of the game are reported in Section 3.3. At the end of the data acquisition protocol, the
following data were collected for each subject:
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*  Personal information, such as age and gender;

¢  The PSS score;

*  The physiological signals recorded with Empatica E4, including EDA and BVP signals,
provided as CSV files containing Unix timestamps and sampling frequencies;

*  Game data, including timestamps of game events, recorded errors, and scores.

3.3. The Task: The Grab—Drag—Drop Exergame

The cognitive-motor task employed in the study was the Grab-Drag—Drop (GDD)
exergame, which was originally presented in [35]. This exergame is specifically designed
to solicit players” arousal by including a series of stressors of increasing strength across
levels. The objective of the game is to repeatedly select the correct object from the four
options displayed on the screen and drop it into the designed collection box. On-screen text
instructions specify the objects to grab. Human—computer interaction is based on GMH-D,
a low-cost hand-tracking solution based on computer vision and deep learning [37,38]
that exploits an RGB-Depth camera (Azure Kinect, Microsoft Corporation, Redmond,
Washington, USA). GMH-D allows hands-free interaction with the game, while the game
algorithm recognizes the grasp and the open-hand gestures from the joints’ trajectories,
allowing the player to grasp, drag, and release (drop) the objects in the scene.

The game includes a simple reward mechanism based on points and errors. If the
player grasps the wrong object, drops it outside the collecting box, or the time runs out,
an error is assigned; otherwise, one point is scored. Errors and points are associated with
negative and positive acoustic feedback, respectively. As mentioned, the levels grow in
complexity and the music tempo is increased in every level. A short description of the
levels follows:

. Level 1: Tutorial level; six selections focused only on color differentiation among cubes;
10 s time limit per selection; normal-paced background music.

* Level 2: Adds variety in objects” shapes (cube, sphere, cone, cylinder); colors and
shapes can repeat, requiring identification of the correct shape—color combination.

* Level 3: Introduces Stroop-test-like [39] interference with mismatched text-color
instructions; time per selection reduced to 6 s.

*  Level 4: Most challenging level, includes all previous features plus a moving collection
box; still a 6 s limit per selection.

Level transitions are seamless, without explicit notifications, to maintain the user
in a flow state, i.e., a high-engagement condition. Game log data generated during the
gameplay (e.g., game events, timings, and performance) are stored in JSON format for
subsequent offline analysis. The game integrates motor rehabilitation (hand dexterity
and coordination tasks) and cognitive challenges (stressors and distractions), designed
primarily for research on workload and stress measurement.

3.4. Data Analysis Pipeline
3.4.1. EDA Processing and Feature Extraction

EDA analysis and feature extraction were performed in MATLAB R2023. There
is no gold-standard method for EDA analysis in the wild, so multiple well-established
techniques were used. The raw EDA signal was first low-pass filtered (using a Butterworth
filter, first-order) with a cut-off frequency of 1.5 Hz, as in [40]. The signal was then
windowed for the duration of the experimental protocol, including the 4 game levels and
the initial rest phase. The resulting windowed signal was z-scored (referred to as EDA)
and decomposed into tonic (cvxT) and phasic (cvxP) components through the convex
optimization algorithm cvxEDA [41]. An example of signal decomposition is shown in
Figure 3. Features were extracted in each game level, in the time and non-linear domains.



Sensors 2025, 25, 6572

8 of 24

Frequency-domain features were computed but were only used for comparisons across
averaged game levels. They were excluded from within-level comparisons because the
game levels varied in duration, both across levels and subjects, and were generally too
short, introducing potential spectral biases. In particular, the frequency resolution and
bands required for EDA analysis could not be achieved for the fastest subjects.

uS

1 1
1350 1400 1450 1500 1550
Time [s]
cvxEDA Decomposition
——EDA
——Phasic component

Sparse SMNA driver
—— Tonic component

S
T
Start Level 4

Start Level 1

z-scored EDA
N
T

O e

Time [s]

Figure 3. Example of the windowed z-scored original signal of subject 15 and its decomposition
through cvxEDA algorithm [41]. Start and stop of the game levels are shown as vertical lines. The
cvxEDA algorithm provides the tonic component (t), the phasic component (r) and the sparse sudomo-
tor nerve activity (SMNA) driver of phasic component (p). The cvx model is physiologically inspired
and directly deal with the uncontrolled inter-stimulus interval typical on in-the-wild recordings.

Statistical descriptors for EDA, cvxT, and cvxP were computed for each game level,
including the mean, median, standard deviation, range, maximum, skewness, and kurtosis.
Additional features were computed for EDA. Non-linear dynamics were characterized
via Shannon entropy, approximate entropy, sample entropy, and the largest Lyapunov
exponent for EDA. In addition, Hjorth features (activity and mobility) [42] were calculated,
even though they are more often used in EEG analysis, as suggested by [30].

Lastly, the first derivative of the EDA signal was also calculated to summarize the
EDA trend. In particular, the mean absolute derivative, the maximum absolute derivative,
and the mean negative derivative were calculated, as reported in [30]. Table 1 shows a
summary of the extracted features.
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Table 1. Description of the computed features. EDA refers to the filtered, windowed, z-scored EDA
signal; cvxT and cvxP refer to the t and r components obtained from the cvxEDA algorithm.

Feature Name Description
EDApean/ CoxTamean/ CoxPyiean Mean of the signal segment
EDAg;y/ CoxTgy/ CvxPsyy Standard deviation of the signal segment
EDAptedian! CoxTptedian/ COXPhrtedian,  Median of the signal segment
EDAxkurt/ CoxTygurt/ CoxPyyyt Kurtosis of the signal segment
EDAsowy/ CoxTspery/ CXPosery Skewness of the signal segments
EDARange/ CoxTrange/ COXPRapge Range of the signal segments
EDAiux/ coxThay/ coxPray Maximum value of the signal segments
EDApps/ cuxPpps Percentage of power in the 0.05-0.5 band

Frequency corresponding to the 90% of the

EDApgo/ cvoxPpoo spectral power

Frequency corresponding to the max of the

ED Apmax/ coxPemax spectral power

EDApsa/ coxPpgy Standard deviation of the spectral power
Dermean Mean absolute derivative of EDA segments
Derpax Maximum derivative of EDA segments
NegDer pjean Mean negative derivative of EDA segments
Hjorth activity—variance computed on EDA
EDAActivity se]gments y P
Hjorth mobility—square root of the variance of
ED A popitity the derivative divided by activity of the EDA
segment
EDAEg, Shannon entropy of EDA signal segments
EDAgpEn Approximate entropy of EDA signal segments
EDAgen Sample entropy of EDA signal segments
EDAjyapExp Lyapunov exponent of EDA signal segments

3.4.2. BVP Processing and Feature Extraction

The Python HeartPy module (in the Python Heart Rate Analysis Toolkit) was used to
extract features in each game level. HeartPy provides the peaks’ location, the PP distance
series, and an automatic outlier identification and rejection tool. Thus, the toolbox automat-
ically retrieves the tachogram—i.e., the series of the peak-to-peak distances PP—and then it
provides a set of standard HRV analysis features. The features belong to the time domain;
the breathing rate is also estimated. The detailed list of computed features and the method-
ology applied can be found in the module documentation [43]. In addition, the original
computed tachogram was further processed, retaining only pp;|Perc(5) < pp; < Perc(95).
From the resulting time series, some additional features were then computed—specifically,
the mean PP interval, the root-mean-square of successive differences (rmssd), the standard
deviation of the PP series (sdpp), and the interquartile of the PP distribution (iqr).

On top of that, due to the presence of a non-standard shape in the signals (shown in
Figure 4), leading to a faulty behavior in the peak P detector algorithm, the same feature
extraction was also performed on the inverted signal. In this configuration, the HeartPy
feature extraction pipeline was fed with inverted signals and identified the onset peaks
(now positive); hence, the obtained series consists of OO distances instead of PP distances
(see Figure 1 for landmark definition). As already mentioned, the deformation of the PPG
signal with this type of sensor is not uncommon; in fact, the modality of the PPG recording,
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especially location and pressure, influences the shape of the waveform [44]. These aspects
sometimes challenge traditional automatic algorithms for identifying systolic peaks (P),
causing ostensible variability between successive beats. The use of the O landmarks instead
of the P peaks in the estimation of HRV features is not completely new to the literature.
For example, Singstad B. et al. [45] tried different points to compute HRV metrics, finding
the OO interval reliable in rest conditions. However, the consensus on best practice and
implications is not final.

SBJ_15 - BVP zoom

40

20 4

Blood Volume Pulse
|
o
o

—80 T T T T T T
580.0 580.5 581.0 5815 582.0 5825 583.0
Time (s)

Figure 4. BVP signal from subject 15, showing systolic and diastolic peaks with unusual shape and
similar amplitudes, causing inaccuracies in peak positions” detection. The phenomenon can be caused
by the positioning of the wristband and pressure caused by wrist movement, as shown in [44].

3.4.3. Feature Statistical Analysis

The analysis was first focused on the study of the arousal response obtained with the
different stimuli of the 4 game levels. Descriptive statistical analysis in terms of violin plots,
box plots, and normality tests was performed through Jamovi 2.2.5 [46] and custom scripts
in Python 3.11.7. Due to intrinsic feature redundancy and dataset dimensionality, in order to
understand the behavior and significance of the extracted features and to create meaningful
graphical representation, a subset of 20 features was pre-selected from the 95 computed.
First, the features were divided into clusters based on reciprocal cross-correlation. A feature
was assigned to a cluster when it had a significant Spearman coefficient greater than 0.8 with
any of the features of the cluster. For each cluster, only the feature with a higher correlation
coefficient with the game level label was kept. Exploratory inference statistical analysis
was also performed in terms of within-subjects (repeated-measures) ANOVA and post hoc
pairwise t-test. In this way; it is possible to understand whether there is a significant effect
of the game level on the feature. In case of non-normality of the features (Shapiro-Wilk
p-value < 0.05), the Friedman non-parametric alternative and pairwise Wilcoxon signed-
rank tests, as post hoc pairwise comparison tests, were considered. The Python pingouin
package was employed for this analysis.

After this procedure, the features highlighted from the statistical analysis were used
to create 3 final datasets of 3, 5, and 7 features that were considered for further analysis.

3.4.4. Classification of Stress Levels

A subject-level machine learning pipeline was developed in Python to evaluate the
classification performance of multiple algorithms on the multi-class level problem. The
goal was to further demonstrate that the computed features could be used to robustly
characterize different arousal conditions, as also supported by conventional statistical
analysis, rather than obtaining an unbiased classifier. Indeed, the latter would require a
much larger dataset than the one currently available. The final dataset used for classification
consisted of 92 samples derived from the 23 subjects, with 4 samples per subject (1 for each
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game level). The identification IDs were used to identify individual subjects and to define
the folds for cross-validation.

The three feature sets (with the top 3, 5, and 7 features, respectively) obtained from the
prior illustrated feature selection process were tested. For each feature set, the classification
pipeline was executed independently.

The pipeline employed an outer Leave-One-Subject-Out (LOSO) cross-validation
strategy, where in each iteration, the data from one subject were held out as the test set,
and the remaining data from the other twenty-two subjects were used for training. Within
each outer fold, a nested 3-fold stratified cross-validation was used to optimize the model
hyperparameters via Bayesian optimization, implemented with BayesSearchCV from the
scikit-optimize Python library.

Four classifiers were evaluated: Support Vector Machine (SVM), Random Forest (RF),
k-Nearest Neighbors (kNN), and XGBoost. Feature scaling was applied using standard-
ization for the SVM and kNN models only, while the RF and XGBoost models were used
without scaling.

To ensure the robustness and reproducibility of the results, the entire pipeline was
executed using five different fixed random seeds. For each configuration (i.e., feature set
and seed), the performance was evaluated by averaging the classification results over all
23 LOSO iterations. The performance metrics reported included accuracy, precision, recall,
F1-score, and the area under the ROC curve, computed using a one-vs.-rest strategy to
accommodate the multi-class nature of the problem. Finally, Shapley (SHAP) values were
obtained from all models to evaluate the relevance of the features. The model-agnostic
kernel explainer was used for SHAP computation in the SVM and KNN models, while the
model-specific kernel explainer was used for tree-based models.

3.4.5. Influencing Factors

In order to have a broader understanding of the collected data, the effects of in-game
performance and PSS scores were analyzed.

In-game performance was computed as points per second using the formula
Per formanceseo, = (Points — Errors)/Level Duration, where Points corresponds to the
number of objects correctly dropped into the collection box, while Errors represents the
number of objects missed.

To evaluate whether the subject’s performance in each level influences the value of the
extracted physiological features, a series of Linear Mixed Models (LMMs) were performed.
This approach was chosen to appropriately account for the repeated-measures nature
of the data (multiple tasks per subject) and the nesting of observations within subjects,
allowing for the estimation of both fixed effects (common to all subjects) and random effects
(individual subject variability).

For each physiological feature, a separate LMM was constructed with the following
structure: Feature ~ Game(LABEL) + Performance 4+ (1|SubjectID). In this model, the
following applied:

¢ The feature (e.g., specific EDA or BVP feature) was the dependent variable.

e Game(LABEL) was included as a fixed-effect categorical predictor to assess whether
the mean feature values differed significantly across the four tasks.

*  Performance was included as a fixed-effect continuous predictor to determine its
linear influence on the feature.

e (1|SubjectID) specified a random intercept for Subject]1D, accounting for baseline indi-
vidual differences in feature values that were not explained by Game or Performance.
This allowed each subject to have their own unique intercept while allowing for
task-specific performance effects.
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Given that the models were run for a large number of features, multiple comparison
corrections were applied to the p-values obtained for the Per formance fixed effect. Both the
Bonferroni and the Benjamini-Hochberg false discovery rate (fdr) corrections were com-
puted. Due to the small sample size, the models were kept as simple as possible, ignoring
possible interaction effects and keeping only a random intercept, not slope. Moreover, the
features were pruned upfront considering the cluster of correlated features described in
Section 3.4.3, this time considering the correlation with performance instead of the label.
In addition, the correlations of the features with the performance values were considered
for comparison.

Moreover, the general stress condition, evaluated through the PSS score collected from
each subject before the trial, was investigated as a possible influencing factor. Since the PSS
score was available only per subject, the analysis was therefore performed at the subject
level. Performance and physiological features (EDA and BVP) were averaged across the
four game levels to obtain a single value per subject, and their correlation with the PSS
scores was then explored.

4. Results

As stated in the Methods section, we collected data from 40 participants. However,
when the data were analyzed for results production, it was necessary to reduce the cohort of
participants. Data from 17 participants had to be excluded due to technical issues, leaving a
final cohort of 23 subjects for analysis. Specifically, in four cases, the Empatica E4 recordings
were unusable due to human errors (incorrect sensor positioning or synchronization). In an
additional 13 cases, the EDA signal exhibited an atypical pattern similar to low-amplitude
random noise. Although no standardized criterion exists for an acceptable wrist-based
EDA signal-to-noise ratio (SNR), a simplified approach considers the ratio of spectral power
in the 0-0.5 Hz band, associated with sympathetic regulation [8], to that in the 0.5-2 Hz
band. Accordingly, in addition to visual inspection, signals with an SNR below 20 dB were
discarded. In contrast, the 23 retained signals showed SNR higher than 30 dB. Furthermore,
signal variance was assessed, and signals were excluded when the variance fell below
0.001 uS?. The signals in the final dataset showed an average variance approximately ten
times higher than this threshold. Although validating the Empatica E4 device for EDA
acquisition and defining best practices for its use are beyond the scope of this study, the
technical issue was traced back to suboptimal coupling between the Empatica E4’s sensors
and the skin.

4.1. Features’ Statistical Analysis

After the exclusion of cross-correlated features (showing cross-correlation ranging
from 0.882 to 0.998), a subset of 20 features was considered for the analysis. The descriptive
statistics and box plots of the features were checked for visual inspection of abnormal
values or significant outliers.

Among the 20 features extracted and selected, 7 were significant in the within-subject
analysis; they are reported in Table 2. The Shapiro-Wilk test p-values were employed
to check the normality of the distribution of the features in the four levels. Almost all
20 features, except fOr 00preatningrates PPpnn20, and ppsqi /sa2, had a non normal distribution
(p-values < 0.01) in at least one level and were subsequently treated with non-parametric
tests. The results of the statistical analyses, including repeated-measures ANOVA or Fried-
man tests, are summarized in Table 2. For the ANOVA, the reported metrics include the F
statistic, the generalized eta-squared (ng2) as an effect size measure, and the corresponding
p-values. For the Friedman test, the table reports the Friedman statistic and Kendall’s W,
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used as effect size indicators. Post hoc analyses with Bonferroni correction are also reported,
specifying the number of significant pairs and their combinations.

The coxTh,y and cvxPpy,, present significant p-values for each level comparison. They
represent the maximum amplitude found in the tonic and phasic components of the EDA
signal, as extracted by the cvxEDA algorithm. This means that both the fast peaks of activity
and the slow average change of the signals differed during the four stimulation levels. This
can also be said for coxTrange. Box plots of the identified features are shown in Figure 5.
It is possible to note that cvxTyy,, increases monotonically with the game levels, while
cvxPyy,y, even if significant for each pair, has a higher variability in level 1. Regarding
HRYV metrics, they seem to be less affected by the gameplay; only features from the OO
series (definition in Figure 1 and Section 3.4.2) emerged from the analysis, and 00,450
significantly increased between levels 1 and 3/4. This feature is a standard HRV descriptor
that indicates the percentage of consecutive intervals with more than 50 ms difference.

Since the statistical analysis of the features highlighted a small subset of seven features,
they were directly used as a dataset for classification. They were also ranked in relevance
considering the number of significant post hoc pairs, correlation to the label, and redun-
dancy, identifying the top three and top five features to use as datasets for classifiers. The
final order is the same as mentioned and used in Figure 5.

Feature distributions by game level
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Figure 5. Box plots of the features that emerged from the statistical analysis. The significant pairs
can be looked up in Table 2. The order of plotting follows the ranking considered to obtain the
feature sets.
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Table 2. This table summarizes the statistical repeated-measures ANOVA analysis for the significant
features. ANOVA F statistic, generalized eta-squared ng2, and p-value (p) are shown. Also, post hoc
analyses with Bonferroni correction are reported as post hoc significant number of couples (PHC)
and post hoc pairs (PostHoc_Pairs). In case of non-normal features, the Friedman non-parametric
alternative to ANOVA is reported. In this case, Q represents the Friedman statistic and W represents
Kendall’s W. Red: p < 0.05, orange: p < 0.01, green: p < 0.01.

Feature Test Wing2 QJF p PHC PostHoc_Pairs
00541 /5d2 Friedman 0.15 10.57 0.014 0
0041150 Friedman 0.15 10.57 0.014 2 1-3,1-4
00preathingrate  ANOVA — 0.08 2.88  0.042 1 2-4
EDApopitity  Friedman  0.21 14.22  0.002 2 1-3,1-4
cOXPrax Friedman 0.64 4396 <1078 6 1-2,1-3, 1-4, 2-3, 2-4, 3-4
coxTRange Friedman 0.25 17.19  0.0006 4 1-3,1-4, 2-3,2-4
coxThax Friedman 0.92 63.16 <1072 6  1-2,1-3,1-4,2-3,2-4,3-4

4.2. Classification of Stress Levels

The repeated LOSO cross-validation provided good results. All metrics (accuracy,
precision, recall, and Fl-score) scored above 0.6 for all classifiers in all configurations.
KNN provided the best accuracy, recall, and precision (all above 0.78) with the set of three
teatures: coxTaax, COXPpay, and coxTrapge- Its performance, however, was less stable than
that provided by tree-based methods (RF, XGBoost) when changing the feature set size.
SVM shows similar behavior across feature sets. The averaged accuracy scores across the
five seeds are reported in Figure 6. The confusion matrix, averaged across the five seeds of
the best model (KNN), is shown in Figure 7. It clearly shows that level 4, corresponding to
the highest stress condition, is identified with great accuracy, never confused with level 1. In
addition, the main source of misclassification is the confusion of intermediate and adjacent
levels (1 with 2; 2 with 3).

Accuracy Comparison Across Feature sets
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Figure 6. Averaged accuracy scores across the 5 seeds. Error bars show standard deviation.
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Figure 7. Averaged confusion matrix across the 5 seeds for the best model: KNN with feature set 3.
Labels 0 to 3 refer to game levels 1 to 4.

Lastly, the relevance ranking, obtained from the SHAP values averaged across the five
seeds of the models, when trained with the seven-feature dataset, is reported in Figure 8.
The feature cox T,y clearly emerges as the most relevant, while the other features show no
distinct differences in relative importance. The SVM and RF models show the same top
three features as those selected by the statistical analysis.
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Figure 8. Relevance ranking of the features obtained with SHAP values for all models averaged
across the 5 seeds; feature set = 7. The bars show the mean and standard error (SE).

4.3. Influencing Factors

Performance scores were generally lower in the first and last levels of the game,
ranging from 0 to 0.333 points per second between subjects and levels. For the analysis of
performance, the 95 features computed were pre-selected, as illustrated in the Methods
section, selecting the most correlated to the performance for each feature cluster. The
frequency features were included in the analysis of the influencing factors.
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The analysis of the possible linear effect of game level performance on features was
performed by LMMs. For reporting, features were identified based on an uncorrected
p-value threshold of p < 0.05 for the Performance effect. For these identified features, their
uncorrected p-values (p_unc), and their Bonferroni (p_Bonf) and FDR-corrected (p_fdr)
p-values are reported in Table 3. The significance of the effect does not withhold the
correction factors; hence, the observations are qualitative. The correlation between the
features highlighted by the LMMs and the performance in each level was computed to
strengthen the results. EDARgge is the only feature that also shows a modest (—0.29)
significant correlation (p < 0.05) with performance, in line with the LMMs’ results, showing
a potential relationship. As no significance was found, no further conclusions can be derived
for the BVP features. The coefficient for EDApps (power percentage in the 0.05-0.5 Hz
band) could suggest a strong effect relative to its range; however, it is not significant, and
the frequency feature could be unexpectedly biased, as discussed previously.

Table 3. Results of LMMs for performance effect, reporting coefficients and their significance for
the features. The model is aware of the level, but no interaction term is considered, since this is
the formulation Feature ~ Game(LABEL) + Per formance + (1|SubjectID) . Red: p < 0.05, orange:
p <0.01.

Feature p_unc p_Bonf p_fdr Coef.
ED ARange 0.008 0.281 0.140 —2.0569
EDApps 0.002 0.083 0.083 95.557
EDApgg 0.029 1 0.33 0.065157

In addition, analysis at the subject level was performed, in order to better understand
the impact of performance and PSS on the features. Hence, the features were averaged in
the game levels to have one value per subject. Some features exhibited a significant correla-
tion coefficient with the average game performance, as illustrated in Table 4. ppy eqtnrates
the breathing rate obtained indirectly from the BVP signal, seemed to be significantly
correlated with performance, and not with level difficulty, and the PSS score. However,
both ppyreatnrate and cvxPpps, even if they are averaged across levels, still present a notable
correlation with the mean duration of the game levels (—0.4 with p > 0.05 and —0.57 with
p < 0.01, respectively).

Table 4. Significant correlation coefficients—Pearson (P;) and Spearman (S,;,,)—between features
and performance, averaged across game levels; * p < 0.05.

Coef. PPsdiisdaz PPbreathRate EDAKurt
P, 0.332 0.440 * —0.342
S 0.448 * 0.532 * —0.432*

Regarding the PSS score, it ranged from a minimum of 6 to a maximum of 26 among
the 23 participants. These values indicate that no subject scored a very high baseline stress
level (scores in the range of 27-40 indicate a high stress level). Ten subjects scored less than
13, which corresponds to a low stress threshold, and thirteen subjects scored between 14
and 26, corresponding to moderate stress. The PSS score was found not to be correlated
with any of the metadata, such as game duration or performance. In contrast, some features
(averaged across levels) presented a significant correlation with the PSS score. There were
no significant correlations for the BVP features, while many of the EDA features presented
coefficients greater than 0.5. They are shown in Table 5.
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Table 5. Significant correlation coefficients—Pearson (P,) and Spearman (S,;,)—between features
and PSS score, across all games; * p < 0.05, ** p < 0.01.

Coef. EDARange NegDermean EDAsqen EDAjyapexp C0XTMean cxvPpoyo

P, —0.501 * 0.524* 0.552 ** 0.580 ** 0463*  0426%
Spo  —0.545% 0.618 ** 0.295 0.538 ** 0.448*  0.425*

Finally, we conducted an in-depth analysis for NegDer 1.4, due to its significance in
the description of the subjects” sympathetic nervous system response. NegDer pjeqy, is the
average of the negative values of the derivative of the EDA signal, so it represents the
mean decrease velocity. It exhibits quite a high correlation with the PSS score, so it was also
further explored across levels. In order to represent the variation in NegDer 1.,,,, subjects
were aggregated in groups according to the PSS score with low and moderate baseline
stress, and box plots across levels for the two groups are shown in Figure 9. The feature
shows an interesting behavior with respect to the PSS score group, clearly presenting a
lower rate of decrease in the signal for the ‘moderate’ group in higher levels.
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Figure 9. Box plots of the mean negative derivative of the EDA signal across game levels in the two
groups ‘low stress’ (L) and ‘moderate stress’ (M), as determined by PSS scores.

5. Discussion

This section discusses the experimental findings in relation to the research questions
identified in the Introduction section. Specifically, we evaluate whether biosignals collected
from a wrist-worn device can discriminate different stress levels during gameplay (RQ1),
how accurately such signals can classify stress levels using machine learning methods
(RQ2), and whether individual factors, such as performance and perceived stress, can
influence physiological responses (RQ3).

The analysis of the EDA signal and the derived features across the game levels of
the Grab-Drag-Drop game confirmed that 23 subjects showed an arousal response. This
finding suggests that the game can induce autonomic nervous system activation that is
detectable through a lightweight setup, provided that proper skin-sensor coupling is
established. With the support of the results of the paper presenting the game [35], we can,
therefore, conclude that the game provides gradual stimulation to subjects, as intended
by its design. The analysis pipeline highlighted significant features from the EDA signal,
able to distinguish among four different stress levels with an accuracy up to 70%, and even
higher for a two-level classification. These findings, discussed in detail in the following
subsection, support the feasibility of using the Empatica E4, an off-the-shelf wearable
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device, to monitor dynamic stress levels during a rapidly evolving exergame, thereby
answering the main research question of this study. Furthermore, the results suggest that
the optimal setup could rely on the EDA signal alone, as it provides good results in this task,
but reliable skin—sensor coupling should be guaranteed. Finally, regarding the exploratory
research question on potential influencing factors, the Perceived Stress Scale correlated
significantly with several EDA features. In particular, the NegDer .., feature seems to be
a promising low-cost objective marker for chronic stress.

5.1. Features’ Statistical Analysis

To address RQ1, we first examined whether biosignals captured by the Empatica E4
could reliably discriminate between different stress levels during the game. The statistical
analysis of EDA and HRYV features revealed several physiological patterns consistent with
gradual activation across the game levels. As described in Section 3.4.3, the analysis
showed promising differences in mean values across the game levels for 7 out of a subset
of 20 features. This finding strongly supports the ability to characterize nuanced levels
of activation during the task, not merely to distinguish them from a resting condition.
Specifically, the EDA features provide statistically significant differences across all pairs of
game levels.

The contribution of the slow tonic activity (coxT) across the game levels seems to stand
out as a discriminator. The behavior of the tonic and phasic components during the game
levels suggests that the activation increases monotonically for both the slow component
and peak amplitudes. From this perspective, the higher variability observed in cvx Py
during the first game level could be interpreted as the phasic activation owed to the novelty
of the task—see Figure 5. This hypothesis is supported by the ED A ,pilir, feature, which is
defined as the square root of the variance of the first derivative of the signal divided by
the variance of the signal itself, and it can be interpreted as the rate of change in the signal.
Looking again at Figure 5, ED A pjpijity is higher for levels 1 and 4, suggesting a greater
compensatory response to the external stimulus.

In contrast, HRV metrics appear to be less affected by the gameplay. Only features from
the OO series (see again Figure 1) emerged as relevant from the analysis. At first glance, the
increase in 00,50 between level 1 and levels 3/4 seems contradictory. In fact, over long
time periods (e.g., above 5 min), this metric is usually expected to increase in relaxation
conditions. However, the short-term behavior is less explored and may reflect a short-term
(i.e., rapid) adaptation to the stimulus. Furthermore, the complex regulatory mechanism of
the heart, which involves the parasympathetic intervention (absent in EDA), could prevent
the detectability of certain physiological responses. This is plausible in our analysis, which
calculated metrics over short windows corresponding to level durations (approximately
30 s). Alternatively, it could be that the game does not provide a stimulus that elicits this
type of response. Despite the great attention in the literature, HRV features computed over
short-term epochs have led to contradictory or inconclusive results across several studies,
suggesting that the complexity of this topic has not yet been fully grasped. In general, the
predictive performance of HRV metrics has not met expectations. For example, the work
of Seungjae et al. [47] achieved very good results in rest vs. task classification, even over
ultra-short-term epochs (1-2-3 min), using a commercial chest strap. On top of this, the fact
that the emerged features at game level come from the OO series suggests that estimating
heart rate from the onset peak (O), rather than the systolic peak (P), is more reliable for
short-term HRV analysis from BVP collected "in the wild’. This may be the consequence
of increased systolic peak detection errors, suggesting the onset peak as a more robust
alternative in the presence of non-standard signal shapes.
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5.2. Classification of Stress Levels

To address RQ2, the extracted features were used as input for several classifiers to
quantify the ability of biosignals to predict stress levels. The effectiveness of the features
extracted with the proposed framework using a wearable device is supported by the results
of the LOSO cross-validation, which achieved good accuracy across all classes. Among all
features, cvx Ty, consistently emerges as the most informative, as highlighted by statistical
analysis, feature relevance rankings, and the performance of the KNN and SVM classifiers
when varying the number of features. Specifically, the performance of both classifiers
declined as additional features were included, underscoring the dominant contribution
of cuxTyyzx. The SHAP values from the models, shown in Figure 8, mostly confirm the
selection of the top three features; however, apart from cvxTyy,y, the remaining features
exhibit similar relevance across all models. This suggests that features like ED Argnge
and cux Py, although statistically discriminative, do not provide substantial additional
information beyond that already captured by cvxTyy,y, despite their low cross-correlation
with it.

The achieved average accuracy of around 0.7 in classification across four stress levels
is consistent with findings in the literature [21,23,48,49]. Furthermore, the confusion matrix
shown in Figure 7 clearly suggests that the selected features can distinguish between high
and low activation levels: the main classification errors occur between adjacent classes, with
no confusion observed between levels 1 (lower stress) and 4 (higher stress). While most
studies in the literature focused on binary classification (e.g., rest vs. stressing task) [48], our
multi-class results are consistent with previous findings. In particular, Zhu L. et al., in [23],
evaluated wrist-worn devices across four different datasets, obtaining accuracies ranging
from 0.68 to 0.92 in the binary classification. Moreover, the authors of the paper presenting
the WESAD dataset [21] reported accuracies for a three-class classification problem (rest vs.
amusement vs. stress). They achieved the following maximum accuracies: 0.70 from wrist
BVP, 0.62 from wrist EDA, and 0.75 using all wrist-based sensors. Similarly, Greco et al. [49]
achieved a balanced accuracy of 0.75 in a multi-class problem (identifying three different
stress-inducing tasks) with features extracted from EDA sampled at 250 Hz. Finally, the
study closest to our setup is that of Ishaque et al. [15], who extracted short-window features
from HRV, EDA, and respiration during a VR game, managing to identify stress with a 0.65
accuracy for the subject-independent models.

5.3. Influencing Factors

Finally, to explore RQ3, we investigated whether individual factors modulated the
observed physiological responses. This analysis aimed to identify potential confounding or
mediating effects that could inform future experimental design.

In fact, the phenomenon of stress is complex and was found to depend on many
internal or external factors. Regarding EDA, the normalization performed z-scoring of the
signal, from rest to the maximum solicitation, accounting for baseline differences between
subjects. However, there is no way of completely controlling the subjects” experience, due
to their internal processes. Among the multiple factors that could play a relevant role in
our setting, we considered two in particular: the game performance, as a possible cause of
different subjects’ reactions; and the PSS score obtained from subjects before the gameplay.
In fact, it was found that providing feedback on the subjects’ in-game performance, like
displaying errors and points, can boost focus and engagement but may also induce anxiety
in cases of repeated failure (errors). Hence, we computed a performance score based on
points and errors per second, in order to normalize data across the different lengths of the
game levels.
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The analysis conducted on in-game performance offered limited insights. The LMMs
explored the relationship between performance and physiological features, with awareness
of the game level. However, the LMMs’ coefficients for performance were not significant
after statistical correction, even when keeping the model as simple as possible. ED ARgge
presented a significant modest negative correlation with performance, a finding consistent
with the LMM results. This implies that when there is a better performance, the EDA
signal span is less, which could be the result of fewer sudomotor nerve activity (SMNA)
bursts, i.e., lower sympathetic nervous system activation. Finally, when analyzing the
game levels as a whole—hence, averaging features and performance across all levels—we
found a significant positive correlation (>0.4) for pppeatnrate and a greater correlation (>0.5)
for cuxPpps.

Moreover, the general stress level of a subject, as measured by the PSS, is also expected
to influence their physiological state and responses. Regarding the PSS score, a high
significant correlation (>0.5) was found with multiple EDA features. In addition, Figure 9
suggests that NegDer .0, the EDA signal’s average speed of decrease, was faster for
individuals who reported lower stress levels, particularly during the most challenging
game levels (higher stimulation). Hence, subjects with higher levels of stress seem to
maintain a longer sympathetic activation, requiring more time to return to baseline. This
phenomenon could be a manifestation of suboptimal allostasis due to chronic stress [50,51]
and could suggest the role of this feature as a potential biomarker of baseline stress.
However, further research is required to support this hypothesis.

5.4. Limitations and Further Work

The reduction in the cohort from 40 to 23 subjects, due to technical issues in the
sensor—skin coupling, prevented the extraction of results from a larger group. However,
this limitation does not diminish the feasibility of the proposed lightweight setup, the
methodological analysis, or the preliminary results. The skin—sensor coupling issues
identified in this study should be further investigated in future work, potentially by
considering wearable sensors that record the EDA signal from the palm rather than the
wrist. Furthermore, most EDA data in the literature were collected from hands or feet; this
approach could make it easier to compare methodologies and results with existing studies.

The proposed protocol was mainly exploratory of the feasibility of using a lightweight
setup to estimate nuanced levels of instantaneous stress in a real-life application. This goal
was fully achieved, as the extracted features yielded good classification performance. In
addition, our experiment explored potential influencing factors on the recorded signals,
such as the baseline stress level of the subjects. However, it is important to note that
the protocol was not structured to prove clinical causation regarding stress. In fact, the
real-life condition tested intrinsically introduces uncontrolled factors that could diminish
the clinical power of the observations. First of all, the game level duration and auditory
stimuli depend on the performance of the user; thus, these aspects are not consistent across
all subjects tested. Secondly, the lightweight setup could be more susceptible to noise
than the gold-standard instrumentation employed in clinical stress studies. Hence, when
examining influencing factors, it is not possible to exclude potential biases introduced
by the low-cost instrumentation and the partially uncontrolled setup. Lastly, the game
includes different types of stimulation, providing an ecological experience, but the subject’s
specific susceptibility to each kind of stimulation (e.g., thythm and auditory sensitivity) can
vary. For this reason, further studies in controlled environments are required to clinically
prove the underlying relationship between baseline stress and autonomic nervous system
responses. A deeper theoretical understanding of this relationship could pave the way
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for more reliable technologies for the automatic assessment of the general stress level of
an individual.

Moreover, fostering interdisciplinarity is crucial, as the role of affect and emotion is
often overlooked in many medical disciplines. First of all, the evaluation of the autonomic
response, which determines the arousal response, remains understudied. Current assess-
ments are often limited to clinical autonomic function tests for specific pathologies like
dementia or Parkinson’s disease [52,53]. These are examples of pathological populations
that could benefit the most from the adoption of remote rehabilitative solutions. Hence, it is
not clear how these dysfunctions influence the autonomic response and the affective sphere,
and it remains to be determined whether the conclusions obtained on healthy subjects can
also be considered valid for and generalized to these pathologies.

Finally, the limited sample size included in the analysis (23 out of 40) may represent
a shortcoming to the generalizability of the findings. Future work will aim to overcome
this limitation by adopting an approach similar to that in [23], exploiting multiple publicly
available datasets in the literature to train more generalizable models and enhance the
machine learning analysis.

6. Conclusions

In this work, we have demonstrated that nuanced levels of stress can be objectively
characterized using physiological signals, moving beyond the binary rest-versus-task
paradigms that dominate much of the current literature on the topic (RQ1). Importantly,
we achieved this discrimination using short analysis windows of around 30 s, with good
classification results (RQ2), highlighting the potential for real-time monitoring in interactive
and applied contexts. Furthermore, our exploration of influencing factors revealed that
baseline stress levels, scored with PSS, modulated the EDA response, suggesting that EDA
dynamics may serve as a low-cost marker of vulnerability to chronic stress (RQ3). While this
interpretation requires confirmation through larger and more targeted studies, our findings
point toward an underexplored dimension of inter-individual variability in stress physi-
ology. Taken together, the presented results support the feasibility of using lightweight,
off-the-shelf systems for fine-grained stress monitoring and motivate further research into
their applications in personalized health and adaptive human—computer interaction.

Author Contributions: Conceptualization, G.M. and G.A.; methodology, G.M.; software, G.M.;
validation, G.M.; formal analysis, G.M.; investigation, G.M.; resources, G.O. and C.F,; data curation,
G.M,, G.A, and LR,; writing—original draft preparation, G.M.; writing—review and editing, G.M.,
G.A., and C.F,; visualization, G.M.; supervision, G.O. and C.E; project administration, G.O. and C.F;
funding acquisition, G.O. and C.F. All authors have read and agreed to the published version of
the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: This study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Committee of the Hospital A.O.U. Citta della Salute e della
Scienza di Torino (Approval No. 00384 /2020).

Informed Consent Statement: Informed consent was obtained from all subjects involved in this study.

Data Availability Statement: The dataset containing the features computed is available in the
GDD_EDAHRYV repository, along with generated sub-datasets and the code to produce the results.
Raw data are available on request.

Acknowledgments: The authors would like to thank the study participants.

Conflicts of Interest: The authors declare no conflicts of interest.


https://github.com/GGGiuliaM/GDD_EDAHRV

Sensors 2025, 25, 6572 22 of 24

References

1.  Hadjipanayi, C.; Banakou, D.; Michael-Grigoriou, D. Virtual reality exergames for enhancing engagement in stroke rehabilitation:
A narrative review. Heliyon 2024, 10, e37581. [CrossRef] [PubMed]

2. Rytterstrom, P.; Stromberg, A.; Jaarsma, T.; Klompstra, L. Exergaming to Increase Physical Activity in Older Adults: Feasibility
and Practical Implications. Curr. Heart Fail. Rep. 2024, 21, 439-459. [CrossRef] [PubMed]

3. Lee, S.;Kim, W,; Park, T.; Peng, W. The psychological effects of playing exergames: A systematic review. Cyberpsychol. Behav. Soc.
Netw. 2017, 20, 513-532. [CrossRef] [PubMed]

4. Streicher, A.; Smeddinck, ].D. Personalized and Adaptive Serious Games. In Proceedings of the Entertainment Computing and
Serious Games: International GI-Dagstuhl Seminar 15283, Dagstuhl Castle, Germany, 5-10 July 2015; Revised Selected Papers;
Springer International Publishing: Cham, Swizerland, 2016; pp. 332-377. [CrossRef]

5. Paraschos, P.D.; Koulouriotis, D.E. Game difficulty adaptation and experience personalization: A literature review. Int. |.
Hum.—Comput. Interact. 2023, 39, 1-22. [CrossRef]

6. Saganowski, S.; Perz, B.; Polak, A.G.; Kazienko, P. Emotion recognition for everyday life using physiological signals from
wearables: A systematic literature review. IEEE Trans. Affect. Comput. 2022, 14, 1876-1897. [CrossRef]

7. Giannakakis, G.; Grigoriadis, D.; Giannakaki, K.; Simantiraki, O.; Roniotis, A.; Tsiknakis, M. Review on Psychological Stress
Detection Using Biosignals. IEEE Trans. Affect. Comput. 2022, 13, 440-460. [CrossRef]

8.  Posada-Quintero, H.E,; Chon, K.H. Innovations in electrodermal activity data collection and signal processing: A systematic
review. Sensors 2020, 20, 479. [CrossRef]

9.  Arabian, H.; Abdulbaki Alshirbaji, T.; Schmid, R.; Wagner-Hartl, V.; Chase, ].G.; Moeller, K. Harnessing wearable devices for
emotional intelligence: Therapeutic applications in digital health. Sensors 2023, 23, 8092. [CrossRef]

10. Halbig, A.; Latoschik, M.E. A systematic review of physiological measurements, factors, methods, and applications in virtual
reality. Front. Virtual Real. 2021, 2, 694567. [CrossRef]

11. Katmah, R; Al-Shargie, F,; Tariq, U.; Babiloni, F.; Al-Mughairbi, E; Al-Nashash, H. A review on mental stress assessment methods
using EEG signals. Sensors 2021, 21, 5043. [CrossRef]

12.  Koslouski, J.B.; Wilson-Mendenhall, C.D.; Parsafar, P.; Goldberg, S.; Martin, M.Y.; Chafouleas, S.M. Measuring emotional
well-being through subjective report: A scoping review of reviews. BM] Open 2022, 12, 062120. [CrossRef] [PubMed]

13. Lazarou, E.; Exarchos, T.P. Predicting stress levels using physiological data: Real-time stress prediction models utilizing wearable
devices. AIMS Neurosci. 2024, 11, 76-102. [CrossRef] [PubMed]

14. Raggi, M.; Moore, L.J.; Mesin, L. Inducing and Assessing Acute Mental Stress in Controlled Conditions: Topical Review and
Guidelines for Effective Experimental Protocols. IEEE Access 2025, 13, 10022-10042. [CrossRef]

15. Ishaque, S.; Khan, N.; Krishnan, S. Physiological Signal Analysis and Stress Classification from VR Simulations Using Decision
Tree Methods. Bioengineering 2023, 10, 766. [CrossRef]

16. Ometov, A.; Mezina, A.; Lin, H.C.; Arponen, O.; Burget, R.; Nurmi, J. Stress and Emotion Open Access Data: A Review on
Datasets, Modalities, Methods, Challenges, and Future Research Perspectives. |. Healthc. Inform. Res. 2025, 9, 247-279. [CrossRef]

17. Kim, H.,; Kwon, Y.T;; Lim, H.R.; Kim, ].H.; Kim, Y.S.; Yeo, W.H. Recent advances in wearable sensors and integrated functional
devices for virtual and augmented reality applications. Adv. Funct. Mater. 2021, 31, 2005692. [CrossRef]

18. Islam, M.R.; Moni, M.A.; Islam, M.M.; Rashed-Al-Mahfuz, M.; Islam, M.S.; Hasan, M.K.; Hossain, M.S.; Ahmad, M.; Uddin, S.;
Azad, A; et al. Emotion Recognition From EEG Signal Focusing on Deep Learning and Shallow Learning Techniques. IEEE
Access 2021, 9, 94601-94624. [CrossRef]

19. Latinjak, A.T. The underlying structure of emotions: A tri-dimensional model of core affect and emotion concepts for sports. Rev.
Iberoam. Psicol. Ejerc. Deporte 2012, 7, 71-88.

20. Markova, V.; Gancheyv, T.; Kalinkov, K. Clas: A database for cognitive load, affect and stress recognition. In Proceedings of the
2019 International Conference on Biomedical Innovations and Applications (BIA), Varna, Bulgaria, 8-9 November 2019; pp. 1-4.

21. Schmidt, P; Reiss, A.; Duerichen, R.; Marberger, C.; Van Laerhoven, K. Introducing WESAD, a Multimodal Dataset for Wearable
Stress and Affect Detection. In Proceedings of the ICMI'18, 20th ACM International Conference on Multimodal Interaction, New
York, NY, USA, 16-20 October 2018; pp. 400-408. [CrossRef]

22. Anders, C.; Moontaha, S.; Real, S.; Arnrich, B. Unobtrusive measurement of cognitive load and physiological signals in
uncontrolled environments. Sci. Data 2024, 11, 1000. [CrossRef]

23.  Zhu, L.; Spachos, P; Ng, P.C.; Yu, Y.; Wang, Y.; Plataniotis, K.; Hatzinakos, D. Stress Detection Through Wrist-Based Electrodermal
Activity Monitoring and Machine Learning. IEEE |. Biomed. Health Inform. 2023, 27, 2155-2165. [CrossRef]

24. Kivikangas, ].M.; Chanel, G.; Cowley, B.; Ekman, I.; Salminen, M.; Jarveld, S.; Ravaja, N. A review of the use of psychophysiological

methods in game research. J. Gaming Virtual Worlds 2011, 3, 181-199. [CrossRef]


http://doi.org/10.1016/j.heliyon.2024.e37581
http://www.ncbi.nlm.nih.gov/pubmed/39318803
http://dx.doi.org/10.1007/s11897-024-00675-9
http://www.ncbi.nlm.nih.gov/pubmed/39023808
http://dx.doi.org/10.1089/cyber.2017.0183
http://www.ncbi.nlm.nih.gov/pubmed/28837353
http://dx.doi.org/10.1007/978-3-319-46152-6_14
http://dx.doi.org/10.1080/10447318.2021.2020008
http://dx.doi.org/10.1109/TAFFC.2022.3176135
http://dx.doi.org/10.1109/TAFFC.2019.2927337
http://dx.doi.org/10.3390/s20020479
http://dx.doi.org/10.3390/s23198092
http://dx.doi.org/10.3389/frvir.2021.694567
http://dx.doi.org/10.3390/s21155043
http://dx.doi.org/10.1136/bmjopen-2022-062120
http://www.ncbi.nlm.nih.gov/pubmed/36581416
http://dx.doi.org/10.3934/Neuroscience.2024006
http://www.ncbi.nlm.nih.gov/pubmed/38988886
http://dx.doi.org/10.1109/ACCESS.2025.3528518
http://dx.doi.org/10.3390/bioengineering10070766
http://dx.doi.org/10.1007/s41666-025-00200-0
http://dx.doi.org/10.1002/adfm.202005692
http://dx.doi.org/10.1109/ACCESS.2021.3091487
http://dx.doi.org/10.1145/3242969.3242985
http://dx.doi.org/10.1038/s41597-024-03738-7
http://dx.doi.org/10.1109/JBHI.2023.3239305
http://dx.doi.org/10.1386/jgvw.3.3.181_1

Sensors 2025, 25, 6572 23 of 24

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.
35.

36.

37.

38.

39.

40.

41.

42.
43.

44.

45.

46.

47.

48.

49.

50.
51.

Yannakakis, G.N.; Martinez, H.P.; Garbarino, M. Psychophysiology in Games. In Emotion in Games: Theory and Praxis; Springer
International Publishing: Cham, Swizerland, 2016; pp. 119-137. [CrossRef]

Guthier, B.; Dorner, R.; Martinez, H.P. Affective Computing in Games. In Proceedings of the Entertainment Computing and
Serious Games: International GI-Dagstuhl Seminar 15283, Dagstuhl Castle, Germany, 5-10 July 2015; Revised Selected Papers;
Springer International Publishing: Cham, Swizerland, 2016; pp. 402—441. [CrossRef]

Welsh, M.R.; Mosley, E.; Laborde, S.; Day, M.C.; Sharpe, B.T.; Burkill, R.A.; Birch, P.D. The use of heart rate variability in esports:
A systematic review. Psychol. Sport Exerc. 2023, 69, 102495. [CrossRef]

Liu, Y;; Du, S. Psychological stress level detection based on electrodermal activity. Behav. Brain Res. 2018, 341, 50-53. [CrossRef]
[PubMed]

Egger, M.; Ley, M.; Hanke, S. Emotion recognition from physiological signal analysis: A review. Electron. Notes Theor. Comput. Sci.
2019, 343, 35-55. [CrossRef]

Shukla, J.; Barreda-Angeles, M,; Oliver, J.; Nandi, G.C.; Puig, D. Feature Extraction and Selection for Emotion Recognition from
Electrodermal Activity. IEEE Trans. Affect. Comput. 2021, 12, 857-869. [CrossRef]

Allen, J. Quantifying the Delays Between Multi-Site Photoplethysmography Pulse and Electrocardiogram R-R Interval Changes
Under Slow-Paced Breathing. Front. Physiol. 2019, 10, 1190. [CrossRef]

Junyung, P.; Hyeon Seok, S.; Sang-Su, K.; Hangsik, S. Photoplethysmogram Analysis and Applications: An Integrative Review.
Front. Physiol. 2022, 12, 808451. [CrossRef]

ChuDuc, H.; NguyenPhan, K.; NguyenViet, D. A Review of Heart Rate Variability and its Applications. APCBEE Procedia 2013,
7, 80-85. [CrossRef]

Allen, J. Photoplethysmography and its application in clinical physiological measurement. Physiol. Meas. 2007, 28, R1. [CrossRef]
Amprimo, G.; Rechichi, I; Ferraris, C.; Olmo, G. Measuring brain activation patterns from raw single-channel eeg during
exergaming: A pilot study. Electronics 2023, 12, 623. [CrossRef]

Cohen, S.; Kamarck, T.; Mermelstein, R. Perceived stress scale. In Measuring Stress: A Guide for Health and Social Scientists; Oxford
University Press: Oxford, UK, 1994; Volume 10, pp. 1-2.

Amprimo, G.; Ferraris, C.; Masi, G.; Pettiti, G.; Priano, L. GMH-D: Combining Google MediaPipe and RGB-Depth Cameras for
Hand Motor Skills Remote Assessment. In Proceedings of the 2022 IEEE International Conference on Digital Health (ICDH),
Barcelona, Spain, 10-16 July 2022; pp. 132-141. [CrossRef]

Amprimo, G.; Masi, G; Pettiti, G.; Olmo, G.; Priano, L.; Ferraris, C. Hand tracking for clinical applications: Validation of the
Google MediaPipe Hand (GMH) and the depth-enhanced GMH-D frameworks. Biomed. Signal Process. Control 2024, 96, 106508.
[CrossRef]

Stroop, J.R. Studies of interference in serial verbal reactions. J. Exp. Psychol. 1935, 18, 643. [CrossRef]

Pietroni, F.; Casaccia, S.; Scalise, L.; Revel, G.M. Identification of users” well-being related to external stimuli: A preliminary
investigation. In Lecture Notes in Electrical Engineering; Springer International Publishing: Cham, Switzerland, 2019; pp. 579-590.
Greco, A.; Valenza, G.; Lanata, A.; Scilingo, E.P.; Citi, L. CvxEDA: A convex optimization approach to electrodermal activity
processing. IEEE Trans. Biomed. Eng. 2016, 63, 797-804. [CrossRef]

Hjorth, B. EEG analysis based on time domain properties. Electroencephalogr. Clin. Neurophysiol. 1970, 29, 306-310. [CrossRef]
HeartPy Documentation. Available online: https:/ /python-heart-rate-analysis-toolkit.readthedocs.io/en/latest/algorithmfunctioning.
html#time-series (accessed on 15 July 2024).

Ho, M.Y,; Pham, HM.; Saeed, A.; Ma, D. WE-PPG: A wrist-finger dual-channel dataset for studying the impact of contact pressure
on PPG morphology. Sci. Data 2025, 12, 200. [CrossRef] [PubMed]

Singstad, B.J.; Azulay, N.; Bjurstedt, A.; Bjerndal, S.S.; Drageseth, M.E,; Engeset, P; Eriksen, K.; Gidey, M.Y.,; Granum, E.O;
Greaker, M.G.; et al. Estimation of heart rate variability from finger photoplethysmography during rest, mild exercise and mild
mental stress. J. Electr. Bioimpedance 2021, 12, 89. [CrossRef] [PubMed]

jamovi (Version 2.3). The Jamovi Project (2022). Available online: https:/ /www.jamovi.org (accessed on 1 April 2025).

Lee, S.; Hwang, H.B,; Park, S.; Kim, S.; Ha, ].H.; Jang, Y.; Hwang, S.; Park, H.K; Lee, J.; Kim, LY. Mental stress assessment using
ultra short term HRV analysis based on non-linear method. Biosensors 2022, 12, 465. [CrossRef] [PubMed]

Vos, G.; Trinh, K.; Sarnyai, Z.; Rahimi Azghadi, M. Generalizable machine learning for stress monitoring from wearable devices:
A systematic literature review. Int. J. Med. Inform. 2023, 173, 105026. [CrossRef]

Greco, A.; Valenza, G.; Lazaro, ].; Garzon-Rey, ].M.; Aguilo, J.; de la Camara, C.; Bailén, R.; Scilingo, E.P. Acute stress state
classification based on electrodermal activity modeling. IEEE Trans. Affect. Comput. 2021, 14, 788-799. [CrossRef]

McEwen, B.S. Neurobiological and systemic effects of chronic stress. Chronic Stress 2017, 1, 2470547017692328. [CrossRef]
Lowrance, S.A.; Ionadi, A.; McKay, E.; Douglas, X.; Johnson, ].D. Sympathetic nervous system contributes to enhanced
corticosterone levels following chronic stress. Psychoneuroendocrinology 2016, 68, 163-170. [CrossRef]


http://dx.doi.org/10.1007/978-3-319-41316-7_7
http://dx.doi.org/10.1007/978-3-319-46152-6_16
http://dx.doi.org/10.1016/j.psychsport.2023.102495
http://dx.doi.org/10.1016/j.bbr.2017.12.021
http://www.ncbi.nlm.nih.gov/pubmed/29274343
http://dx.doi.org/10.1016/j.entcs.2019.04.009
http://dx.doi.org/10.1109/TAFFC.2019.2901673
http://dx.doi.org/10.3389/fphys.2019.01190
http://dx.doi.org/10.3389/fphys.2021.808451
http://dx.doi.org/10.1016/j.apcbee.2013.08.016
http://dx.doi.org/10.1088/0967-3334/28/3/R01
http://dx.doi.org/10.3390/electronics12030623
http://dx.doi.org/10.1109/ICDH55609.2022.00029
http://dx.doi.org/10.1016/j.bspc.2024.106508
http://dx.doi.org/10.1037/h0054651
http://dx.doi.org/10.1109/TBME.2015.2474131
http://dx.doi.org/10.1016/0013-4694(70)90143-4
https://python-heart-rate-analysis-toolkit.readthedocs.io/en/latest/algorithmfunctioning.html#time-series
https://python-heart-rate-analysis-toolkit.readthedocs.io/en/latest/algorithmfunctioning.html#time-series
http://dx.doi.org/10.1038/s41597-025-04453-7
http://www.ncbi.nlm.nih.gov/pubmed/39900957
http://dx.doi.org/10.2478/joeb-2021-0012
http://www.ncbi.nlm.nih.gov/pubmed/35069945
https://www.jamovi.org
http://dx.doi.org/10.3390/bios12070465
http://www.ncbi.nlm.nih.gov/pubmed/35884267
http://dx.doi.org/10.1016/j.ijmedinf.2023.105026
http://dx.doi.org/10.1109/TAFFC.2021.3055294
http://dx.doi.org/10.1177/2470547017692328
http://dx.doi.org/10.1016/j.psyneuen.2016.02.027

Sensors 2025, 25, 6572 24 of 24

52.  Allan, L.M,; Ballard, C.G.; Allen, J.; Murray, A.; Davidson, A.W.; McKeith, 1.G.; Kenny, R.A. Autonomic dysfunction in dementia.
J. Neurol. Neurosurg. Psychiatry 2007, 78, 671-677. [CrossRef]

53. Mendoza-Velasquez, ].J.; Flores-Vazquez, J.E; Barron-Veldzquez, E.; Sosa-Ortiz, A.L.; Illigens, BM.W.; Siepmann, T. Autonomic
dysfunction in a-synucleinopathies. Front. Neurol. 2019, 10, 363. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.1136/jnnp.2006.102343
http://dx.doi.org/10.3389/fneur.2019.00363

	Introduction
	Related Work
	Electrodermal Activity
	Blood Volume Pressure and Heart Rate Variability

	Materials and Methods
	Participants
	Data Acquisition Protocol
	The Task: The Grab–Drag–Drop Exergame
	Data Analysis Pipeline
	EDA Processing and Feature Extraction
	BVP Processing and Feature Extraction
	Feature Statistical Analysis
	Classification of Stress Levels
	Influencing Factors 


	Results
	Features' Statistical Analysis 
	Classification of Stress Levels
	Influencing Factors

	Discussion
	Features' Statistical Analysis
	Classification of Stress Levels
	Influencing Factors
	Limitations and Further Work

	Conclusions
	References

