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Abstract

In contemporary society, where chronic stress is increasingly prevalent, this study aims to propose a multi-parametric
wearable platform suitable for real-life monitoring and to validate its ability to acquire four physiological signals relevant
for the stress response (electrocardiogram, respiration, galvanic skin response, photoplethysmogram). Secondly, it seeks
to conduct a statistical analysis on the derived features both to identify the physiological signals necessary for a com-
prehensive analysis of the stress response and to understand the distinct contribution of each one. The results obtained
revealed at least two statistically significant features from each of the physiological signals considered, confirming the
importance of a multi-parametric approach for an accurate stress response analysis. Additionally, the proposed statistical
hypotheses allowed to determine how each physiological signal contributes differently to characterize various aspects of
the stress response. For these reasons, this study could represent a benchmark for future investigations aiming to classify

the stress response.
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1 Introduction

According to the American Psychological Association
(APA), around the 76% of adults report mental and physi-
cal symptoms induced by stress (“Stress in America 2022,”
n.d.). The physiological response to a stressor is immediate
in time and transient but, when high stress levels last over
time, the response becomes maladaptive leading to what is
known as chronic stress (Schneiderman et al., 2005).

1.1 Stress Response

The physiology of the stress response is mediated by two
main components. A fast response, involving the acti-
vation of the sympathetic-adreno-medullar (SAM) axis
and a slow response, involving the activation of the
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hypothalamus-pituitary-adrenal (HPA) axis. The fast
response is due to the activation of the SAM that results in
increased secretion of norepinephrine (NE) and epinephrine
(E) from the adrenal medulla into the circulation. The slow
response — when the danger is perceived as more threatening
or persists for more than few minutes — is due to the activa-
tion of the neuroendocrine HPA axis resulting in the release
of the Corticotropin-Releasing Hormone (CRH) from the
paraventricular nucleus of the hypothalamus into the cir-
culation (Dedovic et al., 2009; Godoy et al., 2018). This
response, involving physiological and behavioral mecha-
nisms, allows the homeostasis to be restored and promotes
adaptation (Godoy et al., 2018; Joéls & Baram, 2009).

The physiological changes that the body goes through
when subjected to a stressor were described by Hans Selye
through the General Adaptation Syndrome (GAS) model
(“Stress: Concepts, Cognition, Emotion, and Behavior,”
2016). The model includes three stages: alarm, adapta-
tion, and exhaustion. The alarm stage is the fight-or-flight
response when a stressor is perceived by the body. The
adaption stage is the achievement of the optimal response in
resisting to an acute stressor. A lot of positive stressors (the
eustressors) are in fact present in the everyday life and suc-
cessfully removed or coped with by the subjects. Entering
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the last stage of the stress response, the exhaustion, can rep-
resent a risk factor for many multifactorial disorders. In this
case, in fact, the body is not able to adequately handle with
the stressors and the stress response becomes chronic.

1.2 Chronic Stress

Chronic stress happens when the stress system does not
have enough time to recover from repeated stressors, caus-
ing biochemical changes in the brain areas controlling sleep,
energy levels, immunity, and behavior. The long-term acti-
vation of the stress system can increase the risk of devel-
oping health problems, both mental, including anxiety or
depression, and physical, including heart diseases or sleep
problems (“How Stress Affects Your Health”, 2022).

The most common chronic stressors in the modern soci-
ety have not changed over time and are mostly connected
to socio-economic issues, workplace, and family respon-
sibilities (Clay, n.d.). However, the COVID-19 pandemic,
and the consequent financial insecurity are connected to a
current increase of stress to alarming levels (The American
Institute of Stress, 2024b). For these reasons, chronic stress
is becoming a prevalent issue in the modern society, making
its prevention increasingly relevant.

Standardized questionnaires or biochemical indicators,
such as the cortisol test, were traditionally used to assess
stress level (Arza et al., 2018). However, these methods have
a significant limitation: they are not well-suited for long-
term monitoring and real-life scenarios. As a result, there is
a growing trend toward using physiological signals as bio-
markers for chronic stress (Samson & Koh, 2020). The most
relevant physiological signal for the stress response assess-
ment is the Galvanic Skin Response (GSR), but a complete
stress response scenario can be assessed only with a multi-
parametric approach (Giannakakis et al., 2022), includ-
ing electrocardiographic (ECG) signal, respiration, blood
pressure (BP), skin temperature, electroencephalographic
(EEG) signal and electromyographic (EMG) signal.

1.3 Aims of the Study

Starting from the results of (Cestaro et al., 2024), this study
has two main aims.

The first aim is the optimization of the multi-parametric
wearable platform proposed for the synchronous acquisi-
tion of the main physiological signals related to the stress
response. The wearable platform proposed in (Cestaro et al.,
2024) was able to acquire the ECG and the respiratory sig-
nals with a certified medical device and the GSR signal with
a dedicated prototype. The certified medical device was
represented by a wearable platform developed by L.I.F.E.
Italia S.rl. (www.x10x.com; info@x10x.com) (Sarmento
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et al., 2018). Comprising a sensorized vest and a data log-
ger capable of acquiring multiple physiological signals
simultaneously and continuously, the platform’s configura-
tion, centered around a central microcontroller, facilitates
the integration of additional sensors while ensuring precise
time synchronization with the existing ones. Furthermore,
its design places a robust emphasis on usability and comfort
in real-life scenarios (e.g. stress monitoring during office
work). In this study, the GSR prototype was optimized both
to improve the GSR signal quality and the compliance with
long-term real-life monitoring in term of usability and com-
fort. Moreover, the PPG signal was integrated in the proto-
type as an additional physiological signal relevant for the
stress response. This signal is in fact used for the estima-
tion of blood pressure variations thanks to the time-delay
method (Samson & Koh, 2020). The proposed optimized
wearable platform is then validated through a controlled-
context ultra-short-term validation protocol. To the best of
our knowledge, it is not actually available a wearable plat-
form validated for the synchronous and continuous acquisi-
tion of several physiological signals relevant for the stress
response and with a strong focus on the compliance with
real-life scenarios. Several devices are available as products
on the market or as research prototypes (Menghini et al.,
2019; GSR User Guide, n.d.) but they are mainly focused
on the acquisition of a limited set of physiological signals
related to the stress response (Samson & Koh, 2020). Fur-
thermore, it is important to note that raw data and features
provided by these devices require validation, as they are
not certified for the intended application and low-quality
evidence emerged from literature (Menghini et al., 2019).
Existing studies focusing on the collection of a broad range
of physiological signals mainly rely on the use of multiple
devices (Arza et al., 2018; Renaud & Blondin, 1997). How-
ever, this approach raises concerns as it fails to guarantee
the signals synchronization and may not be well-suited for
practical application in real-life scenarios.

The second aim is to perform a statistical analysis of the
ultra-short-term features extracted from the physiological
signals acquired during the validation protocol in order to
answer two main research questions. From one side, under-
stand which is the minimum number of required physiologi-
cal signals for a complete analysis of the stress response.
From the other side, understand which is the specific con-
tribution of each physiological signal in the stress response.
In fact, there is the common opinion in literature that the
complete stress response could be analyzed only with the
combination of several physiological signals (Samson &
Koh, 2020) but, as of our current knowledge, a system-
atic investigation into the precise role of individual physi-
ological signal features and their relationship with stress,
particularly when acquired through a wearable platform, is
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notably lacking. The predominant focus of existing studies
(Tervonen et al., 2023) is actually on the exploration and
implementation of machine learning techniques for stress
level classification thanks to the combination of the different
available features.

2 Materials

The starting point of the wearable platform to be validated
in this study was represented by the multi-parametric wear-
able platform developed and validated in (Cestaro et al.,
2024) for the acquisition of three of the main stress related
physiological signals: the ECG, the respiratory signal and
the GSR. The core of the proposed wearable platform was
represented by a medical certified wearable device, the
Healer R2, able to acquire the ECG and the respiratory sig-
nal. For the acquisition of the GSR signal, a dedicated pro-
totype, the GSR Thimble, was developed and integrated in
the same acquisition set-up of the medical device.

This study aimed to optimize the multi-parametric wear-
able platform proposed in (Cestaro et al., 2024) from dif-
ferent perspectives: from one side, optimizing the GSR
Thimble prototype to improve the GSR signal quality and
the compliance with real-life monitoring (as described in
Sect. 2.1); from the other side, integrating an additional
physiological signal relevant for stress response represented
by the PPG signal (as described in Sect. 2.2). Indeed, the
integration of both the PPG and the ECG signals enables the
possibility to provide continuous and non-invasive estima-
tion of Blood Pressure (BP) values. This could be possible
through the application of the time-delay method, which
relies on the Pulse Arrival Time (PAT), as discussed in (De
Marchi et al., 2021).

The final configuration of the wearable acquisition plat-
form to be validated in the scope of this study is detailed in
Sect. 2.3. As a reference in the proposed validation protocol,
standard psychometric questionaries and the Verbal Rating
Scale were used (as described in Sect. 2.4 and 2.5).

2.1 GSRThimble Prototype Optimization

The GSR Thimble prototype proposed in (Cestaro et al.,
2024) was based on the exosomatic method with direct
current, the most used in literature for skin conductance
measurements (Boucsein et al., 2012), and represented a
feasibility study of a wearable device for the acquisition
of the GSR signal with reusable carbon dry electrodes
(Posada-Quintero et al., 2017b). It replicated the features
of a commercially available evaluation board, the MikroE
GSR Click (GSR Click, n.d.), by implementing a voltage
divider supplied with 3.3 V and using a reference resistance

of 100 kOhm, in adherence with the technical standard for
the safety and essential performance of a medical device
(IEC 60601-1:2005, n.d.). The same acquisition set-up of
the Healer R2 medical device was used, but with an Ardu-
ino-based (4rduino - Home, n.d.) acquisition logic and a
Processing-based (Welcome to Processing!, n.d.) real-time
data visualization and storage interface. The obtained GSR
signal quality was comparable with the one of the MikroE
GSR Click evaluation board and the performance of the
reusable carbon dry electrodes showed good results in terms
of correlation and coherence when compared with the gold-
standard Ag/AgCl wet electrodes.

The optimized configuration proposed in this study
allowed not only the integration of the GSR signal in a
microcontroller analogous to the one used by the Healer
R2 medical device but also enables direct data acquisition
through a data logger equivalent to that used by the Healer
R2 medical device.

In order not to modify the configuration of the medical
device, a dedicated microcontroller and data logger were
used for the acquisition of the GSR signal. During the vali-
dation protocol (described in Sect. 3.2), the synchronization
between the two data loggers was possible thanks to the
timestamp-based logic and the connection to the same WiFi
network. The time delay of a few milliseconds (ms) intro-
duced by this approach was considered acceptable because
the GSR signal changed slowly over time with respect to the
other physiological signals.

The results in terms of signal quality obtained in (Cestaro
et al., 2024) did not require an optimization of the proposed
carbon dry electrodes configuration. Only minor optimiza-
tions of the elastic support bands of the thimbles were pro-
posed in order to increase the comfort for the subjects in
long-term monitoring.

2.2 PPG Optical Module Integration

In a previously published work (De Marchi et al., 2021),
with the aim to develop and validate a cuffless method for
blood pressure continuous measurement, a wearable set-up
based on the time-delay method was proposed. The core of
the proposed wearable set-up was represented by a medi-
cal device developed by L.ILF.E. Italia S.r.l. sharing the
same acquisition logic of the Healer R2 medical device
used in this study (Sarmento et al., 2018). In addition,
the MAX30102 optical module from Maxim Integrated
(MAX30102 Datasheet and Product Info | Analog Devices,
2018) was integrated for the acquisition of the infrared-light
of the PPG signal at 250 Hz.

The time-delay method allows to provide blood pressure
estimations starting from two different kind of features: the
first one based on the time difference between the PPG and
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the ECG signal, and the second one based only on the mor-
phological changes in the PPG signal.

2.2.1 ldentification of the PPG Signal Detection Site

According to the literature (Mukkamala et al., 2015), the
optimal site for detecting the PPG signal using this method
is the radial artery of the left arm. However, the results
obtained in (De Marchi et al., 2021) shown some issues in
obtaining a good PPG signal quality. This was strictly related
to the adherence of the sensor and to the identification of the
exact position of the radial artery, different in each subject
and strongly influenced by movements. In addition, avoid
wrist obstruction and maximize comfort were identified as
crucial elements.

For these reasons, the main focus for the integration of
the PPG module in the proposed wearable platform was the
identification of an alternative detection site for the PPG
signal. No architectural changes in the PPG module itself
or in the integration with the microcontroller were required
because the module was already designed to be integrated in
different textile supports.

A dedicated literature analysis (Castaneda et al., 2018)
was made to identify possible alternative positions aiming
to optimize both the signal quality and the comfort for the
subjects. Wrist and forehead were identified as the two best
options. The wrist was the most used one also in commer-
cial smartwatches (K. B. Kim & Baek, 2023). However, it
was strongly affected by movement artifacts. The forehead
represents an alternative already used in wearable devices
(Astroskin | Hexoskin, n.d.) that was characterized by a
strong venous component and was less subjective to vaso-
constriction (Abay et al., 2019).

A validation protocol was proposed to 6 subjects (3 male
and 3 female) for the identification of the optimal position
of the PPG module between the two identified options. The
protocol required to simultaneously wear the two PPG opti-
cal modules (one at the wrist and the other at the forehead

REST PHASE

ACCELEROMETER SIGNAL-

u
[l ©
.

WRIST PPG SIGNAL

o
faul

FOREHEAD PPG SIGNAL-

faul o
100

with dedicated textile supports) during three different
phases of two minutes each: the Rest phase, in which the
subject was asked to sit in rest position at a desk with the
arm forming a 90° angle with the desk; the Standing phase,
in which the subject was asked to rest in standing position;
the Walking phase in which the subject was asked to walk
along a marked path.

The obtained results showed a higher PPG signal qual-
ity for the module at the forehead, in particular during the
Walking phase of the protocol. An example of the obtained
signals is proposed in Fig. 1. For this reason, the forehead
was selected as the PPG module position for the integra-
tion in the proposed wearable platform. In addition to this
preliminary validation protocol, this body position will be
further validated together with the final configuration of the
proposed wearable platform during the validation protocol
described in Sect. 3.2. Also in this case, in order to do not
modify the configuration of the medical device, the opti-
cal module was integrated in the GSR Thimble prototype
(from now on called GSR-PPG Module). This allowed the
only extraction of the morphological features from the PPG
signal, because the time-related features, changing in the
range of the milliseconds require a perfect synchronization
between the PPG and the ECG signals that was only possi-
ble if the signals were acquired by the same microcontroller.

2.3 Final Configuration of the Wearable Acquisition
Platform

The final configuration of the proposed wearable acquisition
platform was made of two elements:

* The Healer R2 medical certified wearable device for the
acquisition of the ECG and the respiratory signal, already
used for stress-related applications in (Cestaro et al., 2024)
(Fig. 2a).

* The GSR-PPG Module for the acquisition of the GSR
signal (with the GSR Thimble) and the PPG signal (with the
PPG Headband) (Fig. 2b).
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Fig. 1 Comparison between wrist and forehead PPG signal quality in Rest (a) and Walking (b) phases of the protocol. These are the represented
signals: the accelerometer in the first plot; the PPG at the wrist in the second plot; the PPG at the forehead in the third plot
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Fig. 2 (a) The Healer R2 medical device is a sensorized vest integrat-
ing four dry electrodes (in red) for the ECG signal acquisition, three
strain circumferential sensors (in blue) for the respiratory signal acqui-
sition, a temperature sensor (in orange), an optical SpO2 sensor (in
green) and an IMU (in dark blue) for activity level and body position
estimation. A data logger is connected to the back part of the vest for
the synchronous data acquisition; (b) The GSR-PPG Module consists

The main advantages of the proposed wearable platform
were that each physiological signal was acquired with its
proper acquisition frequency by a common microcontroller
and a data logger. As exposed above, two different data log-
gers were used for the Healer R2 device and the GSR-PPG
Module prototype in order to do not modify the medical
device but both of them shared the same acquisition and
data storage logic. The necessity to do not modify the medi-
cal device was both to assure the medical-grade validity of
the acquired physiological signals and to have the higher
availability of devices for the validation protocol. In fact,
different sizes and gender specific Healer R2 are available,
and it was not feasible to modify each necessary medical
device.

2.4 Standard Psychometric Questionaries

Enrolled subjects were asked to fill in three standard psy-
chometric questionaries (proposed in their native language

Italian) right before the start of the validation protocol,
in order to identify possible baseline differences in the
population:

2.4.1 STAY-Trait the State-Trait Anxiety Inventory (STAI), n.d

This questionnaire is as a measure of how the subject cur-
rently feels in terms of anxiety and can be used in clinical

GSR
Thimble

PPG
Headband

b

of two components: the GSR Thimble, used for acquiring the GSR sig-
nal, and the PPG Headband, designed for capturing the PPG signal.
The GSR Thimble incorporates two carbon dry electrodes within tex-
tile thimbles, while the PPG Headband integrates an optical module
into a textile headband. The two signals are acquired by a microcon-
troller and a data logger, which are equivalent to those used by the
Healer R2 medical device

settings to diagnose anxiety and to distinguish it from depres-
sive syndromes. Consists of 20 statements that ask people to
describe how they generally feel. The rate is on a 4-point
scale: 1 — Not at all; 2 — A little; 3 — Somewhat; 4 — Very so
much. The range of possible scores varies from a minimum
of 20 to a maximum of 80 and are classified as follow: no or
low anxiety (20-37), moderate anxiety (38—44), high anxi-
ety (45-80).

2.4.2 Perceived Stress Scale (PSS) Perceived Stress Scale,
nd

This questionnaire is a classic stress assessment instrument
and helps understand how different situations affect feel-
ings and perceived stress. Consists of 14 statements that ask
about feelings and thoughts during the last month. The rate
is on a 5-point scale: 0 — never; 1 — almost never; 2 — some-
times; 3 — fairy often; 4 — very often. The range of possible
scores varies from 0 to 40 with higher scores indicating
higher perceived stress. PSS scores are classified as: low
perceived stress (0—13); moderate perceived stress (14-26);
high perceived stress (27—40).

2.4.3 Epworth Sleepiness Scale (ESS) About the ESS -
Epworth Sleepiness Scale, n.d.

This questionnaire gives an estimate of a more general char-
acteristic, the person’s average sleep propensity across a
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wide range of activities in their daily lives. Consists of 8
items that ask about the usual chances of having dozed off
or fallen asleep while engaged in different activities. The
rate is on a 4-point scale: 0 — never doze; 1 —slight chance
of dozing; 2 — moderate chance of dozing; 3 — high chance
of dozing. The range of possible scores varies from 0 to 24
with higher scores indicating higher person’s average sleep
propensity in daily life. ESS scores are classified as: normal
daytime sleepiness (0—10); excessive daytime sleepiness
(11-15); sever daytime sleepiness (16—24).

2.5 Verbal Rating Scale

As a reference for the stress-level evaluation during the
validation protocol, a 5-point Verbal Rating Scale (VRS)
was used (Williamson & Hoggart, 2005). The VRS is one
of the standard pain rating scales and its reliability and
validity were established again the others, in particular the
Visual Analogue Scale (VAS) that could be considered as
a gold-standard (Williamson & Hoggart, 2005). The VRS
was considered quicker and easier to use with respect to the
others in particular in acute setting when the speed of the
evaluation is important (Correll, 2007). Another reason why
the VRS was selected for the application was the interest
in pain-level variations and not in the quantification of an
exact pain amount for which the VAS scale is more pertinent
(Williamson & Hoggart, 2005).

The subjects enrolled in the validation protocol (described
in Sect. 3.2) were asked to evaluate their stress level within
15 s from the end of each protocol phase according to the
5-point VRS (1 — No stress; 2 — Low stress; 3 — Moderate
stress; 4 — High stress; 5 — Very high stress). At the end of
the protocol, the subjects were asked to evaluate again their
stress level in each protocol phase, in order to reduce pos-
sible under- or over-estimations. The mean value of the two
evaluations was then considered for the analyses.

3 Methods

In (Cestaro et al., 2024), a short-term controlled-context
validation protocol was proposed for the validation of the
preliminary version of the wearable acquisition platform.
The optimizations introduced in this study (exposed in Sect.
2) required a new validation process, implemented through a
revised controlled-context protocol (described in Sect. 3.2).
Additionally, to better reflect real-life scenarios, an ultra-
short-term approach for features extraction was employed
(detailed in Sect. 3.1 and 3.3). Subsequently, using the
extracted features (summarized in Sect. 3.4), a statistical
data analysis (detailed in Sect. 4) was conducted to address
the two research questions presented in Sect. 1.

@ Springer

3.1 Shift to an Ultra-Short-Term Approach

The short-term (5 min) analysis of Heart Rate Variability
(HRV) features is considered the gold-standard for stress
level estimation (Kim et al., 2018). Due to this, the valida-
tion protocol proposed in (Cestaro et al., 2024) used 5-min-
ute windows for both protocol tasks and features extraction.

However, according to the literature (Kim et al., 2021b),
there were several advantages to considering ultra-short-
term (<5 min) HRV features for stress level estimation in
real-life monitoring. Firstly, ultra-short-term analyses better
adapt to the rapid changes of real-life scenarios, where a
5-minute steady-state condition cannot be assumed. Addi-
tionally, the longer is the considered time-window, the
higher is the probability of having added noise to the signal.
Particularly in the context of the wearable device applica-
tions, shorter windows can enhance performances in terms
of power consumption, processing time, data storage, and
transmission.

Yet, when can an ultra-short-term feature be considered a
valid surrogate of the short-term one? The prevailing opin-
ion in literature is that a valid ultra-short-term feature had
to maintain the same trend of the short-term one (Castaldo
et al., 2019). This condition is generally verified for the
2-minute and the 1-minute windows. Considering shorter
windows, the count of features that cannot be computed sig-
nificantly increases (Castaldo et al., 2019).

To explore the feasibility of moving to an ultra-short-
term approach, the dataset collected in (Cestaro et al., 2024)
was used. In addition to the short-term features, ultra-short-
term ones were extracted using a moving window of 2 and
1 min and an overlap of the 50%. The median values of
the features corresponding to the same protocol phase were
used for the analysis.

Before conducting this analysis, the HRV algorithm
introduced in (Cestaro et al., 2024) for the extraction of
the frequency domain features was optimized by including
a detrending step. Further details of this optimization are
described in Sect. 3.3.

To understand if the ultra-short-term features represented
a good surrogate of the short-term ones, the same data anal-
ysis proposed in (Cestaro et al., 2024) was used. Firstly, rel-
evant features for each analysis (5 min, 2 min and 1 min)
were selected with the inferential statistical analysis. Sub-
sequently, HRV feature trends were verified to be the same
between the three analyses. Lastly, identical classification
models to those in (Cestaro et al., 2024) were created, now
with the addition of a 10-fold cross-validation, and their
performances were evaluated in terms of model accuracy.

The results obtained indicated that the ultra-short-term
2-minute analysis, with the detrending algorithm optimiza-
tion, could be considered a good surrogate of the short-term
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one. On the contrary, when considering the 1-minute win-
dow, accuracy began to decline. As an additional verification,
the same analysis was applied to the GSR signal features,
confirming the reliability of the proposed ultra-short-term
2-minute window.

3.2 Proposed Validation Protocol

The structure of the proposed validation protocol was simi-
lar to the one used in (Cestaro et al., 2024). Alongside the
adoption of an ultra-short-term window for feature extrac-
tion, two primary optimizations were introduced based on
the feedbacks collected during the first acquisition cam-
paign. Firstly, the three cognitive tasks proposed were
revised in order to provide a higher stress level perception.
Furthermore, due to the speaking artifacts identified in the
respiratory signal of the preliminary validation protocol,
subjects were instructed to do not speak during the entire
protocol. Instead of verbal responses, a keyboard was used
for answers.

PPG HEADBAND

PPG signal
(250 Hz)

GSR THIMBLE

GSR signal
(8 Hz)

The study target population and the enrollment procedure
were the same of the first acquisition campaign. In addi-
tion, after the signature of the informed consent, subjects
were asked to fill in the three psychometric questionaries
described in Sect. 2.4. The Ethics Committee of Politec-
nico di Milano approved the study (opinion n. 12/2023; 22
March 2023).

During the validation protocol volunteers were asked
to wear the two devices (the Healer R2 and the GSR-PPG
Module), sit in rest position at a desk and look at a screen in
which the protocol tasks were displayed. In Fig. 3 the acqui-
sition set- up is shown. The designed protocol included also
in this case five rest and task-induced stress phases (Rest;
Low Stress; Moderate Stress; High Stress; Recovery), in
order to extract features able to predict the effects of a cumu-
lative stress response (Arza et al., 2018). Each stress-phase
of the protocol had a duration of 2 min. This time window
was selected to enable the extraction of one ultra-short-term
feature for each phase while mitigating the potential of sub-
ject fatigue. Conversely, both the Rest and Recovery phases

HEALER R2

6-lead ECG signal
(500 Hz)

3-channel respiratory signal
(50 Hz)

Fig.3 Acquisition set-up: the subject has to sit in rest position, wearing
the Healer R2 as a vest, the GSR Thimble electrodes on the index and
middle finger of the right arm and the PPG Headband at the forehead

with the sensor placed at the center of the frontal region. The protocol
tasks are displayed in a screen placed in front of the subject and a key-
board is provided for the answers
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extended for 6 min each. This extension aimed to provide
the subjects with time to relax and recuperate.

Here the detail of the proposed protocol phases:

* Rest (6 min) — The subject was asked to sit in a rest
position without talking.

* Low Stress (2 min) — Dual-2-Back task (Au et al., 2014):
two stimulus sequences (one visual and one auditory) were
presented simultaneously on a screen and the subject that
had to press the spacebar whenever one of the two target
matches the stimulus that appeared two steps before.

* Moderate Stress (2 min) — Stroop task (Renaud & Blon-
din, 1997) and 4-choice Reaction Time (Paiva et al., 2016):
for the first minute, the subject was asked to name the print-
ing color of a series of words, that could be congruous or
incongruous with respect to their meaning, by pressing the
initial on the keyboard; for the second minute, the subject
had to associate the presented color and to the correspond-
ing direction according to a legend by pressing the corre-
sponding arrow on the keyboard.

* High Stress (2 min) — Arithmetic task (Au et al., 2014):
the subject was asked to give the result of a series of arith-
metic operations of increasing difficulty.

* Recovery (6 min) — The subject was asked to sit in a rest
position without talking.

In Fig. 4 an example of the recorded signals and their
variations along with the proposed protocol phases.

3.3 Features Extraction Algorithm

A feature extraction algorithm allowed to extract for each
subject in the dataset and for each 2-minute window of the
protocol, stress-related features from the involved physi-
ological signals.

For the three stress phases of the protocol (Low Stress,
Moderate Stress and High Stress) the 2-minute window
corresponded to the protocol phase. From the Rest and
Recovery phases, which had a duration of six minutes each,
three 2-minute windows were extracted. Subsequently, the
median value was calculated from these windows to gener-
ate a total of five feature values corresponding to the five
protocol phases. In Fig. 5 the correspondence between the
protocol phases and the extracted features.

Using the same logic proposed in (Cestaro et al., 2024),
tonic (or SCL) and phasic (or SCR) component features
were extracted from the GSR signal (Kyriakou et al., 2019)
and time and amplitude related features were extracted from
the three respiratory channels (Giannakakis et al., 2022).
In particular, time related features were extracted from the
minimum of the sum signal (derived from the sum of the
three respiratory channels) and amplitude related features
from the thorax and abdominal channels.

From the ECG signal, HRV time and frequency domain
features were extracted (Shaffer & Ginsberg, 2017; Umair et
al., 2021). For the time domain features, the same logic pro-
posed in (Cestaro et al., 2024) was used. For the frequency
domain features, an optimization of the proposed logic
was implemented, considering potential non-linear trends
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Fig. 4 Representative tracing of the physiological signals acquired
along the protocol phases with a zoom in the Rest (grey) and High
Stress (orange) phases. In the signals overview, it is possible to appre-
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ciate the variation of the baseline value of the GSR signal along with
the protocol phases. In the zooms, it is possible to appreciate the varia-
tions in the ECG and respiratory signal frequency
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Fig.5 Correspondence between the protocol phases and the 2-minute windows extracted
in the data. For the spectral estimation is in fact assumed 4 Results

that the signals are at least weakly stationary. Meanwhile,
the real HRV signals are mostly non-stationary. Therefore,
non-stationarities such as linear or more complex trends
can cause distortions. For this reason, a detrending step
was introduced in the frequency domain features extraction
algorithm. Among the different methods that can be applied
to solve this issue, the smoothness priors detrending method
was selected. As outlined in (Tarvainen et al., 2002),this
approach facilitates straightforward detrending through the
adjustment of a single parameter. The optimal selection of
this parameter ensures minimal impact on the spectral com-
ponents of interest and mitigates filtering effects prevent-
ing distortions in the data. After this detrending step, the
necessary resampling of the RR series was performed with
a cubic spline interpolation at 4 Hz. An additional optimi-
zation was identified in the approach adopted for the peri-
odogram estimation. The autoregressive Burg estimation
method of order 16th was implemented, which is widely
used in HRV applications (Tarvainen et al., 2002).

From the infrared wavelength of the PPG signal, three
morphological features were extracted according to the
algorithm proposed in (De Marchi et al., 2021). Each PPG
pulse wave could be divided into two phases, the anacrotic
phase concerning with systole, and the catacrotic phase
concerning with diastole and wave reflections from the
periphery. A secondary upstroke is usually present in the
catacrotic phase, corresponding to the transient increase in
aortic pressure upon closure of the aortic valve, called the
dicrotic notch. Morphological changes in the PPG signal are
related to changes in blood pressure values (Elgendi, 2012;
Hasanzadeh et al., 2020).

3.4 Overview of the Extracted Features

The list of features extracted for each physiological signal
and their meaning is reported in Table 1.

Based on the data obtained through the validation protocol,
we generated two distinct datasets as outlined in Sect.1. Sub-
sequently, a comprehensive statistical analysis, encompass-
ing both descriptive and inferential aspects, was conducted
(refer to Sect. 4.3 and 4.4 for detailed results). Addition-
ally, the analysis extends to reference data, incorporating
responses from standard psychometric questionnaires and
the VRS (Sect. 4.2).

4.1 Available Datasets

Forty healthy subjects (23 male and 17 female) with an
average age of 30.8 (£ 9.6 std) years were enrolled in the
protocol.

As in (Cestaro et al., 2024), from the available data, two
distinct datasets were created: the absolute dataset, which
accounts for different stress intensities, and the differential
dataset, designed to discern variations in stress levels. The
absolute dataset includes the feature values correspond-
ing to each phase of the protocol, resulting in five distinct
groups: Rest, Low Stress, Moderate Stress, High Stress, and
Recovery. The differential dataset captures the difference
between the feature values of each phase and those of the
preceding phase, yielding five additional groups: Low Stress
— Rest, Moderate Stress — Low Stress, High Stress — Moder-
ate Stress, Recovery — High Stress, and Rest — Recovery.
This approach ensures a comprehensive examination of
stress dynamics, considering both absolute stress levels and
their changes over consecutive phases.

Each of the obtained datasets included 6600 feature val-
ues, coming from forty subjects, five groups and 33 features
from the four physiological signals (20 from the ECG sig-
nal; five from the GSR signal; five from the respiratory sig-
nal; three from the PPG signal).

The PPG signal features could not be extracted for 11
subjects due to a low-quality signal. The resulting missing
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Table 1 List of the extracted fea- Physi- Feature domain Extracted Unit Feature meaning
tures, categorized by physiologi- ologi- features
cal signal and feature domain, cal
along‘ with their respective signal
meanimngs ECG  Time HRy1oun bpm Heart rate
signal ~ domain HRgrp bpm Standard deviation of the heart rate
HRy,, bpm Variance of the heart rate
RRy1n ms Intervals between the R peaks
RRy,, ms Variance of the RR intervals
NN yfoun ms Intervals between the N peaks
SDRR ms Standard deviation of RR intervals
SDNN ms Standard deviation of the NN intervals
RMSSD ms Root mean square of the successive RR intervals
NN, count Number of successive RR intervals that differ by
more than 50 ms
PNN5, % Percentage of successive RR intervals that differ
by more than 50 ms
HRYV Triangu- - Integral of the density of the RR intervals histo-
lar Index gram divided by its height
TINN ms Baseline width of the RR intervals histogram
Frequency Total Power  Hz Heart rate power in the entire spectrum (0.003—
domain 0.04 Hz)
LF Hz Power in low frequency band (0.04-0.15 Hz)
HF Hz Power in high frequency band (0.15-0.4 Hz)
LF/HF - Ratio of LF and HF
nLF n.u. Power in low frequency band in normalized units
nHF n.u. Power in high frequency band in normalized units
nLF/HF n.u. Ratio of LF and HF in normalized units
Respi- Time BRyoun bpm Breath rate
ratory  related RSBI bpm/a.u.  Amplitude based rapid and Shallow Breathing
signal Index
Amplitude Thorax a.u. Amplitude of the thorax channel
related Amplitude
Abdomen a.u. Amplitude of the abdomen channel
Amplitude
Thorax/ a.u. Ratio between the amplitude of the thorax and the
Abdomen abdomen channels
Amplitude
GSR  Tonic SCL ytoan us Value of the tonic component
signal ~ component SCLg0pe us Value of the tonic component slope
Phasic Number of count Normalized number of peaks
component Peaks
Peaks us Amplitude of the peaks
Amplitude
SCRpe us Value of the peaks slope
PPG  Morphological  Systolic Time ms Time occurring from each wave start to the cor-
signal responding systolic peak
Diastolic ms Time occurring from each systolic peak to the
Time corresponding diastolic valley

Duty Cycle ms

Ratio between the systolic time and the total
wave duration

values, which accounted for 27.5% of the total, were sub-
stituted with the median value of corresponding features
within the dataset (Cousineau & Chartier, 2010). On the
other hand, all features derived from the other physiological
signals (GSR, ECG, and respiratory signals) were success-
fully extracted without any missing values. This indicates

@ Springer

a notable enhancement in the performance of the proposed
wearable platform compared to the one presented in (Ces-
taro et al., 2024). Both the GSR signal quality and the respi-
ratory signal quality have shown improvements, and the
latter is no longer impacted by speech-related interferences.
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4.2 Reference Data Analysis

The data coming from the standard psychometric question-
aries and the stress level evaluations provided by the sub-
jects through the VRS are analyzed in this section.

4.2.1 Standard Psychometric Questionaries

The results of the psychometric questionaries (shown in
Table 2) were analyzed in order to understand possible sig-
nificant differences in the enrolled population that could
require the adoption of different models for successive
stress level classification analyses.

The first analysis was performed on the entire enrolled
population. The enrolled population exhibited elevated lev-
els of trait anxiety, as indicated by the results of the STAI-
T questionnaire (scores classification are reported in Sect.
2.4). This could be attributed to the impending execution
of the controlled-context protocol. The PSS questionnaire
results indicated a moderate level of perceived stress, while
the ESS questionnaire results indicated a normal level of
daytime sleepiness.

The second analysis was performed distinguishing
between male and female subjects in the enrolled popula-
tion. The female population exhibited higher levels of trait
anxiety with respect to the male one, as indicated by the
results of the STAI-T questionnaire. The PSS questionnaire
results indicated a moderate level of perceived stress, with
higher values in the male population. The ESS questionnaire
results demonstrate normal daytime in both populations.

4.2.2 Verbal Rating Scale

The stress level evaluations provided by the subjects
through the VRS (called Reference) were analyzed to verify
the accordance with the trend expected from the design of
the protocol. In fact, the validation protocol was designed to
have no stress in Rest and Recovery phases and increasing

values of stress going from the Low Stress phase to the High
Stress phase. After establishing the trend of the Reference
values, the alignment of the extracted features was verified
with a dedicated statistical data analysis, including both
descriptive and inferential methods, as outlined in Sect. 4.3
and 4.4.

As mentioned in Sect. 2.5, the evaluations provided by
the subjects during and immediately after the end of the pro-
tocol were mediated in order to reduce possible under- or
over-estimations. Differences between during and post pro-
tocol evaluations were present in approximately the 27%
of the answers (for both datasets) and about the 70% were
related to the stress-phases of the protocol. Before the infer-
ential statistical data analysis (Sect. 4.4), the values were
ranked to account for the ordinal nature of the provided
responses and to reduce inter-subject variability.

The collected Reference values are shown in Fig. 6 both
considering the individual subjects and their aggregation
in terms of median and interquartile range (IQR) values.
Numerical values are reported in Table 3.

In the absolute dataset, the stress level evaluations pre-
sented higher values during the three stress phases of the
protocol when compared to the Rest and Recovery phases.
The Moderate Stress phase was not perceived as being more
stressful than the Low Stress phase, as indicated by median
values of 3.38 and 3.5, respectively. As expected, the higher
stress level evaluations were provided in the High Stress
phase, with a median value of 4.5.

In the differential dataset, significant changes in stress
level evaluations were observed when passing from no-
stress to stress phases, resulting in a median difference
of +2. Conversely, when moving from stress to no-stress
phases, a median difference decrease of -2.5 was noted.
Importantly, no substantial variations were evident between
the Rest and Recovery phases, with a median difference
value of 0.

Table 2 STAI-T, PSS and ESS questionaries results segmented by gender (male and female) and for the entire population. Scores falling within

the higher classification range were bolded for emphasis

MIN MAX MODE MEAN MEDIAN IQR
MALE
STAI-T 32 52 41 44 45 4,5
PSS 10 30 18 20 20 7,5
ESS 2 16 6 7 6 4,25
FEMALE
STAI-T 39 58 46 48 47 4,25
PSS 4 36 10 16 15 9,5
ESS 0 11 6 6 6 3,5
ENTIRE POPULATION
STAI-T 32 58 46 45 46 4,5
PSS 4 36 12 18 19 9,5
ESS 0 16 6 7 6 4,25
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REFERENCE - ABSOLUTE DATASET

REFERENCE - DIFFERENTIAL DATASET

REST LOW STRESS MODERATE STRESS HIGH STRESS. RECOVERY

LOW STRESS - MODERATE STRESS —
REST LOW STRESS

HIGH STRESS —
MODERATE STRESS

RECOVERY —

REST -
HIGH STRESS RECOVERY

Fig. 6 Reference values in absolute (left) and differential (right) datasets are displayed with the individual subject’s values (reported as colored
lines) with overlaid boxplots (lower whisker: Q1-1.5*IQR; upper whisker: Q3 + 1.5*¥IQR)

Table 3 Median and IQR values of the reference in the different protocol phases

ABSOLUTE DATASET
Reference (ranked) Rest Low Stress Moderate Stress High Stress Recovery
Md IQR Md IQR Md IQR Md IQR Md IQR
1.5 0.38 3.5 1.07 3.38 0.81 4.5 0.81 1.75 1
DIFFERENTIAL DATASET
Reference (ranked) Low Stress — Moderate Stress — High Stress — Recovery — Rest —
Rest Low Stress Moderate Stress High Stress Recovery
Md IQR Md IQR Md IQR Md IQR Md IQR
2 1 0 2.06 1.38 1.44 -2.5 1.56 0 1

4.3 Descriptive Statistics

The available datasets (absolute and differential) were ana-
lyzed to understand both the inter-subjective repeatability
and the relation between features and stress level evalua-
tions provided by the subjects with the VRS (Reference).

4.3.1 Inter-Subjective Repeatability

For the inter-subjective repeatability analysis, median and
IQR values of each feature along with the protocol phases
were extracted, both from the absolute and the differential
datasets (Table 4).

Using the extracted median values, the trend across the
protocol phases and the relation with stress were success-
fully established for the majority of the available features
and reported in Table 5. Additionally, it was confirmed that
this correlation aligned with both the literature (Giannakakis
et al., 2022) and the short-term analysis conducted in (Ces-
taro et al., 2024). However, for both datasets, a clear trend
couldn’t be determined for most HRV frequency domain
features. In the case of the differential dataset, the respira-
tory signal features also lacked a distinct trend, likely due
to minimal variations during the protocol phases. Neverthe-
less, the statistical significance of each feature was subse-
quently verified using the inferential statistical data analysis
outlined in Sect. 4.4.

@ Springer

Based on the conducted inter-subjective repeatability
analysis, the identification of outliers in the two datasets was
possible. According to the IQR method for outliers’ iden-
tification, we searched for extreme outliers in the dataset
by identifying values exceeding three times the IQR range
(Acerbi et al., 2017). In the absolute dataset, approximately
3% of the values were recognized as outliers; in the differen-
tial dataset, around 7% of the values exhibited outlier char-
acteristics. Consequently, it appears justifiable to eliminate
these values and treat them as missing data, substituting
them with the median values during the inferential statisti-
cal data analysis detailed in Sect. 4.4.

As a graphical example of the inter-subject repeatabil-
ity analysis, the boxplot of one relevant feature from each
physiological signal is represented in Fig. 7. Regarding the
ECG signal, the boxplot illustrates the HR ,, feature in
differential terms. This feature exhibited a clear direct rela-
tion with stress levels, demonstrated by a positive differ-
ence observed in the Low Stress — Rest group and a negative
difference in the Recovery — High Stress group. Compara-
tively smaller differences were apparent when transitioning
between consecutive stress phases (Moderate Stress — Low
Stress and High Stress — Moderate Stress groups). This pat-
tern indicates that the feature responds more distinctly to
shifts from a non-stressful state to a stressful one. As antici-
pated, negligible variation was evident between Rest and
Recovery phases. The opposite behavior, due to its inverse
relation with stress, was shown by the Diastolic Time feature
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Table 5 Features relation with stress from the absolute and the differential datasets. Comparison between literature, short-term analysis (5-minute)
and ultra-short-term analysis (2-minutes). For the short-term analysis, only the relations established in (Cestaro et al., 2024) are reported

Physiologi-  Feature domain Feature name Feature relation with stress
cal signal Literature Short-term Ultra-short-term Ultra-short-
analysis analysis | Absolute term analysis
dataset | Differential
dataset
ECG signal ~ Time domain HRy1oin Direct Direct Direct Direct
HRgrp Direct N/A Direct Direct
HRy,, Direct N/A Direct Direct
RRyfoin Inverse N/A Inverse Inverse
RRy,mber Direct N/A Direct Direct
NN fean Inverse N/A Inverse Inverse
SDNN Inverse N/A Inverse N/A
RMSSD Inverse Inverse Inverse Inverse
NN, Inverse N/A Inverse Inverse
PNN;, Inverse N/A Inverse Inverse
Frequency domain Total Power Inverse N/A Inverse Inverse
GSR signal ~ Tonic component SCL Mean Direct Direct Direct Direct
SCL Slope Direct Direct Direct Direct
Phasic component Number of Peaks Direct Direct Direct Direct
Peaks Amplitude Direct Direct Direct N/A
SCR Slope Direct N/A Direct N/A
Respiratory ~ Time related BRyvjoan Direct Direct Direct N/A
signal RSBI Direct N/A Direct N/A
Abdomen Amplitude Inverse N/A Inverse N/A
Thorax/Abdomen Direct Direct Direct N/A
Amplitude
PPG signal ~ Morphology Systolic Time Direct N/A Direct N/A
Diastolic Time Inverse N/A Inverse Inverse
Duty Cycle Direct N/A Direct Direct

of the PPG signal. For the respiratory signal, the boxplot
displays the BR ., feature in absolute terms. The higher
feature values were evident across the three stress groups.
On the other hand, in the case of the GSR signal, the boxplot
shows the Number of Peaks feature. No peaks were detected
in the Rest and Recovery groups. In contrast, the High Stress
group exhibited the highest count of peaks, indicative of
increased physiological arousal.

4.3.2 Features Relation with VRS

As an example of the features relation with the Reference,
Fig. 8 displays scatter plots for the four previously men-
tioned features. In the case of the absolute dataset, for the
BR an feature it was possible to distinguish regions cor-
responding to stress and no-stress phases within the plot.
If we examine the Reference values, a clear differentiation
between the High Stress phase and the other phases becomes
evident. However, when moving into the feature values, it
becomes apparent that the Moderate Stress phase shows
higher values. For the Number of Peaks feature, character-
ized by discrete values as the ones of the Reference, dis-
cerning distinct regions within the plot is more challenging.

While it’s evident that the High Stress phase is marked by
higher values compared to the others, and that the Rest and
Recovery phases exhibit lower values, there isn’t a pro-
nounced correlation between the feature values and the Ref-
erence values. Within the differential dataset, represented by
the HR .., and the Diastolic Time features, the anticipated
relation with stress was clearly evident also with respect to
the Reference. The first was directly associated with stress,
while the second exhibits an inverse correlation. In both
scenarios, the greatest variations are observed when transi-
tioning from the Rest phase to the Low Stress phase, as well
as from the Moderate Stress phase to the High Stress phase.
As highlighted in Sect. 4.2.2, it is evident that the Moderate
Stress phase was not perceived as being more stressful than
the Low Stress phase, and this observation was consistent
with no significant variations.

4.4 Inferential Statistics

In order to answer the two research questions presented in
Sect. 1, different statistical tests for the two available datas-
ets were proposed and described in this section. Before con-
ducting an inferential statistical analysis on the available
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Fig. 7 Individual subject’s values (reported as colored lines) with
overlaid boxplots (lower whisker: QI1-1.5*IQR; upper whisker:
Q3+ 1.5*IQR) of four relevant features: two from the absolute dataset
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Fig. 8 The relationship of four significant features with Reference values is shown through scatterplots: two from the absolute dataset (BR;,,,
—upper left — and Number of Peaks — upper right) and two from the differential dataset (HR,,,,, — lower left — and Diastolic Time — lower right)
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datasets, a statistical power assessment was carried out in
Sect. 4.4.1 to determine the minimum required sample size
for a meaningful analysis (Pancholi et al., 2009b).

4.4.1 Statistical Power Assessment

Three elements were essential to be defined for a statistical
power assessment: an effect size, selected as Moderate (0.5)
in accordance with Cohen’s standard for assessing the dif-
ference between two means (Cohen, 2013b); a significance
level, set at 0.05; a statistical power, chosen at three differ-
ent levels of 90%, 95%, and 99%. The analysis was facili-
tated using the G*Power software (Universitdt Diisseldorf:
G*Power, n.d.).

The same statistical test of (Cestaro et al., 2024) was
applied to the absolute dataset to distinguish between Rest,
Stress and Recovery groups. One feature for each physio-
logical signal and the Reference were considered. Given the
extensive number of features available for the ECG signal,
both one time domain and one frequency domain feature
were included.

Table 6 shows the resulting required sample sizes for
the three distinct statistical powers. For all the features, the
sample size of this study, which consists of forty subjects,
significantly surpasses the required threshold, and enables
the attainment of a statistical power of 99%. However, for
the HRV frequency domain feature, the available sample
size allows for a statistical power of 95%.

4.4.2 Tested Hypotheses

In both the datasets, paired data exhibited non-normal distri-
butions (Parab & Bhalerao, 2010). Consequently, Friedman
and Wilcoxon statistical tests were used for testing four dif-
ferent hypotheses:

4.4.2.1 1st HYP H,- Stress and No-Stress Groups have
the Same Distribution The first analysis replicated the
approach outlined in (Cestaro et al., 2024). Its purpose was
to confirm the capability of the extracted features to differ-
entiate between stress and no-stress phases of the protocol
within both the absolute and differential datasets through a
3-group analysis.

4.4.2.2 2nd HYP H,- The Three Stress Groups have the
Same Distribution The second analysis, applied both to the
absolute and to the differential dataset, aimed to understand
the potential of the extracted features in discriminating
between various stress levels. In the case of the absolute
dataset, a 3-group analysis was carried out, where each
group corresponded to one of the stress phases of the proto-
col. On the other hand, for the differential dataset, a 2-group
analysis was conducted, specifically targeting only the
groups including differences between stress phases of the
protocol.

4.4.2.3 3rd HYP H,- All the Five Groups have the Same
Distribution The third analysis focused on the absolute
dataset and the aim was to understand the ability of the

Table 6 Results of the statistical power assessment for relevant features of each physiological signal

Physiological signal Feature domain Feature name Statistical power Required sample size
Rest — Stress Stress — Recovery
ECG signal Time HRy 90% 11 11
95% 13 13
99% 17 17
Frequency Total Power 90% 33 25
95% 40 30
99% 56 41
GSR signal Phasis component Number of Peaks 90% 24 15
95% 29 18
99% 39 24
Respiratory signal Time BRy/oun 90% 8 8
95% 9 9
99% 11 11
PPG signal Morphological Diastolic Time 90% 8 7
95% 10 8
99% 13 10
Reference 90% 7 19
95% 8 23
99% 10 31

@ Springer



130

Information Systems Frontiers (2025) 27:113-137

extracted features to distinguish between each no-stress
phase (Rest; Recovery) and each stress phase of the protocol
(Low Stress; Moderate Stress; High stress). For this aim, 5
groups were included in the analysis.

44.24 4th HYP H,- The Two Groups Representing
Increasing And Decreasing Stress Levels have the Same
Distribution The last analysis was focused on the differen-
tial dataset, with the aim of understand the potential of the
extracted features in distinguishing between ascending and
descending stress levels. In this case, a 2-group analysis was
conducted. The first group was represented by the difference
between the Rest and first stress phase (Low Stress) and the
second group was represented by the difference between the
last stress phase (High Stress) and the Recovery phase.

Each hypothesis was systematically assessed, first
understanding the behavior of the Reference and then the
alignment of the features. Independent features (Pearson
correlation coefficient< 0.7 (Acerbi et al., 2017) presenting
a behavior consistent with the Reference were selected. The
specific groups under consideration for each analysis and
the corresponding statistical tests are detailed in Table 7.

4.4.3 Selected Relevant Features From the 1st HYPH, -
Stress and No-Stress Groups Have the Same Distribution

4.4.3.1 Absolute Dataset The expected behavior was veri-
fied with a 3-group Friedman test and the corresponding
2-group Wilcoxon test. The Reference presented a statisti-
cally significant difference between the stress and no-stress
groups but also between the Rest and Recovery groups,
rejecting the null hypothesis (results are reported in Table
8). Considering the values outlined in Sect. 2.5 as well, it
becomes apparent that subjects appear unable to return to
the same stress-free levels observed during the Rest phase
during the Recovery phase. In fact, during Recovery phase,
subjects reported higher stress level evaluations.

The same behavior was verified for the following fea-
tures: SCLy,, SCLgy,0, Number of Peaks, Abdomen Ampli-
tude and Diastolic Time. Additional independent features
shown a statistically significant difference between stress
and no-stress groups but not between the Rest and Recovery
groups: HRy,, ..., RMSSD, Total Power, BR,,,,, RSBI and
Duty Cycle. It’s noteworthy to mention these features as
relevant since they effectively distinguished between stress
and no-stress phases. The absence of a statistically signifi-
cant difference between the Rest and Recovery phases aligns
with the protocol’s design, assuming that subjects would
revert to resting values after the conclusion of stress phases.

Table 7 Detail of the groups and the statistical tests applied for testing each proposed null hypothesis

Null hypothesis (Hy) Aim of the analysis Dataset Groups Statistical test
1st HYP Verify the ability of the Absolute Group I: Rest 3-group Fried-
Stress and no-stress  features to distinguish Group II: median value of the three stress groups, called man test and
groups have the same between stress and no- Stress (Low Stress; Moderate Stress; High Stress) the correspond-
distribution stress protocol phases Group III: Recovery ing 2-group
Wilcoxon test
Differential Group I: Rest — Recovery 3-group Fried-
Group II: median value of the three stress groups, called man test and
Stress difference (Low Stress — Rest; Moderate Stress —  the correspond-
Low Stress, High Stress — Moderate Stress) ing 2-group
Group I1I: High Stress — Recovery Wilcoxon test
2nd HYP Verify the ability of the Absolute Group I: Low Stress 3-group Fried-
The three stress features to distinguish Group II: Moderate Stress man test
groups have the same between the different level Group I1I: High Stress
distribution of stress provided by the  Djfferential Group I: Moderate Stress — Low Stress 2-group Wil-
three protocol phases Group 11: High Stress — Moderate Stress coxon test
3rd HYP Verify the ability of the Absolute Group I: Rest 5-group Fried-
All the five groups features to distinguish Group II: Low Stress man and the
have the same between the two no-stress Group I1I: Moderate Stress corresponding
distribution phases and each stress Group IV: High Stress 2-group Wil-
phase of the protocol Group V: Recovery coxon test
4th HYP Verify the ability of Differential Group I: Low Stress — Rest 2-group Wil-
The two groups rep-  the extracted features Group II: High Stress — Recovery coxon test

resenting increasing  to distinguish between
and decreasing stress  increasing and decreasing
levels have the same levels of stress
distribution
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Table 8 Results of performed statistical tests for the four tested hypotheses

1st HYP: Hy— Stress and no-stress groups have the same distribution

ABSOLUTE DATASET

3-group Friedman test

2-group Wilcoxon test

Feature name Compared groups

Feature name Compared groups

Rest Rest Recovery Rest
Stress Stress Stress Recovery
Recovery
Reference p-value<0.05 * Reference p-value<0.001 * p-value<0.001 * p-value <0.05
%
DIFFERENTIAL DATASET

3-group Friedman test

2-group Wilcoxon test

Feature name Compared groups

Feature name Compared groups

Rest—Recovery
Stress difference
High Stress — Recovery

Reference p-value <0.05 *

Rest—Recovery, Stress
difference

Reference p-value<0.001 *

High Stress
— Recovery,
Stress difference

p-value<0.001 *

Rest—Recovery,
High Stress
— Recovery

p-value <0.001
%

2nd HYP: Hj— The three stress groups have the same distribution

ABSOLUTE DATASET

3-group Friedman test

2-group Wilcoxon test

Feature name Compared groups

Feature name Compared groups

Low Stress Low Stress Moderate Stress Low Stress
Moderate Stress Moderate Stress High Stress High Stress
High Stress
Reference p-value <0.05 * Reference p-value > 0.05 p-value<0.001 * p-value <0.001
%
DIFFERENTIAL DATASET

2-group Wilcoxon test

Feature name

Reference

Compared groups

Moderate Stress—Low Stress
High Stress — Moderate Stress

p-value<0.001 *

3rd HYP: Hj— All the five groups have the same distribution

ABSOLUTE DATASET

5-group Friedman test

2-group Wilcoxon test

Feature name Compared groups Feature name Compared groups

Rest

Low Stress
Moderate Stress
High Stress
Recovery

Reference p-value<0.05 * Reference

Rest Rest Rest Recovery
Low Stress Moderate Stress High Stress Low Stress
p-value p-value p-value p-value
<0.001 * <0.001 * <0.001 * <0.001 *

Recovery
Moderate Stress

p-value

<0.001 *

4th HYP: H,, — The two groups representing increasing and decreasing stress levels have the same distribution

DIFFERENTIAL DATASET

2-group Wilcoxon test

Feature name

Reference

Compared groups

Low Stress — Rest
High Stress — Recovery

p-value<0.001 *

* Statistically significant difference
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However, it’s plausible that physiological signal variations
occur more rapidly than subjects’ perceptual awareness.

4.4.3.2 Differential Dataset The expected behavior was
verified with a 3-group Friedman test and the corresponding
2-group Wilcoxon test. The Reference presented a statisti-
cally significant difference between the stress and no-stress
groups, rejecting the null hypothesis (results are reported in
Table 8).

The same behavior was verified for two independent fea-
tures: SCLye,, and Duty Cycle.

Some features (SCLg;y0s BRyjoqns RBSI, Systolic Time)
were able to significantly distinguish between Rest and
Stress difference groups, yet their discriminatory power
diminished when comparing Recovery and Stress difference
groups. Conversely, Number of Peaks and Diastolic Time
features presented the opposite trend: they displayed greater
discriminative ability when comparing Recovery and Stress
difference groups. Although these features may not be clas-
sified as relevant for the specific test presented, it’s impor-
tant to consider this aspect.

The features selected as relevant in accordance with the
Ist tested hypothesis are reported in Table 9.

4.4.4 Selected relevant features from the 2nd HYPH, - The
three stress groups have the same distribution

4.4.4.1 Absolute Dataset The expected behavior was veri-
fied with a 3-group Friedman test and the corresponding
2-group Wilcoxon test. In relation to the Reference values, a
statistically significant distinction emerged when comparing
the Moderate Stress and Low Stress groups against the High
Stress group (results are reported in Table 8). However, the
Low Stress and Moderate Stress groups exhibited a lack of
statistical significance, confirming what noted in Sect. 4.2.2:
subjects did not perceive a substantial difference in stress
levels between these two protocol phases.

The same behavior was verified for the following fea-
tures: Total Power, SCLg,,., Thorax Amplitude and Dia-
stolic Time. As expected from the protocol design, some
features were capable of effectively distinguishing between
all the three stress groups. It’s noteworthy to highlight these
additional independent features as relevant: HF, nLF/HF
and SCL;;,4-

4.4.4.2 Differential Dataset The expected behavior was

verified with a 2-group Wilcoxon test. The Reference pre-
sented a statistically significant difference comparing the

@ Springer

two stress groups (results are reported in Error! Reference
source not found.).

The same behavior was verified for the following inde-
pendent features: HRgrp, SCLyy,,,, Number of Peaks, Sys-
tolic Time and Diastolic Time.

The features selected as relevant in accordance with the
2nd tested hypothesis are reported in Table 9.

4.4.5 Selected relevant features from the 3rd HYPH, - All
the five groups have the same distribution

4.4.5.1 Absolute Dataset The expected behavior was veri-
fied with a 5-group Friedman test and the corresponding
2-group Wilcoxon test. The Reference presented a statisti-
cally significant differences across all combinations that
encompassed both no-stress and stress groups (results are
reported in Table 8).

The same behavior was verified for the following inde-
pendent features: HR,,,,,, RMSSD, Total Power, SCL,;, ..,
Number of Peaks, BR,,,,,, RSBI, Diastolic Time and Duty
Cycle.

The Abdomen Amplitude feature exhibited the ability to
differentiate solely between Rest and stress phases, failing to
do so between Recovery and stress phases. Conversely, the
SCLyg,, feature demonstrated the opposite trend: it effec-
tively distinguished between Recovery and stress phases,
while not achieving the same distinction between Rest and
stress phases.

The features selected as relevant in accordance with the
3rd tested hypothesis are reported in Table 9.

4.4.6 Selected relevant features from the 4th HYPH, - The
two groups representing increasing and decreasing stress
levels have the same distribution

4.4.6.1 Differential Dataset The expected behavior was
verified with a 2-group Wilcoxon test. The Reference pre-
sented a statistically significant difference comparing the
two groups representing respectively an increasing (Low
Stress — Rest) and a decreasing (High Stress — Recovery) in
the stress level (results are reported in Table 8).

The same behavior was verified for the following inde-
pendent features: HR,,,,,, HRgrp, Total Power, LF, HF,
nHF, nLF/HF, SCLg,,,,., Number of Peaks, BRy,,,, and Duty
Cycle.

The features selected as relevant in accordance with the
4th tested hypothesis are reported in Table 9.
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Table 9 Selected features from the different inferential statistical analyses

ABSOLUTE DATASET DIFFERENTIAL DATASET
Physi- Feature domain Feature name Tested hypothesis Tested hypothesis
ological 1st HYP 2nd HYP 3rd HYP 1st HYP 2nd HYP 4th HYP
signal (Stress/ (Three Stress (All five (Stress/ (Three Stress (Increase/
No-Stress groups) groups) No-Stress groups) Decrease
groups) groups) Stress groups)
ECG Time domain HR \jean v v 4
signal HR ¢rp v/ v/
HR Var
RR Mean
RR vy
RR Nymber
NN vean
SDRR
SDNN
RMSSD v v
NN
PNNso
HRYV Triangular
Index
TINN
Frequency Total Power v v v v
domain LF /
HF v v
LF/HF
nLF
nHF v
nLF/HF v v
GSR Tonic component  SCL ;.0 v v v 4 4
signal SCL g1ope v v/ o * v
Phasic component Number of Peaks v/ v o v v
Peaks Amplitude
SCR Slope
Respi-  Time related BR yean v v * v
ratory RSBI v v *
signal Phasic component Thorax Amplitude v
Abdomen v *
Amplitude
Thorax/Abdomen
Amplitude
PPG Morphology Systolic Time * v
signal Diastolic Time v v v o v
Duty Cycle v v v v v
* Able to significantly distinguish only between Rest and Stress/Stress difference groups
** Able to significantly distinguish only between Stress/Stress difference and Recovery groups
5 Discussion of each physiological signal feature within each context. In

this section, with the support of three research questions,
Thanks to the outcomes of the performed statistical data  the main achieved goals are summarized together with the
analysis, we effectively addressed the study aims presented  limitations and the future developments of the study.

in Sect. 1. Indeed, the proposed validation protocol and
the four inferential statistical tests associated (results sum-
marized in Table 8) have enabled us to delineate various
aspects of the stress response and determine the relevance
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5.1 Which is the Minimum Number of Physiological
Signals Required for Provide an Accurate Stress
Response?

An essential initial observation in addressing this first
research question is that across nearly all the conducted
analyses, statistically significant features were chosen from
all four physiological signals. This is an important result,
confirming the necessity of a multi-parametric approach for
an accurate stress level detection.

ECG signal features did not exhibit significant discrimi-
natory capability in distinguishing between stress and no-
stress phases (1st HYP), nor among the three stress levels
(2nd HYP), especially within the context of the differential
dataset. Conversely, within the absolute dataset, three ECG
features emerged as notably relevant in the conducted anal-
yses: HR ., RMSSD and Total Power.

Respiratory signal features were relevant for the abso-
lute dataset, in particular the time related ones (BR,,
and RSBI). Conversely, respiratory signal features did not
demonstrate relevance within the differential dataset. This
observation aligns with the median values presented in Sect.
4.3.1, suggesting that the ultra-short-term domain might
feature too minimal variations for this signal.

GSR signal features, in particular SCL,,,,, and Number
of Peaks, resulted relevant for both the absolute and the dif-
ferential datasets in all the performed analyses.

PPG signal features, in particular Diastolic Time and
Duty Cycle, make a substantial contribution both to the
absolute and to the differential datasets. This is of primary
importance for forthcoming advancements concerning this
recently introduced signal, aiming in extend the analysis
also to time domain features representing the time delay
between the PPG and the ECG signals. The inclusion of this
analysis was precluded in the current study due to use of two
different data loggers for the Healer R2 device and the GSR-
PPG Module prototype. Nonetheless, addressing this limita-
tion in subsequent research endeavors holds promise for a
more comprehensive understanding of PPG signal dynam-
ics and derived blood pressure estimations.

5.2 How the Different Physiological Signals
Contribute to the Different Aspects of the Stress
Response?

To address this second research question, each tested
hypothesis was designed to characterize a specific aspect of
the stress response, in alignment with the protocol’s struc-
ture. Based on the statistically significant features obtained,
it’s crucial to observe that the distinct physiological signals
exhibit varying capacities to characterize different aspects
of the stress response.

@ Springer

To differentiate between stress and no-stress groups
(1st HYP), distinct scenarios emerged for the absolute and
differential datasets. Within the absolute dataset, all four
physiological signals played a significant role. The majority
of the available features from GSR, respiratory, and PPG
signals were chosen, whereas the ECG signal yielded the
least noteworthy selection of features among the four. Con-
versely, in the differential dataset, merely two features were
chosen — one from the GSR signal and the other from the
PPG signal. Notably, no contribution was observed from the
ECG and respiratory signals.

To differentiate between the three stress groups (2nd
HYP), the most relevant features for the absolute dataset
come from all the four physiological signals, with a less
impact with respect to the previous analysis of the respira-
tory and PPG signals. Indeed, only one feature from each
signal was selected. ECG signal contributed only with its
frequency domain features. Also in this case, for the differ-
ential dataset, no contribution was present from the respira-
tory signal and only one feature was selected from the ECG
signal. The most relevant features for the differential dataset
come from the GSR and the PPG signals.

To distinguish between individual stress and no-stress
phases (3rd HYP), the most pertinent features within the
absolute dataset once again originated from all four physi-
ological signals. As anticipated, the selected features align
with those of the first analysis, reinforcing the significance
of these features for the purpose of distinguishing between
stress and no-stress phases.

To differentiate between increasing and decreasing lev-
els of stress (4th HYP), the ECG, particularly its frequency
domain features, emerged as the most significant physiolog-
ical signal. This outcome holds notable importance, as ECG
features did not demonstrate relevance in the other two anal-
yses of the differential dataset, especially in its frequency
domain component. Noteworthy is also the fact that only in
this specific analysis were features from all four physiologi-
cal signals selected for the differential dataset. Furthermore,
the GSR signal displayed a more substantial contribution
compared to the respiratory and PPG signals.

Understanding the unique significance of each signal fea-
ture in characterizing different aspects of the stress response
is pivotal for the future development of specific models that
can effectively classify stress levels (Bobade & Vani, 2020;
Mentis et al., 2023). In this context, the results of the psy-
chometric questionnaires presented in Sect. 4.2.1 will be
relevant, as they might reveal potential variations within the
enrolled population and contribute to the refinement of the
models. Additionally, the synchronized acquisition of the
four physiological signals, made possible by the proposed
wearable platform, will enable the exploration of more intri-
cate combinations of the different features.
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5.3 Is the Proposed Multi-Parametric Wearable
Platform Effective in Acquiring the Main
Physiological Signals Related to the Stress
Response?

In response to this third research question, it is worth not-
ing that this study successfully introduced a wearable
acquisition platform designed to simultaneously acquire
four physiological signals relevant to the ultra-short-term
stress response. This designed placed a strong focus also on
usability and comfort during long-term real-life monitoring.

In comparison to (Cestaro et al., 2024), this configura-
tion offers enhanced signal quality across the three existing
physiological signals: ECG, respiratory, and GSR. These
improvements could be attributed to the optimizations
implemented, resulting in a notable enhancement in signal
quality. Additionally, the enhancements introduced into the
HRV frequency domain features extraction algorithm have
made a notable contribution. The additional physiological
signal, the PPG, exhibits some instances of low-quality sig-
nals, necessitating optimization efforts.

An additional optimization involves the integration of
the Healer R2 medical device and the GSR-PPG Module
within a single microcontroller. While technically feasible,
this integration has not yet been executed in this study due
to reasons outlined in Sect. 2.3. This integration within a
unified acquisition module will provide the opportunity to
incorporate time related features from the PPG signal. This
step holds significant importance, particularly in light of
the acquired relevance of the PPG signal in this study. It is
about going beyond the simple evaluation of the PPG signal
to be able to conduct a comprehensive assessment of blood
pressure variations using the time-delay method.

Nonetheless, it can be already affirmed that the cur-
rent configuration of the wearable acquisition platform
is ready for real-life monitoring tests, aiming not only to
assess signal quality but also to evaluate usability and com-
fort. Indeed, although not used in the context of this study,
it’s worth noting that the proposed acquisition platform is
fully capable of transmitting acquired data to a dedicated
cloud platform and software for data processing and analy-
sis (Research - L.IFE., 2023). A real-life context valida-
tion protocol to test the proposed wearable platform already
granted ethical approval, and the enrollment of subjects is
currently on going.

6 Conclusion
In conclusion, we can state that this study could represent

a benchmark for future investigations aiming to use physi-
ological signals acquired through wearable technologies for

stress response characterization. The conducted statistical
data analysis provides insights into the significance of dif-
ferent physiological signals in characterizing ultra-short-
term stress response and the obtained results make it evident
that a multi-parametric approach is crucial for a comprehen-
sive characterization of the various related aspects.

Similar to findings of (Cestaro et al., 2024), the role of
ECG signal features appears to be less significant com-
pared to other physiological signals. The respiratory signal
demonstrates a significant contribution within the absolute
dataset. Notably, GSR and PPG signals emerge as the most
influential contributors.

In particular, three ECG features were notably relevant
in the absolute dataset: two from the time domain (HR y;,,,
RMSSD) and one from the frequency domain (7otal Power).
ECG signal features were the most significant in differenti-
ating between increasing and decreasing levels of stress (4th
HYP), with five out of seven features identified as statisti-
cally relevant (Total Power, LF, HF, nHF, nLF/HF).

Respiratory signal features were relevant only in the
absolute dataset, specifically in differentiating between the
three stress groups (2nd HYP), with two time-related fea-
tures (BR,,,, and RSBI).

GSR signal features were relevant for both the absolute
and the differential datasets across all tested hypotheses, par-
ticularly with one feature from the tonic component (SCL,,,,,)
and one from the phasic component (Number of Peaks).

Similarly, PPG signal features, specifically Diastolic
Time and Duty Cycle, also showed significance in both data-
sets and across all tested hypotheses.
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