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Acute mental stress activates the autonomic nervous system (ANS), modulating physiological 
parameters. To assess the ANS response, we collected multimodal physiological signals, including 
electrocardiogram (ECG), electrodermal activity (EDA), and respiratory activity from healthy 
participants. The experimental protocol was designed to induce a high stress level in one group 
(STRESS) and low stress in the other (CONTROL), undergoing the same cognitive tasks. Heart rate 
variability (HRV) indices, parameters from respiratory activity and EDA were computed and analyzed. 
First, the effect of the proposed stress manipulation on the ANS was assessed, showing that linear HRV 
and respiratory parameters significantly changed during cognitive tasks with respect to rest in both the 
groups, mainly when respiration activity was integrated in the analysis. Nonlinear HRV parameters and 
EDA-based indices presented more task-specific modulations. Significant differences among groups 
were found only for the mean RR interval and the EDA-derived parameters. Additionally, Random 
Forest models were trained, and feature importance was assessed through Shapley values. Results 
identified the amplitude of the phasic EDA component, respiratory sinus arrhythmia (RSA), HRV 
sample entropy, and mean breathing period as the features most clearly differentiating cognitive tasks 
from rest, highlighting the importance of a multimodal assessment of acute stress.
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In its negative connotation, psychological stress (i.e., distress) is caused by the disruption of balance between 
perceived cognitive and emotional load induced by external stimuli, and the individual’s ability to cope with 
them1,2. This condition can be transitory (acute phase) or can persist for longer periods (chronic condition), 
impacting the subject’s quality of life. Specifically, acute stress episodes may temporarily affect human mood, 
attention, and engagement; potentially reducing work- and study-related efficiency. A sustained exposure to 
stress can also be a trigger for cardiovascular events3. The production of cortisol and other biological mediators 
is the result of an active process aimed at maintaining stability, referred to as ‘Allostasis’, but when the stability is 
altered, the body is forced to a new equilibrium causing an ‘Allostatic load’ that can be harmful4.

Thus, from a physiological point of view, events perceived as stressful induce a complex sequence of 
responses, comprising an interplay between the central and autonomic nervous systems (ANS) and endocrine 
regulation5,6, often measured through cortisol concentration7. This mechanism has been shown, by many 
laboratory-based studies, to modulate measurable ANS-related parameters2,8–11, principally in terms of heart 
rate variability (HRV). HRV is a recognized marker of cardiovascular health12, which can be derived from the 
electrocardiogram (ECG) and other related signals such as photoplethysmography (PPG). Specifically, the ANS 
works with other physiological systems to regulate the heart rhythm, increasing and decreasing the heart rate 
(HR) through the activation of the parasympathetic and sympathetic branches of the nervous system. In stressful 
conditions, it has been demonstrated that a predominance of sympathetic activity is reflected in an increase of 
HR and a decrease of the variability, in both acute and chronic conditions2,13–15. Other studies also evaluated 
responses to stressors and emotional stimuli using respiratory parameters16–18, or pointed out the usefulness 
of integrating the respiratory information to refine the HRV analysis8,19. In the latter case, the possibility to 
disentangle the respiratory contribution from the HRV signal has been shown to improve the estimation of 
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frequency-domain HRV parameters, particularly of the respiratory sinus arrhythmia (RSA)20, also recently 
named Respiratory Heart Rate Variability (RespHRV) to reduce the potential pathological connotation21. RSA 
quantifies the influence of respiration on oscillations of the HRV signal, which is associated with vagal control 
and expected to decrease under stress.

Another set of parameters widely used in the affective research field is derived from the electrodermal 
activity (EDA) signal (i.e., Skin Conductance response), which has been demonstrated to respond to emotional 
stimuli22,23, mental load24,25, and stress manipulation protocols in multimodal frameworks9,26,27.

In recent years, the possibility to monitor vital signs, using wearable and smart technologies, has increased 
research interest in understanding which physiological parameters better detect acute stress events, to potentially 
prevent chronic conditions28–30. Even so, how the ANS responds to stress has still not been fully characterized, 
and research findings are often conflicting. In fact, psychological stress is a very complex condition composed 
of several factors belonging to social, cognitive, physical, and psychological domains31. In this context, the first 
objective of the study was to evaluate the effectiveness of different physiological parameters in characterizing 
ANS responses to acute mental stress. A second aim was to assess the effects of varying degrees of acute mental 
stress by comparing the ANS responses to subsequent cognitive tasks in two groups of individuals after different 
exposure to stress (i.e., a Stress and a Control group). To this aim, short-term (< 5 min) linear and nonlinear 
HRV indices from the ECG signal, time-domain parameters from respiratory activity, and features from EDA 
were analyzed. Finally, we investigated the relationship between physiological responses, psychometric variables, 
and biochemical parameters (i.e., cortisol concentration).

Specifically, our study was based on a randomized acute stress manipulation protocol in which the Montreal 
imaging stress task (MIST)32 was used to induce acute stress in half of the study population (31 participants), 
while the other half (31 participants) performed a modified, less-challenging MIST version as a control condition. 
After this stress-inducing task, two cognitive assignments were also performed: the mixed gambling task (MGT) 
and a spatial attention task based on visual search (VS), which were administered equally to all participants. 
Physiological signals (i.e., ECG, respiration, and EDA) were continuously acquired, while psychometric 
assessment and biochemical samples to measure cortisol release were collected at specific time points during the 
procedure. By taking advantage of a multidisciplinary approach, the results of our study yield comprehensive 
insights into characterizing the effects of acute stress on physiological responses in healthy adults.

Materials and methods
Participants
The described study was compliant with the Declaration of Helsinki and approved by the Ethics Committee of 
Politecnico di Milano (opinion n°12/2024), where the data collection took place.

A total of 62 participants (30 male, 32 female) with an age between 18 and 40 years (mean age 30.2, SD 
6.9 years) were recruited for the experiment. Inclusion criteria comprise the absence of any cardiovascular, 
neurological, or psychiatric pathologies. Participants were recruited through an online advertisement of a 
specialized recruiting agency, and monetary compensation was agreed upon acceptance. Volunteers received 
instructions about the experiment and all the documentation by email and were asked to refrain from caffeine 
consumption and intense physical activities for 24 h preceding the experiment. All subjects were Italian speakers.

Experimental procedure
On arrival, participants were asked to read and sign the informed consent form before the biomedical signal 
recording equipment was set up. They sat in a comfortable chair in front of a 27” computer screen at a distance of 
approximately 80 cm, and an Italian keyboard was given to perform the assignments. Participants collected the 
first salivary sample. Subsequently, a general description of the experiment was shown on the computer screen 
before the procedure started. To estimate the initial stress level, two self-assessment questionnaires (Italian 
versions) were digitally filled out, namely the Profile of Mood States (POMS) scale and Perceived Stress Scale 
(PSS) answering to each question with a value between 1 and 5. Finally, participants were asked to identify their 
level of stress from 0 to 100 using the Subjective Units of Distress Scale (SUDS), which measures the level of 
perceived stress at a specific time.

Data collection started with a resting phase of four minutes (REST), during which a gray fixation cross was 
displayed in the center of the screen on a black background. To provide a baseline for physiological measurements, 
participants were asked to remain still, with eyes open, and were invited to relax. To study the influence of the 
previous task on the subsequent one, task order was fixed for all participants, with the sequence depicted in 
Fig. 1(a): after the REST phase, the Montreal Imaging Stress Task (MIST)32 was implemented to induce higher 
stress levels in half of the participants (STRESS group) and to be less stressful in the other half (Control group); 
then, the Mixed Gambling Task (MGT) was presented after three minutes of break and was followed by a spatial 
attention exercise, specifically the visual search (VS) task. All tasks were preceded by written instructions, MIST 
and VS also by a short training phase. Saliva samples and SUDS responses were re-collected after MIST and 
MGT. The protocol was implemented and managed using MATLAB and Psychtoolbox-3 (available at ​h​t​t​p​s​:​/​/​w​
w​w​.​p​s​y​c​h​t​o​o​l​b​o​x​.​n​e​t​/​​​​​)​.​​

Participants were randomly assigned to the CONTROL group (31 participants, 18 females), which 
underwent the less-challenging MIST task, and to the experimental one (STRESS, 31 participants, 14 females) 
that performed the demanding MIST task with additional stressing factors.

Montreal imaging stress task (MIST)
The MIST task is a digital protocol proposed by Dedovic32 designed to induce psychological stress in participants by 
asking them to solve arithmetic operations. In this study, two MIST protocols were implemented: an experimental 
one, assigned to the STRESS group, aimed at inducing sustained mental stress through demanding cognitive 
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efforts; an easier one, administered to the CONTROL group. Specifically, in the experimental version, following 
the description and instructions provided by the original proposing study and subsequent implementations33, 
participants were asked to quickly solve several arithmetic operations, with 5 levels of difficulty (randomly 
mixed), under time pressure, and social pressure due to the presence of the experimenter next to the participant. 
Moreover, a bar showing their progress (i.e., increasing with correct answers and decreasing with each error) was 
constantly shown on the screen. Mistakes were underlined by unpleasant sounds. The easier version of the MIST, 
instead, proposed the same arithmetic operations, with mixed difficulty levels, but without any time constraint 
displayed on the screen or social pressure, and correct answers were accompanied by a pleasant sound. For both 
conditions, a short training phase was performed to calibrate the time given for answering MIST arithmetic 
operations and allow participants to practice before the actual task. Based on guidance from the literature32,33, 
during the training phase, which was designed to last two minutes, participants performed 21 trials on average 
(SD = 1.8), depending on their reaction times, sufficient to estimate their mean reaction times and to calibrate 
initial difficulty. The time constraint was set to minimize unnecessary task exposure prior to stress induction. The 
experimental MIST took six minutes during which the initial calibration parameters were adaptively updated to 
match participants’ performance and maintain the desired level of difficulty.

Mixed gambling task (MGT)
During the MGT, task participants were asked to accept or refuse bet proposals, each involving a specific number 
of virtual points as potential gain or loss34,35. Participants were informed that, at the end of the protocol, among 
the accepted bets, five would be randomly selected and the outcome would have been determined by chance 

Fig. 1.  (a) Experimental protocol. (b) Example of the time series of interest from a participant. The first row 
shows the corrected tachogram (RR series), the second row displays the respirogram derived sampling the 
respiration signal using the RR series. The third row displays the respiratory period duration series derived 
from the respiration signal. Finally, the EDA signal in gray, its tonic component in green and the phasic 
component in red are displayed in the last row. Gray areas represent the time periods in which the cortisol and 
SUDS were collected, thus artifacts can be present in these phases, which were discharged. Blue lines indicate 
the start of each phase, green lines their end.
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in order to calculate the final ‘bonus’ to be added to the agreed payment. MGT phase lasted between 5 and 7 
minutes, and the number of bet proposals to be evaluated was fixed.

Visual search (VS)
The VS task was performed after a short practice phase. The stimuli consisted of one L and one T (1.8° × 1.8°), 
presented simultaneously and spaced 180° apart on an imaginary circle with a 6° radius, centered on the screen, 
and participants were instructed to detect the T (target). The two letters appeared randomly tilted to the left or 
to the right, and participants had to indicate the direction of the tilted T as quickly as possible using the left/right 
arrow keys on the keyboard. A fixation cross, inscribed in a circle with 0.5° diameter, was displayed at the center 
of the screen. A too slow or incorrect target identification was accompanied by an unpleasant sound for both the 
groups. For each stimulus, reaction time and accuracy were recorded. A fixed number of trials was presented to 
participants, and the VS task lasted between 4 and 6 min.

Data recordings
Physiological data were collected at the B3 Lab, Politecnico di Milano, Italy. EDA, ECG, PPG, and respiratory 
signals were simultaneously recorded using the ProComp Infiniti (Thought Technology, Canada), an 8-channel 
polygraph. ECG and respiratory signals were sampled at 2048 Hz, while PPG and EDA at 256 Hz. The EDA 
sensors were attached to the palm side of the annular and middle finger on the left hand for all participants, since 
the PPG sensor was attached to the index finger. Participants were asked to use their right hand to solve the tasks 
using the keyboard. ECG was acquired using three disposable electrodes applied in lead-I configuration. The 
respiratory signal was measured using a chest strap equipped with a resistive sensor positioned at the level of the 
sternum. To minimize artifacts and improve signal quality, participants were asked to remain still throughout 
the experiment. In this study, the PPG signal was not analyzed, since we focused on the ECG signal to extract 
HR-related parameters. Salivary samples were collected using Salivette Cortisol® (Sarsted) and analyzed by an 
external laboratory.

Physiological data analysis
Signal pre-processing
The Pan-Tompkins algorithm36 was used to identify R peaks in the ECG to obtain the RR series (tachogram), 
and results were manually checked to correct misdetections and remove ectopic beats through an in-house 
MATLAB graphical interface. The identified peaks were used to compute the RR series, i.e., the series of the time 
distances between consecutive heartbeats12. The respiratory signal was low-pass filtered at 10 Hz with a zero-
phase FIR filter using a Kaiser window with 7426 coefficients. A series synchronous with the RR signal, called 
respirogram, was extracted by sampling the amplitude of preprocessed respiratory signal in correspondence 
with each identified R peak12,37–40.

The low-pass filtered respiratory signal was also further processed to derive the series of respiratory period 
durations, that is the series of the time distances between consecutive breathing actions. Specifically, following 
and adapting the processing pipeline proposed in the literature41, it was downsampled to 64 Hz and further 
filtered between 0.05 Hz and 1 Hz using a Butterworth filter (order 4, zero-phase implementation) before 
detecting the positive peaks of the waveforms using the MATLAB function ‘findpeaks’. A minimum distance of 
1.5 s, corresponding to a maximum respiratory rate of 40 respirations per minute, and a prominence of 0.2 were 
imposed. Results of the procedure were visually checked to ensure the correct detection of breathing actions.

The EDA signal was low-pass filtered at 2.5 Hz using a zero-phase FIR filter (Kaiser window, 586 coefficients), 
downsampled to 16 Hz, and normalized by applying the z-score transformation. The open-source Ledalab 
toolbox22 was used to decompose the signal into its tonic and phasic components. Specifically, the first reflects 
the slow-changing baseline level of skin conductance over time (i.e., Skin Conductance level – SCL), while the 
second contains rapid changes associated with transient activations, called Skin Conductance Responses (SCR), 
represented by the phasic component.

Data from two participants belonging to the control group were removed due to failed recording in one case 
and low-quality signal in the other, resulting in 29 subjects in the CONTROL group and 31 in the STRESS group. 
An example of the analyzed signals is displayed in (Fig. 1b) for one participant.

Linear time-domain and frequency-domain HRV parameters
Time-domain and frequency-domain short-term (< 5 min) HRV parameters14 were extracted from the HRV 
signals (RR series and related respirogram), considering the central four minutes of recording for each protocol 
phase. In the time domain, the mean RR (meanRR [ms]), RR standard deviation (stdRR [ms]), and root mean 
square of successive R peak differences (RMSSD [ms]) were computed.

Concerning the frequency domain, the power spectral density (PSD) was estimated using the Autoregressive 
(AR) modelling approach42,43, both in a univariate and in a bivariate fashion. Specifically, linear trend was 
removed from individuals’ HRV signals to reduce spectral contribution of the lowest frequencies and highlight 
faster oscillations. For each segment, first an AR model of order p based on the expression in Eq. (1).

	
y (n) = −

∑ p

i=1
aiy (n − i) + u (n)� (1)

where y (n) is the HRV signal at sample n, y(n − i) indicates previous samples, aiare the coefficients of the 
AR model, and u (n) is the white noise having zero-mean and variance σ 2. The optimal order p of the AR 
model was automatically selected between 7 and 15 using the Akaike information criterion (AIC)12,20 for each 

Scientific Reports |         (2026) 16:4878 4| https://doi.org/10.1038/s41598-025-34921-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


processed segment and the model was estimated using the Yule–Walker formulation. Once the AR(p) model is 
estimated, the transfer function of the model is given by Eq. (2).

	
H (z) = 1

(1 +
∑ p

i=1aiz−1)
= 1

A (z) � (2)

	
P SD (f) = T σ 2

A (z) A (z−1)

∣∣∣∣
z=e2π jfT

� (3)

From which the representation in the frequency domain, the PSD(f), can be estimated as in Eq. (3).
with T being the sampling period, corresponding to the average duration of the RR intervals in the considered 

segment20,39.
From the obtained PSD, powers in LF (0.04–0.15 Hz) and HF (0.15–0.4 Hz) bands were estimated as the sum 

of the individual contributions of the poles that fall in the frequency range of each band. Moreover, the LF/HF 
ratio and the normalized LF and HF (normalized units, n.u.) powers were also extracted as relative values to the 
total power minus the very low frequency component12.

Secondly, the bivariate-AR analysis was also applied to the same RR signal segments and the corresponding 
segments of the detrended respirogram. This approach is commonly used to highlight linear frequency 
relationships between the two considered signals and offers the possibility to disentangle the contribution of 
the respiratory activity in the total heart rate variability20,44,45. Specifically, the HRV signal can be modeled as 
the sum of two contributions: the RSA (deterministic), caused by the respiratory activity, which can be seen 
as a contribution in the HRV frequency content coherent with respiration, and the not-coherent component, 
an intrinsic stochastic activity of the system. The usefulness of this approach is shown in Fig. 2, where the 
contribution of the respiratory activity is completely overlapped with the traditional LF component of the HRV 
and may be erroneously attributed to non-vagal contributions.

The bivariate-AR was modeled for each signal segment using the formulation38,46 in Eq. 4

	
Y (n) = −

∑ p

i=1
A (i) Y (n − i) + U (n) Y (n) =

[
y1 (n)
y2 (n)

]
, A (i) =

[
a11 (i)
a12 (i))

a21 (i)
a22 (i))

]
, U (n) =

[
u1 (n)
u2 (n)

]
� (4)

In this case, the processed series are in the form of vector Y(n), the matrix A(i) of order p contains the model 
coefficients (2*2*p), and U(n) is the vector of the residual terms. The model was estimated using the Yule–
Walker equations solved through the Levinson–Wiggins–Robinson algorithm, and the model order p was 

Fig. 2.  (a) The HRV signal at REST and (b) the associated respirogram signal for a participant. (c) The auto 
spectrum of the RR signal is represented with the portion of the spectrum that is due to the contribution of the 
respiration activity (black area) overlapped. (d) Auto spectrum of the respirogam.
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again estimated between 7 and 15 by applying the AIC criterion and verifying the whiteness of the residuals. 
Transforming the estimated model into the frequency domain, the PSD matrix can be obtained. The bivariate 
model disentangles the contribution of the respiratory activity ( y2(n) = respirogram) from the HRV series 
( y1 (n)= RR series). Using this approach, three parameters were extracted in each phase, specifically the 
power of the coherent component (PCOH), representing the RSA index20, and the power of the not-coherent 
component (PNCOH).

Nonlinear HRV parameters
Additionally, the following nonlinear analysis methods were also applied to the HRV signal in each protocol 
phase and previously defined time windows: Sample Entropy (SamEn), Detrended Fluctuation Analysis (DFA), 
and Poincarè plot (or recurrence plot)14,47,48. The nonlinear analysis was conducted using scripts adapted from 
open-source codes [https://github.com/jramshur/HRVAS]49 and custom implementations.

Entropy analysis quantifies the irregularity and complexity of the HRV signal and of its fluctuations. 
Specifically, the SamEn, which can be robustly estimated from short signals (at least 1  min of RR signal is 
required, according to14), was determined using an embedding dimension m = 2 and a tolerance threshold r = 0.2 
of the standard deviation of the signal.

From the DFA, which characterizes the long-range fluctuation of the HRV signal, two slope parameters were 
extracted: a1 from 4 to 12 heartbeats and a2 from 12 to 64 heartbeats13. The second slope requires at least 2 min 
of RR intervals to be correctly estimated14.

From the Poincarè plot, comparing the variation between consecutive RR intervals, we extracted the 
standard deviation of the short-term RR series variability (SD1), the standard deviation of the long-term RR 
series variability (SD2), and their ratio SD1/SD248.

Respiration parameters
Two parameters in the time domain were extracted from the series of respiratory period duration estimated as 
described in Sect. Signal pre-processing. Also in this case, a 4-minute segment centered in each protocol phase 
was used to compute the mean interval between consecutive breaths (meanBB) and their standard deviation 
(stdBB).

EDA parameters
Finally, from the EDA signal, processed through the Ledalab toolbox22, three phasic indexes of the EDA were 
computed considering a 4-minute window at the center of each protocol phase. Specifically, in each segment, 
the number of phasic peaks (nSCR), the mean amplitude of the phasic driver (SCR), and the sum of the phasic 
response amplitudes (AmpSum) were extracted. Parameters based on the tonic component were not considered 
in this analysis, since an influence of wearing time was observed for most participants (i.e., a constantly increasing 
tonic level).

Statistical analysis
First, to analyze the modulation of physiological indexes due to different intensities of mental engaging and stress 
levels, we compared the entire sample’s (N = 60) parameter distributions among the four conditions (‘REST’, 
‘MIST’, ‘MGT’, and ‘VS’) with the hypothesis that the MIST, MGT, and VS tasks elicit a physiological activation 
with respect to REST. The statistical analysis was carried out using the non-parametric Friedman’s test, since 
most parameters were not normally distributed, according to the Kolmogorov-Smirnov test and quartile-quartile 
plot exploration. A post-hoc analysis was also conducted to identify specific differences between conditions at a 
significance level of 0.05, after p-value correction using Bonferroni’s method. The same approach was repeated 
within each group (i.e., CONTROL, STRESS), in order to observe possible different patterns induced by the 
introduction of time and social pressure in the MIST task. To further investigate the role of such additional 
stressors in MIST and highlight possible differences between the two experimental groups, the variation with 
respect to the REST condition was computed (MIST–REST, MGT–REST, and VS–REST) for each parameter and 
compared between the two groups using a Mann-Whitney U-test within each task.

To strengthen the interpretation of the results, Cohen’s non-parametric effect size (r) was computed50. The 
suggested interpretation (> 0.1 small, > 0.3 medium, > 0.5 large) was adopted.

To explore the relationship between physiological parameters and perceived stress due to MIST manipulations, 
Spearman’s correlation (rho) was estimated between changes in physiological parameters (MIST–REST) and 
SUDS levels (post–pre MIST) measured before and during or after MIST. Furthermore, Spearman’s correlation 
was also estimated between the variation of physiological parameters during MIST and MGT with respect to 
REST and the corresponding variation of cortisol levels in terms of percentage variation from baseline computed 
as 100* t0 − t1,2

t0
.

Additionally, with the aim of understanding whether a combination of the analyzed parameters can provide 
a clear distinction between REST and the three cognitive tasks, we applied a multivariable analysis considering 
the parameters showing significant variations across tasks. Specifically, we first evaluated Pearson’s correlation 
between indices to exclude highly correlated pairs of features (|Pearson’s r| > 0.75) and normalized (z-score) the 
remaining ones. The features from all participants were used to train three binary Random Forest (RF) models 
with 100 estimators and leave-one-subject-out cross-validation. The procedure was repeated 100 times, using 
different random seeds. Models were trained to distinguish the following condition pairs: REST vs. MIST, REST 
vs. MGT, and REST vs. VS. We preferred this approach to a multinomial classification because our goal was not 
obtaining a model able to separate the specific experimental conditions we examined but, rather, to determine 
which set of features better allows to distinguish each kind of task from the resting state and explain possible 

Scientific Reports |         (2026) 16:4878 6| https://doi.org/10.1038/s41598-025-34921-4

www.nature.com/scientificreports/

https://github.com/jramshur/HRVAS
http://www.nature.com/scientificreports


reasons behind that. To evaluate model performance, classification accuracy was computed and averaged across 
procedure repetitions.

Since the aim of this analysis was to identify a set of features that, combined, may better characterize the 
observed physiological responses, we applied the Shapley (SHAP)41 approach to analyze feature importance for 
the three described models, thereby explaining the contribution of the most relevant features.

Results
The assessment of the initial stress level as measured by the PSS, POMS, and SUDS showed homogeneous 
starting levels for the two groups. Specifically, the CONTROL group reported a mean response (between 1 and 
5) to PSS of 3.11 (SD = 0.35) and a mean response (between 1 and 5) to POMS of 2.17 (SD = 0.44), while the 
STRESS group reported a mean PSS of 3.05 (SD = 0.33) and a mean POMS of 2.08 (SD = 0.46). As for the initial 
SUDS levels on a scale from 0 to 100, CONTROL group indicated a mean of 33.6 (SD = 20.5), the STRESS group 
indicated a mean level of 28.9 (SD = 19.1).

The non-parametric Wilcoxon signed rank test was applied to test whether the Cortisol concentrations 
collected at t1 and t2 varied significantly with respect to t0. Cortisol concentrations collected at t1 (ALL 
: median = 0.26  µg/dL, IQR = 0.20  µg/dL; CONTROLS: median = 0.27  µg/dL, IQR = 0.14  µg/dL; STRESS: 
median = 0.25  µg/dL, IQR = 0.22  µg/dL) and t2 (ALL : median = 0.25  µg/dL, IQR = 0.20  µg/dL; CONTROLS: 
median = 0.24  µg/dL, IQR = 0.16  µg/dL; STRESS: median = 0.28  µg/dL, IQR = 0.28  µg/dL) did not show 
any significant variation with respect to baseline values at t0 (ALL : median = 0.26  µg/dL, IQR = 0.16  µg/dL; 
CONTROLS: median = 0.26 µg/dL, IQR = 0.14 µg/dL; STRESS: median = 0.26 µg/dL, IQR = 0.21 µg/dL), neither 
considering the whole population (t1-t0: p = 0.349, r < 0.001; t2-t0: p = 0.123, r = 0.004), neither considering 
the STRESS (t1-t0: p = 0.202, r = 0.008; t2-t0: p = 0.147, r = 0.014) and the CONTROL group (t1-t0: p = 0.886, 
r = 0.014; t2-t0: p = 0.523, r = 0.006) separately.

Heart rate variability parameters
Table 1 reports median, 25th, and 75th percentile values of all the HRV indexes, for the entire sample and the 
two groups separately. While a general decreasing trend from REST to all the other conditions is observable for 
the three time domain parameters, Friedman’s test identified significant differences only for meanRR and stdRR 
when the complete sample was considered (meanRR p < 0.001; stdRR p = 0.004; RMSSD p = 0.121). Concerning 
the mean RR interval duration, post-hoc analysis with Bonferroni’s correction showed a significantly decreased 
value from REST to MIST (p = 0.009↓, r = 0.468) and to MGT (p = 0.011↓, r = 0.473), and an increase from MIST 
to VS (p = 0.043↑, r = 0.435). A significant decrease with moderate effect size was also observed for the stdRR 
from REST to all the other protocol phases (Rest to MIST, p < 0.001↓, r = 0.498; Rest to MGT, p = 0.023↓, r = 0.455, 
and Rest to VS, p = 0.023↓, r = 0.415).

Interestingly, repeating the analysis for the two groups separately revealed different modulations shown in 
Fig. 3(a) and (b). Specifically, in the CONTROL group, Friedman’s test detected statistically significant differences 
for the meanRR (p = 0.033) and stdRR (p = 0.008) parameters, not for RMSSD (p = 0.121). In the STRESS group, 
only meanRR showed significant variations (p = 0.002). Pairwise corrected comparisons for the CONTROL 
group identified a significant increase in meanRR from MGT to VS phases (p = 0.036↑, r = 0.620) and significant 
decreases in stdRR from REST to both MIST (p = 0.007↓, r = 0.576) and MGT (p = 0.049↓, r = 0.560). In the 
STRESS group, instead, the mean RR interval significantly decreased from REST to MIST (p = 0.002↓, r = 0.672) 
and to MGT (p = 0.019↓, r = 0.616) phases. This different behavior is also confirmed by the significant difference 
(with small effect size) between the two groups in terms of ∆meanRR observed in the MIST task (MIST–REST, 
p = 0.03, r = 0.273), as depicted in Fig. 3(c).

The frequency-domain analysis based on the univariate AR model to estimate LF and HF powers and the 
corresponding normalized values showed a decreasing, yet not significant, trend for LF, HF and LF/HF, mostly 
due to a decrease in total power of the HRV signal during the three tasks with respect to REST, while we observed 
unchanged normalized powers.

Considering the bivariate analysis for the whole sample, PNCOH and PCOH showed a decreasing trend 
going from REST to task conditions, while the ratio PNCOH/PCOH increased. These trends were found 
significant according to the Friedman’s test (PNCOH p < 0.001; PCOH p < 0.001; PNCOH/PCOH p < 0.001) and 
the post-hoc Bonferroni-corrected analysis was performed. Specifically, significant decreases in PNCOH were 
observed between REST and all the tasks with mainly moderate effect size (Rest to MIST, p < 0.001↓, r = 0.540; 
Rest to MGT, p = 0.018↓, r = 0.359, Rest to VS, p < 0.001↓, r = 0.453), while no differences were found among the 
three tasks. Similar results were obtained for PCOH (RSA index) with larger effect size (Rest to MIST, p < 0.001↓, 
r = 0.590; Rest to MGT, p < 0.001↓, r = 0.682, Rest to VS, p < 0.001↓, r = 0.668), while the ratio significantly 
increased in the same tasks reporting from moderate to large effect sizes (Rest to MIST, p = 0.035↑, r = 0.392; 
Rest to MGT, p < 0.001↑, r = 0.536; Rest to VS, p < 0.001↑, r = 0.562).

These results are confirmed at the single-group level. For the CONTROL group, the Friedman’s test highlighted 
the presence of significant variations among tasks in PNCOH (p = 0.012), PCOH (p < 0.001), and PNCOH/PCOH 
(p = 0.043). In particular, only the PNCOH decrease during VS with moderate effect size survived to Bonferroni’s 
correction (Rest to VS, p = 0.0137↓, r = 0.488), the PCOH significantly decreased in all the tasks with respect to 
REST with large effect size (Rest to MIST, p = 0.0033↓, r = 0.612; Rest to MGT, p = 0.0007↓, r = 0.733, Rest to VS, 
p = 0.0001↓, r = 0.636), while their ratio significantly increased only in VS with respect to REST (p = 0.0264↑, 
r = 0.584). The same differences were more marked in the STRESS group, particularly for the PINCOH/PCOH 
parameter (Friedman’s test: PNCOH p = 0.010; PCOH p < 0.001; PNCOH/PCOH p < 0.001). More in detail, after 
p-values corrections, significant decreases in PNCOH were observed during MIST (p = 0.014↓, r = 0.524) and VS 
with respect to REST (p = 0.035↓, r = 0.402) and for PCOH, again, from REST to MIST (p = 0.002↓, r = 0.591), 
MGT (p = 0.002↓, r = 0.679), and VS (p = 0.002↓, r = 0.707), while no differences were found among cognitive 
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tasks. The STRESS group also showed an increase in PNCOH/PCOH for all the tasks with respect to REST 
(Rest to MIST, p = 0.047↑, r = 0.461; Rest to MGT, p < 0.001↑, r = 0.598; Rest to VS, p = 0.007↑, r = 0.535). The 
distribution of these parameters are shown in Fig. 3 (d), (e) and (f).

In the frequency domain, there were no significant differences among the groups.
Table 2 reports median, 25th, and 75th percentile values for the nonlinear HRV indexes for the whole 

population and the two groups separately. SamEn was found to be significantly affected by the protocol phase 
for the entire sample and for each group (All: p < 0.0001, CONTROL: p < 0.001, STRESS: p < 0.001). On the 
entire sample, after p-values correction, we found a significant increase in SamEn during all tasks with respect 
to REST conditions with an effect size from moderate to large (Rest to MIST, p < 0.001↑, r = 0.539; Rest to MGT, 
p = 0.022↑, r = 0.359; Rest to VS, p < 0.001↑, r = 0.710) and during VS compared to MGT (p = 0.028↑). Analyzing 
the groups separately, we notice a significant increase in SamEn in both cases, from REST to MIST and from 
REST to VS (CONTROL: Rest to MIST, p = 0.013↑, r = 0.572, Rest to VS, p < 0.001↑, r = 0.661; STRESS: Rest to 
MIST, p = 0.009↑, r = 0.514; REST to VS, p < 0.001↑, r = 0.750). No differences were observed between the two 
groups.

The extracted DFA indices did not show any significant differences. As for the recurrence plot analysis, 
the SD1 was not affected by the protocol phases for both the whole sample and the group-wise analysis. SD2 
showed a general decrease from REST to all the other protocol phases, while the SD1/SD2 ratio increased. 
Specifically, considering the complete sample (Friedman’s test p < 0.001), the SD2 decrease was significant for 
each protocol phase with respect to REST (Rest to MIST, p < 0.001↓, r = 0.539; Rest to MGT, p = 0.04↓, r = 0.460; 
Rest to VS, p = 0.007↓, r = 0.451), while in the CONTROL group, after correction for multiple comparisons, 
the difference was significant only between REST and MIST (p = 0.013↓, r = 0.604) as for the STRESS group 
(p = 0.026, r = 0.465). The ratio SD1/SD2, instead, increased during the tasks with respect to REST (Friedman 
test: ALL: p < 0.001, CONTROL: p = 0.035, STRESS: p = 0.006). Specifically, for the entire sample, the increase 
was significant for both MIST (p = 0.011↑, r = 0.457) and VS with respect to REST (p < 0.001↑, r = 0.537), whereas 
separating the two groups, only VS showed a higher value than the REST condition for both groups (CONTROL: 
p = 0.02, r = 0.500, STRESS: p = 0.003, r = 0.598).

Respiration parameters
From the thoracic belt signal, we estimated the mean interval between consecutive breaths (meanBB) and their 
variability (stdBB) for each protocol phase, reported in Table 3. Considering the overall sample, Friedman’s test 

Fig. 3.  HRV parameters showing significant modulations (Friedman’s Test p < 0.05). Panels (a) and (b) show 
the median, 25 and 75th percentiles values of time domain parameters, respectively the mean RR and the std 
RR, for the two groups in each protocol phase. Panel (c) represents the variation of the mean RR during MIST 
with respect to Rest for STRESS in red and CONTROLS in blue. * Indicates a significant difference p = 0.03). 
Panels (d–f) display the median, 25 and 75th percentiles values of frequency domain parameters estimated 
using the bivariate approach, respectively the power not coherent with respiration, the RSA estimation and 
their ratio.

 

Scientific Reports |         (2026) 16:4878 9| https://doi.org/10.1038/s41598-025-34921-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


A
LL

C
O

N
TR

O
L

ST
R

ES
S

R
ES

T
M

IS
T

M
G

T
V

S
R

ES
T

M
IS

T
M

G
T

V
S

R
ES

T
M

IS
T

M
G

T
V

S

SD
1

m
ed

0.
01

7
0.

01
8

0.
01

7
0.

02
0

0.
02

1
0.

01
9

0.
01

7
0.

02
2

0.
01

6
0.

01
5

0.
01

6
0.

01
8

25
th

 -7
5t

h
0.

01
3–

0.
02

9
0.

01
0–

0.
02

9
0.

01
1–

0.
02

8
0.

01
2–

0.
02

7
0.

01
4–

0.
03

1
0.

01
2–

0.
02

8
0.

01
1–

0.
02

9
0.

01
4–

0.
03

0
0.

01
1–

0.
02

3
0.

00
9–

0.
02

9
0.

01
0–

0.
02

6
0.

01
1–

0.
02

4

SD
2

m
ed

0.
06

6
0.

05
6*

0.
05

5*
0.

05
7*

0.
07

5
0.

05
8*

0.
05

6
0.

06
7

0.
06

4
0.

05
3*

0.
05

4
0.

05
6

25
th

 -7
5t

h
0.

05
1–

0.
08

6
0.

04
3–

0.
07

1
0.

04
4–

0.
07

2
0.

04
5–

0.
07

7
0.

05
4–

0.
09

1
0.

04
4–

0.
07

2
0.

04
4–

0.
07

6
0.

04
6–

0.
08

2
0.

04
6–

0.
08

3
0.

04
0–

0.
06

8
0.

04
5–

0.
07

1
0.

04
2–

0.
07

1

SD
1/

SD
2

m
ed

0.
28

0
0.

31
4*

0.
29

1
0.

33
9*

0.
29

2
0.

33
6

0.
29

2
0.

39
8*

0.
25

3
0.

29
4

0.
28

9
0.

30
6*

25
th

 -7
5t

h
0.

23
9–

0.
34

1
0.

25
3–

0.
39

6
0.

23
6–

0.
40

3
0.

26
5–

0.
42

3
0.

24
9–

0.
35

1
0.

27
4–

0.
40

4
0.

24
6–

0.
36

6
0.

26
6–

0.
43

2
0.

22
9–

0.
30

7
0.

22
0–

0.
39

1
0.

22
5–

0.
43

0
0.

26
2–

0.
36

2

Sa
m

En
m

ed
1.

23
9

1.
40

9*
1.

32
5*

1.
50

4
*§

1.
28

6
1.

40
7*

1.
40

2
1.

54
2*

1.
20

8
1.

41
1*

1.
22

6
1.

48
7*

25
th

 -7
5t

h
1.

03
0–

1.
39

8
1.

23
9–

1.
64

9
1.

11
6–

1.
52

8
1.

25
7–

1.
69

4
1.

14
2–

1.
52

5
1.

31
6–

1.
65

8
1.

16
5–

1.
52

5
1.

30
3–

1.
78

1
1.

01
3–

1.
34

7
1.

04
5–

1.
64

6
0.

99
8–

1.
53

4
1.

14
4–

1.
56

9

a 1

m
ed

1.
39

2
1.

29
5

1.
34

0
1.

22
2

1.
38

5
1.

27
6

1.
33

0
1.

19
0

1.
45

7
1.

40
7

1.
35

1
1.

32
0

25
th

 -7
5t

h
1.

18
6–

1.
50

5
1.

11
2–

1.
49

5
1.

09
1–

1.
52

6
1.

07
9–

1.
44

2
1.

13
3-

1.
50

0
1.

15
6–

1.
48

1
1.

09
1–

1.
52

2
1.

07
4–

1.
35

0
1.

23
9–

1.
51

8
1.

09
4–

1.
53

8
1.

07
2–

1.
52

8
1.

09
2–

1.
44

3

a 2

m
ed

0.
80

8
0.

77
0

0.
83

7
0.

80
2

0.
78

7
0.

74
7

0.
80

1
0.

80
0

0.
83

1
0.

77
6

0.
87

0
0.

82
8

25
th

 -7
5t

h
0.

68
6–

0.
92

9
0.

63
4–

0.
90

8
0.

73
4–

0.
93

6
0.

64
5–

0.
98

3
0.

66
1–

0.
89

2
0.

63
8–

0.
89

9
0.

73
7–

0.
94

9
0.

67
7–

0.
95

5
0.

72
2–

1.
01

1
0.

61
9–

0.
90

8
0.

71
4–

0.
93

0
0.

63
7–

0.
98

8

Ta
bl

e 
2.

 N
on

lin
ea

r H
RV

 p
ar

am
et

er
s i

n 
tim

e 
an

d 
fr

eq
ue

nc
y 

do
m

ai
n 

(m
ed

ia
n 

an
d 

25
th

-7
5t

h 
pe

rc
en

til
e 

va
lu

es
). 

Sy
m

bo
ls 

id
en

tif
y 

st
at

ist
ic

al
 d

iff
er

en
ce

s: 
* 

di
ffe

re
nt

 fr
om

 R
ES

T;
 #

 d
iff

er
en

t f
ro

m
 M

IS
T;

 §
 d

iff
er

en
t f

ro
m

 M
G

T.

 

Scientific Reports |         (2026) 16:4878 10| https://doi.org/10.1038/s41598-025-34921-4

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


identified statistically significant differences due to task effect for both the indexes (meanBB p < 0.001, stdBB 
p < 0.001). Specifically, both the parameters significantly decreased from REST to MIST, MGT, and VS (meanBB: 
Rest to MIST, p < 0.001↓, r = 0.703; Rest to MGT, p < 0.001↓, r = 0.688, Rest to VS, p < 0.001↓, r = 0.750; stdBB: 
Rest to MIST, p = 0.001↓, r = 0.540; Rest to MGT, p = 0.002↓, r = 0.538, Rest to VS, p < 0.001↓, r = 0.643), while no 
differences were observed among the three tasks after Bonferroni’s correction.

Similar patterns were found in the two groups, where Friedman’s test reported significant variations 
(CONTROL: meanBB p < 0.001, stdBB p < 0.001; STRESS: meanBB p < 0.001, stdBB p < 0.001), which were 
confirmed by the post-hoc analysis with correction for multiple comparisons. The meanBB was significantly 
decreased during MIST, MGT, and VS with respect to REST for both the CONTROL (Rest to MIST, p < 0.001↓, 
r = 0.713; Rest to MGT, p = 0.003↓, r = 0.761; Rest to VS, p < 0.001↓, r = 0.833) and the STRESS group (Rest to MIST, 
p < 0.001↓, r = 0.700; Rest to MGT, p = 0.035↓, r = 0.613; Rest to VS, p < 0.001↓, r = 0.676). As for the variability 
of the respiratory period, a significant decrease was observed from REST to MIST (p = 0.036↓, r = 0.516) and to 
VS (p < 0.001↓, r = 0.677) in the CONTROL group, while the decrease in the STRESS group was significant from 
REST to MGT (p = 0.01↓, r = 0.535) and to VS (p < 0.001↓, r = 0.623) only. For the respiratory parameters, no 
statistical differences were observed between experimental groups.

EDA parameters
The activation parameters of interest extracted from the phasic component of the EDA signal are reported in 
Table 3 as median values and 25th -75th percentiles and represented in Fig. 4. Concerning the whole sample, 
Friedman’s test revealed a significant effect of the protocol phases for all three parameters (nSCR p < 0.001; 
SCR p < 0.001 and AmpSum p < 0.001). Post-hoc Bonferroni-corrected analysis showed a significant difference 
between each of the three tasks and the REST condition. Specifically, a significant increase in nSCR was observed 
during MIST (p < 0.001↑, r = 0.566), MGT (p = 0.042↑, r = 0.393), and VS (p < 0.001↑, r = 0.589). As for SCR, 
significant increases were observed during all the tasks with respect to REST with mostly large effect size (REST 
to MIST, p < 0.001↑, r = 0.802; REST to MGT, p = 0.002↑, r = 0.527; and REST to VS, p < 0.001↑, r = 0.693) and in 
VS with respect to MGT (MGT to VS, p = 0.001↑, r = 0.562), suggesting decreased activation during MGT, even 
if non-significant when compared to MIST. Similar results were obtained analyzing the AmpSum index (REST 
to MIST, p < 0.001↑, r = 0.802; REST to VS, p < 0.001↑, r = 0.698; REST to MGT, p = 0.005↑, r = 0.540; MGT to VS, 
p < 0.001↑, r = 0.550).

Regarding the single-group level analysis, the CONTROL group showed significant variations in all the 
analyzed parameters (nSCR p = 0.001; SCR p < 0.001 and AmpSum p < 0.001). Interestingly, the number of SCR 
peaks increased significantly only during the VS task compared to the REST condition (p < 0.001↑, r = 0.655). 
Anyway, the mean SCR and AmpSum significantly increased from REST to MIST (SCR p = 0.001↑, r = 0.833; 
AmpSum p = 0.002↑, r = 0.829), from REST to VS (both with p < 0.001, r = 0.829 and r = 0.813), but also from 
MIST to VS (SCR p = 0.036↑, r = 0.432, AmpSum p = 0.049↑, r = 0.431) and from MGT to VS (both with p < 0.001, 
r = 0.737 and r = 0.729). Of note, the SCR also increases in MGT with respect to the REST phase (p = 0.036↑, 
r = 0.544).

The STRESS group showed a similar pattern, but with a more pronounced response to the MIST task, as 
expected. Friedman’s test again detected significant trends due to the different protocol phases (nSCR p = 0.017; 
SCR p < 0.001 and AmpSum p < 0.001). A significant increase in terms of nSCR was observed only from REST 
to MIST (nSCR p = 0.001↑, r = 0.690) and to VS (p = 0.025↑, r = 0.495). Similarly, significantly increased SCR 
and AmpSum were observed from REST to MIST (p < 0.001↑, r = 0.771 both indices) and from REST to VS 
(p < 0.001↑, r = 0.532 and r = 0.556 respectively). No differences were reported among the three cognitive tasks.

Comparing parameter changes with respect to the REST condition between groups, a significant difference 
with moderate effect size was found for both SCR (p = 0.006, r = 0.353) and AmpSum (p = 0.008, r = 0.340) indexes 
during the VS tasks. Specifically, a more pronounced increase in activation was observed in the CONTROL 
group.

Correlation analysis
Correlations were investigated among physiological parameters that were significantly modulated by the protocol 
phases and the perceived stress level (SUDS scale). Changes in SUDS, from before to after the MIST task, were 
found negatively correlated with the modulation of the mean RR interval duration, both across the whole sample 
( p = 0.005, Spearman’s rho=-0.355) and in the STRESS group (p = 0.009, Spearman’s rho=-0.464), but not in the 
control group. This suggests an increase in heart rate (i.e., decrease in mean RR interval) associated with an 
increased perceived stress. All the other parameters were not significantly correlated with SUDS changes.

As for the cortisol level, one subject was removed because it resulted in an outlier (larger than mean + 3*std). 
However, no significant correlation was found between any of the physiological parameters and cortisol level 
variation in t1 and t2 with respect to t0.

Multivariable analysis
Figure  5 summarizes the main results for the multivariable analysis. Nine features were considered: nSCR, 
AmpSum, MeanRR, MeanBB, RSA index, PNCOH/PCOH, SamEn, and SD1/SD2. Figure  5. A shows the 
classification cross-validation accuracy of each binary model. In line with the univariate results, both the MIST 
and the VS task obtained moderate separation accuracy (MIST: 0.75 ± 0.014, VS: 0.78 ± 0.015), while the MGT 
was more difficult to separate from the REST condition, with an average accuracy of 0.68 ± 0.018. Since moderate 
differences emerged in the behaviors observed in the two groups, these results were obtained by training the 
models on the whole sample to maximize the number of available observations.

Figure 5B shows the results of Shapley analysis, pointing out the averaged importance of individual features 
(absolute Shapley values were considered for comparison) in each model. It is interesting to note that, depending 
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on the task to be distinguished from REST, the contribution of each physiological parameter may change. 
Specifically, the EDA phasic parameter AmpSum highly contributes to distinguishing each task from REST.

From the HRV domain, the RSA index contributed to both MIST and MGT classification against REST, 
while SamEn was crucial for both MIST and VS. In the case of MGT, the PNCOH/PCOH was indicated as the 
most important feature. Finally, the mean distance between consecutive breaths (meanBB) contributed to VS 
classification. Figure 5C displays three-dimensional scatterplots built using the three most important features for 
each mental task as indicated by the SHAP evaluation.

Discussion
In the current study, we investigated the ANS responses in a sample of healthy adults during an acute mental 
stress and cognitive stimulation protocol, analyzing a set of physiological parameters comprising cardiovascular, 

Fig. 5.  Multivariable analysis results. (A) Mean and standard deviation of accuracy values for the three binary 
models. (B) Mean and standard deviation of feature importance obtained from SHAP analysis, represented 
in order of descending importance considering the mean of the three tasks. (C) Scatter plots showing data 
distribution for each pair of conditions (REST vs. MIST, REST vs. MGT, and REST vs. VS) in the three-
dimensional space represented by the three most important features for each model.

 

Fig. 4.  Median, 25th and 75th percentiles values for the EDA derived parameters in each protocol phase for 
the STRESS and the CONTROL group. The nSCR is reported in number per minute (npm), the SCR and the 
AmpSum are represented in normalized units (N.U.).
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electrodermal, and respiratory activity. While the effect of acute mental stress and cognitive tasks has been 
largely investigated in recent literature2,8,11,13,14, results often appear conflicting depending on different factors, 
such as the study population, experimental protocol, and parameter estimation approach. Moreover, most of 
the previous literature has focused on HRV parameters, sometimes including EDA analysis, while respiratory 
activity is often overlooked. A second aim of the study was to understand if a different level of initially induced 
acute stress could affect the ANS responses throughout the experimental protocol. Therefore, the sample was 
randomly divided into two groups, one undergoing the original MIST and the other performing the same 
task in a less challenging modality. We also explored possible relationships between physiological parameters 
and psychometric as well as biochemical results. Finally, to identify a possible combination of parameters that 
could better characterize the response to each protocol condition, an RF-based multivariable analysis was also 
performed.

Our results confirmed that most of the physiological parameters included in the analysis were modulated by 
cognitive tasks, and depending on their characteristics and origins, their modulations possibly reflected different 
ANS response components. Regarding the HRV, in the whole group a decrease of the mean and the standard 
deviation of the RR intervals supported the hypothesis of a shift towards a sympathetic prevalence induced 
by mental stress, as previously reported8,9. It is worth noting that, considering the two groups separately, the 
meanRR was found significantly reduced during MIST only for the STRESS group, while in the CONTROL 
group, even if a decrease was observed, this was not significant, probably because of a larger variability. On the 
contrary, the stdRR significantly decreased only for the CONTROL group, but the decrease was not significant 
in the experimental group. Nevertheless, the two parameters, even if the significance resulted ‘group specific’, 
showed expected modulations, in line with the literature and the study hypothesis.

Interestingly, the RMSSD parameter, which has been described as one of the most sensitive indicators of acute 
stress5, did not show any significant modulation in our experiment. Similarly, frequency-domain HRV features 
were not considerably affected by the proposed protocol when estimated without considering the contribution 
of respiration, as also reported in the literature20,47. When disentangling the contribution of respiratory activity 
from the HRV signal, the task effect was significant, with a decreased RSA index suggesting withdrawal or 
deactivation of the parasympathetic (vagal) nervous system (PNS), in preparation for a demanding situation20. 
Nevertheless, this result should be interpreted also considering the observed changes in the respiration period 
(meanBB), which also modulate HRV parameters. In fact, the RSA index, when directly derived from the HF of 
the HRV spectrum, may be misinterpreted as a direct measure of vagal tone51. In our case, the use of the bivariate 
AR analysis mitigates this caveat by identifying the contribution of the respiration to the HRV spectrum at 
frequencies outside the expected HF range20. These results underscore the importance of integrating respiratory 
activity in frequency-domain HRV analysis, since breathing modulates HR and HRV19. Besides the frequency 
domain approaches, to learn more about RSA possible interpretation, new advanced tools have been developed 
able to estimate RSA and its dynamic52.

Linear HRV parameters were found sensitive to mental activities compared to the REST condition, but their 
changes were similar across the three tasks (MIST, MGT, and VS). Concerning the analysis of the HRV, it is worth 
noting that we used a 4-minute segment of RR time series to estimate both linear and nonlinear parameters. 
Although the reliability of estimates using at least 3 min of signals has been demonstrated in the literature14, we 
acknowledge that results related to LF power should be carefully considered since only a few cycles of the lowest 
LF frequency were captured.

Nonlinear HRV parameters, in particular SD2, SD1/SD2, and sample entropy, were also found sensitive 
to task manipulation. However, the interpretation of these parameters is not straightforward, and contrasting 
results have been reported in the literature. For example, while Pereira13 and Castaldo14 found a significant SD1 
increase, other works reported decreases in short-term variability related to mental stress47, which resembles our 
results more closely, although such a decrease was not significant in our case (Friedman’s p = 0.121). As for the 
SD2 parameter, the literature and our results consistently suggest a significant decrease in long-range variability 
under stress and mental load47 .

The SD1/SD2 ratio, which significantly increased primarily during VS tasks in our case, has rarely been 
investigated in relation to mental stress. However, an increase in its value has been associated with the activation 
of the sympathetic nervous system, which is consistent with our hypothesis and results48,53. As for the SamEn 
index, in line with the results reported by Brugnera8 and Hao47, a significant increase in HRV complexity and 
irregularity under stress was identified. Although this index is widely used in literature, its interpretation in 
relation to ANS activity is still debated. To shed light on this, Lewis and Short54 measured the SamEn of the RR 
series during different levels of physical exercise. They reported an increase in signal complexity during exercise 
and a reduction during recovery. The authors concluded that changes in SamEn could be related to alterations 
in ANS control. In agreement with this interpretation, we speculate that an increase in SamEn, and therefore 
in signal irregularity, may also reflect a change in ANS control in the present study. Interestingly, the nonlinear 
parameters were differently modulated by the three tasks; specifically, a stronger change was observed during 
the MIST and VS phases compared to the REST, whereas the MGT was characterized by a lower variation. This 
pattern became particularly evident when analyzing the STRESS and CONTROL groups separately.

Concerning the analysis of EDA, we focused on its phasic component, as less affected by possible 
environmental factors and sensor wearing time. The three phasic indices were highly coherent and very sensitive 
to the different tasks; specifically, a strong sympathetic activation was evident during MIST and VS, as suggested 
by an increase in all the EDA parameters. Conversely, a return to almost initial levels was observed during MGT. 
In general, these results confirmed the close relationship between EDA and cognitive load23,55.

Additionally, a multivariable, RF-based analysis, followed by a feature importance evaluation, was performed 
on the entire sample to explore which combination of the considered parameters best characterizes the 
physiological response to each task relative to the resting condition. While the separation accuracy was only 
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moderate in every case, ranging from an average of 0.68 for MGT to 0.78 for VS, some features clearly emerged 
as the most useful for classification. Specifically, AmpSum, RSA index, and SamEn were fundamental for 
separating the MIST condition from REST; AmpSum, PNCOH/PCOH, and RSA index were the most important 
features in the case of MGT; finally, AmpSum, SamEn, and MeanBB mostly contributed to the VS classification. 
Overall, the results of our multivariable analysis corroborate the physiological characterization of the responses 
to the proposed tasks provided by the univariable non-parametric statistics discussed above. In particular, they 
emphasize the importance of specific parameter combinations that should be prioritized when evaluating acute 
stress or mental activity, which may vary depending on the specific task of interest. Moreover, they suggest that a 
multimodal approach can provide a more complete view of the physiological mechanisms underlying stress and 
attention, given that most of those combinations were found to include features extracted from different signals.

When the two groups were analyzed separately, similar modulations of the ANS parameters were found. In fact, 
only a few parameters exhibited significant differences between groups, specifically the mean RR interval and the 
EDA phasic parameters. Even so, we were able to confirm the different effects of the two MIST implementations 
based on the stronger mean RR decrease (heart rate increase) for the STRESS group during MIST and the 
stronger relationship between this parameter and the variation in the perceived stress (SUDS score), which was 
not significant for the CONTROL group. Interestingly, also the phasic EDA activity was differently modulated 
in the two groups. In fact, a stronger, but non-significant activation during MIST was observed in the STRESS 
group, while, surprisingly, the CONTROL group showed a significantly higher activation during the attention 
test (VS task), while the experimental group was less activated. This result may suggest a long-lasting effect of 
the acute mental stress induced by the MIST on the STRESS group, who seemed to perceive the VS task as ‘less 
demanding’ due to the initial stress manipulation, while for controls, VS could be considered the first truly 
demanding task. In addition, in line with previous studies suggesting that acute stress exposure improves general 
alertness and cognitive control56, our results might indicate that the increased alertness in the STRESS group 
also reflects a lower need for additional autonomic activation during the attention task.

The current study has some limitations that need to be disclosed and properly discussed. First, since 
the participants receiving stress manipulation were led to believe they would be rewarded based on their 
performance, we could not implement a crossover protocol and randomize the order of the proposed tasks. 
Thus, it could be questioned whether our results were influenced by the time the sensors were worn. However, 
aside from the tonic level of the EDA, which was excluded from the analysed parameters for this very reason, 
the other parameters exhibited modulation patterns consistent with the manipulation of the ANS. In particular, 
parameters principally reflecting sympathetic activation (nSCR, SCR, and AmpSum) were differently modulated 
by the three tasks, indicating a higher activation for the MIST and VS, while a balanced response was observed 
for most of the HRV parameters, suggesting an interplay between sympathetic and parasympathetic activation. 
Still, we cannot entirely exclude the presence of a task sequence effect in our results, which may have influenced 
the effect size of the differences observed between protocol conditions.

Second, our experimental sample was highly heterogeneous in terms of professional background. Thus, the 
arithmetic exercises proposed in the MIST task were simpler for participants who were accustomed to working 
with numbers and more challenging for others, increasing the inter-subject variability in perceived stress, even 
within groups. This variability may have reduced the possibility of identifying significant differences between the 
experimental groups. Indeed, some controls verbally reported a highly perceived frustration after the ‘control’ 
MIST, while some STRESS participants did not respond as expected, either in terms of ANS modulation or 
according to psychometric indicators. Future studies may include at least two stress-inducing tasks belonging 
to different psychological domains (e.g., social, cognitive), as proposed in5,8,9, to possibly observe more specific 
stress responses. However, while this limitation could be attributed to the MIST task, our study enabled different 
ANS responses to be identified, which could help to improve our understanding of the specific nature of stress 
induced by cognitive tasks. It is also worth mentioning that stress responses may be influenced by individual 
vulnerability or resilience to stressors, which cannot be estimated a priori without tracing the profile of each 
participants response at baseline4. Therefore, further research aimed at better understanding the effect of acute 
stress should include a pre-experiment assessment of the included participants to understand their vulnerability/
resilience to stressors.

Finally, a third important limitation concerns the collection of cortisol data using saliva samples, which led 
to a negative result, since no clear modulations in cortisol concentration were detected, in contrast with our 
hypothesis. A possible reason is related to the short time delay between the task execution and the collection of 
the cortisol samples, that we based on previous literature32, but that, in our case, may have been too short for 
complete cortisol release, preventing the detection of significant variations in the metabolic response. Therefore, 
future study designs, including metabolomic sample collection, should consider longer time intervals between 
tasks and between each task and the collection of the cortisol sample, to ensure that the metabolomic response 
has been completely activated. As an alternative, other faster biochemical mediators, such as amylase and 
chromogranin A57can be considered. To further interpret our negative results with cortisol data, the relation 
between salivary cortisol responses and other factors that were not controlled in our protocol but that have been 
associated with cortisol responses should also be mentioned. Among these, gender, social factors, personality, 
and personal habits, such as smoking, diet, and alcohol consumption, may influence the individual response to 
acute stress and the associated metabolic activity58. A direct influence is exerted by endogenous sex hormone 
levels, depending on the phase of the female menstrual cycle59, and the circadian rhythm60. Therefore, future 
studies should take into consideration all these factors as much as possible. Specifically, when female individuals 
of reproductive age are included, the hormonal phase should also be recorded to strengthen the interpretation 
of metabolic results.
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Conclusion
This study presents a multimodal ANS analysis for characterizing physiological responses to a stimulation 
protocol based on randomized acute stress manipulation in two groups of healthy adults for a total of 60 
participants. Specifically, linear (in both time and frequency domains) and nonlinear HRV indices from ECG, 
phasic activation features from EDA, and respiratory activity analysis provided an effective characterization of 
the physiological modulations in response to cognitive tasks under different stress manipulation. Our findings 
further support the importance of integrating information from respiratory activity for a better interpretation of 
the frequency-domain analysis of the HRV.

Particularly, the current study illustrates how parameters from various biosignals and physiological domains 
are modulated by mental stress, supporting the need for multimodal approaches to improve understanding of 
acute mental stress in practical applications.

Data availability
The datasets generated and analysed during the current study could be obtained from the corresponding author 
on reasonable request.
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